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SUMMARY

This dissertation examines the economic fragility of small businesses in the face of

localized environmental and labor market shocks. Small businesses are a vital component

of the U.S. economy, accounting for over 90% of all establishments and contributing nearly

half of non-farm GDP. Despite their macroeconomic importance, small businesses operate

with thinner pro�t margins, limited access to credit, and reduced pricing power. These

characteristics make them more vulnerable to external disruptions compared to larger �rms.

Yet, research on small business resilience has been constrained by data limitations and has

often focused on large, publicly listed �rms.

Motivated by these gaps, this dissertation leverages a proprietary dataset from a major

U.S. payment processor that captures real-time transaction activity for over 15 million es-

tablishments. With high-frequency, granular data across multiple years and geographies,

the dissertation sheds light on how small businesses respond to transient but economically

meaningful shocks, speci�cally extreme temperature events and localized minimum wage

increases. By focusing on both the direct and spillover effects of these shocks, the essays

provide novel evidence on how temporary events can generate persistent �nancial conse-

quences for small �rms, with broader implications for income, employment, and regional

economic activity.

The �rst essay analyzes the economic impact of temperature shocks on 15 million small

businesses. For unusual heat (cold) events, based on local historical temperatures, I �nd a

decrease in sales by 7.2% (11.6%). Young, small, and discretionary merchants and those

with higher sales volatility experience a stronger negative impact. Negative effects are

ampli�ed during weekends and prolonged cold spells. A one standard deviation increase

in hot days (8.4 days) in a year raises the exit rate by 4.7%. Lost sales are not recovered

on normal days, indicating a permanent loss rather than a delayed recovery. This decline

further contributes to macroeconomic reductions in total income and employment levels. In
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contrast to the previous literature, my results show that heat and cold shocks can adversely

impact small businesses. My results highlight the economic fragility of small businesses in

the longer-term due to temporary, short-lived temperature shocks.

The second essay studies the effects of city- and county-level minimum wage increases

on small business performance, focusing on both direct impacts and regional spillovers.

Using a novel dataset covering 15 million small businesses from a major U.S. payment

processor and a stacked event study design, I �nd that local minimum wage hikes lead to

sharp and persistent declines in sales and customer traf�c, with effects ranging from 5% to

10% for dining restaurants in directly impacted ZIP codes. These revenue losses attenuate

with distance and extend up to 50 miles beyond policy boundaries, consistent with regional

wage spillovers. Leveraging establishment-level variation, I �nd that newer, smaller, and

more volatile businesses experience signi�cantly larger revenue declines, as do those in

highly competitive markets with limited pricing power. County-level wage data further

con�rm that dining-sector wages increase not only in policy-implementing counties but

also in adjacent ones, particularly those with lower income, tighter labor markets, and lower

marginal commuting costs. These results highlight the broader economic reach of local

labor policies and the trade-offs between wage regulation and small business sustainability.
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CHAPTER 1

LOCAL TEMPERATURE SHOCKS AND SMALL BUSINESS SALES

1.1 Introduction

Small businesses are an integral part of the US economy, representing more than 90% of all

establishments. They contribute almost 50% to non-agricultural employment and employ

46% of the private sector workforce. They were responsible for over 70% of job gains and

losses (Bureau of Labor Statistics, 2023). Most small businesses operate with very thin

pro�t margins (IRS, 2023) and thus are more susceptible to economic shocks [1].

Policymakers have put in place a variety of initiatives to help small businesses.1 The

Small Business Administration (SBA) and FEMA offer programs to help small businesses

recover from natural disasters. Extreme temperature events, such as heatwaves and cold

spells, are becoming more frequent in addition to natural disasters.2 The extreme tem-

perature events are projected to increase signi�cantly by mid-century, potentially doubling

their duration and amplifying their economic disruption [7, 8]. Currently, there are no pro-

grams designed to assist businesses during temporary extreme temperature shocks. One

possible reason for the absence of such dedicated support for small businesses is the lack

of systematic evidence indicating that small �rms are particularly vulnerable to short-lived

temperature �uctuations.

Some small businesses may be exposed to severe weather conditions; for instance, the

hospitality industry could face a downturn in tourism due to extreme heat, leading to a

loss of income. Furthermore, reduced productivity or work stoppages may cause small

1Some policies are devised to improve access to credit, such as loan guarantee schemes [2, 3, 4, 5] and
government certi�cation programs to help small businesses during economic downturns [6].

2Temperature shocks have been happening more frequently in the last �ve decades. In 2023, Phoenix
experienced 54 days above 110 degrees Fahrenheit. Winter storms in Florida, Texas, and Georgia at the
beginning of 2025 underscore the severity of these challenges.
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businesses to turn away customers or delay orders, resulting in additional revenue losses.

In contrast, others with air conditioning systems or the capability to generate online sales

might be better prepared to handle extreme weather events and mitigate their effects. Fur-

ther, certain small businesses, such as those providing air conditioning repair or indoor

recreation services, could see an increase in revenue during these times. If �rms can recoup

the lost sales during normal days, then it remains uncertain how temperature shocks will

affect sales for small businesses. Understanding the impact of these temporary, short-lived

temperature shocks, if any, on small business sales and survival is crucial for designing

targeted policies.3

One of the challenges in conducting such studies is the availability of high-frequency

data on small business sales and revenue sources. Many small businesses may not survive

extreme events and may shut down before their impact is captured in annual frequency

data. This situation can lead to survivorship bias when using annual data. Additionally,

small businesses are typically more vulnerable to economic shocks than publicly listed

�rms, and many depend on in-person sales.

I address the data challenge by utilizing a comprehensive weekly and monthly sales

dataset from one of the largest payment processors in the country. This dataset includes

information from over 15 million small businesses, with a median annual sales �gure of

$123,000, spanning a wide range of industries and geographic locations. My compre-

hensive data coverage enables me to analyze weekly temperature variations at the county

level based on the locations of small businesses. I treat weekly temperature shocks as

random “weather” events within the climate distribution of a speci�c geographical area.

This approach allows me to examine the exogenous impact of temperature shocks on small

business revenues, store visits, and exit rates.

I �nd that unusual heat and cold events, as indicated by historical local temperatures,

3Previous studies have found no signi�cant impact of temperature shocks on sales of establishments of
publicly listed �rms [9]. Later, [10], �nd the bidirectional effects of temperature shocks on publicly listed
�rms. They �nd some industries are harmed, and others are bene�ted. These studies have focused on annual
sales data and did not examine small businesses.
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lead to a decrease in sales of 7.2% and 11.6%, respectively, and a reduction in store visits

of 5.2% and 12.7%. Additionally, businesses that experience repeated temperature shocks

over time are more likely to close. For instance, a one standard deviation increase, which

is equivalent to 8.4 extreme hot days in a calendar year, results in a 4.7% increase in the

exit rate of these businesses. Further, using county-level data from the Quarterly Census of

Employment and Wages (QCEW), I �nd that cold spells can lower employment by 0.792%,

leading to a 12.8% increase in unemployment compared to average rates from 2006 to

2019. My analysis shows that temperature shocks harm economic activity, especially for

small businesses. This highlights the need for speci�c policies to help businesses improve

their ability to absorb the economic shock from extreme temperature �uctuations.

I begin my analysis by employing event-based regressions, de�ning a temperature

shock as a week when the daily average minimum (maximum) temperature falls below

32°F (exceeds 100°F). For cold shocks, there is an almost 10% decline in sales, which

takes two weeks to recover. I �nd that for heat shocks, there is a 2% decline in weekly

sales revenue, and it takes four weeks for in-person sales to recover. It's worth noting that

not all businesses are negatively impacted, with the effects of heat shocks likely re�ecting

greater industry heterogeneity. In contrast, the impacts of cold shocks are more uniformly

negative across industries. For example, businesses providing air-conditioning repair ser-

vices see an increase in sales following heat shocks. Similarly, auto-repair businesses and

indoor recreation activities, such as bowling, experience a rise in sales after heat shocks.

Drinking places, which typically generate most of their sales later in the day, also show

a slight overall sales increase, though the restaurant sector experiences negative impacts.

Conversely, during cold shocks, dining restaurants experience a 10% decline in sales, and

beauty salons suffer almost a 20% loss in weekly revenue when the temperature drops

below 32°F. However, their sales recover within two weeks. During heat shocks, consis-

tent evidence indicates that people travel less, leading to gas stations experiencing nearly

a 10% loss in revenue over the subsequent four weeks after the daily average maximum

3



temperature exceeds 100°F.

Next, I test whether these short-lived temperature shocks have long-term implications

on aggregate monthly sales. Consistent with previous literature, I de�ne two types of tem-

perature exposure based on Visual Crossing's US historical weather data [11, 9, 12]. The

�rst measure is based on the absolute temperature threshold. I create a dummy variable

that is set to 1 if at least one day in the month experiences a daily average maximum (mini-

mum) temperature exceeding 100°F (below 32°F). I keep track of the number of extremely

hot or cold days that meet speci�c temperature thresholds within a month. The other mea-

sure tries to capture the historically-unusual days. This measure takes into account the

variations in geographical location and de�nes extreme exposure as when the tempera-

ture exceeds (or falls below) 100°F (32°F) and is 1.5 standard deviations above (below)

compared to the maximum (minimum) monthly temperature average of the past �ve years

during that month for that county. I construct similar measures for both a dummy and the

count of days.

I begin my monthly empirical analysis by estimating a panel regression at the establishment-

month level to assess how temperature exposure impacts monthly sales and visitor fre-

quency at individual establishments. Consistent with recent studies on the evidence of

temperature shock �uctuations on �rm performance [9], as well as foundational work in

climate economics [11], I regress the natural logarithm of sales and the number of vis-

its on various temperature exposure metrics, incorporating controls for precipitation over

the �scal period. By including merchant-calendar-month �xed effects, I exploit yearly

variation within the same merchant and season (e.g., January). I also employ NAICS3-

year-month �xed effects to account for time-varying, unobserved industry-speci�c shocks.

This methodological approach leverages the random and exogenous nature of temperature

shocks, enabling me to isolate the causal effects of temperature exposure.

Using monthly data I �nd that during months with extreme heat—de�ned as days with

temperatures exceeding 100°F—small businesses experience a reduction in sales of up to
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3.7 percentage points per median impacted day, with a median event length of 4 days.

Based on historical local temperatures, the impact is even more severe for an unusual heat

event, with sales decreasing by 7.2% (0.478%/(2/30 days)) per day affected, with a median

duration of the event of 2 days. Similarly, cold shocks result in comparable sales declines

at 11.6% per impacted day.

Beyond sales, the number of transactions also decreases signi�cantly, ranging from

a 5.2% decline per median impacted day in hot conditions to a 12.7% decline per median

impacted day in historically unusual cold conditions. This suggests that temperature shocks

not only affect revenue but also in�uence consumer behavior, leading to reduced foot traf�c

and potentially increasing ticket size per purchase. The negative impacts are particularly

concerning given that small businesses typically operate with very thin margins.

In my establishment-level study examining the impact of temperature shocks on small

business performance across the US, I identi�ed signi�cant negative effects, particularly

pronounced in small businesses. My analysis encompasses both monthly and quarterly

data, underscoring the vulnerability of these enterprises to climate variations. My �ndings

reveal that during months with extreme heat—de�ned as days with temperatures exceeding

100°F—small businesses experience a reduction in sales of up to 3.7 percentage points

per median impacted day, with a median event length of 4 days. For an unusual heat

event, based on local historical temperatures, the impact is even more severe, with sales

decreasing by 7.2% (0.478%/(2/30 days)) per impacted day, with a median event length of

2 days. Similarly, cold shocks result in comparable sales declines at 11.6% per impacted

day. Beyond sales, the number of transactions also decreases signi�cantly, ranging from

a 5.2% decline per median impacted day in hot conditions to a 12.7% decline per median

impacted day in historically unusual cold conditions. This suggests that temperature shocks

not only affect revenue but also in�uence consumer behavior, leading to reduced foot traf�c

and potentially increasing ticket size per purchase. The negative impacts are particularly

concerning given that small businesses typically operate with very thin margins.
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In examining the impact of temperature shocks on business exit decisions, my study

identi�es a nuanced response pattern. While immediate exit responses to temperature shock

days within the current month are not signi�cant, I observe that decisions to exit are in�u-

enced by accumulated temperature shocks over time. A one standard deviation increase,

equivalent to 8.4 extreme hot days during the calendar year, will raise the exit rate by 4.7%.

This trend is mirrored in the response to cold shocks, where 11.9 additional cold days sim-

ilarly increase the exit rate by 10%. These results emphasize the critical role of extended

exposure to adverse weather conditions in in�uencing the sustainability and operational

decisions of small businesses.

My analysis delves into the varied impacts of temperature shock events across differ-

ent industries and establishment sizes, revealing signi�cant heterogeneity in vulnerability.

Particularly, discretionary industries such as retail and entertainment, which are more de-

pendent on consumer discretionary spending, exhibit a heightened sensitivity to tempera-

ture shocks, with sales declining by 4.5% per median impacted day on months seeing days

exceeding 100°F. This susceptibility is contrasted starkly with non-discretionary sectors,

where changes are negligible. Further emphasizing the in�uence of operational environ-

ment, outdoor industries like construction and commercial sports report even more drastic

impacts, with transaction decreases as severe as 26.7% per median impacted day under

similar conditions. Additionally, my �ndings indicate that smaller establishments, char-

acterized by lower average monthly sales, and those with high sales volatility face more

pronounced negative effects from temperature shocks, suggesting that �nancial robustness

and scale may play critical roles in mitigating the adverse effects of such climatic chal-

lenges. This nuanced understanding underscores the importance of tailoring strategies for

risk management and operational planning to the speci�c characteristics and vulnerabilities

of different sectors and business sizes.

In my analysis of temperature shocks on small business performance, I explore the im-

pact of shocks occurring during weekends versus weekdays and the in�uence of prolonged
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events, termedSpells. My �ndings indicate that temperature shocks over weekends have

a more pronounced negative impact on sales compared to weekdays. This is probably due

to the fact that work hours are substantially higher during weekdays [13]. Speci�cally,

extreme heat events during weekends reduces sales by approximately 4% per median im-

pacted day, while the effect is statistically non-signi�cant during weekdays. Similarly, cold

shocks during weekends result in an early doubled decrease, compared to non-weekend

days. This suggests that more �exible consumer behavior during weekends and increased

weekend spending when work or educational commitments are absent [14]. Furthermore,

cold Spellslasting three or more days have a more severe negative impact on business op-

erations than shorter events, with a signi�cant 1.1% decrease in monthly sales. Conversely,

shorter heat events are associated with greater declines in customer visits than longer spells,

indicating a nuanced dynamic where the duration of exposure in�uences the economic im-

pact. These variations might be attributed to the additional challenges posed by hazardous

weather accompanying these events, such as snow or ice during cold spells, which hinder

mobility more than extended heatwaves, which may discourage but not prevent shopping

activities.

My analysis further extends to macroeconomic labor market outcomes by examining

county-level quarterly industry data from the Quarterly Census of Employment and Wages

(QCEW). The �ndings reveal that temperature shocks signi�cantly reduce total personal

income, employment levels, and the number of establishments at the county-industry level.

For instance, a median four-day heat event in a quarter leads to a 0.168% decline in total

income, representing a striking 35.5% of the average quarterly income growth rate during

the sample period. Similarly, a median 11-day cold event in a quarter reduces employment

levels by 0.792%, which corresponds to a substantial 12.8% increase relative to the mean

unemployment rate from 2006 to 2019. These results underscore the notable impacts of

temperature shocks on regional economic activity, particularly in counties with high expo-

sure, and emphasize the need for targeted adaptation strategies to mitigate these growing
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risks.

Related Literature:I contribute to a growing body of literature that enhances my under-

standing of how temperature shocks affect both �rm-level and establishment-level perfor-

mance. This study aims to provide direct evidence on how exposure to temperature shocks

affects the performance of U.S. small businesses. Due to data collection constraints, it is

inherently challenging to track or collect information on smaller businesses. To date, lit-

tle is known about how temperature shocks impact the performance of small businesses in

the U.S., and the impacts seem to be unclear. Prior research primarily centered on larger

�rms, as highlighted by [9] and [15], reported mixed impacts of temperature shocks on

business outcomes such as sales and employment. Later, [10] �nd the bi-directional effects

of temperature shocks on publicly listed �rms, where some industries are harmed while

others are bene�ted. Complementing these studies focusing on larger businesses, as one of

the initial inquiries into this critical area, my �ndings reveal more adverse effects on small

businesses, including decreased sales, reduced customer visits, and increased business clo-

sures. This suggests a differentiated vulnerability and response capacity in small versus

large enterprises.

My study not only complements prior research but also provides compelling evidence

from the revenue perspective. Previous research �ndings indicate that increased costs are

associated with energy expenses. Supporting my �ndings, recent studies by [16], [17], and

[18] delve deeper into the dynamics of employment, parent �rm size of chain stores, and

plant size, respectively, illustrating how �rms' responses to climate shocks vary by size

and geographical diversity. [19] further my understanding by documenting �nancial per-

formance deteriorations in EU-UK �rms, while [20] and [12] explore broader economic

indicators such as market trading volumes and �rm revenues under varying temperature

conditions. [21] add a nuanced layer by examining the nonlinear responses of industrial

output to temperature changes in China, suggesting regional disparities in the impacts of

temperature shocks. Collectively, these studies frame a complex picture of economic re-
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silience and adaptation to climatic shocks, within which my research on small businesses

offers new insights into the sector-speci�c challenges posed by climate change.

Building on existing research, my study also contributes a group of literature on small

business vulnerability and constraints during negative shocks by examining the impacts of

temperature shock events on them. While prior work focuses on economic shocks and �-

nancial crises [22], I explore how climate-related shocks exacerbate potentially �nancially

constrained small businesses. My �ndings highlight the heightened sensitivity of small

businesses to environmental shocks. [23] documents a signi�cant shortage of cash �ow for

small businesses during the early Pandemic. Moreover, [24] has found that small establish-

ments experience higher �nancial stress when facing increased costs due to new minimum

wage laws. By connecting climatic impacts with �nancial fragility, my research suggests

an urgent need for tailored strategies to enhance small business resilience, offering insights

that could guide policymakers and business leaders in fostering sustainable business prac-

tices and climate adaptation.

My study also makes a contribution to the scienti�c and economic literature on the

impact of temperature shocks on diverse economic and social outcomes. Extending the

foundational work of [11], [25], and [26], which demonstrates signi�cant negative effects

of temperature �uctuations on economic productivity and output, my research narrows the

focus to the speci�c vulnerabilities and adaptive responses of small businesses. Further

[27] document the nonlinear effects of temperature on overall economic production, em-

phasizing the profound in�uence of climate on economic structures. Moreover, emerging

studies, such as those by [28] and [29], have furthered my understanding by linking health-

related impacts of extreme weather to economic stability and resilience. My work synthe-

sizes these insights to explore the speci�c challenges and strategies for small businesses

in the face of climatic extremities, thereby enhancing my understanding of how local eco-

nomic activities are intertwined with broader climate dynamics in the context of �nancial

decision-making and economic policy.

9



1.2 Identi�cation Challenges and Empirical Speci�cations

1.2.1 EmpiricalMethodology

I start my analysis by using a nine-week stacked event study model, where I utilize weekly

sales data provided by Fiserv.4 The �rst affected week is labeled as week 0 in my weekly

sample. This model is designed to measure how merchants immediately respond to tem-

perature shocks by looking at both total and physical store sales. The weekly event study

model is speci�ed as follows:

yi;c;e;w = � +
w=4X

w= � 4

� w � EventWeekc;e;w + � � P recipitation c;w + � i;e + � i;c;e;w (1.1)

whereyi;c;e;w represents the natural log of sales for establishmenti in county c during

evente in week w, and � w is my coef�cient of interest. The variableEventWeekc;e;w

is de�ned as the event weeke where the county-level mean daily maximum (minimum)

temperature exceeds 100°F (falls below 32°F), withw marking the number of weeks within

the nine-week window. To avoid potential pre-trend issues, I include only those events that

do not overlap with events in the four weeks prior to week 0. This ensures that the �rst

event week within each nine-week window is consistently set at week 0. Additionally, I

restrict the sample to merchants that remain in operation throughout the entire nine-week

window to reduce noise and prevent sudden jumps in data.P recipitation c;w controls for

the exposure of establishmenti located in countyc during weekw. I include �xed effects

� i;e for each establishmenti and eventeto control for potential establishment heterogeneity

and event-time-varying impacts. These �xed effects enable me to compare the impacts of

temperature shocks within the same establishment and during the same event. The model

is fully saturated with one week before the event as the omitted category. I clustered my

standard errors at the county level.

4Fiserv is one of the leading payment processors and �nance infrastructure providers servicing over
10,000 �nancial institutions and collects real-time, establishment-level transaction data continuously. See
the data section for more details.
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My monthly analysis aims to quantify the impact of temperature shocks on merchant

activity by regressing transaction amounts and counts at the establishment level against

variables representing temperature shocks. Consistent with �nance literature on temper-

ature effects (e.g., [9]) and the economic literature on climate impacts (e.g., [11], [26]), I

employ the following regression equation, using an establishment-level monthly panel with

�xed effects:

yi;t = � + � 1 � TempExpoi;t + � 2 � P recipitation i;t + � i;m + � j;t + � i;t (1.2)

whereyi;t denotes the natural log of sales for establishmenti in year-montht, and� 1 is

my coef�cient of interest. The variablesTempExpoi;t andPrecipitation i;t represent the

exposure of establishmenti to temperature shocks and precipitation during year-montht,

respectively. I include �xed effects� i;m for each establishmenti by calendar monthm

to control for potential seasonal variations in merchant performance. These �xed effects

also control for unobserved heterogeneity that is stable over time at the merchant level,

allowing for consistent comparisons across the same merchant-month in different years.

Further details on exposure measures are discussed in Section 3. Additionally, I control

for broader, time-varying industry-level shocks through NAICS3-year-month �xed effects,

denoted as� j;t . I clustered my standard errors at the county level.

In a similar vein, I conduct establishment-level performance regressions aggregated

quarterly. By employing anat least one extreme dayexposure metric, I assess whether

merchant performance is affected over longer periods. The quarterly model is speci�ed as

follows:

yi;t = � + � 1 � TempExpoi;t + � 2 � P recipitation i;t + � i;q + � j;t + � i;t (1.3)

where subscriptsi; t; j; q index establishments, year-quarters, industries, and calendar-quarters,

respectively. The dependent variableyi;t represents aggregated establishment-level per-
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formance for year-quartert. The variablesTempExpoi;t and Precipitation i;t quantify

the temperature shocks and precipitation exposures at the merchant location during year-

quartert. The �xed effect � i;q captures stable, entity-speci�c characteristics over time,

while � j;t accounts for industry-speci�c �uctuations at the NAICS3 level each quarter.

To further explore the broader economic losses experienced by local businesses, I

aggregate merchant sales and transaction counts at the county-NAICS3-year-month and

county-NAICS3-year level for all 15 million small businesses in the merchant sales dataset.

The regression model for this aggregation is:

yc;j;t = � + � 1 � TempExpoc;t + � 2 � P recipitation c;t + � c + � j;t + � c;j;t (1.4)

wherec; j; t indicate the county, NAICS3, and time, respectively. The variablesTempExpoc;t

andPrecipitation c;t are my measures of extreme weather and precipitation during timet.

To eliminate county-level time-stable heterogeneities, I included county-level �xed effects

� c. To capture the time-varying NAICS3-level industry shocks, I have incorporated �xed

effects, given by� j;t , for NAICS3 codej during timet. Aggregating at the county-industry

level provides two important bene�ts that complement the establishment-level regressions.

First, it mitigates the substitution effects arising from merchant entries and exits during

the period. Second, it avoids the survivorship bias associated with establishment-calendar-

month �xed effects, which would automatically exclude merchants with fewer than 12

months of records as singleton values.

1.3 Data and Descriptive Statistics

1.3.1 DataSourcesandSampleSelection

To examine the impact of temperature shock events on small business outcomes in the

United States, I utilize data from Fiserv, the leading payment processor globally. In 2023,

Fiserv processed approximately one-fourth of all card transactions in the U.S., processing
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90 billion transactions with a total value of $4 trillion, and served nearly 10,000 �nancial

institution clients worldwide. This dataset offers two levels of granularity: a weekly per-

spective, available primarily during the post-Covid period from January 2021 to October

2022, and a historical monthly overview spanning from July 2006 to July 2023. It encom-

passes sales information, transaction counts, merchant industry classi�cations, and location

details for a diverse array of establishments, each identi�ed by unique hashed IDs across

the nation. Furthermore, the weekly dataset enables observation of in-person physical store

sales and foot traf�c. Notably, attributes related to in-person transactions have been cap-

tured in recent years in order to re�ect the evolving trend of alternative payment methods,

including online transactions, QR code payments, buy-now-pay-later services, and others.

The historical monthly dataset initially spans approximately 16 million North American

businesses. After re�ning my focus to U.S.-based �rms within the 50 states and eliminating

territories, my study encompasses around 15.5 million entities. Among these merchants,

approximately 15 million are categorized as small businesses with annual sales below $5

million5 between the period from July 2006 to July 2023. This dataset's primary strength is

its comprehensive coverage of small businesses, captured through real-world transactions

and across geographical levels [30]. Unlike other datasets derived from public sources

or surveys, which often miss smaller businesses, this dataset includes them, offering a

rare insight. The median monthly sales in my study, which can be converted to about

$123,000 in annual sales (see Table 2.1), are signi�cantly lower than those reported in other

establishment-level studies. For instance, the natural log of annual sales is 14.24 of median

annual sales in [9] studying establishments owned by publicly-listed �rms, compared to

11.72 (converted from natural log of $123,000). This difference is crucial as previous

literature has not found signi�cant sales impacts from temperature shocks in establishments

owned by publicly traded �rms. Additionally, the database's complete transaction records

5The revenue threshold is derived from the Executive Summary of the Small Business Lending Rule by
the Consumer Financial Protection Bureau (CFPB). This de�nition aligns with the Small Business Adminis-
tration's (SBA) general criteria, which classify a business as small if it has less than $7.5 million in annual
revenue or fewer than 500 employees.
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for all customers help avoid potential survivorship bias. Last, my comparison with Census

surveys shows no signi�cant differences in geographical merchant coverage at the county

level.

1.3.2 SummaryStatistics

I begin by outlining my methods for tracking temperature shocks, which involve setting

absolute temperature thresholds and analyzing deviations from historical temperatures. In

Table 2.1, I present summary statistics for my weather and establishment datasets. First,

I present statistics derived from historical monthly and weekly establishment datasets.

Next, I provide details on the quarterly aggregated merchant-level sample and the county-

NAICS3 level aggregated sample with both monthly and annual frequencies. Finally, I

introduce additional datasets, including county-level labor market indicators such as em-

ployment, wages, and personal income, which provide a broader macroeconomic context

for my analysis.

Historical Weather Data

I use historical daily weather data from Visual Crossing Weather. This dataset, offering

global coverage, employs a “centroid-distance-weighted” method to compile readings from

the nearest stations into a daily weather dataset at the geographical level. To create my

county-year-week/month level weather dataset, I started with 39,058 ZIP codes in the US

from 2001 to August 2023. To ensure consistency of the readings through the period, I

further restrained to ZIP codes with stations that were recorded non-stop since 2001 (which

resulted in 35,041 ZIP codes and 3,211 counties).

To explore the longer-term relationship between temperature shocks and establishment

performance, I developed several weather exposure metrics for each county monthly. Ini-

tially, I calculated a straightforward absolute temperature dummy, indicating if any day's

maximum (minimum) temperature exceeded 100°F (fell below 32°F). Heat advisories or
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Table 1.1: Summary Statistics

This table provides the summary statistics for key variables used in the analysis. Panel A reports the summary
statistics of weekly establishment data from January 2021 to October 2022, covering about 3 million small
businesses. Detailed summary statistics for stacked event samples are provided in Appendix Table A1.1.
Panel B reports summary statistics for a 5% randomly selected sample of monthly establishment data from
July 2016 to July 2023, encompassing approximately 750,000 merchants. Panel C reports summary statistics
for a 5% randomly selected sample of quarterly establishment data from July 2016 to July 2023, aggregated
from the monthly establishment data for the entire sample period. Panel D and E report summary statistics
for month and annual level county-NAICS3 aggregated sample based on the complete dataset of 15 million
small businesses, covering the entire sample period, unlike the 5% sample used for monthly and quarterly
data. Sales in Panel E have been converted to thousands before taking the natural log. All sales and transaction
count variables are winsorized at the 1st and 99th percentiles. Mean daily precipitation is calculated based
on county and period. Section 1.3.2 de�nes the temperature variables. Temperatures are reported in degrees
Fahrenheit, and daily precipitation is reported in inches.

Mean SD 1st Qu. Median 3rd Qu.

Panel A. Merchant*YearWeek Frequency
Sample: 3 million merchants: January 2021 to October 2022

Sales (in $) 12,261 18,162 1,225 4,749 15,024
# of transactions 282 584 8 41 228
In-person sales (in $) 2,581 5,927 0 200 2,187
# of in-person transactions 43 119 0 2 20
Log(sales) 8.24 1.84 7.11 8.47 9.62
Log(# of transactions) 3.76 2.17 2.08 3.71 5.43
Log(in-person sales) 7.18 1.79 6.03 7.35 8.48
Log(# of in-person transactions) 2.72 1.84 1.10 2.56 4.09
Mean daily precipitation (inch) 0.09 0.12 0.00 0.04 0.12

Panel B. Merchant*YearMonth Frequency
(Sample: 0.75 million merchants - 5% randomly selected - July 2006 to July 2023)

Sales (in $) 33; 865 59; 648 2; 505 10; 250 35; 483
# of transactions 802 1; 855 15 88 537
Log(sales) 9:02 2:02 7:83 9:24 10:48
Log(# of transactions) 4:49 2:38 2:71 4:48 6:29
# of days above 100°F 0:43 2:65 0 0 0
# of days below 32°F 4:76 8:32 0 0 6
# of days above 100°F*1.5stdev 0:14 0:93 0 0 0
# of days below 32°F*1.5stdev 0:83 1:92 0 0 1
Dummy above 100°F 0:05 0:22 0 0 0
Dummy below 32°F 0:38 0:49 0 0 1
Dummy above 100°F*1.5stdev 0:04 0:20 0 0 0
Dummy below 32°F*1.5stdev 0:27 0:44 0 0 1
# of weekend days above 100°F 0:12 0:78 0 0 0
# of weekend days below 32°F 1:39 2:47 0 0 2
# of weekend days above 100°F*1.5stdev 0:04 0:30 0 0 0
# of weekend days below 32°F*1.5stdev 0:23 0:64 0 0 0
Mean daily precipitation (inch) 0:09 0:09 0:03 0:07 0:13
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Table 1.1: (Continued) Summary Statistics

Mean SD 1st Qu. Median 3rd Qu.

Panel C. Merchant*YearQuarter Frequency
(Sample: 0.75 million merchants - 5% randomly selected - July 2006 to July 2023)

Log(sales) 9:90 2:17 8:67 10:15 11:45
Log(# of transactions) 5:30 2:55 3:50 5:35 7:21
# of days above 100°F 1:28 6:71 0 0 0
# of days below 32°F 14:18 22:09 0 1 22
# of days above 100°F*1.5stdev 0:41 2:02 0 0 0
# of days below 32°F*1.5stdev 2:47 4:25 0 0 4
Dummy above 100°F 0:10 0:30 0 0 0
Dummy below 32°F 0:52 0:50 0 1 1
Dummy above 100°F*1.5stdev 0:09 0:29 0 0 0
Dummy below 32°F*1.5stdev 0:46 0:50 0 0 1
Mean daily precipitation (inch) 0:09 0:07 0:04 0:08 0:13

Panel D. County*NAICS3*YearMonth Frequency
(Sample: 15 million merchants - entire cohort - July 2006 to July 2023))

Log(sales) 18:00 2:53 16:31 18:07 19:79
Log(# of transactions) 6:45 2:87 4:43 6:45 8:48
# of days above 100°F 0:25 1:72 0 0 0
# of days below 32°F 6:58 9:46 0 0 12
# of days above 100°F*1.5stdev 0:13 0:94 0 0 0
# of days below 32°F*1.5stdev 1:08 2:11 0 0 1
Dummy above 100°F 0:04 0:21 0 0 0
Dummy below 32°F 0:49 0:50 0 0 1
Dummy above 100°F*1.5stdev 0:04 0:19 0 0 0
Dummy below 32°F*1.5stdev 0:35 0:48 0 0 1
Mean daily precipitation (inch) 0:09 0:18 0:03 0:07 0:12

Panel E. County*NAICS3*Year Frequency
(Sample: 15 million merchants - entire cohort - July 2006 to July 2023)

Log(sales - in thousands) 6:34 2:75 4:60 6:48 8:27
Log(# of transactions) 8:55 3:12 6:50 8:65 10:75
# of days above 100°F 2:86 9:60 0 0 1
# of days below 32°F 77:68 49:71 35 76 115
# of days above 100°F*1.5stdev 1:49 4:58 0 0 0
# of days below 32°F*1.5stdev 12:59 9:02 6 11 17
Dummy above 100°F 0:26 0:44 0 0 1
Dummy below 32°F 0:98 0:15 1 1 1
Dummy above 100°F*1.5stdev 0:24 0:43 0 0 0
Dummy below 32°F*1.5stdev 0:97 0:18 1 1 1
Mean daily precipitation (inch) 0:09 0:09 0:06 0:09 0:12
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warnings are usually de�ned locally at the county level; 100°F is a general threshold for

local governments issuing such hazard advisories. I believe this approach might underes-

timate effects due to continuous temperature variation. In Figure A1.3, I graphically show

for each county the percentage of years that a given county was exposed to such tempera-

ture shocks in my sample.

Second, inspired by recent studies [15, 19], I incorporated historical weather patterns

with absolute shocks to create a measure based on each county-calendar-month's historical

weather. By calculating the mean maximum (minimum) temperature for county-calendar-

month, I de�ned an extreme heat (cold) measure if the day was above (below) 100°F (32°F)

and 1.5 standard deviations away6 from its past-�ve-year historical mean maximum (mini-

mum) monthly temperature. This method helps avoid biases toward traditionally warm or

cool areas and captures “abnormal” shocks more accurately. Like other studies [10, 20,

16], I also counted the number of such extreme days for my analyses, utilizing the annual

and quarterly aggregated samples.

Establishment Characteristics

For my main sample, I randomly selected 5% of merchants from the entire Fiserv mer-

chant universe by their ID and collected their historical records. This sampling rate was

determined by computational constraints, as the full dataset comprises over half billion

merchant-year-month records from 15 million merchants, exceeding feasible memory and

processing capacities. This approach yielded approximately 22 million merchant-year-

month records for around 0.75 million merchants from mid-2006 to mid-2023. The statis-

tics of the random sample mirror those of the entire dataset. To ensure data quality, I

winsorized monthly sales and transaction counts at the 1st and 99th percentiles. The me-

dian monthly sales of my �nal merchant-level sample are $10,250 (Table 2.1), signi�cantly

lower than those in other establishment-level studies ([9], [10]). Besides NAICS3, the

6Similar to Figure A1.3, I present the county-level percentage of exposed years for these measures in
Appendix Figure A1.4.

17



dataset's MCC industry code, used by all payment brands and applied speci�cally for mer-

chants, includes 289 detailed categories.7 This allows me to precisely categorize businesses

in discretionary and outdoor industries for sub-sample analyses.

In addition to the main monthly sample, the dataset includes a weekly frequency ver-

sion, containing additional in-person store sales and visit information8 from July 2019 to

October 2022. To mitigate the impact of Covid-19, which caused signi�cant disruptions to

small business sales due to lockdowns and shifts in consumer demand, I focused on post-

2020 data. This approach allows me to capture the trends in online shopping and merchant

adoption of online ordering, resulting in a sample of approximately 3 million merchants.

Utilizing these two years of data, I created stacked event study panels to analyze heat and

cold shocks at the establishment level. For each merchant-event, I included the week of

the event and the four weeks preceding and following it, resulting in a total of nine weeks

per event. The event week is de�ned as the week where the mean daily maximum (mini-

mum) temperature exceeds 100°F (falls below 32°F). As outlined in the empirical design

section, I retained only those merchants with a complete series of nine weeks of records.

I also excluded overlapping events that occurred within the four-week pre-event period to

ensure that the �rst event in the nine-week window always starts from week 0. Similar to

the monthly sample, I winsorized the weekly total and in-person sales and number of visits

at the 1st and 99th percentiles to ensure data quality.

Additional Data

To study the impacts of temperature shocks on the macroeconomic labor market, I utilize

county-level, quarterly, 3-digit NAICS industry-level employment and wage data from the

Bureau of Labor Statistics' Quarterly Census of Employment and Wages (QCEW). The

dataset provides comprehensive coverage of county-level total personal income, employ-

7MCC has a total of 625 unique codes. However, some codes have been renamed to protect commercial
secrets, as they correspond to speci�c hotel, rental car, or airline brands.

8In-person payment methods include any payments made through a physical POS machine in the store,
such as card swiping or tapping, and account for approximately a quarter of total sales.
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ment, and the number of establishments, representing approximately 95% of all jobs in the

U.S. For this analysis, I focus exclusively on the private sector, as it is more relevant to

understanding the dynamics of small businesses. The data spans the period from 2006 to

2019. To maintain consistency and avoid speci�c distortions, I excluded the COVID-19

period, which the BLS documented as having signi�cant disruptions to its data collection

process and the labor market at large.9 For the employment level attribute only, the QCEW

reports monthly data; therefore, I aggregated monthly employment levels into quarterly

measures to ensure an accurate re�ection of employment trends, similar to taking the aver-

age number of employees within a quarter for regression purposes.

1.4 Results

1.4.1 Do TemperatureShocksAffect SmallBusinessSalesandNumberof Transactions?

Firstly, I present my weekly stacked event study results in Section 1.4.1 for Equation 2.1. I

examine my monthly baseline establishment performance results in Section 1.4.1 for Equa-

tion 2.2. Next, I document the impact of temperature shocks on merchant performance

throughout the quarter (see Section 1.4.1 for Equation 2.3). Finally, in Section 1.4.1, I

provide robustness of my results.

Event Study Results - Weekly Frequency

I commence my analysis by examining whether temperature shocks signi�cantly impact

small business performance in the U.S.. Prior studies, such as [9] and [15], have noted

no signi�cant impacts of abnormal temperatures over the previous year or quarter on es-

tablishment performance using commonly used datasets. These datasets typically focus

on larger merchants that are part of publicly listed �rms in the U.S.. While these studies

provide valuable insights, they may not fully capture the experiences of smaller merchants

9 For more information on the effects of COVID-19 on data collection and business employment dynam-
ics, see BLS COVID-19 impact page.
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who are more vulnerable to negative shocks and lack the support of a parent �rm. I explore

the effects on the immediate, short-term, and longer-term performance of small businesses

by studying weekly, monthly, quarterly, and annual samples.

In Table 1.2, I conduct a stacked event study for both heat and cold shocks to assess

immediate small business responses to temperature shocks based on the post-Covid weekly

sample. In Columns (1) and (2), I regress establishment total and physical store sales on ex-

treme heat events, controlling for precipitation. By incorporating establishment-event �xed

effects, I can identify variations within the same merchant and the same shock. Column

(1) reports a total sales decrease of approximately 1.5% for the week. Conversely, physical

store sales experience an additional 0.1% decrease, with recovery observed within about

four weeks, as shown in Figure 1.1. For cold shocks, Column (3) reports an initial sales

reduction of about 10% for the impacted week, with most of the loss recovered within the

next two weeks.

In Figure 1.2, I subsample my weekly data by merchant categories to study the hetero-

geneous impacts using the same speci�cation. For heat shocks, a clear decreasing trend is

observed in categories with lower levels of travel. For instance, gas stations experience a

5-10% decrease over the next four weeks. Similarly, parking lots are also negatively im-

pacted. Retailers, such as furniture, swimming pool sales and service stores and clothing

stores that conduct most of their business during the daytime, also experience lower sales.

Interestingly, not all industries are negatively impacted; there are disparate impacts of tem-

perature shocks across various industries. Notably, heat events have varying effects, with

signi�cant gains observed in air conditioning repair and auto repair services. Increased us-

age and the temperature difference between outdoor and indoor environments likely lead to

higher failure rates of AC compressors, affecting both home and auto units. Furthermore,

while the amusement and recreation sector experiences negative impacts, indoor recreation

activities, such as bowling and bookstores, see positive impacts. Similarly, although overall

fast-food and dining restaurants experience a decreasing trend, drinking places exhibit a re-
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Table 1.2: Impact of Temperature Shocks on Small Businesses Sales
Event Study Using Weekly Data

This table presents results from my stacked event study regression, Equation (2.1), estimating the differential
effect of temperature shocks on an establishment's weekly sales and in-person sales. Columns (1) and (2)
report estimates for establishments in counties experiencing a weekly maximum temperature above 100°F,
while Columns (3) and (4) report results for cold shocks, de�ned as establishments in counties experiencing
a weekly minimum temperature below 32°F. The dependent variable in Columns (1) and (3) is the natural
logarithm of total weekly sales, whereas in Columns (2) and (4), it is the natural logarithm of total in-
person (physical store) weekly sales. Each event spans nine weeks, with the �rst affected week labeled as
week 0. The model is fully saturated, with one week prior to the event (Event Week = -1) serving as the
omitted category. The independent variables represent the remaining eight weeks within the nine-week event
window, each corresponding to a speci�c week number. Table A1.1 reports the sample statistics for heat and
cold events. All regressions include event-establishment �xed effects, with events de�ned as either heat or
cold shocks.t-statistics, reported below coef�cient estimates, are calculated using standard errors adjusted
for clustering at the county level. All coef�cients are scaled by 100 for ease of interpretation and represent
percentage changes in the dependent variable. The test statistics are included in the parentheses. ***, **, and
* denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Shock Type: Heat Above 100°F Cold Below 32°F

Dependent Variables: Log (Sales) Log (In-Person Sales) Log (Sales) Log (In-Person Sales)
(� 100) (1) (2) (3) (4)

Variables
Event Week= -4 0.96 -0.07 2.43��� 1.88���

(1.24) (-0.09) (4.43) (3.57)
Event Week= -3 1.21�� 0.06 2.63��� 2.34���

(2.48) (0.10) (5.23) (4.40)
Event Week= -2 0.32 -0.40 4.05��� 3.71���

(0.68) (-0.88) (7.61) (6.88)
Event Week= 0 -1.54��� -1.64��� -9.88��� -9.12���

(-3.09) (-2.80) (-7.68) (-8.07)
Event Week= 1 -1.43��� -1.47��� -3.87��� -3.86���

(-2.80) (-2.88) (-3.25) (-3.62)
Event Week= 2 -1.45��� -0.76 -0.80 -1.09�

(-3.01) (-1.58) (-1.34) (-1.87)
Event Week= 3 -2.46��� -1.63�� -0.86 -0.87

(-3.11) (-2.04) (-1.34) (-1.36)
Event Week= 4 -2.26�� -0.43 -2.75��� -2.56���

(-2.10) (-0.37) (-2.86) (-2.89)
Precipitation 1.12 2.97 -7.71��� -6.88���

(0.54) (0.92) (-4.98) (-4.66)

Fixed-effects
Event*Merchant Yes Yes Yes Yes

Fit statistics
R2 0.90005 0.85888 0.88059 0.84736
Observations 2,888,559 1,799,695 12,633,725 7,648,641
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Figure 1.1: Impact of Heat and Cold Shocks on Small Business Sales

This �gure illustrates the impact of temperature shocks on small business total and in-person sales during a
nine-week event window, based on the regression speci�ed in Equation (2.1). The solid black line represents
total sales, while the dashed red line shows the coef�cients for in-person sales. Each event spans nine weeks,
with the �rst affected week labeled as week 0. Heat shocks are de�ned as a weekly maximum temperature
above 100°F, while cold shocks are de�ned as a weekly minimum temperature below 32°F. The corresponding
coef�cients are reported in Table 1.2.
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versed overall trend, likely due to their nightly nature. Notably, industries such as religious,

political, and insurance, which do not depend on physical sales, show no obvious impacts.

Conversely, cold weather, as shown in Figure 1.3, presents a distinct pattern, with ben-

e�ciaries including merchants that help consumers stay warmer, such as fuel oil, wood,

coal, and liquid petroleum dealers, along with heating and air conditioning repair services.

On the other hand, beauty stores, retail outlets, hotels, restaurants, gas stations, parking

lots, taxi services, grocery stores, and other retailers emerge as losers during cold shocks,

possibly due to consumers' reluctance to go outside. Notably, some of these negative sales

impacts materialize even before the event week. For instance, hotel and parking lot sales

decline in advance, likely re�ecting consumers adjusting travel plans based on weather

forecasts to avoid disruptions. Unlike most negatively impacted industries that exhibit a V-

shaped recovery, hotel sales remain depressed even four weeks after the event. This might

suggest that once travel plans are canceled, frictions such as rebooking costs, and logistical

constraints make rescheduling dif�cult in the short term.

Interestingly, while clothing stores overall experience a 10–30% sales reduction dur-

ing the shocked week and the following four weeks, fur stores remain largely unaffected

during the initial shocks. Moreover, “stock-up” effects might in�uence sales in sectors

such as grocery stores, clothing stores, and beer, wine, and liquor stores. Notably, beer,

wine, and liquor stores observe an almost 10% sales increase in the week prior to the cold

shocks, potentially driven by consumer habits or precautionary purchasing. Unlike heat

shocks, the insurance sector experiences only a slight decrease during the impacted week,

followed by a signi�cant 10% increase in revenue in the subsequent weeks, possibly due to

increased claims from snowstorms or ice-related property damage. Political organizations,

once again, are not impacted.
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(a) Negative Impacts

(b) Mixed Impacts

Figure 1.2: Impact of Heat Shocks on Small Business Sales
by Merchant Category

This �gure illustrates the impact of extreme heat (de�ned as a weekly maximum temperature above 100°F)
on small business total and in-person sales, categorized by business type, during a nine-week event window
based on the regression speci�ed in Equation (2.1). The solid black line represents total sales, while the
dashed red line shows the coef�cients for in-person sales. Each event spans nine weeks, with the �rst affected
week labeled as week 0.
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(a) Negative Impacts

(b) Mixed Impacts

Figure 1.3: Impact of Cold Shocks on Small Business Sales
by Merchant Category

This �gure illustrates the impact of extreme cold (de�ned as a weekly minimum temperature below 32°F) on
small business total and in-person sales, categorized by business type, during a nine-week event window based
on the regression speci�ed in Equation (2.1). The solid black line represents total sales, while the dashed red
line shows the coef�cients for in-person sales. Each event spans nine weeks, with the �rst affected week
labeled as week 0.
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Panel Results - Monthly Frequency

Although I have observed immediate negative impacts on small business performance due

to temperature shocks, these losses may be fully recovered over the long term, potentially

masking their effects. To examine the longer-term sales loss impacts, Table 1.3 investigates

the effects of temperature shocks on small business performance using a historical monthly

dataset spanning from 2006 to 2023.

Panel A presents the regression estimates for the natural logarithm of establishment

sales based on Equation (2.2). Columns (1) through (4) estimate the regression for establishment-

level sales incorporating merchant, industry, and time-�xed effects separately. Columns (5)

through (8) report results that control for precipitation and include a comprehensive set of

�xed effect controls.

My preferred speci�cation, presented in Columns (5) through (8), estimates the impacts

within the same merchant-calendar-month across years, controlling for time-varying indus-

try heterogeneity. In Column (5), I regress establishment sales on an extreme heat dummy,

de�ned as at least one day in the month experiencing a maximum temperature exceeding

100°F. The resulting -0.5 percentage point estimate suggests that merchants in a county

experiencing at least one such hot day would see an average reduction in monthly sales of

several percentage points compared to the same stores and the same month in other years.

Assuming that most of the monthly negative impacts occurred during the impacted days,

this translates to a -3.7% (-0.495%/(4/30 days)) per impacted day, with a median event

length of 4 days. In Column (6), I test the simple extreme cold measure, which also shows

a similar monthly transaction amount decrease of 0.47 percentage points.

In Columns (7) and (8), I employ a re�ned metric of temperature shock exposure that

integrates local historical climatic data. This measure, analyzed by regressing it against

the natural logarithm of sales, captures infrequent climatic anomalies at the county level.

I anticipate that its impact will be commensurate with, if not exceed, the effects observed

with my absolute threshold measures in Columns (5) and (6). Indeed, the analysis reveals
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Table 1.3: Effect of Temperature Shocks on Small Business Sales – Monthly Panel Data

This table presents establishment-level monthly sales and number of visits regressions as speci�ed in Equa-
tion (2.2). The sample consists of 5% randomly selected merchants from a total of 15 million. The depen-
dent variable in all speci�cations has been taken the natural log. Panel A presents the estimated results for
total sales, while Panel B reports the coef�cients using transaction count as the dependent variable. The
independent variables include various temperature shock exposure measurements described in Section 1.3.2.
Columns (1)–(4) include establishment, industry, and time �xed effects, with industries de�ned using 3-
digit NAICS codes mapped from Merchant Category Codes (MCC). Columns (5)–(8) employ my preferred
speci�cation in Equation (2.2), which includes establishment-calendar-month and industry-year-month �xed
effects. In parentheses under the independent variables, I also provide the median event length for each type
of temperature exposure in days. The event length is calculated as the total number of extreme days within
the time period. Thet-statistics, reported below coef�cient estimates, are calculated using standard errors
adjusted for clustering at the county level. All coef�cients are scaled by 100 for ease of interpretation and
represent percentage changes in the dependent variable. The test statistics are included in the parentheses.
***, **, and * denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Panel A: Sales

Dependent Variable: Log(sales)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
Dummy above 100°F -3.15��� -0.50��

(Median event length: 4 days) (-4.52) (-2.07)
Dummy below 32°F -4.31��� -0.47���

(Median event length: 11 days) (-9.41) (-2.70)
Dummy above 100°F*1.5stdev -2.37��� -0.48��

(Median event length: 2 days) (-5.36) (-2.25)
Dummy below 32°F*1.5stdev -2.30��� -0.78���

(Median event length: 2 days) (-7.90) (-6.91)
Precipitation -6.67��� -6.03��� -6.42��� -6.09��� -3.20��� -3.18��� -3.20��� -3.22���

(-4.21) (-4.55) (-4.13) (-4.18) (-4.52) (-4.52) (-4.52) (-4.53)

Fixed-effects
Merchant Yes Yes Yes Yes
NAICS3 Yes Yes Yes Yes
Year-Month Yes Yes Yes Yes
Merchant*Calendar-Month Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes

Fit statistics
R2 0.78555 0.78557 0.78554 0.78555 0.84199 0.84199 0.84199 0.84199
Observations 22,008,356 22,008,356 22,008,356 22,008,356 19,801,409 19,801,409 19,801,409 19,801,409
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Panel B: Number of Transactions

Dependent Variable: Log(transaction count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
Dummy above 100°F -3.26��� -0.69���

(Median event length: 4 days) (-5.16) (-2.95)
Dummy below 32°F -4.20��� -0.59���

(Median event length: 11 days) (-10.17) (-3.99)
Dummy above 100°F*1.5stdev -2.46��� -0.56��

(Median event length: 2 days) (-6.31) (-2.47)
Dummy below 32°F*1.5stdev -2.27��� -0.85���

(Median event length: 2 days) (-8.37) (-8.78)
Precipitation -6.09��� -5.43��� -5.84��� -5.50��� -3.35��� -3.31��� -3.34��� -3.35���

(-4.18) (-4.59) (-4.10) (-4.17) (-4.82) (-4.83) (-4.82) (-4.84)

Fixed-effects
Merchant Yes Yes Yes Yes
NAICS3 Yes Yes Yes Yes
Year-Month Yes Yes Yes Yes
Merchant*Calendar-Month Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes

Fit statistics
R2 0.89604 0.89606 0.89604 0.89605 0.92497 0.92497 0.92497 0.92497
Observations 22,008,356 22,008,356 22,008,356 22,008,356 19,801,409 19,801,409 19,801,409 19,801,409

a stronger coef�cient for unusual extreme heat events considering local historical tempera-

tures in Column (7) at -7.2% (0.478%/(2/30 days)) per impacted day, with a median event

length of 2 days. For unusual extreme cold events, the impact is more pronounced in Col-

umn (8), with a point estimate of -0.78% compared to -0.47% in Column (6). The impact is

much stronger at 11.6% per median impacted day for historically unusual events, especially

considering that the median event length is 2 days compared to 11 days for cold events in

Column (6).

In Table 1.3, Panel B shifts my analysis to the number of transactions. Columns (5)

through (8) present my preferred speci�cations, indicating adverse effects on establishment

performance. Speci�cally, the reductions are 5.2% (0.69%/(4/30 days)) per median im-

pacted day for the 100°F measure and 8.4% (0.562%/(2/30 days)) for unusual heat events,

relative to 3.7% and 7.2% in Panel A, respectively. The magnitude of these coef�cients

suggests a stronger impact on transaction volumes than on sales, possibly because con-

sumers tend to decrease their visitation frequency while increasing their expenditure per

visit to minimize exposure to temperature shocks. Establishments experiencing uncom-
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monly severe cold conditions, based on historical weather patterns for the month, also

exhibit markedly negative effects.

Panel Results - Quarterly Frequency

To further examine if the establishment-level losses are sustained over a longer period,

Table A1.2 investigates the effects of temperature shocks on �nancial performance at a

quarterly frequency, as outlined in Equation (2.3). As discussed in Section 2.1, the quarterly

aggregated sample helps mitigate survivorship bias. For instance, while a merchant exit in

June may not be captured in July for the monthly study, it will be included in the quarterly

aggregation. Therefore, I expect stronger coef�cients in the quarterly regressions.

Panel A of the table examines variations in weather across the establishments' cal-

endar quarters to assess the prolonged impacts of temperature shocks. Given that initial

adverse effects on performance may be temporary—consumers might delay rather than

forego purchases—I continue to employ my exposure dummies for at least one day of ex-

treme conditions. These speci�cations determine whether there are enduring sales losses

associated with minimal occurrences of extreme events. In Columns (1) through (4), I

regress the natural logarithm of transaction amounts and observe that extreme heat events

indeed show stronger negative impacts per median impacted day, ranging from -17.9%

(-0.796%/(4/90 days)) to -24.8% (-0.825%/(3/90 days)).10 Similarly, the number of vis-

its shows larger declines due to heat, with estimates of -22.8% (-1.015%/(4/90 days)) to

-29.2% (-0.973%/(3/90 days)).11 Conversely, I �nd no sustained sales reductions for ex-

treme cold events.

In Table A1.2, Panel B, my analysis parallels the approach in [9]. While the existing

literature, which predominantly examines larger establishments owned by publicly traded

�rms, reports no signi�cant effects of temperature shocks at the merchant-quarter level, my

�ndings differ. Inspired by additional studies ([20], [16], and [12]), which quantify expo-

10-0.8% to -0.83% at the quarterly level in Columns (1) and (3)
11-1.02% and -0.97% in Columns (5) and (7)
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sure by counting the number of extreme days, I identify negative impacts on performance

from both heat and cold shocks. Comparing the use of the number of days with the dum-

mies, I believe each model has its strengths and weaknesses. The former might overweight

areas that frequently experience temperature shocks, underestimating impacts on areas that

unusually experience such events. Conversely, using dummy-style regressors assigns equal

weight to all events, avoiding overweighting “usual” extreme events. However, this ap-

proach makes it harder to interpret results over longer periods, as “unusual” events might

be temporary and easily masked.

In Column (1), each additional day with temperatures exceeding 100°F is correlated

with a statistically signi�cant reduction in quarterly sales and the number of visits by -

0.042% and -0.044%, or -3.78% (-0.042%/(1/90 days)) and -3.96% (-0.044%/(1/90 days))

per median impacted day, respectively. Similarly, an extra day of extreme cold correlates

with a 0.032% and 0.035% decrease in sales and visits, or 2.88% and 3.15% per median

impacted day, respectively. Echoing �ndings from Table 1.3, I note that an increase in

the number of anomalously hot days (exceeding 1.5 standard deviations from the historical

mean) exacerbates the negative impacts, with a decrement of 0.067% of quarterly loss per

additional hot day, translating to a 6.03% loss per impacted day. The divergence in re-

sults from earlier studies may stem from the signi�cantly larger size of the establishments

they analyzed, which likely experience more stable revenue streams compared to the pre-

dominantly smaller businesses in my sample. Evidence supporting the in�uence of size

on vulnerability to temperature shocks is further corroborated in Table 1.7, where smaller

establishments within my dataset are speci�cally analyzed.

Robustness - Remove Covid Period

In the robustness analysis, I investigate the potential confounding effects of the COVID-19

pandemic by re-evaluating my baseline regression models, excluding data from the period

after January 2020. This approach allows me to assess whether the signi�cant impacts
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of temperature shock events on small business sales and transaction numbers, observed in

my main analysis, might have been in�uenced by the unique economic disruptions during

the pandemic. The results of this robustness check are presented in the robustness Table

A1.4, which replicates the earlier regression speci�cations without including the pandemic

period. Remarkably, the exclusion of this anomalous period does not alter my �ndings,

as the coef�cients for both extreme heat and cold events remain consistent with those re-

ported in the main analysis. This consistency underscores the robustness of my results,

indicating that the negative impacts of temperature shocks on small business performance

are not driven by the extraordinary economic conditions induced by COVID-19. This �nd-

ing lends further credence to the argument that temperature shock events pose a genuine

and persistent risk to small businesses, independent of the pandemic's transient economic

effects.

1.4.2 From Shocksto Shutdowns:Understandingthe Role of TemperatureShocksin

BusinessExits

Exit

Building upon my �ndings regarding the contemporaneous effects of temperature shock on

merchant sales and transactions, I now explore the potential for these conditions to in�u-

ence business exit decisions. Previous research, such as that by [23], indicates that a major-

ity of small businesses encountered cash �ow shortages during the Pandemic, often relying

on revenue as collateral ([22]). Given the negative impacts on sales documented earlier

in my study, I hypothesize that temperature shocks may contribute to forcing some small

enterprises out of business due to their constraints and vulnerability to negative shocks.

I adopt the exit de�nition from [18], de�ning exit at the establishment level in year-

month t as a dummy variable set to 1 if establishment i registers positive sales in year-

month t but records no sales in year-month t+1 and beyond. This approach allows me to

capture the contemporaneous relationship between temperature shocks and exit decisions
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accurately. To address the potential lag in the impact of weather conditions, inspired by

[15], I introduce a measure that counts the number of temperature shock days an estab-

lishment has experienced in the 3, 6, and 12 months prior to exit. This method recognizes

that decisions to exit the market may not be immediate and are likely in�uenced by the

accumulation of multiple adverse events over time.

My empirical results based on Equation (2.2), presented in Table 1.4, reveal no signi�-

cant immediate exit responses to the number of temperature shock days within the current

month. However, I �nd evidence suggesting that exit decisions are responsive to accu-

mulated temperature shock exposures in prior months. Speci�cally, Column (2) indicates

a 0.014% increase in the probability of exit for each additional extreme hot day experi-

enced in the past three months. This effect translates to approximately 71 additional days

above 100°F correlating with a 1 percentage point increase in the probability of establish-

ment closure or a 40% increase to the mean exit rate within that month—an economically

substantial effect given the average exit rate in my sample is 2.5%. In other words, 17.9

extreme days respond to a 10% raise in the exit rate. A one standard deviation increase of

8.4 hot days will raise the exit rate by 4.7%. Similarly, Columns (5)-(8) present �ndings

for cold shocks, showing a comparable, albeit slightly greater, impact, whereby a roughly

additional 50 cold days within the same time frames increase the exit probability by 1 per-

centage point, or 11.9 days for a 10% increase in the exit rate. Panel B further explores

the impacts using historical de�nitions of extreme days, af�rming the robustness of my

results. These �ndings underscore the importance of considering accumulated exposure to

temperature shocks in understanding the dynamics of small business sustainability.

1.4.3 Are theEffectsof TemperatureShocksTransitoryor Persistent?

Lost Sales - Aggregated County Level - Monthly and Annual Frequencies

To elucidate the long-term economic impacts at the local level, I aggregated transaction

amounts and counts from the establishment-year-month level to the county-NAICS3-year-
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Table 1.4: Exit - Merchant Closure

This table presents establishment-level exit regressions as speci�ed in Equation (2.2). The sample consists
of 5% randomly selected merchants from a total of 15 million. The dependent variable in all speci�cations
is an exit dummy variable, set to 1 for year-montht if the establishment registers positive sales in year-
month t but records no sales in year-montht + 1 and beyond. Panel A presents the estimated results for
extreme days using the absolute threshold, while Panel B reports the coef�cients using historical measures
described in Section 1.3.2. The independent variables are cumulative exposure measures calculated by count-
ing all the corresponding types of extreme days in the past 1, 3, 6, and 12 months. All regressions include
establishment-calendar-month and industry-year-month �xed effects, with industries de�ned using 3-digit
NAICS codes. Thet-statistics, reported below coef�cient estimates, are calculated using standard errors ad-
justed for clustering at the county level. All coef�cients are scaled by 100 for ease of interpretation and
represent percentage changes in the dependent variable. The test statistics are included in the parentheses.
***, **, and * denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Panel A: Absolute Temperature Shocks

Dependent Variable: Exit (By End of the Month)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
# of days above 100°F - during the month 0.00

(0.02)
# of days above 100°F - during the last 3 months 0.014���

(4.44)
# of days above 100°F - during the last 6 months 0.015���

(6.03)
# of days above 100°F - during the last 12 months 0.020���

(18.84)
# of days below 32°F - during the month -0.002

(-0.92)
# of days below 32°F - during the last 3 months 0.020���

(23.15)
# of days below 32°F - during the last 6 months 0.022���

(44.46)
# of days below 32°F - during the last 12 months 0.020���

(44.99)
Precipitation 0.00 0.015 0.010 0.001 -0.001 0.009 -0.009 -0.017

(0.01) (0.53) (0.34) (0.02) (-0.05) (0.33) (-0.31) (-0.55)

Fixed-effects
Merchant*Calendar-Month Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.31751 0.31751 0.31752 0.31759 0.31751 0.31755 0.31773 0.31827
Observations 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539
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Panel B: “Unusual” Temperature Shocks

Dependent Variable: Exit (By End of the Month)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
# of days above 100°F*1.5stdev - during the month 0.002

(0.62)
# of days above 100°F*1.5stdev - during the last 3 months 0.012���

(5.23)
# of days above 100°F*1.5stdev - during the last 6 months 0.013���

(7.33)
# of days above 100°F*1.5stdev - during the last 12 months 0.021���

(10.12)
# of days below 32°F*1.5stdev - during the month -0.004��

(-1.97)
# of days below 32°F*1.5stdev - during the last 3 months 0.011���

(8.40)
# of days below 32°F*1.5stdev - during the last 6 months 0.025���

(21.20)
# of days below 32°F*1.5stdev - during the last 12 months 0.039���

(26.95)
Precipitation 0.001 0.009 0.006 0.004 -0.003 0.004 0.010 0.025

(0.04) (0.34) (0.22) (0.13) (-0.09) (0.13) (0.34) (0.89)

Fixed-effects
Merchant*Calendar-Month Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.31751 0.31751 0.31751 0.31753 0.31751 0.31751 0.31755 0.31777
Observations 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539 21,621,539

month and county-NAICS3-year level. In this part of the study, I analyzed data from the

entire cohort of 15 million small businesses, as opposed to the 5% random sample previ-

ously utilized. As previously discussed, aggregating at the county-industry level mitigates

substitution effects from merchant entries and exits and avoids the survivorship bias of

establishment-calendar-month �xed effects. Employing regression analysis as speci�ed in

Equation (1.4), Table A1.3 for monthly frequency and Table 1.5 for annual frequency, Panel

A, presents the results using my most basic measure of temperature shock exposure: the

at-least-one-extreme-day-in-a-year dummy. This dummy assumes a value of one if at least

one day of extreme hot or cold temperature was recorded in the county during the month

or year. I postulate that this measure may potentially underestimate the true effects.

For both monthly and annual tables, Columns (1)-(4) explore the impact of temper-

ature shocks on total county sales. Columns (5)-(8) assess the potential losses in trans-

action count within a county. By avoiding the survivorship bias due to the �xed effects

in establishment-level regressions, I expect to see stronger negative impacts by studying

county-level aggregation. In Table A1.3 Column (1), I observe a signi�cant monthly county
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Table 1.5: Lost Sales Aggregated Annually at the County-NAICS3 Level

This table presents county-industry level annually aggregated sales and number of visits regressions as spec-
i�ed in Equation (1.4), with industries de�ned using 3-digit NAICS codes. The sample is aggregated from
the entire monthly sample that contains information for 15 million merchants. The dependent variable in all
speci�cations is the natural logarithm. In Columns (1) through (4), the dependent variable is sales, while
Columns (5) through (8) examine the number of visits. Panel A presents results using extreme exposure
dummies as independent variables. Panel B reports coef�cients using the number of extreme days in the year
as independent variables. The independent variables include various temperature shock exposure measure-
ments described in Section 1.3.2. All regressions include county-industry and industry-year �xed effects. The
t-statistics, reported below coef�cient estimates, are calculated using standard errors adjusted for clustering
at the county level. All coef�cients are scaled by 100 for ease of interpretation and represent percentage
changes in the dependent variable. The test statistics are included in the parentheses. ***, **, and * denote
signi�cance at the 1%, 5%, and 10% levels, respectively.

Panel A: Dummy -At Least One Day during the year

Dependent Variables: Log(sales) Log(transaction count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
Dummy above 100°F -2.54��� -2.66���

(Median event length: 5 days) (-6.11) (-6.10)
Dummy below 32°F 1.86 1.78
(Median event length: 77 days) (1.45) (1.27)
Dummy above 100°F*1.5stdev -2.37��� -2.47���

(Median event length: 3 days) (-6.19) (-6.08)
Dummy below 32°F*1.5stdev -0.61 -0.60
(Median event length: 11 days) (-0.67) (-0.61)
Precipitation 3.05�� 3.36�� 3.00�� 3.36�� 3.00�� 3.33�� 2.95�� 3.33��

(2.12) (2.14) (2.11) (2.13) (2.50) (2.52) (2.49) (2.52)

Fixed-effects
County*NAICS3 Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.85060 0.85059 0.85060 0.85059 0.87544 0.87543 0.87544 0.87543
Observations 1,607,052 1,607,052 1,607,052 1,607,052 1,607,761 1,607,761 1,607,761 1,607,761

Panel B: Number of Days

Dependent Variables: Log(sales) Log(transaction count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
# of days above 100°F -0.043� -0.070���

(-1.79) (-2.75)
# of days below 32°F 0.006 -0.005

(0.47) (-0.37)
# of days above 100°F*1.5stdev -0.122��� -0.141���

(-4.02) (-4.46)
# of days below 32°F*1.5stdev -0.052��� -0.062���

(-2.64) (-2.97)
Precipitation 3.25�� 3.38�� 3.12�� 3.27�� 3.14�� 3.32�� 3.05�� 3.22��

(2.13) (2.14) (2.13) (2.12) (2.51) (2.51) (2.51) (2.50)

Fixed-effects
County*NAICS3 Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.85059 0.85059 0.85059 0.85059 0.87543 0.87543 0.87543 0.87543
Observations 1,607,052 1,607,052 1,607,052 1,607,052 1,607,761 1,607,761 1,607,761 1,607,761
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sales loss of at least -1.7% (-12.8% per median impacted day), compared to -3.7% per me-

dian impacted day in the monthly establishment-level regressions. The historically unusual

extreme heat events in Column (3) present a -1.62% (-24.3% per median heat day) sales

loss, compared to -7.2% per median impacted day for the establishment study in Table

1.3 Column (7). Similarly, extreme cold measures in Columns (2) and (4) report stronger

impacts as well.

In Table 1.5, I continue my study on lost sales for the annual frequency. In Column (1),

the annual county sales loss of at least -2.54% appears unrecoverable within the same year

for a year with a median event of 5 hot days above 100°F. Employing the historical extreme

heat measure, similar to the 100°F absolute threshold, results in a -2.37% reduction in an-

nual sales with a median event length of 3 days. However, consistent with the quarterly

frequency merchant-level results, no sustained loss was observed for days with tempera-

tures below 32°F. Analysis of the potential impacts on the number of visits in Columns (5)

and (7) indicates slightly stronger negative effects, reinforcing merchant-level �ndings that

consumers reduce visits to potentially avoid commuting under temperature shock condi-

tions.

1.4.4 Vulnerabilitiesin Young,Small,andVolatile Merchants:Insightson Resilienceto

TemperatureShocks

Firstly, in Section 1.4.4, I investigate the vulnerabilities of young merchants with less than

12 months of operational history, employing a modi�ed framework to account for their

exclusion in my baseline model. Next, in Section 1.4.4, I assess the differential impacts

of temperature shocks based on establishment size and sales volatility, highlighting the

heightened risks faced by small and high-volatility merchants.
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Young Merchants

My analysis framework, de�ned in Equation (2.2), allows for comparisons of the same

merchant-calendar-month across different years. However, a signi�cant limitation of this

model is that it requires each merchant to have operated for at least two years to enable a

self-comparison. Consequently, this regression approach excludes all young �rms in busi-

ness for less than 12 months as singletons, potentially omitting a critical group of merchants

that may be particularly susceptible to �nancial shocks due to their nascent operational sta-

tus. Literature on small business behaviors, such as [24], highlights the importance of

including such vulnerable groups in analyses.

In Table 1.6, Panel A, I bifurcate my sample: one subset includes only young merchants

with 12 months or fewer of operational records in the Fiserv database; the other comprises

establishments with more than one year of operational history. Columns (1), (3), (5), and

(7) present �ndings exclusively for the young merchant sample, employing a modi�ed

version of Equation (2.2) labeled as Equation (1.5):

yi;t = � + � 1 � TempExpoi;t + � 2 � P recipitation i;t + � i + � j;t + � i;t (1.5)

Equation (1.5) adapts the analysis by introducing merchant �xed effects due to their less-

than-one-year tenure, in contrast to the merchant-calendar-month �xed effects, which re-

quire at least one year of operation to avoid exclusion as a singleton.

Table 1.6, Panel A reveals that young merchants suffer disproportionately larger neg-

ative impacts from extreme weather events. In Column (1), establishments with fewer

than 12 months' lifespan experienced a -3.46%-percentage-point reduction in monthly sales

that can be converted to -26% sales loss per median impacted day, compared to a -0.50%

monthly loss (-3.7% per median impacted day) for merchants with more than one year's ex-

perience. Similar patterns emerge in Columns (3) and (4), where young merchants faced an

average -4% reduction in transaction amount, signi�cantly more severe than the nearly ten-
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Table 1.6: Effect on Young Merchants

This table presents establishment-level monthly sales and number of visits regressions. The sample consists
of 5% randomly selected merchants from a total of 15 million. The dependent variable in all speci�cations
has been taken the natural log. Panel A presents the estimated results for total sales, while Panel B reports
the coef�cients using transaction count as the dependent variable. The independent variables include various
temperature shock exposure measurements described in Section 1.3.2. Columns< = 12mo include estab-
lishments with at most 12 months' observations in my sample. Columns> 12mo are the establishments
that I could observe at least 12 months' records in my sample.< = 12mo regressions include establishment
�xed effects, while the rest employ Equation (2.2) that includes establishment-calendar-month and industry-
year-month �xed effects, with industries de�ned using 3-digit NAICS codes. Thet-statistics, reported below
coef�cient estimates, are calculated using standard errors adjusted for clustering at the county level. All
coef�cients are scaled by 100 for ease of interpretation and represent percentage changes in the dependent
variable. The test statistics are included in the parentheses. ***, **, and * denote signi�cance at the 1%, 5%,
and 10% levels, respectively.

Panel A: Sales

Dependent Variable: Log(sales)
(� 100) Young Other Young Other Young Other Young Other

Variables
Dummy above 100°F -3.46�� -0.50��

(-2.54) (-2.04)
Dummy below 32°F -3.99��� -0.49���

(-6.36) (-2.78)
Dummy above 100°F*1.5stdev -2.51��� -0.49��

(-2.74) (-2.28)
Dummy below 32°F*1.5stdev -2.03��� -0.78���

(-4.08) (-6.96)
Precipitation -7.33��� -3.18��� -6.00�� -3.15��� -6.93�� -3.18��� -6.32�� -3.20���

(-2.71) (-4.49) (-2.35) (-4.49) (-2.57) (-4.49) (-2.40) (-4.51)

Fixed-effects
Merchant Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes
Merchant*Calendar-Month Yes Yes Yes Yes

Fit statistics
R2 0.72633 0.84124 0.72634 0.84124 0.72633 0.84124 0.72633 0.84124
Observations 1,545,180 19,708,641 1,545,180 19,708,641 1,545,180 19,708,641 1,545,180 19,708,641

Panel B: Number of Transactions

Dependent Variable: Log(transaction count)
(� 100) Young Other Young Other Young Other Young Other

Variables
Dummy above 100°F -3.38��� -0.69���

(-3.11) (-2.92)
Dummy below 32°F -3.82��� -0.60���

(-7.34) (-4.09)
Dummy above 100°F*1.5stdev -2.53��� -0.57��

(-3.36) (-2.48)
Dummy below 32°F*1.5stdev -1.98��� -0.86���

(-4.80) (-8.86)
Precipitation -6.94��� -3.35��� -5.65��� -3.32��� -6.57��� -3.34��� -5.95��� -3.36���

(-3.06) (-4.81) (-2.72) (-4.82) (-2.90) (-4.81) (-2.72) (-4.83)

Fixed-effects
Merchant Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes
Merchant*Calendar-Month Yes Yes Yes Yes

Fit statistics
R2 0.86062 0.92462 0.86063 0.92462 0.86061 0.92462 0.86062 0.92462
Observations 1,545,180 19,708,641 1,545,180 19,708,641 1,545,180 19,708,641 1,545,180 19,708,641

38



fold smaller -0.49% sales decrease observed in their more established counterparts. These

�ndings are echoed in Table 1.6, Panel B, which shows similar trends with ampli�ed im-

pacts on transaction count losses.

Establishment Size and Sales Volatility

This subsection explores how the impact of temperature shock events varies with estab-

lishment size and sales volatility, re�ecting a business's capacity to absorb weather-related

shocks. I test this hypothesis using my baseline model and present the �ndings in Table

1.7. Several previous studies, such as [24], have documented that smaller-sized enterprises

might be more vulnerable when facing negative economic shocks. Studies focusing on

temperature shocks and datasets centered on publicly-listed-�rm-owned businesses that are

typically larger in size report no signi�cant results, whereas I have found negative impacts

for small businesses, indicating that merchant size indeed affects a business's resilience.

Similarly, [23] documents a signi�cant shortage of cash �ow for small businesses during

the early pandemic, suggesting that unstable sales volumes could also impact small mer-

chants' ability to absorb negative weather-related shocks.

I de�ne establishments asSmall if their average monthly sales over the monthst � 1

andt � 13fall within the lowest quantile for their industry in montht � 1. To be included,

each merchant must have at least 12 months of recorded data. This requirement introduces

a potential survivorship bias, which may understate the negative impacts. Results for these

smaller establishments, particularly in response to heat events, are presented in Columns

(1), (3), (5), and (7) of Table 1.7. Columns (1) through (4) examine the impacts of tem-

perature shocks on sales, while Columns (5) through (8) assess the impacts on foot traf�c.

Notably, I observe a signi�cant increase in the negative impact due to heat shocks, with

a -3.3% (-24.8% per median impacted day) additional decline in monthly sales for small

establishments. In contrast, cold shocks also have a stronger negative impact on merchants

with bottom quantile revenue in their category, though the difference is less pronounced,
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ranging from 0.9% to 1.5% monthly losses.

An interesting observation is that historically-unusual exposure generally has stronger

negative impacts in earlier tables but shows weaker coef�cients for smaller merchants.

This is likely because absolute threshold exposure usually lasts longer (e.g., the median

event length for 32°F is 11 days), making it costly for smaller establishments to adjust

their energy spending or invest in climate-adjustment equipment. In contrast, the historical

measure (32°F*1.5 stdev) typically lasts only 2 days, which may not impose as signi�cant

a �nancial constraint on energy costs. However, despite the shorter duration, the 1.5 stdev

events still have stronger negative impacts on sales per event.

In Table 1.7, I introduce theHigh Sales Volatilitymeasure. This variable is assigned a

value of 1 for merchants whose sales volatility during the past 12 months ranks in the high-

est quantile of their industry and 0 otherwise. Sales volatility is calculated as the standard

deviation of sales from montht � 1 to t � 13, normalized by the average monthly sales

during the same period. This measure allows for a comparison of volatility effects across

different merchant sizes. The results, particularly in Column (1), illustrate a signi�cant

negative impact due to heat shocks, with a 2.4-percentage-point monthly revenue reduction

attributed to high volatility in sales. Similar to the establishment size study, this analysis

also has a potential survivorship bias, as it requires at least 12 months of data for each

merchant to calculate its normalized revenue standard deviation.

1.4.5 Are CertainIndustriesMoreVulnerableto TemperatureShocks?

Firstly, I analyze the differential impacts of temperature shocks on discretionary versus

non-discretionary industries in Section 1.4.5, utilizing Merchant Category Codes (MCCs)

to classify industries based on the nature of goods and services provided. Next, in Section

1.4.5, I focus on climate-sensitive outdoor industries, such as construction and sporting-

related sectors, which are particularly vulnerable to extreme weather due to direct exposure.

These analyses shed light on how the nature of the industry in�uences its resilience to
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Table 1.7: Merchant Size and Sales Volatility

This table presents establishment-level monthly sales and number of visits regressions, combining analyses
of merchant size and sales volatility. The sample consists of 5% randomly selected merchants from a total
of 15 million. The dependent variable in all speci�cations is the natural log of total sales. In Panel A,Mer-
chant Sizede�nesSmallas an indicator variable equal to 1 if an establishment's lagged past-12-month mean
monthly sales is within the bottom quantile for its industry (3-digit NAICS) in the month. The regression
uses the interaction ofSmallandTemperature Exposureas independent variables. In Panel B,Sales Volatility
de�nes High sales volatilityas an indicator variable equal to 1 if an establishment's lagged past-12-month
standard deviation of its monthly sales, normalized by the average monthly sales in the same period, is within
the bottom quantile for its industry (3-digit NAICS) in the month. The regression uses the interaction ofHigh
sales volatilityandTemperature Exposureas independent variables. The dependent variable in all speci�ca-
tions is the natural logarithm. In Columns (1) through (4), the dependent variable is sales, while Columns
(5) through (8) examine the number of visits. The independent variables include various temperature shock
exposure measurements described in Section 1.3.2. All regressions include establishment-calendar-month
and industry-year-month �xed effects, with industries de�ned using 3-digit NAICS codes. Thet-statistics,
reported below coef�cient estimates, are calculated using standard errors adjusted for clustering at the county
level. All coef�cients are scaled by 100 for ease of interpretation and represent percentage changes in the
dependent variable. The test statistics are included in the parentheses. ***, **, and * denote signi�cance at
the 1%, 5%, and 10% levels, respectively.

Dependent Variables: Log(sales) Log(transaction count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Interaction with Small

Dummy above 100°F� Small -3.31��� -2.72���

(-4.67) (-3.87)
Dummy below 32°F� Small -0.91� -1.53���

(-1.82) (-3.39)
Dummy above 100°F*1.5stdev� Small -2.61��� -2.20���

(-3.64) (-3.16)
Dummy below 32°F*1.5stdev� Small -0.05 -0.32

(-0.18) (-1.33)
Small -82.69��� -82.52��� -82.76��� -82.85��� -72.07��� -71.63��� -72.12��� -72.12���

(-115.09) (-118.45) (-115.51) (-117.43) (-104.60) (-110.27) (-105.14) (-107.39)

Panel B: Interaction with High Sales Volatility

Dummy above 100°F� High sales volatility -2.38��� -1.88���

(-3.26) (-2.68)
Dummy below 32°F� High sales volatility 0.12 0.04

(0.20) (0.07)
Dummy above 100°F*1.5stdev� High sales volatility -2.30��� -1.83��

(-3.05) (-2.50)
Dummy below 32°F*1.5stdev� High sales volatility 0.30 0.16

(0.74) (0.46)
High sales volatility -43.43��� -43.60��� -43.46��� -43.63��� -41.80��� -41.91��� -41.83��� -41.94���

(-71.67) (-61.41) (-71.82) (-67.98) (-74.40) (-65.00) (-74.63) (-71.35)

Precipitation Control Yes Yes Yes Yes Yes Yes Yes Yes

Fixed-effects
Merchant*Calendar-Month Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.86645 0.86644 0.86644 0.86644 0.93864 0.93864 0.93864 0.93864
Observations 13,938,040 13,938,040 13,938,040 13,938,040 13,938,040 13,938,040 13,938,040 13,938,040
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temperature shocks.

Discretionary vs. Non-discretionary Industries

While [15] did not observe immediate responses to temperature shocks, they highlighted

a local demand channel by examining the differential responses between non-tradable and

tradable sectors. In a related study, [31] found that households tend to reduce their dis-

cretionary spending when confronted with adverse news. Motivated by these �ndings, I

conduct an industry-level analysis to delve deeper into the demand channel and assess the

differential impacts of temperature shocks on discretionary and non-discretionary indus-

tries. It is hypothesized that discretionary consumption would be more severely affected

during periods of temperature shocks.

Discretionary spending is often the �rst to be curtailed under �nancial duress. To cat-

egorize industries, I employ Merchant Category Codes (MCCs) used across the U.S. pay-

ment system to classify merchants by the nature of goods or services they provide. These

codes are utilized by payment brands, issuers, and acquirers to manage transactions, for

tax reporting, interchange promotion, and analyzing cardholder purchasing behaviors. Al-

though my regressions control for industry effects using mapped NAICS3 codes, MCCs

offer a more precise categorization, which is instrumental in assessing speci�c industry

vulnerabilities to temperature shocks.

The dataset comprises approximately 289 MCC categories. Based on card payment

industry routines12, in Table A1.7, I categorize industries into discretionary sectors, includ-

ing restaurants, lodging, most retail, entertainment, travel-related, and other non-essential

services. Non-discretionary sectors include grocery, medical or health services, pharmacy,

supermarkets, postal services, utilities, education, tolls, fees, and wholesale clubs. Other in-

dustries such as gas stations, publishing, �nancial services, insurance, government-related

services, tax, �nes, bail, bond payments, and court costs are classi�ed as other. These

12See Fiserv SpendTrend Monthly Report and Visa Business and Economic Insights.
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classi�cations and their corresponding MCC details are listed in Appendix Table A1.8.

Results from Table 1.8 display a pattern across subsample analyses from Panel A to

Panel D, showing that merchants in discretionary industries experience more substantial

negative impacts relative to those in non-discretionary and other categories. For example,

Panel A, Column (1) indicates a 0.6% (4.5% per median impacted day) decline in monthly

sales for discretionary merchants experiencing at least one day above 100°F during the

month, as opposed to an insigni�cant change in non-discretionary industries and a slightly

positive coef�cient for the other category. This trend suggests that discretionary sectors

are particularly sensitive to extreme weather conditions. Similarly, the pattern of visitor

numbers in Columns (4)-(6) also mirrors this trend, further con�rming the impact of tem-

perature shocks on consumer behavior.

Climate Sensitive - Outdoor Industries

Temperature shocks pose signi�cant economic losses and present severe risks to human

health, particularly for workers exposed to the elements. [32] reported an occupational

heat-related death rate of0:22 per million workers from 2000 to 2010, markedly higher

than the0:02 rate for all U.S. civilian workers. Guidance from the recently established

Heat.gov ([33]) identi�es groups particularly at risk from extreme heat, prompting my fo-

cus on outdoor industries. More recent literature, such as [34], examines that extreme

heat wave might reduce labor productivity. I speci�cally consider sporting-related work-

ers (e.g., golf, commercial sports) and those in construction (e.g., roo�ng, landscaping) or

other outdoor services (e.g., amusement parks, tourist attractions) who lack access to air

conditioning and are thus more susceptible to heat-related illnesses and injuries.

Table A1.5 delineates the impact of temperature shocks on these outdoor industries,

revealing signi�cantly stronger negative effects. For instance, Column (1) shows a sub-

stantial decrease of 3.57% (26.7% per median impacted day) in monthly transactions for

at least one day at or above 100°F, compared to an unconditional -0.5% (-3.7% per median
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Table 1.8: Discretionary vs. Non-Discretionary

This table presents establishment-level monthly sales and number of transactions regressions as speci�ed
in Equation (2.2). I have divided my 5% randomly selected monthly sample into three subsamples based on
merchant categorizations in Table A1.7, includingdiscretionary, non-discretionary, andother. The dependent
variable in all speci�cations is the natural logarithm. In Columns (1) through (3), the dependent variable is
sales, while Columns (4) through (6) examine the number of visits. The four independent variables represent
separate regression results forDummy above 100°F, Dummy below 32°F, Dummy above 100°F*1.5 stdev, and
Dummy below 32°F*1.5 stdev, respectively. The independent variables include various temperature shock
exposure measurements described in Section 1.3.2. All regressions include establishment-calendar-month
and industry-year-month �xed effects, with industries de�ned using 3-digit NAICS codes. Thet-statistics,
reported below coef�cient estimates, are calculated using standard errors adjusted for clustering at the county
level. All coef�cients are scaled by 100 for ease of interpretation and represent percentage changes in the
dependent variable. The test statistics are included in the parentheses. ***, **, and * denote signi�cance at
the 1%, 5%, and 10% levels, respectively.

Dependent Variable: Log(sales) Log(transaction count)
(� 100) Discretionary Non-Discretionary Other Discretionary Non-Discretionary Other

Separate Regressions:
Dummy above 100°F -0.60�� -0.69 0.37 -0.85��� -0.70� 0.31

(-2.21) (-1.50) (0.65) (-3.35) (-1.72) (0.61)
Dummy below 32°F -0.54�� -0.58� -0.03 -0.61��� -0.58�� -0.36

(-2.46) (-1.89) (-0.08) (-3.23) (-2.16) (-1.04)
Dummy above 100°F*1.5 stdev -0.65��� -0.48 0.46 -0.76��� -0.44 0.43

(-2.83) (-0.99) (0.73) (-3.57) (-0.92) (0.76)
Dummy below 32°F*1.5 stdev -0.91��� -0.80��� -0.11 -0.96��� -0.76��� -0.43�

(-7.11) (-3.87) (-0.46) (-8.82) (-4.24) (-1.95)

Precipitation Control Yes Yes Yes Yes Yes Yes

Fixed-effects
Merchant*Calendar-Month Yes Yes Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.8388 0.8430 0.8563 0.9264 0.9057 0.9382
Observations 13,158,253 3,819,570 2,787,392 13,158,253 3,819,570 2,787,392
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impacted day) observed in the baseline model (Table 1.3, Panel A, Column (1)). This pat-

tern persists across various extreme exposure measures, with Column (5) documenting a

signi�cant 4.6-percentage-point reduction in transaction count.

1.4.6 Do Timing and Duration In�uence the Impact of TemperatureShockson Small

BusinessPerformance?

This subsection aims to dissect the relationship between temperature shocks and establish-

ment performance by exploring different types of temperature shock events. I analyze the

impact of extreme events occurring on weekends in Section 1.4.6 and specify the analy-

sis framework in Equation (2.2). I further investigate the implications of extreme weather

Spells—periods characterized by several consecutive days of very hot or cold tempera-

tures—in Section 1.4.6.

Weekend Events

I categorize extreme events intoweekendandnon-weekendgroups. Notably, work hours

during weekdays are substantially higher than weekends ([13]), with most individuals en-

gaged in non-work activities during the latter. Consequently, I hypothesize that consumer

behavior in response to temperature impacts might be more �exible during weekends. To

analyze this, I de�ne a weekend dummy asat least one extreme day on weekendand a non-

weekend dummy asat least one extreme day but none of the days are on weekendwithin a

given month.

In Table 1.9, I assess the differential impacts of weekend versus non-weekend temper-

ature events. Utilizing Equation (2.2), Column (1) regresses the natural logarithm of sales

against both dummies. The results indicate that the majority of negative monthly sales

impacts, speci�callyat least one day above 100°F, predominantly occur during week-

ends, with an estimated reduction of -0.53% (-4% per median impacted day). Conversely,

the non-weekend dummy shows a statistically non-signi�cant effect. The analysis of cold
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shocks in Column (4) reveals a signi�cant discrepancy; the weekend dummy shows a de-

cline of -0.98% (-14.7% per median impact day with a median event length of 2 days),

nearly double the effect compared to the -0.59% (-8.8% per median impacted day) for

non-weekend events. A similar trend is observed in Columns (5)-(8), where the negative

impacts on the number of visits are signi�cantly more pronounced for weekend events.

Spells—Multiday Events

Table A1.6 investigates the effects of multiday temperature shock events, orSpells, based

on Equation (2.2). Meteorological studies de�ne heatwaves typically as lasting two to three

days ([8], [7]). To discern the impacts of short-term versus prolonged temperature spikes,

I divide extreme events into1-2 day shocksand3+ day Spells.

Columns (1)-(4) of Table A1.6 report regression results focusing on transaction amounts,

while Columns (5)-(8) present �ndings on transaction counts. Contrary to expectations,

prolonged coldSpellsare associated with more severe negative impacts on establishment

performance, with a -1.1% decrease in monthly sales for 32°F shocks, signi�cantly exceed-

ing the -0.4% decrease observed for shorter-duration shocks in Column (3). Conversely,

short-duration extreme heat events tend to have more pronounced negative effects. For in-

stance,3+ day Spellsof 100°F heat result in a -0.71% decrease in the monthly number of

visits, compared to a -0.62-percentage-point reduction for shorter spells.

Currently, there is no de�nitive explanation for these observations. However, it is

posited that accompanying hazardous weather conditions signi�cantly in�uence these out-

comes. Cold shocks, often accompanied by snow or ice, effectively impede consumer mo-

bility and shopping activity, whereas extended heatwaves, typically associated with drought

conditions, discourage but do not physically prevent commuting. Therefore, more frequent

short-term heat events might exert stronger negative impacts on merchants.
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Table 1.9: Weekend vs. Non-weekend

This table presents establishment-level monthly sales and number of visits regressions as speci�ed in Equa-
tion (2.2). I further distinguish all monthly temperature shock dummies into two types:weekendandnon-
weekend. Theweekendis de�ned as an impacted month if at least one extreme day within the month falls
on a weekend (Saturday or Sunday), andnon-weekendotherwise. The dependent variable in all speci�ca-
tions is the natural logarithm. In Columns (1) through (4), the dependent variable is sales, while Columns
(5) through (8) examine the number of visits. The independent variables include various temperature shock
exposure measurements described in Section 1.3.2. All regressions include establishment-calendar-month
and industry-year-month �xed effects, with industries de�ned using 3-digit NAICS codes. Thet-statistics,
reported below coef�cient estimates, are calculated using standard errors adjusted for clustering at the county
level. All coef�cients are scaled by 100 for ease of interpretation and represent percentage changes in the
dependent variable. The test statistics are included in the parentheses. ***, **, and * denote signi�cance at
the 1%, 5%, and 10% levels, respectively.

Dependent Variables: Log(sales) Log(transaction count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8)

Variables
Dummy above 100°F - weekend -0.53� -0.82���

(-1.79) (-2.75)
Dummy above 100°F - non-weekend -0.43 -0.54��

(-1.54) (-2.13)
Dummy below 32°F - weekend -0.61��� -0.72���

(-3.11) (-4.53)
Dummy below 32°F - non-weekend -0.36� -0.48���

(-1.66) (-2.61)
Dummy above 100°F*1.5stdev - weekend -0.58�� -0.71���

(-2.26) (-2.60)
Dummy above 100°F*1.5stdev - non-weekend -0.34 -0.38

(-1.12) (-1.33)
Dummy below 32°F*1.5stdev - weekend -0.98��� -1.02���

(-7.78) (-9.78)
Dummy below 32°F*1.5stdev - non-weekend -0.59��� -0.69���

(-4.50) (-6.13)
Precipitation -3.22��� -3.20��� -3.22��� -3.25��� -3.37��� -3.33��� -3.36��� -3.38���

(-4.52) (-4.53) (-4.53) (-4.54) (-4.82) (-4.83) (-4.83) (-4.84)

Fixed-effects
Merchant*Calendar-Month Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year-Month Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.84191 0.84191 0.84191 0.84191 0.92491 0.92491 0.92491 0.92491
Observations 19,806,099 19,806,099 19,806,099 19,806,099 19,806,099 19,806,099 19,806,099 19,806,099
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1.4.7 Impactsof TemperatureShocksonLaborMarketOutcomes

Total income, employment level, and establishment count

The adverse impacts of temperature shocks extend beyond �rm-level dynamics to macroe-

conomic labor market outcomes. Building on prior literature such as [35], which docu-

ments the signi�cant negative effects of business closures on labor markets, my �ndings

reveal that the establishment-level declines in sales and increased exit rates due to tem-

perature shocks contribute to broader macroeconomic contractions. Using data from the

QCEW, I uncover signi�cant negative impacts of temperature shocks on total income, em-

ployment levels, and the number of establishments at the county-industry level.

Table 1.10 presents the regression results for these macroeconomic outcomes, measured

quarterly at the county-NAICS3 level. Temperature shocks consistently reduce total per-

sonal income, employment, and establishment counts. Columns (1)-(4) document substan-

tial declines in total personal income, re�ecting reduced labor productivity and diminished

business revenues. For a median 4-day 100°F heat event in a quarter, total personal in-

come decreases by 0.168% (4� 0.042%), representing a signi�cant 35.5% decline relative

to the average quarterly county personal income growth rate of 0.473% during the sample

period. Similarly, Columns (5)-(8) show signi�cant contractions in employment levels, in-

dicating adverse labor market effects in the aftermath of extreme temperature events. A

median 11-day 32°F cold event leads to a 0.792% (11� 0.072%) reduction in employment,

which equates to a substantial 12.8% increase relative to the 6.19% mean unemployment

rate from 2006 to 2019. Moreover, the magnitude of the coef�cients aligns closely with

the sales reductions observed in Table A1.2. For example, each additional day with tem-

peratures exceeding 100°F is associated with a statistically signi�cant reduction in total

income and employment levels by -0.042% in Column (1) and -0.047% in Column (5),

respectively. Table A1.2 Column (1) reports a very similar 0.042% reduction in quarterly

sales.
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Table 1.10:Macroeconomic Impacts of Temperature Shocks on Income, Employment,
and Business Establishments

This table presents county-industry level quarterly aggregated employment and wages regressions as speci-
�ed in Equation (1.4), with industries de�ned using 3-digit NAICS codes. The dataset includes private sector
employment and wages data from the QCEW for the period 2006 to 2019. I exclude data from the Covid-19
period (post-2019) due to substantial disruptions in the QCEW data collection processes and labor market
during this time, as documented by the Bureau of Labor Statistics5. The dependent variable in all speci�ca-
tions is the natural logarithm. In Columns (1) through (4), the dependent variable is total quarterly personal
income, Columns (5) through (8) examine reported quarterly employment, while Columns (9) through (12)
explore quarterly establishment count. The table reports coef�cients using the number of extreme days in
the quarter as independent variables. The independent variables include various temperature shock expo-
sure measurements described in Section 1.3.2. All regressions include county and industry-year-quarter �xed
effects. Thet-statistics, reported below coef�cient estimates, are calculated using standard errors adjusted
for clustering at the county level. All coef�cients are scaled by 100 for ease of interpretation and represent
percentage changes in the dependent variable. The test statistics are included in the parentheses. ***, **, and
* denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Dependent Variables: Log(total income) Log(employment) Log(establishment count)
(� 100) (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Variables
# of days above 100°F -0.042��� -0.047��� -0.006

(-4.52) (-5.73) (-1.29)
# of days below 32°F -0.075��� -0.072��� -0.005���

(-23.33) (-27.71) (-4.87)
# of days above 100°F*1.5stdev -0.046�� -0.042��� -0.019�

(-2.50) (-2.59) (-1.78)
# of days below 32°F*1.5stdev -0.13��� -0.11��� -0.039���

(-12.17) (-12.30) (-6.68)
Precipitation -0.74 -1.12 -0.72 -0.73 -0.37 -0.73� -0.35 -0.36 -0.08 -0.11 -0.09 -0.09

(-1.40) (-1.54) (-1.40) (-1.41) (-1.45) (-1.67) (-1.42) (-1.45) (-0.90) (-1.07) (-0.95) (-0.95)

Fixed-effects
County Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
NAICS3*Year-Quarter Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
R2 0.73275 0.73277 0.73275 0.73275 0.73261 0.73263 0.73261 0.73261 0.80012 0.80012 0.80012 0.80012
Observations 6,043,971 6,043,971 6,043,971 6,043,971 6,043,671 6,043,671 6,043,671 6,043,671 6,050,008 6,050,008 6,050,008 6,050,008
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Columns (9)-(12) further reveal a decline in the number of establishments, suggesting

reduced business formation and heightened exit rates among vulnerable small �rms. These

results are consistent with the establishment-level �ndings in Table 1.4, which demonstrate

increased exit rates following temperature shocks. Importantly, the observed decline in

establishments and employment signals potential long-term contractions in aggregate eco-

nomic output. This �nding complements earlier evidence, as shown in Section 1.4.3 and

Table 1.5, indicating that a portion of the sales losses experienced during extreme weather

events remains unrecovered over the long term. Collectively, these results align with prior

literature, such as [36], which underscores the critical role of business continuity in sup-

porting job creation and economic growth. The �ndings highlight the pressing need for

targeted adaptation measures to mitigate the macroeconomic risks posed by rising temper-

ature shocks.

1.5 Conclusion

In conclusion, my study adds a signi�cant layer to the existing literature on the impact of

climate change on economic activities by focusing on the speci�c vulnerabilities of small

businesses to temperature shock events. Through a comprehensive analysis of over 15

million establishment-level weekly and monthly records from one of the largest payment

processors in the U.S., I reveal that small businesses suffer disproportionately during pe-

riods of extreme heat and cold. The increased frequency and intensity of these events, as

predicted by climate models, pose a critical threat to the sustainability and pro�tability of

small enterprises, which are already under signi�cant �nancial strain. My �ndings under-

score the necessity of incorporating climate risk into the strategic planning and operational

resilience frameworks of small businesses. Moreover, the pronounced impact on trans-

action volumes, employment levels, total personal income, and the frequency of business

exits highlight the broader economic implications of climate change, emphasizing the need

for targeted policy interventions that support small businesses in enhancing their adaptive
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capacities.

Furthermore, my research contributes to a nuanced understanding of how geographical

and industry-speci�c factors in�uence the resilience of small businesses to temperature

shocks. By differentiating between discretionary and non-discretionary sectors, as well as

examining the effects of temperature shocks on different types of business operations, I

provide detailed insights that can inform more customized climate adaptation strategies.

The evidence of signi�cant economic disruption underscores the urgent need for policies

that bolster the economic resilience of the most vulnerable sectors and regions. As climate

change continues to shape economic landscapes, this study calls for an integrated approach

that combines economic, environmental, and policy perspectives to support the critical role

that small businesses play in the broader economy. This approach is essential not only for

mitigating the impacts of current climate variability but also for preparing these economic

actors for future climatic challenges.
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CHAPTER 2

LOCAL MINIMUM WAGES AND SMALL BUSINESSES - DIRECT SHOCKS

AND REGIONAL SPILLOVERS

2.1 Introduction

Local minimum wage policies have gained signi�cant public and academic attention, par-

ticularly following California's recent legislation raising the minimum wage for chain fast-

food restaurants to $20 per hour. This notable development contrasts sharply with the

stagnant federal minimum wage, which has remained unchanged at $7.25 per hour since

2009. While the employment effects of minimum wage policies have been extensively

studied, much less attention has been devoted to their impacts on small business perfor-

mance and potential spillover effects to neighboring areas. If minimum wages affect small

business revenue, critical questions emerge: What direction does this impact take, and

which small businesses are most affected? Furthermore, does the in�uence extend beyond

policy-enforced boundaries, and if so, how far does this spillover reach? Addressing these

questions is crucial, given that minimum wage policies often aim to enhance broader eco-

nomic outcomes.

Despite growing academic interest in city or county-level minimum wage changes, un-

derstanding their spillover impacts on small businesses remains limited. This oversight is

particularly signi�cant given the economic importance of small businesses, which consti-

tute over 90% of U.S. establishments, contribute nearly half of all non-agricultural em-

ployment, employ 46% of the private sector workforce, and account for over 70% of job

creation and destruction (Bureau of Labor Statistics, 2023). Small businesses typically op-

erate with thin pro�t margins (IRS, 2023), rendering them vulnerable to economic shocks

([1], [24]). Overlooking the small business sector may misrepresent the broader economic
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implications of minimum wage policies and underestimate their unintended negative con-

sequences.

This paper is among the �rst to systematically evaluate the effects of local minimum

wage increases on small businesses, both within directly enforced jurisdictions and in sur-

rounding areas, thereby providing a comprehensive assessment of total policy impact. Un-

like state borders, city boundaries are economically permeable, facilitating free labor and

consumer mobility within metropolitan areas ([37], [38]). Policy-driven wage increases in

one jurisdiction may affect businesses in adjacent areas through altered wage expectations

and consumer demand.

Using a stacked event study approach, I address two primary hypotheses. First, given

labor costs' substantial share of small businesses' total expenses, higher minimum wages

could bring signi�cant �nancial pressure, especially on establishments with limited capac-

ity to offset increased labor costs through higher consumer prices ([39]). Or, establishments

may attempt to mitigate cost pressures by reducing other expenditures. Second, labor cost

increases could spillover adversely affecting surrounding areas due to increased regional

wage pressures ([40]). Conversely, higher local prices could encourage consumers to travel

further to businesses in neighboring areas, thereby stimulating demand in those regions.

A critical challenge in assessing these impacts is the scarcity of high-frequency sales

and visitation data. Many small businesses facing rapid cost increases might fail before

impacts can be captured in annual datasets, introducing survivorship bias. Furthermore,

small enterprises are inherently more vulnerable to economic shocks compared to publicly

listed establishments and larger establishments that have been the primary focus of previ-

ous studies. Additionally, reliance on in-person sales further constrains small businesses'

ability to adjust prices in response to rising costs.

To overcome this data limitation, I utilize a comprehensive dataset from one of the

largest U.S. payment processors, encompassing over 15 million small businesses with a

median annual sales volume of approximately $187,000. This dataset, covering diverse in-
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dustries and geographic regions at monthly frequencies, enables robust analysis of revenue

�uctuations at granular ZIP codes level.

Empirically, this paper mainly examines city- and county-level minimum wage impacts

on the dining restaurant industry, a sector uniquely suited to investigate these effects. Ap-

proximately 66% of minimum wage workers in the U.S. are employed in food preparation

and service occupations ([41]). Additionally, the competitive nature of the restaurant indus-

try provides a clear context for analyzing businesses' capacities to transfer increased labor

costs to consumers. This paper focuses on dining restaurants rather than fast-food chains,

as the latter are often operated by larger franchises or corporate networks that might im-

pose regionally-set wage schedules across locations ([42]). Such centralized wage-setting

practices can generate the appearance of spillover effects even in the absence of true labor

market diffusion, undermining the ability to identify causal spatial spillovers. Frequent

labor mobility within the dining segment, driven by part-time employment and low entry

barriers, further underscores its relevance for studying localized wage effects. Importantly,

many local minimum wage jurisdictions are in states that prohibit or severely limit tip

credits, a policy allowing employers to offset minimum wages with employee tips ([43]).

The absence or restriction of tip credits implies that mandated wage increases directly and

signi�cantly elevate labor costs.

My �ndings demonstrate substantial negative impacts of local minimum wage increases

on small business revenue and number of transactions, particularly for establishments with

limited pricing �exibility, such as younger, smaller, or revenue-volatile businesses. This

suggests the fact that small businesses is in general lack of ability to reduce costs other-

wise and have to shift the costs to increase menu prices and to consumers. Additionally, I

document signi�cant negative spillover effects extending approximately 50 miles beyond

policy boundaries, driven by regional wage pressures. These spillover effects are stronger

in surrounding areas characterized by lower personal incomes, tighter labor markets, and

lower marginal commute costs. This pattern suggests that regions with a higher propor-
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tion of minimum-wage labor, greater commuting �exibility, and stronger worker negotia-

tion power due to tighter labor markets experience larger wage increases and consequently

greater negative impacts on small business performance. Overall, this paper highlights the

nuanced and geographically extensive consequences of local minimum wage policies, un-

derscoring critical trade-offs policymakers must consider in their efforts to balance worker

welfare improvements with small business sustainability.

To estimate the causal effects of local minimum wage increases on small business per-

formance, I implement a stacked event study framework that compares treated ZIP codes,

which are located within cities implementing minimum wage hikes, to ZIP codes situated

75 to 100 miles away, which serve as a stable control group. This approach controls for

potential overlap in wage policy exposure and isolates exogenous variation in the timing

and location of policy changes. I �nd that small businesses in directly treated areas experi-

ence sharp and sustained revenue declines following a minimum wage increase. For dining

establishments, an industry with high minimum wage exposure, the average decline ranges

from 5% to 10%, with effects beginning immediately after implementation and persisting

for nearly a year. These effects are robust to alternative speci�cations and are not driven by

compositional exit or macroeconomic shocks.

Beyond the treated jurisdictions, I �nd strong evidence of negative spillover effects in

surrounding ZIP codes, particularly within a 0–25 mile radius of treated cities. Although

the magnitude of these spillovers is smaller than that observed in treated areas, they remain

economically and statistically signi�cant. Notably, these revenue declines do not persist

beyond 50 miles, indicating that the effects are geographically bounded, likely due to la-

bor and product market frictions. The spillover gradient closely mirrors the wage spillover

pattern I document later in the paper, suggesting a shared underlying mechanism. This spa-

tial attenuation of revenue losses highlights the importance of considering regional market

linkages in evaluating local labor policies.

To explore the channels driving these spatial revenue effects, I focus on wage spillovers
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as a potential mechanism. Using quarterly county-level wage data from the QCEW, I doc-

ument that dining-sector wages increase not only in treated counties but also in nearby

counties, particularly those located within 0–25 miles of policy boundaries. These wage

spillovers disappear in the 75-100 mile radius, consistent with the spatial reach of sales

effects. The absence of signi�cant spillovers in non-dining sectors further supports the

interpretation that wage diffusion operates through channels relevant to minimum wage

exposure.

Next, I examine the heterogeneity in wage spillovers across counties to better under-

stand the underlying drivers. I �nd that spillovers are stronger in counties with lower per-

sonal income levels, consistent with the idea that these areas employ a larger share of

minimum-wage or near-minimum-wage workers. Labor market tightness, proxied by un-

employment rates, also matters: wage effects are more pronounced in areas with lower

unemployment, where workers possess greater bargaining power and mobility. Finally,

commuting patterns serve as an additional mediating factor. Counties with longer average

commuting times show larger wage spillovers, likely because lower marginal commuting

costs facilitate labor reallocation across policy boundaries. Together, these results under-

score the importance of local economic conditions in amplifying the spatial reach of wage

policies.

In the �nal part of the analysis, I explore how small business characteristics shape

exposure to minimum wage shocks. Using a series of cross-sectional splits, I document

that smaller and younger establishments suffer more severe revenue losses in the aftermath

of a minimum wage increase. These businesses are more �nancially constrained and less

able to adapt through cost reductions or pricing changes. Similarly, I �nd that businesses

with higher pre-treatment revenue volatility, which are often closer to the margin of exit,

experience larger and more persistent declines. This result is consistent with prior research

showing that �nancially fragile �rms are more vulnerable to regulatory shocks ([24], [39]).

Lastly, I show that local market structure plays an important role in conditioning treat-
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ment effects. Establishments operating in highly competitive neighborhoods, de�ned by

low revenue concentration, experience signi�cantly larger sales losses following a wage

hike. These �rms are less able to pass on higher labor costs to consumers, as doing so

would risk losing customers to nearby competitors. In contrast, businesses in less com-

petitive areas exhibit smaller revenue effects, re�ecting greater pricing power or customer

stickiness. These results suggest that minimum wage policies can reshape competitive dy-

namics, particularly in fragmented markets where cost pass-through is constrained.

Taken together, these �ndings highlight the potential negative and spatially diffuse ef-

fects of local minimum wage increases on small businesses. While such policies aim to

improve earnings for low-wage workers, they can impose signi�cant costs on small busi-

nesses, both within and beyond policy boundaries. These effects are concentrated among

establishments with limited �nancial �exibility, higher performance volatility, and greater

exposure to competitive pressure. The evidence presented in this paper provides a com-

prehensive view of how wage regulations interact with �rm heterogeneity and regional

economic integration to shape business outcomes.

Related Literature:I contribute to the growing body of literature on the impact of local

minimum wage increases on small businesses by examining both direct effects and policy

spillovers. Previous studies highlight the vulnerability of smaller and minimum wage-

sensitive establishments to wage hikes. [39] show that minimum wage increases lead to

higher exit rates among lower-rated restaurants, which often pass on increased labor costs

to consumers. [24] similarly �nd that small, young, and labor-intensive businesses face

signi�cant �nancial strain, including reduced bank credit, higher loan defaults, lower em-

ployment, and increased exit rates. [44] emphasize that establishments heavily reliant on

minimum wage labor experience more severe price adjustments and labor market disrup-

tions. Theoretical work by [45] suggests that higher minimum wages raise barriers to entry,

disadvantaging smaller or less productive establishments and reshaping market competi-

tion. Beyond establishment-level effects, broader economic outcomes are also signi�cant.
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[46] challenge earlier �ndings by [47], showing that negative employment impacts are more

pronounced when analyzing inter-state commuting zones rather than state-bordered coun-

ties. [48] observe declines in establishment value following wage increases, particularly in

low-wage establishments, where stock prices drop and pro�tability expectations diminish.

[49] corroborate this by demonstrating reduced pro�tability, especially in industries with

signi�cant market power. My study builds on these insights by investigating how these dy-

namics unfold across different regions and industries, providing a comprehensive analysis

of both the direct impacts and spillover effects of local minimum wage policies.

Building on existing research, my study also contributes to the literature that studies

geographical and wage spillovers associated with local minimum wage policies. [38] em-

ploy boundary discontinuity methods to explore the spillover effects on wages and hours,

�nding that smaller initial increases or limited enforcement areas lead to weaker spillover

effects, which can extend up to 40-60 minutes of driving distance. They caution that

boundary discontinuity studies may be problematic due to these spillovers. [40] assess the

spillover effects of Seattle's minimum wage on establishment decisions, revealing signi�-

cant spillovers in establishment entries within the retail and hospitality sectors, though the

effects dissipate within 1-2 years. [50] also highlights cross-state spillovers, demonstrating

that wage differentials in�uence low-wage worker commuting patterns. [51] focus on price

adjustments, �nding that nearly all cost increases due to local minimum wage hikes are

passed on to consumers, with restaurant demand showing spatial inelasticity, particularly

for establishments within 1.5 miles of the city border. In terms of wage spillovers, [52]

analyze administrative payroll data to show that wage spillovers extend up to $2.50 above

the new minimum wage, affecting even those earning signi�cantly more than the mandated

minimum. This spillover effect leads to reduced overall employment, primarily through a

slowdown in new hiring. [53] further explore wage spillovers, identifying positive effects

for low- to medium-skilled workers but negative spillovers for high-skilled workers, includ-

ing reduced entry opportunities. [42] discuss the role of large establishments as national
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wage setters, noting that wages within establishments often remain consistent across loca-

tions, despite differing local labor market conditions, due to motivations like managerial

simplicity and perceived within-establishment fairness. My study builds on these �ndings

by analyzing how these spillovers interact with sales and wages.

2.2 Identi�cation Challenges and Empirical Speci�cations

In this section, I discuss threats to identifying the impact of local minimum wage changes

on the performance of small businesses and my empirical strategy to improve these con-

cerns.

2.2.1 Identi�cation Challenges

The primary identi�cation challenge in estimating the causal effect of local minimum wage

increases is the potential endogeneity of policy adoption. Cities do not randomly enact

minimum wage hikes; rather, these decisions may be driven by local economic conditions,

political preferences, or labor market dynamics—factors that could also in�uence estab-

lishment performance. To address this concern, I implement a spatial stacked event-study

design that compares business outcomes in directly treated ZIP codes, which are those

fully contained within the boundary of cities that enforce the minimum wage increases, to

outcomes in geographically surround but untreated ZIP codes.

Speci�cally, I de�ne the treatment group as ZIP codes are at least partially contained

within city boundaries where a binding local minimum wage increase is enacted to ensure

the spillover area are completely separate from the city. The control group contains ZIP

codes located 75 to 100 miles from the treated cities. The “donut” shape method in a map,

where the outside circle is the control group and the areas within are the potential spillover

impacted areas. This spatial window is carefully chosen to ensure that control ZIP codes lie

outside the enforcement jurisdiction of the treated municipalities, while remaining subject

to similar state-level labor regulations, macroeconomic trends, and regional shocks. In
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Section 2.4.1, I showed that the spillover effect stops at around 40-50 miles of the enacted

city. The 75-100 miles distance also ensure that there are no potential spillover effects in

the control group as shown in Figure 2.4a based on Table 2.3.

The key identifying assumption is the parallel assumption. In other words, condi-

tional on distance and baseline characteristics, distance ZIP codes outside the jurisdiction

of treated cities serve as a credible counterfactual for the outcomes. The control group

would have similar outcomes to those observed in treated ZIPs in the absence of the pol-

icy change. Importantly, the variation in treatment exposure is plausibly exogenous at this

spatial margin. ZIP codes on either side of the municipal boundary often share similar

economic structures, labor market integration, and consumer bases ([39]). Furthermore,

the enforcement boundary of the minimum wage policy introduces a quasi-discontinuity in

exposure: establishments in ZIP codes, within the “donut” but beyond the city border, face

the same state-level regulations but are not subject to the local minimum wage increases.

To mitigate remaining concerns about differential trends, selection, or unobserved fac-

tors, I incorporate a set of �xed effects and controls, including Event-Establishment, Event-

Year-Month, and Industry-Month �xed effects. I also exclude from the control group any

ZIP code that is affected by another local or state minimum wage policy changes, to avoid

contamination from overlapping policy environments.

2.2.2 Empiricalmethodology

I start my analysis by using a 24-month stacked event study model, where I utilize historical

monthly sales data provided by Fiserv.1 Given that most of the local minimu wage increaess

were gradually implemented (rather than all at once), my framework explicitly accounts for

each event-year-month that the policy changes. This model is to understand how changes

in the treatment carry forward to affecting establishment performance in future periods.

1Fiserv is one of the leading payment processors and �nance infrastructure providers servicing over
10,000 �nancial institutions and collects real-time, establishment-level transaction data continuously. See
the data section for more details.
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The �rst affected month is labeled as month 0 in the sample. This model is designed to

measure how merchants immediately respond to local minimum wage increases by looking

at both total store sales and number of visits. The monthly event study model is speci�ed

as follows:

yi;z;e;t = � +
t= � 12X

11

� t � EventMonth z;e;t � T reatedz;e + � t;e + � i;e +  c;m + � i;z;e;t (2.1)

whereyi;z;e;t denotes the natural logarithm of sales for establishmenti in ZIP codez, dur-

ing evente at timet (in year-month format). The key coef�cients of interest,� t , capture

the differential effects of minimum wage increases across the event window. The variable

EventMonth z;e;t indexes relative time from the policy change (witht = 0 as the imple-

mentation month), whileT reatedz;e is an indicator for whether ZIP codez was directly

affected by the policy in evente. The control group is the ZIP codes within the 75-100

miles surround the direct-impact cities. The speci�cation includes event-time �xed effects

� t;e, event-establishment �xed effects� i;e , to absorb unobserved temporal and establish-

ment level heterogeneity within each event. These �xed effects enable me to compare the

impacts of local minimum wage increases for the same establishment and during the same

event. To control the unobserved seasonal industry trends, I also include �xed effects c;m

for each industryc and calendar-monthm. The model is fully saturated with one week be-

fore (t = � 1) the event as the omitted category. Standard errors are clustered at the county

level.

To avoid potential confounding factors and ensure robust identi�cation of the impact

of local minimum wage increases, I implement several critical sample restrictions. First, I

remove any surrounding ZIP codes that experienced concurrent state-level minimum wage

adjustments within the 24-month event window, thereby isolating the local policy effects

from broader legislative changes. Second, to prevent potential biases arising from entry and

exit dynamics or substitution effects among establishments, I require all included establish-
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ments to remain continuously operational throughout the entire 12-month pre-event win-

dow. Lastly, I exclude all observations occurring during the COVID-19 pandemic (March

2020 to December 2021) to avoid contamination from unprecedented economic disruptions

and governmental responses.

To further explore the impacts across distance cohorts, particularly to validate the non-

impact on ZIP codes located 75-100 miles away (thereby con�rming their suitability as

an effective control group in Equation 2.1), and to examine sales heterogeneity based on

establishment characteristics such as merchant age, size, revenue stability, and local mar-

ket competition, I utilize a similar stacked event study framework without the 75-100 mile

group as controls. Following methodologies consistent with the �nance literature on mini-

mum wage effects (e.g., [40]), I adopt the following regression speci�cation:

yi;z;e;t = � +
11X

t= � 6

� t � EventMonth z;e;t + � i;e +  c;m + � i;z;e;t (2.2)

Here, the event window starts fromt = � 6 instead oft = � 12(in Equation 2.1) to mitigate

the potential in�uence of prior minimum wage changes. Since minimum wage increases

are often scheduled annually in January or July, setting the pre-event window to begin

six months prior effectively reduces the risk of capturing trends in�uenced by previous

adjustments. This shorter window helps avoid pre-trend issues, particularly important in

this speci�cation due to the absence of an explicit control group. Consequently, the analysis

isolates within-establishment variations, providing clearer insights into the direct responses

of merchants to local policy changes. In other words, the setup parallels the main event

study equation but excludes the explicit treatment indicator to directly investigate how the

effects vary across different proximity groups and establishment-level characteristics.
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2.3 Data and Descriptive Statistics

2.3.1 DataSourcesandSampleSelection

To examine the impact of local minimum wage increases on small business outcomes in the

United States, I utilize data from Fiserv, the leading payment processor globally. In 2023,

Fiserv processed approximately one-fourth of all card transactions in the U.S., processing

90 billion transactions with a total value of $4 trillion, and served nearly 10,000 �nancial

institution clients worldwide. This dataset offers a historical monthly overview spanning

from July 2006 to July 2023. It encompasses sales information, transaction counts, mer-

chant industry classi�cations, and location details for a diverse array of establishments,

each identi�ed by unique hashed IDs across the nation. Furthermore, the weekly dataset

enables observation of in-person physical store sales and foot traf�c. Notably, attributes

related to in-person transactions have been captured in recent years in order to re�ect the

evolving trend of alternative payment methods, including online transactions, QR code

payments, buy-now-pay-later services, and others.

The historical monthly dataset initially spans approximately 16 million North American

businesses. After re�ning my focus to U.S.-based establishments within the 50 states and

eliminating territories, my study encompasses around 15.5 million entities. Among these

merchants, approximately 15 million are categorized as small businesses with annual sales

below $5 million2 between the period from July 2006 to July 2023. This dataset's primary

strength is its comprehensive coverage of small businesses, captured through real-world

transactions and across geographical levels ([30]). Unlike other datasets derived from pub-

lic sources or surveys, which often have hard time to collect smaller businesses, this dataset

includes them, offering a rare insight. The median monthly sales in my study, which can

be converted to about $187,000 in annual sales (see Table 2.1), are signi�cantly lower than

2The revenue threshold is derived from the Executive Summary of the Small Business Lending Rule by
the Consumer Financial Protection Bureau (CFPB). This de�nition aligns with the Small Business Adminis-
tration's (SBA) general criteria, which classify a business as small if it has less than $7.5 million in annual
revenue or fewer than 500 employees.
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those reported in other establishment-level studies. For instance, the median annual sales is

$250,000 in [24] studying establishments under state-level minimum wage changes. Addi-

tionally, the database's complete transaction records for all customers help avoid potential

survivorship bias. Last, my comparison with Census surveys shows no signi�cant differ-

ences in geographical merchant coverage at the county level.

2.3.2 SummaryStatistics

I begin by summarizing my methods for collecting city- and county-level minimum wage

changes, which involve combining and verifying information from multiple sources. Ta-

ble 2.1 presents summary statistics from both the Fiserv merchant dataset and the QCEW

dataset. Panel A displays statistics from the full historical monthly merchant dataset (all

industries), while Panel B restricts attention to dining restaurants. Panel C summarizes

county-level restaurant wage and labor market data from the Quarterly Census of Employ-

ment and Wages (QCEW), including annual personal income, average commuting time,

and unemployment rates.

Historical Local Minimum Wage Data

To identify local minimum wage changes, I construct a novel panel of city- and county-

level minimum wage increases from 2003 to 2024. This panel is compiled using publicly

available data from multiple sources, followed by extensive manual veri�cation. My pri-

mary source is the UC Berkeley Labor Center'sInventory of US City and County Minimum

Wage Ordinances, which documents policy changes across jurisdictions. I supplement this

information with the historical sub-state minimum wage dataset compiled by [54], and ver-

ify each case against of�cial city or county ordinances, government websites, and state

Department of Labor announcements.

For each minimum wage change, I record the jurisdiction, implementation date, revised

wage level, and coverage scope, such as whether the change applies universally or only to
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Table 2.1: Summary Statistics

This table reports summary statistics for key variables used in the analysis of local minimum wage effects.
Panel A presents statistics for all-industry establishments using a 20% randomly selected sample from the
Fiserv monthly merchant data. Panel B restricts the same sample to dining restaurants, the primary focus
of this study. Panel C reports county-level statistics for dining restaurants based on the Quarterly Census
of Employment and Wages (QCEW), matched with county-level characteristics including annual personal
income (in thousands), average commuting time (in minutes), and local unemployment rates (in percent).
The sample period is from 2008 to 2019. For all three samples, the analysis excludes events where state or
federal minimum wage increases occur within the 24-month event window and omits observations during
the COVID-19 period. In Panels A and B, establishments are further restricted to have at least 12 months
of non-missing pre-treatment data. For these samples, sales volatility is calculated as the standard deviation
of monthly sales over the 12-month pre-period, and local market competition is proxied by the Her�ndahl-
Hirschman Index (HHI) of revenue shares. HHI is calculated based on the full population of merchants, not
just the 20% sample. All sales and transaction-related variables are winsorized at the 1st and 99th percentiles.
The QCEW data in Panel C are reported at the quarterly level and aggregated to align with the policy event
structure. Additional details on data construction and variable de�nitions can be found in Section 2.3.2.

Mean SD 1st Qu. Median 3rd Qu.

Panel A. Establishment Sample – All Industries
(20% randomly selected sample)
Sales (in $) 41,216 64,132 4,667 15,613 47,400
# of transactions 989 2,052 31 140 783
Log(sales) 9.52 1.72 8.45 9.66 10.77
Log(# of transactions) 5.03 2.14 3.43 4.94 6.66
Sales volatility 0.35 0.29 0.14 0.26 0.45
Age (in months) 43.18 31.56 19 34 59
HHI 0.43 0.32 0.15 0.33 0.64
Panel B. Establishment Sample – Dining Restaurants
(20% randomly selected sample)
Sales (in $) 51,054 58,504 13,360 33,709 64,519
# of transactions 2,236 2,347 567 1,392 3,077
Log(sales) 10.18 1.39 9.50 10.43 11.07
Log(# of transactions) 7.04 1.40 6.34 7.24 8.03
Sales volatility 0.18 0.17 0.08 0.12 0.21
Age (in months) 37.31 27.21 18 30 49
HHI 0.11 0.13 0.04 0.07 0.12
Panel C. QCEW Sample
Monthly wage - dining (in $) 1,306 300 1,120 1,285 1,458
Log(monthly wage - dining) 7.15 0.24 7.02 7.16 7.29
Annual personal income (in thousands) 29.70 8.26 25.21 29.05 32.88
Commute time (in minutes) 26.45 3.87 23.60 25.80 29.10
Unemployment rate (%) 6.55 3.03 4.63 5.70 7.23
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businesses of a certain size or type (e.g., independent vs. chain). When tiered minimum

wages exist, I use the lowest applicable rate, typically that for small businesses, as the post-

treatment level. Since my study focuses on net cost increases for small businesses, this

lower-bound approach yields conservative estimates. In jurisdictions implementing phased

increases, I treat each legally binding step as a distinct event. I exclude changes applying

only to speci�c occupations or narrow employee classes.

Figure 2.1 plots all 257 collected local wage increases and their frequency distribution.

Notably, most states in the sample either prohibit (e.g., Minnesota) or severely limit (e.g.,

Illinois) the use of tip credits, a policy that permits employers to count gratuities toward

minimum wage obligations. Since such limitations raise the effective cost of compliance

for restaurants, I give special attention to these provisions in my identi�cation strategy.

To link local wage changes with merchant-level data, I geocode each wage event using

of�cial city and county boundaries, and match them to ZIP-code-level merchant locations

using the State–County–City mapping �le from the U.S. Department of Transportation.3 I

also exclude any events confounded by concurrent state- or federal-level wage increases. To

further isolate treatment effects, I restrict the main analysis to events that occurred before

the COVID-19 pandemic. These �lters yield a �nal sample of 20 clean, non-overlapping

events across diverse geographies and labor market settings. These events serve as the basis

for the stacked event study design. Figure 2.2 illustrates the variation in minimum wage

levels across jurisdictions within the Bay Area, serving as a representative example.

Establishment Characteristics

From the full universe of Fiserv merchants, I draw a 20% random sample based on mer-

chant IDs and collect their full historical records. This sampling rate is chosen due to com-

putational constraints: the full dataset exceeds half a billion merchant-month records from

15 million merchants, making complete processing infeasible. The sampled data closely

3https://data:transportation:gov/Railroads/State-County-and-City-FIPS-Reference-Table/eek5-pv8d/
aboutdata
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Figure 2.1: Local Minimum Wage Bounded Areas by Year (2003-2024)

The map plots the percentage of years during 2003-2024 a given area (in county on the map) has implemented
a local minimum wage increase. The dark shade re�ects cities or counties that implemented more such hikes.
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Figure 2.2: Different Levels of Minimum Wages - Bay Area

This �gure plots the evolution of minimum wage levels in the San Francisco Bay Area from 2000 to 2023
across four jurisdictions. The solid navy line represents the federal minimum wage, which has remained at
$7.25 since 2009. The dotted blue line shows the California state minimum wage, which began deviating
from Bay Area policies in 2014. The dashed yellow line re�ects the city-level minimum wage in San Jose,
while the dashed orange line tracks San Francisco's minimum wage, which has consistently exceeded both
the state and federal levels. The �gure highlights the divergence in minimum wage levels across local, state,
and federal policies over time.
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mirrors the overall population in both cross-sectional and time-series patterns.

To ensure consistency and mitigate outliers, I winsorize monthly sales and transaction

counts at the 1st and 99th percentiles. In the �nal sample, the median monthly sales are

$15,613 across all industries and $33,709 within dining restaurants (see Table 2.1). In ad-

dition to standard NAICS 3-digit codes, I use detailed merchant category codes (MCCs) to

precisely identify dining establishments. The MCC taxonomy includes 289 active merchant-

speci�c classi�cations.4

QCEW Data

To explore wage spillovers as a potential mechanism for revenue spillovers, I supplement

my main dataset with county-level quarterly wage and employment data from the Bureau

of Labor Statistics' Quarterly Census of Employment and Wages (QCEW). The QCEW

covers approximately 95% of U.S. employment and provides detailed industry-level wage

and employment statistics at the county level.

My analysis focuses on the dining restaurant sector (NAICS: 7221) within the private

economy from 2006 to 2023. To maintain consistency and avoid distortion, I exclude the

COVID-19 period, during which the BLS reported signi�cant data collection disruptions.5

While QCEW employment data are reported monthly, I aggregate them to the quarterly

level by averaging within each quarter to align with the frequency of wage data and reduce

idiosyncratic volatility. I also merge in additional county-level characteristics, including

annual personal income (from IRS), average commuting time (from the U.S. Census Bu-

reau's American Community Survey (ACS)), and local unemployment rates (from BLS),

which may in�uence the strength and spatial reach of wage and revenue spillovers.

4While the MCC system includes over 600 codes, some are anonymized to protect brand identities, such
as those of national hotel chains, rental car agencies, or airlines.

5 For more information on the effects of COVID-19 on data collection and business employment dynam-
ics, see BLS COVID-19 impact page.
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2.4 Results

2.4.1 TheEffectof LocalMinimum WageIncreasesonSmallBusinesses

This section presents the main empirical results on the effects of local minimum wage in-

creases on small business performance. I begin by establishing the baseline dynamic effects

using a stacked event study framework in Section 2.4.1, where I document both direct im-

pacts and spillover patterns across varying geographic distance cohorts. In Section 2.4.1,

I extend the analysis by comparing three distinct distance-based groups, including directly

impacted, nearby, and distant ZIP codes, to explore the gradient and robustness of these

effects across both revenue and customer traf�c margins.

Baseline Evidence and Spillovers by Distance

I begin by estimating the dynamic effects of local minimum wage increases on small busi-

ness performance using the stacked event study framework outlined in Equation (2.1). The

baseline speci�cation compares ZIP codes located within the boundaries of cities that im-

plemented the policy (treatment group) to a set of geographically proximate control ZIP

codes situated 75 to 100 miles away. Columns (3) and (6) of Table 2.3 show that sales

in the control group are unaffected by the policy, validating its suitability as a comparison

group.
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Table 2.2: Impact of Local Minimum Wages on Small Business Sales
Event-Time Estimates by Distance

This table reports the dynamic effects of local minimum wage increases on log sales for small businesses, es-
timated using the stacked event study speci�cation in Equation (2.1). Each column corresponds to a different
treatment group de�ned by distance from the policy-enforcing jurisdiction: directly impacted ZIP codes and
�ve concentric 10-mile bins extending up to 50 miles. Panel A reports results for all industries, while Panel B
focuses on dining restaurants. The dependent variable is log monthly sales, and all coef�cients are expressed
in percentage terms. The six treated samples include establishments located in cities that enacted binding
local minimum wage increases between 2008 and 2019, along with nearby establishments in the �ve 10-mile
distance bins. The control group comprises establishments located 75–100 miles from treated cities, serving
as a geographically stable benchmark; their validity is demonstrated in Table 2.3. Events are excluded if
overlapping state or federal minimum wage increases occurred during the 24-month event window. In Panels
A and B, establishments are further restricted to those with at least 12 non-missing pre-treatment months.
Each event spans 24 months, with the �rst affected month labeled as month 0. The model is fully saturated,
with one month prior to the event (Event Month = -1) serving as the omitted category. Sales values are win-
sorized at the 1st and 99th percentiles. Fixed effects include establishment-by-event, year-month-by-event,
and MCC-by-calendar month. See Section 2.3.2 and Section 2.4.1 for more details.t-statistics, reported
below coef�cient estimates, are calculated using standard errors adjusted for clustering at the county level.
Test statistics are reported in parentheses. ***, **, and * denote signi�cance at the 1%, 5%, and 10% levels,
respectively.
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Panel A: All Industries

Dependent Variable: log(Sales)
Treatment Group: Direct 0–10 mi 10–20 mi 20–30 mi 30–40 mi 40–50 mi
Coef�cients (in %): (1) (2) (3) (4) (5) (6)

Variables
Treated� Event Month -12 1.19 0.98 0.81 -0.85 -0.03 -0.73

(1.12) (0.76) (0.97) (-1.06) (-0.03) (-0.75)
Treated� Event Month -11 -0.28 -0.12 -0.56 -1.27 -0.89 -0.79

(-0.23) (-0.08) (-0.52) (-1.40) (-0.80) (-0.86)
Treated� Event Month -10 0.10 1.00 0.66 -1.43 -1.20 -0.00

(0.09) (0.65) (0.69) (-1.33) (-1.15) (-0.00)
Treated� Event Month -9 0.39 1.28 0.25 -0.77 -1.40 -0.34

(0.30) (0.80) (0.20) (-0.60) (-1.22) (-0.34)
Treated� Event Month -8 -0.14 1.12 0.85 0.52 -1.11 0.77

(-0.15) (0.83) (0.77) (0.45) (-0.92) (0.73)
Treated� Event Month -7 0.48 1.53 2.79*** 0.56 -0.58 1.32

(0.48) (1.26) (2.63) (0.51) (-0.47) (1.21)
Treated� Event Month -6 -0.05 0.51 1.32 -1.02 -1.14 1.41

(-0.04) (0.39) (1.17) (-0.84) (-0.97) (1.11)
Treated� Event Month -5 -0.41 -1.07 -0.58 -0.96 -1.74 1.38

(-0.36) (-0.71) (-0.49) (-0.75) (-1.53) (1.24)
Treated� Event Month -4 0.72 -0.38 -0.27 -1.18 -1.90* 0.29

(0.94) (-0.33) (-0.26) (-1.16) (-1.92) (0.27)
Treated� Event Month -3 -0.07 -0.75 -0.20 -0.78 -1.84** 0.97

(-0.10) (-0.76) (-0.20) (-0.84) (-2.23) (0.71)
Treated� Event Month -2 -0.52 -1.23 -1.17 -1.17 -1.89** 0.86

(-0.80) (-1.36) (-1.43) (-1.46) (-2.57) (0.90)
Treated� Event Month 0 -0.48 -0.79 -0.77 -1.80** -0.03 0.32

(-0.65) (-0.78) (-0.95) (-2.02) (-0.03) (0.34)
Treated� Event Month 1 -3.06*** -2.83** -2.88** -3.33*** -1.01 -1.22

(-3.13) (-2.22) (-2.54) (-3.32) (-0.89) (-1.12)
Treated� Event Month 2 -3.12*** -2.87* -2.47** -2.44** -0.76 -1.68

(-3.22) (-1.83) (-2.22) (-2.10) (-0.70) (-1.17)
Treated� Event Month 3 -2.05* -2.51 -1.96 -2.05 -0.94 0.55

(-1.74) (-1.60) (-1.65) (-1.43) (-0.67) (0.41)
Treated� Event Month 4 -3.08*** -2.39* -1.56 -2.78** -0.82 0.61

(-2.93) (-1.81) (-1.44) (-2.11) (-0.60) (0.48)
Treated� Event Month 5 -3.53*** -0.61 -0.31 -2.14* -1.45 0.98

(-3.71) (-0.52) (-0.31) (-1.84) (-1.09) (0.82)
Treated� Event Month 6 -2.78** -1.67 -1.02 -2.61* -2.17 0.45

(-2.06) (-1.01) (-0.76) (-1.76) (-1.49) (0.27)
Treated� Event Month 7 -4.95*** -4.36*** -5.18*** -4.22*** -3.76*** -0.30

(-3.68) (-2.62) (-3.13) (-2.67) (-2.85) (-0.19)
Treated� Event Month 8 -3.88*** -4.54*** -3.68** -4.02*** -2.43* 0.81

(-3.18) (-3.28) (-2.00) (-2.72) (-1.91) (0.59)
Treated� Event Month 9 -3.74*** -2.52* -3.38* -3.95** -1.68 1.92

(-2.68) (-1.95) (-1.77) (-2.44) (-1.25) (1.21)
Treated� Event Month 10 -4.08*** -4.13*** -3.78** -3.37** -1.87 0.99

(-3.89) (-3.23) (-2.16) (-2.37) (-1.42) (0.71)
Treated� Event Month 11 -2.57*** -2.93** -2.36 -1.55 0.16 0.06

(-3.68) (-2.54) (-1.28) (-1.27) (0.14) (0.04)

Fixed Effects
Establishment� Event Yes Yes Yes Yes Yes Yes
YearMonth� Event Yes Yes Yes Yes Yes Yes
MCC � Calendar Month Yes Yes Yes Yes Yes Yes

R2 0.87585 0.87987 0.87763 0.87948 0.88244 0.87948
Observations 1,498,902 1,119,904 1,289,459 1,239,736 1,129,556 1,148,466
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Panel B: Dining Restaurants

Dependent Variable: log(Sales)
Treatment Group: Direct 0–10 mi 10–20 mi 20–30 mi 30–40 mi 40–50 mi
Coef�cients (in %): (1) (2) (3) (4) (5) (6)

Variables
Treated� Event Month -12 3.22* -2.92 -0.90 -0.44 5.19* 0.46

(1.70) (-1.06) (-0.52) (-0.19) (1.75) (0.20)
Treated� Event Month -11 1.49 -3.62 -3.27* -0.87 3.03 0.00

(0.78) (-1.39) (-1.85) (-0.47) (1.06) (0.00)
Treated� Event Month -10 1.99 -4.13 -3.21* -1.74 3.51 0.86

(0.99) (-1.35) (-1.66) (-0.80) (1.21) (0.40)
Treated� Event Month -9 1.97 -1.99 -3.50 -1.95 2.12 1.59

(0.85) (-0.66) (-1.51) (-0.83) (0.72) (0.57)
Treated� Event Month -8 2.05 -2.63 -2.83 -2.16 3.18 2.65

(0.91) (-0.84) (-1.12) (-0.89) (1.05) (0.90)
Treated� Event Month -7 2.15 -1.20 -1.50 -1.21 3.14 2.24

(0.95) (-0.40) (-0.64) (-0.46) (1.07) (0.78)
Treated� Event Month -6 3.67 -0.05 -1.89 -1.55 3.84 4.66

(1.48) (-0.02) (-0.73) (-0.55) (1.18) (1.56)
Treated� Event Month -5 0.40 -3.81 -5.37** -3.05 1.33 3.15

(0.16) (-1.31) (-2.01) (-1.11) (0.42) (1.12)
Treated� Event Month -4 2.55 -2.21 -2.92 -1.64 2.08 2.72

(1.26) (-0.86) (-1.15) (-0.67) (0.74) (1.09)
Treated� Event Month -3 2.29 -4.45 -3.60 -2.31 -0.54 0.79

(1.13) (-1.60) (-1.64) (-1.04) (-0.23) (0.37)
Treated� Event Month -2 1.30 -2.86 -2.33 0.06 1.11 0.11

(0.93) (-1.54) (-1.40) (0.04) (0.56) (0.06)
Treated� Event Month 0 -0.26 -3.06 0.61 0.32 5.81** 4.10**

(-0.19) (-1.40) (0.31) (0.16) (2.58) (2.15)
Treated� Event Month 1 -2.78* -5.25** -3.37* -3.16 2.96 0.88

(-1.68) (-2.02) (-1.77) (-1.50) (0.98) (0.41)
Treated� Event Month 2 -5.59** -5.90** -5.34** -5.43* 1.60 -1.29

(-2.41) (-1.98) (-2.12) (-1.76) (0.51) (-0.41)
Treated� Event Month 3 -2.65 -4.17 -3.46 -3.28 2.29 1.62

(-1.00) (-1.33) (-1.09) (-1.15) (0.74) (0.52)
Treated� Event Month 4 -3.64 -4.74 -5.47* -4.09 1.72 1.32

(-1.22) (-1.30) (-1.94) (-1.34) (0.48) (0.39)
Treated� Event Month 5 -6.47** -1.56 -2.86 -4.65 -0.03 4.98

(-2.07) (-0.50) (-1.09) (-1.48) (-0.01) (1.49)
Treated� Event Month 6 -4.70 -2.54 -5.65* -9.94** -3.51 1.80

(-1.53) (-0.77) (-1.83) (-2.44) (-0.84) (0.48)
Treated� Event Month 7 -9.56*** -6.06* -12.22*** -6.86** -1.60 1.64

(-2.83) (-1.95) (-3.82) (-2.01) (-0.40) (0.49)
Treated� Event Month 8 -4.29 -6.91** -9.16*** -7.83** -2.47 -1.00

(-1.63) (-2.46) (-3.02) (-2.50) (-0.57) (-0.31)
Treated� Event Month 9 -5.91** -8.21* -6.92** -6.20** -0.09 2.21

(-2.02) (-1.83) (-2.49) (-2.40) (-0.02) (0.75)
Treated� Event Month 10 -3.77 -5.86 -5.44* -5.83* -1.20 0.00

(-1.28) (-1.62) (-1.97) (-1.94) (-0.36) (0.00)
Treated� Event Month 11 -4.58** -3.87 -0.74 -1.55 1.92 5.75**

(-2.32) (-1.29) (-0.34) (-0.56) (0.62) (2.54)

Fixed Effects
Establishment� Event Yes Yes Yes Yes Yes Yes
YearMonth� Event Yes Yes Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes Yes Yes

R2 0.89394 0.91145 0.90500 0.90445 0.91131 0.90852
Observations 181,932 125,235 145,771 136,112 125,251 124,673

73



(a) All Industries

(b) Dining Restaurants

Figure 2.3: Impact of Local Minimum Wages

This �gure illustrates the impact of local minimum wage increases on small business sales during a 24-month
event window, based on the regression speci�ed in Equation (2.1). The solid black line represents total sales
from directly impacted areas, while the dashed red line shows the coef�cients for sales in 40-50 miles. Each
event spans 24 months, with the �rst affected month labeled as month 0. The corresponding coef�cients are
reported in Table 2.2.
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To isolate the local spillover effects of minimum wage increases, I restrict the sample to

exclude any events or surrounding ZIP codes that experienced overlapping state or federal

minimum wage policy changes during the 24-month event window. I further limit the sam-

ple to establishments with no missing sales records during the 12 months prior to the event,

ensuring robustness against survivorship bias and substitution of exiting establishments.

Events occurring during the COVID-19 period are also excluded.

Table 2.2 Panel A reports results for small businesses across all industries, while Panel

B focuses on the dining restaurant sector, which employs a disproportionate share of min-

imum wage workers in the U.S. The corresponding dynamic treatment effects are plotted

in Figures 2.3a and 2.3b, respectively. Figure B2.1 shows the results for non-restaurant

industries only as a complement to the two main results.

Across both samples, I observe clear pre-trend stability in outcomes, supporting the

identifying assumption of parallel trends. In Panel A, Column (1), establishments in di-

rectly impacted ZIP codes exhibit a sharp drop in sales beginning in the policy imple-

mentation month (Month 0), with the largest declines occurring between Months 1 and 6,

ranging from 3% to 5%. All post-treatment coef�cients are negative and statistically signif-

icant for 12 months following the policy change. This pattern is statistically signi�cant and

persistent over time. Panel B, Column (1) shows an even stronger response among dining

establishments, with declines ranging from 5% to 10%. In contrast, Column (6) in both

panels shows that sales in ZIP codes 40–50 miles from the policy boundary are statistically

indistinguishable from those in the 75–100 mile control group. These patterns are clearly

visualized in Figures 2.3a and 2.3b, where the solid black lines represent directly treated

ZIP codes and the dashed red lines represent the 40–50 mile cohort.

To examine the spatial extent of spillovers, Columns (2) through (6) of each panel

present results by 10-mile distance bins from the policy boundary, inspired by a similar

approach in [38]. A pronounced distance-decay pattern emerges in both panels. ZIP codes

located 0–10 miles and 10–20 miles from treated areas also experience statistically signif-
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icant declines in sales, although the magnitude of the impact is smaller than that observed

in the directly affected ZIP codes. For example, while Column (1) in Panel A shows 11

months of negative signi�cant coef�cients post-treatment for ZIPs within the city bound-

aries, Columns (2) and (3) show 8 and 6 months, respectively. These spillover effects

fade with distance and become negligible around 40–50 miles. Column (6) in Panel A, for

example, shows no statistically signi�cant effects in the post-treatment period.

These �ndings indicate that local minimum wage increases generate economically mean-

ingful spillovers that extend up to 50 miles from the policy boundary, likely due to regional

integration in labor markets and consumer behavior. Additional evidence on regional wage

spillovers is presented in Table 2.4. The spatial reach of these spillovers is consistent with

[38], who document similar effects within a 40–60 minute commute radius using unem-

ployment insurance data from Seattle. Given that a 40–50 mile distance typically translates

into a 40–60 minute drive, the two results are mutually reinforcing.

Panel B and Figure 2.3b show similar patterns in the dining restaurant sector, which

is more directly exposed to minimum wage policies due to its reliance on low-wage labor.

The magnitude of decline in directly impacted ZIPs is larger and more persistent in dining

establishments, with post-treatment effects consistently in the range of 5% to 10%. The

spillover gradient is again evident, with effects diminishing beyond 40 miles. These pat-

terns underscore the role of wage spillovers and consumer substitution in driving localized

policy effects.

Taken together, these results offer robust evidence that local minimum wage increases

reduce small business sales in both directly impacted and nearby ZIP codes. The spillover

effects attenuate with distance and disappear entirely beyond 50 miles. The stability of out-

comes in the 75–100 mile group supports its role as a clean counterfactual for the analysis.
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Distance-Gradient Effects of Local Minimum Wage Increases

To further validate the spatial dynamics of minimum wage impacts and assess the robust-

ness of the baseline �ndings, I conduct a complementary analysis based on Equation (2.2)

that does not rely on the 75–100 mile cohort as a control group. Instead, I compare dynamic

treatment responses across three distinct cohorts: directly impacted ZIP codes within city

boundaries, neighboring ZIP codes located 0–25 miles away, and distant ZIP codes located

75–100 miles from the policy boundary. This speci�cation exploits within-establishment

variation over time and facilitates a more �exible examination of post-treatment hetero-

geneity, which I explore further in Table 2.6 to Table 2.9.

Theoretically, spillover effects on local sales could go in both directions. Sales might

rise if consumers shift spending toward neighboring areas to avoid higher prices in directly

impacted ZIP codes. Alternatively, sales could decline if wage increases spill over to sur-

rounding areas, leading nearby businesses to similarly raise prices. My results provide clear

support for the latter scenario.

Table 2.3 presents estimates for dining establishments, with Columns (1) to (3) report-

ing effects on log sales and Columns (4) to (6) on log transaction counts. The corresponding

dynamic treatment effects are visualized in Figures 2.4a and 2.4b, respectively. Each �gure

traces the estimated coef�cients over time for the three cohorts: the solid black line repre-

sents the directly impacted ZIPs, the dashed red line represents the 0–25 mile group, and

the solid green line corresponds to the distant 75–100 mile cohort.

The results reinforce the baseline �ndings. In Column (1) and Figure 2.4a, dining

establishments in directly impacted ZIP codes exhibit large and persistent revenue losses,

with statistically signi�cant declines of 7% to 12% from Month 2 through Month 11. The

pattern begins sharply in Month 0, consistent with immediate policy enforcement, and

remains consistently negative for nearly a full year.

Columns (2) and (5), along with the dashed red lines in Figures 2.4a and 2.4b, show

that dining establishments within 0–25 miles of the treated cities also experience mean-
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(a) Sales

(b) Transaction Counts

Figure 2.4: Spillover of Local Minimum Wages by Distance
Directly Impacted, 0-25 Miles, 75-100 Miles

This �gure shows the dynamic effects of local minimum wage increases on dining restaurant sales and trans-
action counts for dining establishments across three distance-based cohorts. The solid black line represents
establishments located in ZIP codes directly impacted by the policy. The dashed red line represents establish-
ments located 0–25 miles from treated cities, and the solid green line shows the outcomes for establishments
75–100 miles away, which serve as the control group in Table 2.2. Based on Equation (2.2), results are pre-
sented in Table 2.3 with calendar-month �xed effects and establishment-event �xed effects.
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Table 2.3: Spillover Effect on Small Businesses

This table reports the dynamic effects of local minimum wage increases on small business performance,
estimated using the stacked event study speci�cation in Equation (2.2). The outcome variables are log sales
(Columns 1–3) and log transaction counts (Columns 4–6), measured monthly. Columns correspond to three
mutually exclusive distance-based groups: directly impacted ZIP codes, surrounding ZIPs located 0–25 miles
from treated cities, and distant ZIPs 75–100 miles away that serve as a geographically stable benchmark.
All local minimum wage increases occurred between 2008 and 2019. Events are excluded if overlapping
federal or state minimum wage hikes occurred within the 24-month window. Establishments are required
to have 12 non-missing pre-event months. Sales and transaction count variables are winsorized at the 1st
and 99th percentiles. All regressions include establishment-by-event and calendar-month �xed effects. See
Section 2.4.1 for further details. The model is fully saturated, with one month prior to the event (Event
Month = -1) serving as the omitted category. All coef�cients are scaled by 100 for ease of interpretation and
represent percentage changes in the dependent variable.t-statistics, reported below coef�cient estimates, are
calculated using standard errors adjusted for clustering at the county level. The test statistics are included in
the parentheses. ***, **, and * denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: log(Sales) log(Transaction Count)

Distance Group: Direct 0–25 mi 75–100 mi Direct 0–25 mi 75–100 mi
Coef�cients (in %) (1) (2) (3) (4) (5) (6)

Variables
Event Month -6 0.78 -1.78 -0.23 1.53 -1.67 0.07

(0.65) (-1.22) (-0.15) (1.64) (-1.19) (0.05)
Event Month -5 2.04 0.95 1.89 1.94 0.80 2.14

(1.57) (0.87) (1.22) (1.73) (0.73) (1.44)
Event Month -4 1.79 1.69 2.80* 2.14 2.16* 3.02**

(1.36) (1.49) (1.95) (1.67) (1.83) (2.30)
Event Month -3 3.54* 0.98 4.48*** 4.18* 1.34 4.44***

(1.81) (0.72) (3.47) (2.18) (1.00) (3.74)
Event Month -2 1.41 1.94* 4.33*** 2.13** 2.15** 4.12***

(1.30) (1.99) (4.71) (2.52) (2.35) (4.78)
Event Month 0 -2.35* 0.07 0.61 -1.29 0.59 0.50

(-1.96) (0.05) (0.68) (-1.29) (0.51) (0.59)
Event Month 1 -4.57** -0.67 -0.90 -3.33** 0.18 -0.71

(-2.92) (-0.85) (-1.06) (-2.72) (0.24) (-0.82)
Event Month 2 -8.87*** -3.18** 0.19 -7.74*** -2.94** -0.39

(-6.47) (-2.53) (0.13) (-5.84) (-2.51) (-0.29)
Event Month 3 -7.04*** -3.11** 0.23 -6.77*** -3.71** -1.06

(-4.14) (-2.12) (0.16) (-3.94) (-2.65) (-0.76)
Event Month 4 -8.27*** -4.93*** -0.71 -8.50*** -5.03*** -1.74

(-6.34) (-3.26) (-0.39) (-6.62) (-3.00) (-1.05)
Event Month 5 -7.44*** -2.48 0.21 -8.62*** -4.03** -0.94

(-5.54) (-1.48) (0.09) (-6.49) (-2.58) (-0.45)
Event Month 6 -9.63*** -5.83*** -0.31 -10.46*** -7.35*** -1.96

(-6.62) (-3.84) (-0.16) (-7.36) (-5.32) (-1.08)
Event Month 7 -11.79*** -5.65*** 0.05 -12.83*** -7.67*** -1.70

(-7.70) (-3.24) (0.03) (-9.39) (-4.47) (-0.94)
Event Month 8 -8.01*** -4.62*** 1.05 -9.13*** -6.25*** -0.44

(-5.67) (-2.76) (0.61) (-6.24) (-3.67) (-0.27)
Event Month 9 -9.53*** -5.06*** 1.69 -10.54*** -6.67*** 0.05

(-4.18) (-2.79) (1.15) (-4.74) (-4.01) (0.04)
Event Month 10 -9.66*** -5.19*** 1.03 -10.20*** -6.65*** -1.07

(-8.71) (-3.38) (0.52) (-9.24) (-4.25) (-0.55)
Event Month 11 -6.86*** -2.25 0.08 -8.30*** -4.01** -1.63

(-7.66) (-1.64) (0.05) (-9.10) (-2.63) (-1.08)

Fixed Effects
Establishment� Event Yes Yes Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes Yes Yes

R2 0.86823 0.88953 0.91056 0.87803 0.89606 0.92379
Observations 63,565 76,016 69,323 63,565 76,016 69,323
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ingful sales and traf�c declines. These effects are smaller in magnitude relative to the

directly treated group but remain statistically and economically signi�cant. Sales decline

by approximately 3% to 5% between Months 2 and 10, with transaction counts following

a comparable trajectory. These �ndings further support the presence of regional spillovers

(likely driven by upward wage pressure in surrounding labor markets) as I will document

in Table 2.4. The magnitude of the spillover effects aligns closely with [38], who �nd that

wage spillovers to surrounding Census tracts outside Seattle are approximately half the size

of the direct minimum wage increase. My estimated revenue spillovers appear consistent

with this wage gradient.

In contrast, Columns (3) and (6) and the green lines in both �gures reveal no signi�cant

sales or visitation effects for the 75–100 mile cohort. The �at solid green lines for post-

treatment trajectory in Figures 2.4a and 2.4b for this group further con�rms its role as a

clean counterfactual and supports the interpretation that observed spillovers are geograph-

ically localized.

The consistency across both outcome variables for both log sales and log transaction

counts offers additional insight into the mechanisms driving the observed patterns. The

similar magnitude and direction of effects across revenue and customer traf�c suggest that

losses are not purely the result of increased prices due to higher labor costs, but also re�ect

declines in consumer demand. Small businesses, particularly dining establishments, ap-

pear to face a dual challenge: managing higher costs while also contending with customer

substitution away from high-wage zones.

Overall, this complementary analysis con�rms that local minimum wage increases exert

sizable adverse effects on directly impacted businesses and generate measurable spillovers

into nearby areas. These effects taper off with distance and are absent beyond 50 miles. The

triangulation of results across revenue, transaction volume, and visual patterns underscores

the conclusion that both cost-side pressures and demand-side responses play important

roles in shaping small business performance in response to local wage regulations.
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2.4.2 Mechanismsof RevenueSpilloversfrom LocalMinimum WageIncreases

In this section, I examine wage spillovers as a potential mechanism driving the revenue

effects observed earlier. To conduct this analysis, I leverage county-level employment and

wage data from the Quarterly Census of Employment and Wages (QCEW). Although the

QCEW dataset differs in aggregation from the ZIP-level monthly sales data used previ-

ously—being reported at the county-quarter level—it offers comprehensive coverage of

local wage dynamics, making it particularly suitable for examining spatial wage spillovers.

The empirical strategy closely follows the event-study framework outlined previously,

adapted to county-quarter observations:

yc;e;t = � +
2X

t= � 2

� t � EventQuarterc;e;t + � c;e + � c;e;t (2.3)

whereyc;e;t represents the log of average quarterly wage per worker in countyc, associated

with evente, at quartert. The event study coef�cients,� t , capture the dynamic wage effects

relative to the quarter immediately preceding the minimum wage increase. Each policy

event, originally identi�ed at the city level, is mapped conservatively to corresponding

counties, such that treated counties partially or wholly contain the city implementing the

minimum wage policy. County-by-event �xed effects (� c;e) are included to absorb all static

local differences. Standard errors are clustered by county to account for potential serial

correlation.

Consistent with the earlier analyses, I apply identical selection criteria to exclude con-

founding events, such as concurrent state or federal minimum wage policy changes or the

COVID-19 pandemic period. The primary objective of this section is to investigate whether

wage spillovers in surrounding counties (within approximately 50 miles of treated areas)

align with and potentially explain the revenue spillovers previously documented.

This analysis proceeds as follows. First, in Section 2.4.2, I present evidence on wage

spillovers within surrounding counties, benchmarking results against directly impacted
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counties. This initial step assesses the spatial reach of minimum wage-induced wage

growth and its consistency with earlier �ndings on revenues. I then present three com-

plementary tests to further validate the presence of wage spillovers. Speci�cally, I examine

whether spillover patterns are more pronounced in local labor markets with lower baseline

personal income (Section 2.4.2), tighter labor conditions as proxied by unemployment rates

(Section 2.4.2), and higher average commuting times (Section 2.4.2). Together, these anal-

yses provide converging evidence that localized economic conditions mediate, and help

con�rm, the existence of wage spillovers resulting from local minimum wage increases.

Evidence of Wage Spillovers

One of the mechanisms through which local minimum wage increases affect small business

performance is the resulting upward pressure on wages in both directly impacted and sur-

rounding areas. Theoretically, wage spillovers can emerge when establishments in nearby

jurisdictions face labor market competition from establishments subject to the new mini-

mum wage. Workers may commute across city or county borders in search of higher-paying

opportunities, leading employers in adjacent regions to raise wages in order to retain or at-

tract staff. This effect is likely more pronounced in metro areas with softer geographic

boundaries and low commuting frictions. Furthermore, the existence of informal wage

norms or fairness considerations, such as for business with multiple locations, may also

prompt wage adjustments beyond the legal scope of the policy. These pressures, in turn,

could lead to broader increases in labor costs even in locations not directly covered by the

policy.

Consistent with this hypothesis, [38] provide evidence of wage spillovers in the Seattle

area, using unemployment insurance records to show that earnings increased not only in the

city but also in adjacent census tracts. Their �ndings also suggest a concurrent reduction in

hours worked, highlighting a trade-off that could amplify the impact on establishment oper-

ations. However, their evidence is limited to a single metropolitan area and is disconnected
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with revenues. To assess whether similar wage spillovers exist across a broader range of

cities, I examine quarterly county-level wage data from the QCEW database.

Table 2.4 presents the results of a quarterly event study examining the response of av-

erage wages in the dining restaurant sector. Columns (1) through (3) display estimates for

directly impacted counties, those 0–25 miles away, and those 75–100 miles away, respec-

tively. The dependent variable is the natural logarithm of quarterly wage per worker. Given

that not all employees in the dining sector are paid the minimum wage (e.g., managers

or chefs), these coef�cients likely represent conservative estimates of policy-induced wage

pressure. Column (4) shows the corresponding effects for all industries in directly impacted

counties, included as a benchmark to assess dining-sector-speci�c sensitivity.

I �nd robust evidence of wage spillovers concentrated in the dining restaurant sec-

tor. As shown in Column (1), average quarterly wages in directly impacted counties rise

signi�cantly in the quarters following policy implementation, with estimates increasing

by 3.6% to 3.8% in Quarters 1 and 2, respectively. Importantly, Column (2) shows that

wages in neighboring counties (0–25 miles) also rise by approximately 2.5% to 3.0%, sug-

gesting economically meaningful spillover effects, though the magnitude is smaller than

those in the directly impacted areas. By contrast, Column (3) shows no statistically sig-

ni�cant wage changes in the 75–100 mile group. These �ndings are visually illustrated in

Figure 2.5, where the solid black line (directly impacted), dashed red line (0–25 miles),

and solid green line (75–100 miles) clearly show a diverging post-treatment trend, with

spillovers dissipating at further distances. The wage spillover pattern re-con�rms the sales

and transaction counts spillover shown in Table 2.3.

The absence of any detectable wage increase in Column (4), which includes all indus-

tries, con�rms that the effects are concentrated in sectors most reliant on low-wage labor,

further validating the focus on the dining restaurant industry as a primary channel of pol-

icy transmission. These results provide evidence that local minimum wage increases have

broader wage pressure beyond jurisdictional boundaries, shaping small business labor costs
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Table 2.4: Wage Spillover by Distance

This table reports the dynamic effects of local minimum wage increases on quarterly wages in the dining
sector, estimated using the stacked event study speci�cation in Equation (2.3). Columns 1–3 focus on dining
restaurants and present estimates for counties located directly within policy-enforcing jurisdictions, nearby
counties located 0–25 miles, and distant counties 75–100 miles from the treated cities. Column 4 reports
corresponding estimates for all industries using only the directly impacted sample. The dependent variable
is log quarterly wages per capita, and all coef�cients are expressed in percentage terms. All local minimum
wage events occurred between 2008 and 2019, and observations are excluded if overlapping federal or state
minimum wage increases occurred within the 5-quarter event window. The model is saturated with Event
Quarter = -1 omitted as the baseline. All regressions include YearQuarter-by-event �xed effects and a linear
quarter trend control. The sample is based on county-level quarterly data from the QCEW. See Section 2.4.2
for further details. t-statistics, reported below coef�cient estimates, are calculated using standard errors
adjusted for clustering at the county level. The test statistics are included in the parentheses. ***, **, and *
denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: log(Quarterly Wage)

Industry Dining Restaurants All Industries

Distance Group Direct 0–25 mi 75–100 mi Direct
Coef�cients (in %) (1) (2) (3) (4)

Variables
Event Quarter = -2 -1.01 -0.06 -2.58 1.47

(-1.21) (-0.06) (-1.68) (0.26)
Event Quarter = 0 0.88 1.00 -0.46 0.48

(1.24) (1.36) (-0.31) (0.33)
Event Quarter = 1 3.60*** 2.51** -2.38 1.00

(4.85) (2.58) (-1.62) (0.24)
Event Quarter = 2 3.34** 2.99** 0.47 4.79

(3.27) (2.30) (0.30) (0.88)

Fixed Effects
YearQuarter� Event Yes Yes Yes Yes
Controls
Quarter Trend Yes Yes Yes Yes

R2 0.98472 0.95613 0.93099 0.96298
Observations 100 132 628 100
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Figure 2.5: Wage Spillover - Dining Restaurants

This �gure presents the results from Equation (2.3), estimating the dynamic effects of local minimum wage
increases on average quarterly wages per worker in the dining restaurant sector. The �gure corresponds to
the results reported in Table 2.4. The solid black line shows wage changes in counties where the policy was
enacted. The dashed red line captures adjacent counties located 0–25 miles from treated areas, while the solid
green line represents counties 75–100 miles away, which serve as a control group. Wages rise signi�cantly not
only in directly affected counties but also in nearby areas, consistent with regional wage spillovers following
local minimum wage hikes.
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across regional labor markets.

The Role of Local Income Levels

One plausible mechanism driving spatial wage spillovers is the baseline personal income

level of surrounding communities. In lower-income areas, a larger proportion of workers

are likely to be employed in minimum wage or near-minimum wage positions. As a result,

when a nearby jurisdiction implements a higher minimum wage, the increased reservation

wage and competitive wage pressures are more likely to in�uence the local labor market in

these lower-income areas. This suggests that wage spillovers should be more pronounced

in areas with lower personal income, as employers may be forced to raise wages to retain

or attract labor in response to shifting market expectations.

To test this hypothesis, I focus on counties located within 0–50 miles of treated juris-

dictions. This spatial boundary is consistent with earlier evidence from Table 2.2, which

shows that sales spillovers fade beyond 50 miles, and with �ndings from [38], who docu-

ment that wage spillovers from Seattle's minimum wage increase dissipate after a 40–60

minute commute.

Within this subsample, I classify surrounding counties as high- or low-income using

a cohort-speci�c indicator: a dummy equal to one if the county's lagged personal income

exceeds the median within its event and distance group (e.g., 0–25 or 25–50 miles). This

approach improves on a simple split by unconditional income levels by ensuring that the

classi�cation re�ects the relative position of each county within a localized labor market.

Because labor markets are often regional in scope, this cohort-based measure provides a

more economically meaningful classi�cation of wage-setting environments than a national

or unconditional median cutoff.

Table 2.5 Columns (1) and (2) present quarterly wage effects for dining establishments

in low- and high-income surrounding areas, respectively. Consistent with the theoretical

prediction, wage spillovers are signi�cantly stronger in lower-income areas, with a 3.6%
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wage increase in the second quarter after the policy, compared to a 2.8% increase in higher-

income areas. Figure 2.6a further illustrates these patterns: the solid black line shows the

wage path in directly impacted counties, while the solid green and dashed red lines rep-

resent low- and high-income neighboring counties, respectively. The more pronounced

upward trend in the green line supports the view that income-linked labor market compo-

sition plays a critical role in determining the intensity of wage spillovers.

Table 2.5: Heterogeneity of Wage Spillover

This table reports heterogeneity in wage spillover effects following local minimum wage increases, estimated
using the stacked event study speci�cation in Equation (2.3). The sample includes quarterly county-level
data from the QCEW, focusing on dining restaurants (NAICS: 7221) between 2008 and 2019. The analysis
restricts attention to counties located within the entire spillover area of 0–50 miles of treated jurisdictions.
Columns are grouped by three dimensions of local economic conditions: personal income (Columns 1–2),
average commuting time (Columns 3–4), and unemployment rate (Columns 5–6). For each dimension, coun-
ties are split into ”high” and ”low” groups based on a cohort-speci�c indicator: a dummy equal to one if
a county's lagged value exceeds the median within its distance band and event cohort (e.g., 0–25 or 25–50
miles). Personal income data are obtained from the IRS, commuting times from the U.S. Census Bureau's
American Community Survey (ACS), and unemployment rates from the BLS. The dependent variable is log
quarterly wage per capita, expressed in percentage terms. All local minimum wage events exclude cases with
overlapping federal or state increases during the 5-quarter event window. The model omits Event Quarter =
-1 as the reference and includes county-by-area-by-quarter �xed effects and a linear quarter trend. See Sec-
tions 2.4.2, 2.4.2, and 2.4.2 for more details.t-statistics, reported below coef�cient estimates, are calculated
using standard errors clustered at the county level. The test statistics are included in parentheses. ***, **,
and * denote signi�cance at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: log(Quarterly Wage)
Group: High Income Low Income High Mar. Comm Low Mar. Comm High Bargain Low Bargain

Coef�cients (in %) (1) (2) (3) (4) (5) (6)

Variables
Event Quarter = -2 0.32 0.30 -0.44 -0.17 0.33 0.26

(0.35) (0.36) (-0.71) (-0.19) (0.51) (0.24)
Event Quarter = 0 -0.45 1.10 -0.10 0.93 0.71 0.20

(-0.74) (1.68) (-0.16) (1.41) (1.06) (0.24)
Event Quarter = 1 0.55 1.53* 0.95 2.15* 1.53 0.84

(0.64) (1.74) (1.68) (2.19) (1.63) (0.66)
Event Quarter = 2 2.76*** 3.62*** 1.84** 2.51* 3.50*** 2.70**

(2.87) (3.35) (2.72) (2.22) (3.68) (2.32)

Fixed Effects
County� Area� Quarter Yes Yes Yes Yes Yes Yes
Controls
Quarter Trend Yes Yes Yes Yes Yes Yes

R2 0.95586 0.96562 0.98459 0.93448 0.96283 0.95145
Observations 263 250 287 197 223 310
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(a) Personal Income

(b) Commuting Time (c) Unemployment Rate

Figure 2.6: Heterogeneity of Wage Spillover

This �gure presents heterogeneity in wage spillover effects estimated using Equation (2.3), with results re-
ported in Table 2.5. Each panel explores a different local condition, with personal income (Panel A), aver-
age commuting time (Panel B), and unemployment rate (Panel C), that may mediate the intensity of wage
spillovers following local minimum wage increases. All counties are located within 0–50 miles of treated
jurisdictions.
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Commuting Patterns and Mobility Costs

Beyond labor market characteristics, commuting patterns and mobility costs may also in�u-

ence the wage spillovers. [38] document that the wage effects of Seattle's local minimum

wage increase disappears entirely beyond a 40–60 minute commuting radius, underscor-

ing the role of geographic frictions in shaping policy impact. Theoretically, however, the

effect of commuting time on spillover intensity is ambiguous. On one hand, areas with

longer average commuting times may be more exposed to wage spillovers, as workers and

consumers are already accustomed to traveling across geographic boundaries. In such set-

tings, a policy-induced wage increase in a neighboring jurisdiction imposes a relatively

low marginal cost for labor to reallocate, prompting employers in untreated areas to adjust

wages in order to retain talent. For example, if a worker is already accustomed to traveling

30-40 minutes for work, an additional 5–10 minutes to reach a higher-wage jurisdiction is

less costly. On the other hand, shorter average commuting times may re�ect more friction-

less local labor markets, where switching jobs across jurisdictions is relatively low-cost and

frequent. In this case, high labor mobility in short-commute regions could lead to faster

and more pronounced wage diffusion.

To test this hypothesis, I classify surrounding counties in the 0–50 mile spillover band

into high- and low-commute groups based on their relative position within each event and

distance cohort. Speci�cally, I construct a dummy (similar to personal income indicator),

which equals one for surrounding counties whose lagged average commuting time exceeds

the cohort-speci�c median. This localized comparison accounts for geographic heterogene-

ity and ensures that the classi�cation re�ects within-region commuting norms.

Table 2.5 Columns (3) and (4) show that wage increases in high-commute counties are

larger and more statistically signi�cant than those in low-commute counties. Speci�cally,

wages rise by 2.5% in the second quarter after policy implementation in high-commute

areas, compared to only 1.8% in low-commute areas. These results align with the intuition

that lower marginal commuting costs enhance wage sensitivity to nearby policy shocks.
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Figure 2.6b illustrates these trends: the dashed red line for high-commute counties

closely tracks the wage path of the solid black line representing treated areas, whereas the

solid green line for low-commute counties shows a more muted response. These �ndings

highlight the role of regional mobility in amplifying spatial policy spillovers, reinforcing

the importance of considering geographic frictions in policy design.

Local Labor Market Tightness

Another relevant factor in the transmission of wage spillovers is local labor market tight-

ness, proxied by the unemployment rate. Classical wage bargaining ([55]) suggest that

when unemployment is low, workers possess stronger negotiation power and can more

easily demand wage increases or exit for better-paying opportunities. Conversely, in high-

unemployment areas, the abundance of available labor weakens workers' ability to ne-

gotiate higher wages, even when adjacent jurisdictions experience mandated wage hikes.

Therefore, I expect wage spillovers to be more pronounced in areas with lower unemploy-

ment rates.

To empirically examine this, I again restrict the sample to surrounding counties within

0–50 miles of treated jurisdictions, focusing exclusively on the region where spillover ef-

fects have been documented (see Table 2.2) and supported by prior evidence such as [38],

who �nd wage effects decaying beyond a 40–60 minute commuting radius from Seattle. I

classify these surrounding counties based on a re�ned labor market tightness measure: the

relative unemployment gap.

Speci�cally, I construct a dummy variable, which identi�es counties whose lagged un-

employment rate exceeds the median unemployment rate of neighboring counties within

the same distance cohort (e.g., 0–25 or 25–50 miles). This measure improves upon a

naive high/low unemployment split by recognizing that labor markets tend to be geograph-

ically localized. In practice, employers and workers are more responsive to nearby condi-

tions than to broader regional or national aggregates. A high unemployment county sur-
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rounded by similarly slack labor markets may experience different wage dynamics than one

with higher unemployment but located among tighter labor markets. By measuring each

county's relative position within its spatial cohort, the dummy variable captures this local-

ized context and provides a more meaningful proxy for bargaining conditions that could

affect wage diffusion.

Table 2.5, Columns (5) and (6), present results separately for low- and high-unemployment

counties, as de�ned by this local gap measure. The results show that wage growth is sub-

stantially higher in counties with relatively tighter labor markets: two quarters after im-

plementation, wages in low-unemployment counties rise by 3.5%, compared to 2.7% in

counties with relatively higher unemployment gaps. While the difference in magnitude is

modest, it is consistent with the hypothesis that stronger local labor demand facilitates the

spread of wage pressures across jurisdictions.

Figure 2.6c visualizes this dynamic. The dashed red line, representing low-unemployment

counties, shows a stronger post-treatment wage trajectory than the solid green line for high-

unemployment areas. As expected, both remain below the solid black line, which repre-

sents directly impacted counties. Taken together, these �ndings support the wage bargain-

ing channel and suggest that localized labor market conditions play an important mediating

role in shaping the spatial reach of minimum wage spillovers.

2.4.3 HeterogeneousEffectsAcrossEstablishments,andIndustries

This section investigates whether certain types of businesses are more exposed to revenue

losses in the wake of a policy-induced labor cost shock. In particular, I examine hetero-

geneity across four dimensions: establishment size and age, sales volatility, and local com-

petitive intensity.

To explore these factors, I apply the same event-study framework in Equation (2.2) as in

the baseline analysis in Section 2.4.1 and estimate dynamic treatment effects within split-

ted subsamples. Establishments are classi�ed using pre-treatment characteristics measured

91



within the dining restaurant sector and de�ned relative to their local distance cohort. This

ensures that comparisons are drawn among businesses operating in similar geographic and

industry environments.

The analysis proceeds in three parts. In Section 2.4.3, I assess whether smaller and

younger establishments face greater revenue declines, consistent with theories of liquid-

ity constraints and limited market power. Section 2.4.3 explores whether businesses with

higher pre-treatment sales volatility are more sensitive to cost shocks, potentially re�ecting

fragility near the margin of exit. Section 2.4.3 examines how the degree of local market

competition shapes establishment responses, focusing on the ability to pass through wage

increases.

Establishment Size and Age

A merchant's ability to withstand adverse shocks, such as those arising from local minimum

wage increases, can vary considerably based on its �nancial resilience and operational

maturity. In this subsection, I investigate whether smaller and younger establishments are

disproportionately affected by these policy changes, focusing on heterogeneity in sales

responses across size and age categories. This analysis provides insight into the degree

to which establishment-level characteristics mediate policy transmission and complements

prior work emphasizing the vulnerability of small businesses during economic disruptions.

There are several theoretical channels through which establishment size and age may

shape the response to minimum wage increases. Smaller establishments tend to operate

with thinner margins and lower liquidity buffers, rendering them more sensitive to wage

shocks. For instance, [24] argue that smaller-sized businesses might be more vulnerable

when facing negative economic shocks. Similarly, [23] document that many small busi-

nesses experienced severe cash �ow shortages with only a week of cash on hand during the

early stages of the COVID-19 pandemic. Newer businesses, meanwhile, may face com-

pounded vulnerabilities due to their limited customer base, lack of operational experience,
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and restricted access to credit. These constraints reduce their �exibility in adjusting to cost

shocks, such as mandated wage hikes, and amplify revenue risk when faced with demand-

side spillovers.

To empirically examine these hypotheses, I classify establishments based on size and

age using two consistent approaches within the dining restaurant industry and within each

distance cohort, ensuring that comparisons are made among businesses facing similar local

market conditions. For establishment size, I calculate the rolling 12-month lagged total

revenue for each business, requiring at least one year of sales data for inclusion. establish-

ments in the bottom revenue tertile within each distance cohort are classi�ed assmall, while

those in the top tertile are designatedlarge. Notably, this classi�cation introduces a sur-

vivorship bias, since only establishments with at least 12 months of non-missing sales are

included. This likely causes my estimates to understate the true magnitude of the negative

effects.

To measure establishment age, I compute the number of months since the establish-

ment's �rst observed activity in the dataset. Dining restaurants in the bottom tertile within

their distance cohort are de�ned asyoung, while those in the top tertile are categorized as

old. This allows me to compare establishments at different stages of development while

holding industry and local economic exposure constant.

Applying the Equation (2.2), Table 2.6 reports the regression results for size splits, with

sales as the outcome variable. Columns (1) and (2) focus on directly impacted ZIP codes,

comparing small versus large businesses, while Columns (3) and (4) report the analogous

comparison for establishments located 0–25 miles from treated areas. Across both geogra-

phies, I �nd that smaller establishments experience more severe and persistent sales losses

in the months following a minimum wage increase. For example, directly impacted small

restaurants (Column 1) experience peak declines of 11% to 17% between Months 4 and 7,

whereas larger establishments (Column 2) exhibit smaller, though still negative, declines

in the range of 8% to 11%. A similar thought weaker pattern emerges in the spillover zone
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(Columns 3 and 4), where small establishments face pronounced losses that continue for

nearly a year after policy implementation.

These dynamics are visualized in Figures 2.7a and 2.7b, which plot the estimated treat-

ment effects over time for small (solid black) and large (dashed red) establishments in the

directly impacted and 0–25 mile groups, respectively. The divergence in post-treatment

period con�rms that smaller businesses are more vulnerable to both direct and indirect

consequences of minimum wage policies.

Turning to age-based heterogeneity, Columns (1) and (2) of Table 2.7 compare young

and old establishments in directly impacted ZIP codes, while Columns (3) and (4) assess

those in nearby ZIPs. Consistent with the vulnerability hypothesis, young establishments in

both regions exhibit larger declines in sales than their older counterparts. Among directly

impacted establishments, the pattern is not obvious. However, in the 0–25 mile group,

the pattern persists. Young establishments show persistent declines, whereas the effect for

older establishments is smaller and less precisely estimated. For example, there is a decline

between 9% to 12% between Months 2 and 11 for young dining restaurants, compare to a

sales reduction between 3% and 7% for old ones in the same period.

Figures 2.7d further illustrate these patterns. The solid black line representing young

establishments lies consistently below the dashed red line for older establishments across

the entire post-treatment window, highlighting the persistent revenue disadvantage faced

by younger establishments.

Sales Volatility

Business performance volatility is another dimension that may in�uence how establish-

ments respond to cost shocks such as minimum wage increases. In particular, businesses

with more volatile sales streams may have a thinner buffer against negative shocks and

face greater uncertainty in planning and pricing. And also, this might decrease their ability

to absorb the increased costs. In this subsection, I examine whether establishments with
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Table 2.6: Sales Heterogeneity - Establishment Size

This table reports heterogeneity in the effects of local minimum wage increases on small business sales by
establishment size, estimated using the stacked event study speci�cation in Equation (2.2). The outcome
variable is log monthly sales, expressed in percentage terms. Columns (1) and (2) show estimates for small
and large establishments in directly impacted ZIP codes; Columns (3) and (4) report results for those 0–25
miles from treated jurisdictions. The sample includes dining restaurants from 2008 to 2019. Establishments
are classi�ed as “small” or “large” based on lagged 12-month total sales prior to treatment, using bottom
and top tertiles within each event and distance cohort. Only businesses with at least 12 non-missing pre-
treatment months are included to ensure valid classi�cation. All regressions include establishment-by-event
and calendar-month �xed effects. Events overlapping with federal or state minimum wage hikes are excluded.
Sales values are winsorized at the 1st and 99th percentiles. See Section 2.4.3 for additional details.t-statistics
are based on county-clustered standard errors and reported in parentheses. ***, **, and * denote signi�cance
at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: log(Sales)
Group: Directly Impacted 0–25 Miles

Small Large Small Large
Coef�cients (in %) (1) (2) (3) (4)

Variables
Event Month -6 -5.61*** -3.83 -2.68 -7.62***

(-7.48) (-1.59) (-1.47) (-3.83)
Event Month -5 -6.20*** -1.12 -1.94* -2.94

(-5.86) (-0.58) (-1.76) (-1.28)
Event Month -4 -2.62** -4.99*** -0.16 -4.18*

(-2.31) (-3.47) (-0.11) (-1.96)
Event Month -3 -1.37 -3.71 -2.32* -3.79*

(-0.77) (-1.79) (-1.90) (-1.82)
Event Month -2 -2.06 -2.07 -1.26 -0.58

(-1.70) (-1.08) (-0.99) (-0.49)
Event Month 0 -6.32*** -7.77*** -2.85 -1.40

(-4.74) (-5.18) (-1.21) (-0.83)
Event Month 1 -10.64*** -5.84*** -4.31*** -0.39

(-4.61) (-4.46) (-4.42) (-0.19)
Event Month 2 -16.36*** -11.74*** -7.89*** -3.00*

(-6.97) (-7.02) (-2.91) (-1.69)
Event Month 3 -16.16*** -8.37** -5.56*** -4.84**

(-6.46) (-2.79) (-3.21) (-2.30)
Event Month 4 -16.72*** -5.08 -8.11*** -5.68***

(-6.89) (-1.65) (-3.53) (-3.44)
Event Month 5 -17.44*** -2.82 -6.31*** -3.53

(-7.35) (-0.79) (-3.69) (-1.51)
Event Month 6 -19.14*** -8.22** -9.95*** -4.58*

(-5.50) (-2.66) (-4.64) (-1.85)
Event Month 7 -24.46*** -6.96* -11.14*** -5.79

(-7.23) (-2.01) (-7.80) (-1.67)
Event Month 8 -18.46*** -8.36*** -9.76*** -4.57

(-5.27) (-3.29) (-3.93) (-1.61)
Event Month 9 -19.04*** -13.34*** -8.74*** -5.70

(-4.95) (-3.35) (-5.05) (-1.63)
Event Month 10 -17.53*** -9.06*** -10.00*** -2.99

(-4.47) (-3.86) (-4.99) (-0.78)
Event Month 11 -18.18*** -3.36 -5.69*** -4.09

(-6.32) (-1.32) (-4.16) (-1.49)

Fixed Effects
Establishment� Event Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes

R2 0.47284 0.84703 0.60527 0.84977
Observations 21,427 20,632 25,734 24,846
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Table 2.7: Sales Heterogeneity - Establishment Age

This table reports heterogeneity in the effects of local minimum wage increases on small business sales by
establishment age, estimated using the stacked event study speci�cation in Equation (2.2). The dependent
variable is log monthly sales, expressed in percentage terms. Columns (1) and (2) report results for young and
old establishments located in directly impacted ZIP codes, while Columns (3) and (4) present corresponding
results for those located 0–25 miles. The sample includes dining restaurants observed between 2008 and
2019. Establishments are classi�ed as “young” or “old” based on their observed tenure in the dataset, de�ned
as the number of months since �rst recorded activity. A dummy is assigned to businesses in the bottom (top)
tertile of the tenure distribution within each event and distance cohort to identify young (old) establishments.
Only businesses with at least 12 non-missing pre-treatment months are included to ensure valid classi�cation.
All regressions include establishment-by-event and calendar-month �xed effects. Events are excluded if
overlapping federal or state minimum wage hikes occurred during the 24-month window. Sales values are
winsorized at the 1st and 99th percentiles. See Section 2.4.3 for further discussion.t-statistics are based on
county-clustered standard errors and reported in parentheses. ***, **, and * denote signi�cance at the 1%,
5%, and 10% levels, respectively.

Dependent Variable: log(Sales)
Group: Directly Impacted 0–25 Miles

Young Old Young Old
Coef�cients (in %) (1) (2) (3) (4)

Variables
Event Month -6 -0.89 -3.38* -4.38 -6.54***

(-0.46) (-2.07) (-1.66) (-3.48)
Event Month -5 -1.02 -2.50 -4.11** -2.13

(-0.58) (-1.69) (-2.21) (-1.19)
Event Month -4 -0.70 -0.72 -1.40 -1.74

(-0.44) (-0.43) (-0.68) (-1.20)
Event Month -3 1.17 0.80 -2.65* -2.11

(0.74) (0.31) (-1.72) (-1.37)
Event Month -2 0.50 -2.48** -0.80 -2.79**

(0.52) (-2.41) (-0.46) (-2.20)
Event Month 0 -2.68** -5.27** -3.32 -2.04

(-2.74) (-2.68) (-1.23) (-1.08)
Event Month 1 -3.93*** -10.12*** -3.35** -2.43

(-4.01) (-3.41) (-2.25) (-1.39)
Event Month 2 -11.17*** -12.14*** -8.97*** -3.23

(-6.32) (-5.38) (-3.16) (-1.65)
Event Month 3 -7.51*** -10.63*** -8.39*** -3.86*

(-3.38) (-4.36) (-4.15) (-1.97)
Event Month 4 -11.41*** -11.31*** -10.95*** -7.26***

(-6.82) (-7.46) (-3.44) (-3.67)
Event Month 5 -14.59*** -8.20*** -10.95*** -3.79**

(-7.01) (-4.20) (-2.98) (-2.31)
Event Month 6 -13.97** -14.25*** -10.81*** -7.41***

(-2.95) (-9.97) (-3.64) (-2.86)
Event Month 7 -12.37** -17.93*** -12.25*** -7.82***

(-3.14) (-6.62) (-5.38) (-2.93)
Event Month 8 -9.63** -8.03*** -9.61*** -7.94***

(-2.95) (-3.65) (-3.08) (-2.92)
Event Month 9 -10.46** -12.35*** -11.88*** -7.00**

(-3.08) (-3.68) (-4.41) (-2.64)
Event Month 10 -11.06*** -10.53*** -12.34*** -7.80***

(-3.41) (-13.78) (-4.10) (-2.96)
Event Month 11 -11.91*** -6.93*** -9.30*** -3.82

(-5.03) (-6.98) (-3.97) (-1.56)

Fixed Effects
Establishment� Event Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes

R2 0.84102 0.87174 0.85206 0.90671
Observations 19,273 22,782 23,164 27,534
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higher pre-treatment sales volatility suffer more pronounced revenue declines in the wake

of local minimum wage hikes.

Several theoretical and empirical considerations support this hypothesis. From a the-

oretical perspective, volatile revenue patterns may signal underlying operational fragility,

limited pricing power, or exposure to shifting consumer demand. These merchants are

often more reliant on short-term cash �ow to meet �xed obligations, leaving them with

fewer strategic options when faced with rising labor costs. Relatedly, merchants closer to

the threshold of exit, such as those struggling to maintain steady performance, are likely

to exhibit high volatility. [39] emphasize this mechanism, noting that “the impact of the

minimum wage depends on whether a restaurant was already close to the margin of exit.”

In this context, sales volatility serves not just as a measure of dispersion but also as a proxy

for a establishment's distance from the viability margin.

To empirically investigate this relationship, I use Equation (2.2) to estimate dynamic

treatment effects across establishments with varying degrees of pre-treatment volatility.

I calculate the rolling standard deviation of monthly sales over the 12 months prior to

the policy event for each merchant. To ensure comparability, I de�ne volatility groups

within the dining restaurant sector and within each distance cohort. Establishments in the

top tertile are classi�ed ashigh volatility, while those in the bottom tertile are labeled

low volatility. This enables within-industry, within-region comparisons that re�ect local

competitive conditions.

Table 2.8 presents the regression estimates. Columns (1) and (2) focus on directly

impacted ZIP codes, while Columns (3) and (4) report results for establishments located

within 0–25 miles of treated areas. Across both geographies, high-volatility businesses

experience deeper and more persistent revenue declines following the minimum wage in-

crease. In treated ZIP codes, sales for high-volatility establishments fall by more than 10%

in several post-treatment months, compared to smaller and more transitory declines for

their low-volatility counterparts. The gap is particularly wide in the early post-treatment
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period between Months 2 and 6, suggesting a rapid deterioration among establishments

already exhibiting performance instability.

Spillover effects also display notable heterogeneity by volatility. In the 0–25 mile co-

hort, high-volatility restaurants experience sizable losses, with effects peaking near 9% in

Month 9. By contrast, the revenue path for low-volatility establishments is comparatively

stable, with only modest and often statistically insigni�cant declines.

These dynamics are visually summarized in Figures 2.7e and 2.7f, which plot the es-

timated treatment effects for high-volatility (solid black) and low-volatility (dashed red)

establishments in directly impacted and nearby ZIP codes, respectively. The divergence in

trajectories underscores the disproportionate exposure of unstable establishments to both

direct and indirect effects of wage policy changes.

Local Market Competition

The degree of local market competition plays a critical role in shaping how businesses

respond to policy-induced cost shocks such as minimum wage increases. In markets with

more intense competition, businesses are typically constrained in their ability to pass on

cost increases to consumers ([24], and thus may absorb greater revenue losses or reduce

employment. In contrast, businesses operating in less competitive environments may have

greater pricing power, customer loyalty, or limited local substitutes and factors that may

mitigate the revenue consequences of wage shocks.

From a theoretical perspective, imperfect competition models predict that markups and

price adjustment capacity vary inversely with competitive intensity. The marginal cost

shock from a minimum wage increase is more likely to squeeze pro�ts when markups are

already compressed by competition. Additionally, competitive pressure may discourage

establishments from raising prices, fearing customer loss to rivals. These dynamics suggest

that businesses in high-competition environments may face more acute margin compression

and greater exposure to revenue declines.
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(a) Directly Impacted (b) 0-25 Miles

(c) Directly Impacted (d) 0-25 Miles

(e) Directly Impacted (f) 0-25 Miles

Figure 2.7: Merchant Heterogeneity - Size, Sales Volatility, and Age

This �gure presents heterogeneous effects of local minimum wage increases across different establishment
characteristics using Equation (2.2), with regression results reported in Tables 2.6, 2.7, and 2.8. Panels
are grouped by establishment size (top row), age (middle row), and sales volatility (bottom row), and each
comparison is shown separately for directly impacted ZIP codes and ZIP codes located 0–25 miles away from
treated jurisdictions.
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Table 2.8: Sales Heterogeneity - Establishment Sales Volatility

This table reports heterogeneity in the effects of local minimum wage increases on small business sales by
establishment-level sales volatility, estimated using the stacked event study speci�cation in Equation (2.2).
The dependent variable is log monthly sales, expressed in percentage terms. Columns (1) and (2) report
estimates for high- and low-volatility establishments in directly impacted ZIP codes; Columns (3) and (4)
present the corresponding results for those 0–25 miles. The sample includes dining restaurants observed
between 2008 and 2019. Volatility is measured as the standard deviation of monthly sales over the 12-month
pre-treatment period. Within each event and distance cohort, establishments are classi�ed into high- or low-
volatility groups based on top and bottom tertiles of this measure. All establishments are required to have at
least 12 non-missing pre-treatment months for valid classi�cation. All regressions include establishment-by-
event and calendar-month �xed effects. Events overlapping with federal or state minimum wage hikes are
excluded. Sales values are winsorized at the 1st and 99th percentiles. See Section 2.4.3 for additional details.
t-statistics are based on county-clustered standard errors and reported in parentheses. ***, **, and * denote
signi�cance at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: log(Sales)
Group: Directly Impacted 0–25 Miles

High Sales Volatility Low Sales Volatility High Sales Volatility Low Sales Volatility
Coef�cients (in %) (1) (2) (3) (4)

Variables
Event Month -6 -2.81 -3.57** -9.17** -1.82

(-1.12) (-2.78) (-2.49) (-1.34)
Event Month -5 0.81 -3.61*** -3.17 -0.77

(0.32) (-4.24) (-1.00) (-0.80)
Event Month -4 -1.89 -0.87 -2.50 -0.59

(-0.71) (-0.58) (-0.93) (-0.82)
Event Month -3 0.35 -0.73 -4.41 0.05

(0.14) (-0.60) (-1.53) (0.06)
Event Month -2 -1.96 -1.60** -0.90 -0.08

(-1.10) (-2.53) (-0.45) (-0.12)
Event Month 0 -11.26*** -2.50** -5.53* 0.95

(-5.65) (-3.11) (-1.79) (0.76)
Event Month 1 -6.98*** -7.85*** -1.98 -0.69

(-3.39) (-5.33) (-0.99) (-0.63)
Event Month 2 -17.05*** -6.49*** -8.66*** -3.75***

(-5.70) (-3.46) (-2.71) (-2.89)
Event Month 3 -11.93*** -8.04*** -8.73*** -3.17

(-4.63) (-4.62) (-2.74) (-1.61)
Event Month 4 -12.28*** -9.54*** -10.97*** -4.79***

(-5.36) (-6.72) (-3.26) (-3.21)
Event Month 5 -9.04** -9.17*** -8.86** -2.19**

(-3.12) (-10.45) (-2.17) (-2.28)
Event Month 6 -12.69*** -11.49*** -8.97** -6.43***

(-3.71) (-4.49) (-2.37) (-3.70)
Event Month 7 -9.81*** -11.74*** -8.78* -6.62***

(-3.35) (-7.20) (-1.76) (-4.01)
Event Month 8 -11.82*** -4.34* -6.65* -5.12***

(-4.16) (-2.09) (-1.98) (-2.82)
Event Month 9 -11.22*** -9.14*** -9.29** -6.82***

(-3.78) (-3.29) (-2.28) (-3.62)
Event Month 10 -14.15*** -9.16*** -7.15** -5.91***

(-8.69) (-4.56) (-2.29) (-3.09)
Event Month 11 -8.11** -8.63*** -6.24*** -3.39**

(-2.73) (-7.73) (-2.88) (-2.19)

Fixed Effects
Establishment� Event Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes

R2 0.87959 0.81704 0.88000 0.83793
Observations 20,531 21,643 24,966 25,568
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To examine this hypothesis empirically, I again estimate Equation (2.2) and classify

establishments based on a proxy for local competitive intensity. Speci�cally, I compute

the Her�ndahl-Hirschman Index (HHI) of total revenue shares within the dining restaurant

industry and within ZIP codes, using a 12-month lagged window prior to treatment. HHI

is calculated for each ZIP within a distance cohort, ensuring that establishments are com-

pared within geographically proximate and economically similar markets. ZIP codes are

then sorted into competition terciles based on this lagged HHI distribution. Establishments

located in ZIP codes in the bottom tertile are designated as operating in high-competition

areas, while those in the top tertile are classi�ed as low-competition.

Table 2.9 presents the results. Columns (1) and (2) report treatment effects for estab-

lishments in directly impacted ZIP codes, split by local competition, while Columns (3)

and (4) cover establishments located 0–25 miles away from treated areas. The �ndings

are consistent with the hypothesis: establishments in more competitive markets experience

signi�cantly larger and more persistent declines in revenue following minimum wage hikes.

In directly treated ZIP codes, high-competition areas (Column 1) show large and sus-

tained sales losses of 13% to 19% between Months 2 and 10, while establishments in

low-competition areas (Column 2) experience smaller and less persistent declines in the

range of 6% to 9%. Similarly, in the spillover region (Columns 3 and 4), sales in high-

competition ZIP codes fall by as much as 11%, whereas those in low-competition areas

decline by no more than 6%. The gap is particularly evident in the early post-treatment

period and persists over time.

These dynamics are further visualized in Figures 2.8a and 2.8b, which plot the revenue

responses over time for high-competition (solid black) and low-competition (dashed red)

groups. The steeper and more sustained decline among establishments in more competitive

ZIP codes reinforces the idea that competitive frictions amplify the transmission of labor

cost shocks into establishment revenues.

Overall, the results in this subsection suggest that market structure meaningfully medi-
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(a) Directly-Impacted

(b) 0-25 Miles

Figure 2.8: Sales Heterogeneity - Local Market Competition

This �gure presents heterogeneous treatment effects by local market competition, estimated using Equa-
tion (2.2). Results correspond to Table 2.9. Panels distinguish between ZIP codes directly impacted by local
minimum wage increases (Panel A) and those located 0–25 miles away (Panel B). Her�ndahl-Hirschman
Index (HHI) measures of establishment revenue is calculated within dining restaurant industry, ZIP code, and
distance cohort.
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Table 2.9: Sales Heterogeneity - Local Market Competition

This table reports heterogeneity in the effects of local minimum wage increases on small business sales
by local market competition, estimated using the stacked event study speci�cation in Equation (2.2). The
dependent variable is log monthly sales, expressed in percentage terms. Columns (1) and (2) report estimates
for high- and low-competition areas in directly impacted ZIP codes; Columns (3) and (4) present results for
establishments located 0–25 miles. The sample includes dining restaurants observed between 2008 and 2019.
Competition is measured using the Her�ndahl-Hirschman Index (HHI), calculated based on total industry
sales within each ZIP code over the 12 months prior to the policy. Establishments are assigned to high-
or low-competition groups based on whether their ZIP code's lagged HHI falls in the bottom or top tertile
within each event and distance cohort. All establishments are required to have at least 12 non-missing pre-
treatment months. All regressions include establishment-by-event and calendar-month �xed effects. Events
overlapping with federal or state minimum wage hikes are excluded. Sales values are winsorized at the 1st
and 99th percentiles. See Section 2.4.3 for further discussion.t-statistics are based on county-clustered
standard errors and reported in parentheses. ***, **, and * denote signi�cance at the 1%, 5%, and 10%
levels, respectively.

Dependent Variable: log(Sales)
Group: Directly Impacted 0–25 Miles

High Competition Low Competition High Competition Low Competition
Coef�cients (in %) (1) (2) (3) (4)

Variables
Event Month -6 -4.49*** -0.12 -3.96* -6.00***

(-4.62) (-0.11) (-1.86) (-3.05)
Event Month -5 -2.89* 0.73 -1.14 -3.63*

(-2.13) (0.46) (-0.46) (-1.84)
Event Month -4 -4.71*** 0.83 -1.46 -1.83

(-7.20) (0.49) (-1.02) (-0.98)
Event Month -3 -1.56 2.14 -2.72* -2.89

(-1.37) (1.47) (-1.99) (-1.08)
Event Month -2 -0.21 -0.66 -0.42 0.61

(-0.21) (-0.63) (-0.27) (0.37)
Event Month 0 -7.45*** -2.79** -1.63 -2.14

(-9.32) (-2.90) (-0.89) (-1.05)
Event Month 1 -8.84*** -5.33*** -2.64 -2.28**

(-5.99) (-3.63) (-1.39) (-2.13)
Event Month 2 -11.18*** -9.77*** -4.89** -4.18***

(-8.97) (-3.90) (-2.23) (-2.86)
Event Month 3 -11.05*** -8.04*** -8.86*** -3.67**

(-9.67) (-6.71) (-3.38) (-2.06)
Event Month 4 -10.34*** -8.79*** -7.81*** -6.11***

(-6.54) (-5.27) (-3.28) (-4.82)
Event Month 5 -9.83*** -9.01*** -6.17* -2.05

(-5.04) (-4.17) (-1.87) (-1.56)
Event Month 6 -13.66*** -6.87** -9.06*** -6.74***

(-10.87) (-3.23) (-3.16) (-3.73)
Event Month 7 -18.60*** -8.95** -8.30** -8.15**

(-10.38) (-3.32) (-2.61) (-2.60)
Event Month 8 -16.40*** -4.15*** -10.97*** -3.43*

(-15.51) (-3.86) (-4.33) (-1.94)
Event Month 9 -17.89*** -7.26** -8.62*** -7.77**

(-15.65) (-3.02) (-3.16) (-2.27)
Event Month 10 -15.53*** -8.84*** -9.79*** -4.59*

(-9.62) (-4.67) (-3.96) (-1.71)
Event Month 11 -13.50*** -5.33** -7.85*** -1.89

(-7.03) (-2.83) (-2.78) (-1.27)

Fixed Effects
Establishment� Event Yes Yes Yes Yes
Calendar Month Yes Yes Yes Yes

R2 0.85856 0.86035 0.88060 0.90859
Observations 23,246 19,432 26,418 24,312
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ates the effects of local minimum wage policies on small business performance. establish-

ments in highly competitive environments, where pricing �exibility is limited and margins

are compressed, face deeper and more prolonged revenue declines.

2.5 Conclusion

This paper provides new evidence on the broader economic consequences of local min-

imum wage policies by focusing on small business performance and regional spillovers.

Leveraging high-frequency sales and visitation data from over 15 million establishments,

I document sharp and persistent revenue declines following minimum wage hikes in di-

rectly impacted jurisdictions, with effects that spill over into surrounding areas up to 50

miles away. The evidence points to both labor cost and consumer demand channels driving

these declines, and the effects are stronger in sectors and establishments more exposed to

minimum wage labor.

The results reveal signi�cant heterogeneity across establishments. Smaller, younger,

and more volatile businesses face greater revenue declines, as do those operating in highly

competitive markets where pricing power is constrained. These �ndings are consistent

with models of limited cost pass-through and highlight the distributional implications of

labor regulation across business types. In regions where small businesses are the dominant

form of economic activity, local wage policies may therefore have broader implications for

economic resilience and job creation.

Further analysis using county-level administrative wage data con�rms the presence of

wage spillovers in neighboring areas. These effects are strongest in counties characterized

by lower personal income, tighter labor markets, and lower marginal commute costs, which

are the conditions that amplify the bargaining power of workers and the ability of labor

to reallocate across geographic boundaries. The alignment between the spatial patterns

of wage and revenue spillovers strengthens the interpretation that regional labor markets

transmit policy-induced cost shocks beyond city boundaries.
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Taken together, the evidence suggests that local minimum wage increases generate eco-

nomically meaningful and geographically diffuse costs for small businesses, particularly in

sectors with high exposure to low-wage labor, such as dining restaurants. These costs ex-

tend beyond directly regulated jurisdictions and disproportionately affect �nancially con-

strained and competitively exposed establishments. While local minimum wage policies

are designed to enhance worker welfare, their unintended consequences for small business

performance remind careful consideration. Policymakers should account for regional inte-

gration in labor and product markets when designing and evaluating local labor regulations.
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APPENDIX A

MISCELLANEOUS SECTION FOR CHAPTER 1
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Figure A1.1: Temperatures - Contiguous 48 States, 1901–2021
This �gure shows how annual average temperatures in the contiguous 48 states have changed since 1901.
Surface data come from land-based weather stations. Satellite measurements cover the lower troposphere,
which is the lowest level of the Earth's atmosphere. “UAH” and “RSS” represent two different methods
of analyzing the original satellite measurements. This graph uses the 1901–2000 average as a baseline for
depicting change. Choosing a different baseline period would not change the shape of the data over time.
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Figure A1.2: Rate of Temperature Change, 1901–2021
This �gure shows how annual average air temperatures have changed in different parts of the United States
since the early 20th century (since 1901 for the contiguous 48 states and 1925 for Alaska). The data are
shown for climate divisions, as de�ned by the National Oceanic and Atmospheric Administration.
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Figure A1.3: Heat and Cold Shocks from 2006 to 2023 at U.S. County Level
This �gure illustrates the percentage of years during 2006-2023 a given county has exposed to extreme
weather events. The top panel shows counties that experienced extreme heat events, de�ned as days with
temperatures exceeding 100°F, while the bottom panel displays counties affected by extreme cold events,
de�ned as days with temperatures below 32°F. The grey areas are not exposed to extreme events during the
period. The maps highlight the regional patterns and frequency of these temperature shock events at annual
level over the speci�ed period.
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