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Abstract

Mandated information disclosure is intended to help households recognize and avoid

environmental health risks, but its effects depend on whether warnings arrive on time

and reach the people at risk. This paper studies the impact of public notification of

acute microbial drinking water violations, which require notice within 24 hours. Using

administrative records, I construct the first national measure of recorded notification

timing and link it to weekly NielsenIQ bottled water sales for 2,283 U.S. counties from

2006 to 2019. Only about one-fifth of acute violations have a record of on-time noti-

fication; the remainder are delayed or have no recorded notification. Separating the

recorded notification week from the broader violation window, I find that bottled water

sales increase by an additional 31% in the week an on-time notice is recorded, but do

not increase when delayed notices are recorded. I also find some evidence of costly in-

formation spillovers: bottled water sales rise in an unaffected county after timely notices

affecting residents of its neighboring counties. Household purchase-location data pro-

vide no evidence that this response reflects affected residents shopping across county

lines. Dynamic estimates are consistent with shared local media accelerating responses

in adjacent counties, whereas nonadjacent counties show no systematic response even

when sharing a local television market or strong social ties to the affected county. The

findings show that the effectiveness of right-to-know regulation depends on timely im-

plementation and clearly communicating the geographic scope of risk.
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1 Introduction

Mandatory information disclosure about environmental hazards has become an integral

part of public policy. Governments increasingly rely on transparency to help citizens rec-

ognize and avoid health risks associated with environmental pollution. Disclosure require-

ments are widely used to warn about risks from air and drinking water pollution, toxic re-

leases, and unsafe products, reflecting a broad consensus on the importance of information

provision in regulation (Fung, Graham, and Weil 2007; Dranove and Jin 2010; Loewen-

stein, Sunstein, and Golman 2014). Yet the effectiveness of these policies depends on when

information reaches the public and how far it spreads. Warnings that arrive too late may fail

to prompt timely protection, while information that spreads beyond the exposed population

may induce precautionary behavior where the underlying hazard is absent (Viscusi 1997;

Handel and Schwartzstein 2018; Bordalo, Gennaioli, and Shleifer 2022). These temporal

and spatial frictions can leave exposed households insufficiently protected while generating

costly avoidance elsewhere.

This paper studies how such informational frictions shape the public response to drink-

ing water quality violations in the U.S. Specifically, I ask how the timing of mandated risk

disclosure shapes avoidance behavior in directly affected communities, and whether infor-

mation about a local violation can change behavior in nearby communities that are not

served by the violating water systems. In a typical year, 10–20% of Americans are served

with water that violates health-based standards under the Safe Drinking Water Act (SDWA)

(Allaire, Wu, and Lall 2018; Keiser et al. 2023). Waterborne contaminants, from microbial

pathogens to toxic chemicals, cause both acute illnesses and long-term health risks (Hill

and Ma 2022; Keiser et al. 2023; DiSalvo and Hill 2024). Federal regulation requires wa-

ter systems to notify consumers of acute violations within 24 hours, yet government audits

have repeatedly documented systematic gaps in compliance (USGAO 1992, 2011; USEPA-

OIG 2019). At the same time, because public notices can be communicated through local

television and radio, information about a water problem can reach households outside the

directly affected service area, raising the prospect of costly behavioral spillovers in commu-
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nities that are not themselves at risk.

I use data on all acute microbial violations in U.S. community water systems between

2006 and 2019 from the Environmental Protection Agency’s (EPA) Safe Drinking Water In-

formation System (SDWIS). I link each violation to state records from the EPA’s Enforcement

and Compliance History Online (ECHO) system documenting when state primacy agencies

received certification of public notification. This allows me to construct the first national

measure of recorded public notification timing for acute violations, classifying each as on-

time, late, or having no recorded notification. Using EPA’s CommunityWater System Service

Area Boundaries, I allocate each system’s served population across the counties covered by

its service area. I then merge violations with NielsenIQ Retail Scanner data on bottled water

sales from a consistent set of stores, aggregated to a balanced panel of 2,283 counties ob-

served weekly over fourteen years and covering approximately 95% of the U.S. population;

bottled water sales serve as a revealed-preference measure of pollution avoidance behavior

at the community level. The main panel fixed-effects specification exploits week-to-week

variation in acute violations and recorded notification activity within county-years to esti-

mate responses in affected and neighboring counties, controlling for temperature, precipi-

tation, flood events, national weekly shocks, and state-specific seasonality. I enter exposure

over the administrative violation window jointly with exposure in the recorded notification

week, separating purchasing during the violation from the additional response associated

with notification. I complement these estimates with notification-centered event studies, a

difference-in-differences estimator robust to heterogeneous treatment effects (de Chaise-

martin and D’Haultfœuille 2024), and a stacked difference-in-differences study (Cengiz et

al. 2019) of 21 large-system violations.

My measure of recorded notification timing classifies only about one-fifth of acute vi-

olations as on-time, while nearly half are delayed and nearly one-third have no recorded

notification. The estimates show that these differences in timing matter for consumer avoid-

ance behavior. For an on-time notice covering the entire county, bottled water sales increase

by an additional 31% in the week the notice is recorded. Separately accounting for the noti-

fication week reduces the estimated increase over the broader violation window from 14.5%
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to 9.0%—a 38% reduction—showing that specifications based only on the violation window

partly absorb the purchasing response concentrated around timely notification. For viola-

tions with delayed notification, sales increase by about 7% over the violation window, and

this estimate remains unchanged when notification-week exposure is added; however, sales

do not increase when the delayed notice is eventually recorded. The coefficient for viola-

tions with no recorded notification is not statistically distinguishable from zero. Event-study

estimates reinforce this timing contrast, including under an estimator robust to heteroge-

neous treatment effects, while a stacked difference-in-differences analysis of large-system

events likewise finds a response to on-time but not delayed notification.

I find some evidence that timely notification also changes purchasing behavior beyond

the affected county. Controlling for violations and notifications in their own county, counties

adjacent to a county in which an on-time notice is recorded increase bottled water purchases

by about 15% on average over the notification week and the following two weeks, whereas

delayed notices produce no comparable response. The stacked difference-in-differences

analysis of large-system events also finds an increase of about 14% in adjacent counties in

the notification week. Importantly, I find no evidence that the spillover effect is driven by

affected-county residents shopping across county lines. Using NielsenIQ Homescan data,

which can identify both a household’s county of residence and the county in which its pur-

chases are made, I show that affected-county households increase purchases within their

home county during violations with on-time notification but do not increase purchases out-

side it. This evidence weighs against cross-county shopping as the primary explanation for

the spillover effects.

To explore how information may reach neighboring communities, I compare adjacent

counties that do and do not share the affected county’s Nielsen Designated Market Area

(DMA), a group of counties served by the same local television market. Dynamic estimates

are consistent with shared local media accelerating the response: sales increase in the noti-

fication week in adjacent counties within the same DMA, whereas the response in adjacent

counties outside the DMA emerges one to two weeks later. Nonadjacent counties show no

systematic response even when they share a DMA or have strong social ties to the affected
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county, measured using Facebook’s Social Connectedness Index (SCI). These patterns sug-

gest that the spillover is geographically localized and that shared local media may accelerate

responses in neighboring communities. I also find little evidence that the direct or spillover

responses vary systematically across county or household characteristics, including prior

experience with drinking water violations.

As a final extension, I examine whether delayed or missing notification is associated

with short-run health-related purchasing using sales of over-the-counter gastrointestinal

medications. I find that diarrhea-remedy sales increase by 25–40% during the third through

fifth weeks after the start of the noncompliance window with no recorded notification. The

effects do not appear during or following violations with on-time or delayed notification.

Because medication purchases are an indirect proxy for symptoms and I do not observe

emergency department visits, hospital admissions, or other clinical outcomes, I interpret

this pattern as suggestive evidence of health-related purchasing rather than as evidence of

a health effect.

This paper contributes to two strands of literature at the intersection of environmen-

tal policy, information economics, and behavioral responses to risk. First, I contribute to

the literature on environmental information disclosure and household avoidance behavior.

Prior research on the Safe Drinking Water Act examines how disclosure requirements affect

regulatory compliance and violation outcomes (Bennear and Olmstead 2008; Baker, Benn-

ear, and Olmstead 2022). Related work examines bottled water purchasing in response to

contamination concerns associated with shale-gas development and the Flint water crisis

(Wrenn, Klaiber, and Jaenicke 2016; Christensen, Keiser, and Lade 2023). Previous stud-

ies on avoidance behavior in response to drinking-water contamination estimate changes

in bottled water purchases during the administrative violation period without separately

identifying when public notification occurred (Zivin, Neidell, and Schlenker 2011; Allaire

et al. 2019). Closest to this paper, Marcus (2022) examines household bottled water pur-

chases during acute coliform violations in North Carolina and finds a 78% increase during

the violation month. For acute violations, the analysis in Marcus (2022) uses the statu-

tory requirement of notification within 24 hours to characterize notification as immediate,
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rather than using observed notification dates to determine whether and when consumers

were notified.1 I build on this work by constructing a national measure of recorded notifica-

tion timing for acute microbial violations and showing that the legal requirement does not

reliably describe implementation. This enables me to distinguish exposure over the admin-

istrative noncompliance window from exposure in the week notification activity is recorded.

The distinction matters for measuring avoidance behavior and evaluating notification pol-

icy: accounting separately for the notification week reduces the violation-window response

by more than one-third and reveals that the largest purchasing response is concentrated in

the week timely notification is recorded.

Second, this paper contributes to the literature on behavioral spillovers from risk in-

formation. Identifying such spillovers is important for evaluating the full behavioral and

economic effects of disclosure policies. Prior work documents that risk information can af-

fect behavior beyond the consumers or products directly targeted by a warning or recall

(Shimshack, Ward, and Beatty 2007; Freedman, Kearney, and Lederman 2012), includ-

ing through shared media markets and social connections (Gallagher 2014; Hu 2022).

Drinking-water studies have not, however, examined whether formal public notifications

generate avoidance responses in nearby communities outside the affected service area. I

provide, to my knowledge, the first national evidence suggesting that timely public notifi-

cations of acute microbial violations generate behavioral spillovers. Household purchase-

location data provide no evidence that these spillovers are driven by impacted residents

crossing county lines to purchase bottled water. From a policy perspective, the findings im-

ply that while timely disclosure is important for alerting affected households to the health

risks, it can also induce defensive expenditures beyond the population exposed to the under-

lying hazard, underscoring the importance of clearly communicating the geographic scope

of risk.

To gauge the economic magnitude of these responses, back-of-the-envelope calculations

attribute about $0.61 million in additional bottled water sales in directly affected counties

1. Marcus (2022) also studies monthly (non-acute) coliform violations and uses observed public notification distribution dates to

compare violations with more and less rapid notification. My analysis focuses on acute microbial violations, for which notification is

required within 24 hours.
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to timely notification of acute microbial violations between 2006 and 2019, and another

$2.18 million to the broader violation-window for both timely and delayed notification.

Had delayed notices instead been issued on time, the estimates imply $1.13 million in ad-

ditional affected-county purchases, assuming they generated the same response as timely

notices. Spillover estimates imply approximately $0.53 million in additional purchases fol-

lowing timely notifications in neighboring counties. Together, these findings have two pol-

icy implications. First, effective disclosure requires timely implementation so that affected

households can take protective action. Second, public notices should clearly identify the

affected water systems and service areas so that households in surrounding communities

can determine whether a warning applies to their water.

The remainder of the paper proceeds as follows. Section 2 describes the institutional

framework governing drinking water regulation and public notification. Section 3 details

the data and their construction. Section 4 describes the empirical strategy. Section 5

presents the main results, Section 6 examines mechanisms and robustness, Section 7 ex-

tends the analysis to gastrointestinal medication sales, and Section 8 concludes.

2 Background

2.1 Safe Drinking Water Act

The 1974 Safe Drinking Water Act (SDWA) is the main statute that regulates the national

public drinking water supply with the goal of protecting public health from contaminants

in the water. The law covers around 150,000 public water systems, which are classified

into three types based on the number of people served and the length of the service pe-

riod. About 50,000 are community water systems (CWSs), which supply drinking water

to the same population year-round and collectively serve nearly 90% of the U.S. popula-

tion. The remaining systems are non-community systems, including systems serving schools

and workplaces as well as transient facilities such as campgrounds and restaurants. Pri-
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vate wells, which primarily serve rural households, fall outside SDWA regulation (USEPA

2015b).

The SDWA authorizes the Environmental Protection Agency (EPA) to set national drink-

ing water standards for public water systems. The National Primary Drinking Water Reg-

ulations (NPDWR) include enforceable Maximum Contaminant Level (MCL) standards for

more than 90 contaminants during the sample period, as well as Maximum Residual Disin-

fectant Level (MRDL) and Treatment Technique (TT) requirements to ensure public water

safety (USEPA 2015a). The EPA also establishes monitoring and reporting requirements

specifying the methods and frequency of contaminant testing, and how results are reported

to regulators and the public. The enforcement responsibility under the SDWA, known as

primacy, is delegated to 49 states, territories, and Indian tribes.2 To retain this authority,

primacy agencies must continuously meet certain requirements, such as promulgating reg-

ulations with at least the same degree of stringency as at the federal level. They also must

monitor public water systems and maintain record-keeping. The states have the authority

to take enforcement actions against public water systems to compel compliance with the

federal and local drinking water regulations.

Community water systems source their water from groundwater or surface water re-

sources and undertake the treatment and distribution to the served population. They can

also buy treated water from other systems. To ensure that their finished water satisfies

health-based requirements of the SDWA, systems are required tomonitor their water against

numerical standards of contaminants and to use specific treatment techniques. Systems re-

port about the quality of their drinking water to their primacy agencies. When the systems’

water quality does not satisfy NPDWR requirements, they incur health-based violations.

2.2 Public Notification Rule

Under the SDWA, public water systems are required to inform consumers of health-based

water quality violations and certain monitoring and reporting violations. The Public Notifi-

2. I refer to them as states or primacy agencies in the subsequent text.
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cation (PN) Rule ensures consumers have a “right to know” about drinking-water violations

and situations that may pose a risk and specifies the content, timing, and delivery channels

of required notices, with requirements tiered by severity.

EPA distinguishes three public notification tiers. Tier 1 notices apply to violations that

pose an acute and serious risk to public health from short-term exposure. For these viola-

tions, systems must issue a public notice within 24 hours of learning of the violation, using

one or more approved delivery methods such as broadcast media, public posting, hand de-

livery, or another method approved by the primacy agency. Tier 1 notices generally advise

consumers not to drink the water without boiling it first, or to use an alternative source

such as bottled water. Appendix Table A1 maps specific contaminants and rules to required

public notification content such as the affected populations, health risks and recommended

actions. Tier 2 and Tier 3 notices apply to less urgent violations involving long-term risks

or monitoring and reporting failures and allow substantially longer notification timelines

and lower-salience delivery methods (USEPA 2010, 2023b; USEPAOIG 2019).3 Because this

study examines immediate consumer responses to acute risks, it focuses on Tier 1 health-

based violations.

Content requirements are standardized across notices. The notices must describe the

violation and when it occurred, identify the population at risk and potential health effects,

explain what the system is doing to correct the problem, provide recommended consumer

actions (including whether alternative water should be used), and indicate when the system

expects to return to compliance. Systems must also submit a “certification” to the primacy

agency within ten days of issuing a public notice, including a copy of the notice and the

method and date of distribution (USEPA 2023b). This allows states to verify whether a

water system complied with the Public Notification Rule following a violation.

While the PN Rule sets out clear delivery requirements, federal oversight has documented

persistent gaps between rule and practice. A 1992 Government Accountability Office (GAO)

investigation reviewed 167 serious violations and found that public notices were issued in

3. Tier 3 notices may be combined with annual Consumer Confidence Reports and must be provided within one year of the system

learning of the violation.
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only 68 cases, with more than 70% of those notices delivered weeks or months after the

violation occurred (USGAO 1992). The 1996 amendments to the SDWA and the revised

PN Rule issued in 2000 sought to address these failures by focusing requirements on acute

violations and streamlining the notification process. Subsequent audits, however, indicate

that compliance problems have remained widespread. A 2011 GAO report estimated that

roughly one quarter of health-based violations and the large majority of monitoring vio-

lations were either unreported or inaccurately reported by state primacy agencies, limit-

ing EPA’s ability to verify compliance or to confirm that the public had been adequately

informed (USGAO 2011). In 2019, the EPA Office of Inspector General reached similar

conclusions, finding that several state primacy agencies did not ensure that water systems

consistently issued required public notices, particularly for Tier 3 notices (USEPAOIG 2019).

3 Data

The empirical analysis draws on EPA administrative records of drinking water violations

at public water systems and states’ receipt of public-notification certifications, EPA maps

of community water-system service areas, retail scanner data on bottled water sales, and

several auxiliary sources used to characterize geographic and informational connections

across counties.

3.1 Drinking Water Violations

I use the National Downloads from EPA’s Enforcement and Compliance History Online

(ECHO) system, which mirrors the Safe Drinking Water Information System (SDWIS) fed-

eral database. SDWIS gathers information about public water systems and their compliance

history. States are responsible for maintaining inventory and record-keeping of the activ-

ities of the public water systems under their jurisdiction. Most states store their data at

the SDWIS/State system designed to be used by states. Each quarter, states must submit
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updates about public water systems’ performance to the SDWIS/Fed national database.4

The federal database contains information about all the water systems, such as geographic

area or service population. The violations section contains the noncompliance period start

and end date, the rule being violated, and the main contaminant. Since the system also

records the return-to-compliance date, I follow USEPA (2013) to find an effective violation

end date.

I focus only on an Acute Pathogens category. Following Allaire et al. (2019), I construct

this category by grouping Tier 1 MCL violations for fecal indicators (e.g., fecal coliforms

and E. coli), violations of the MRDL for chlorine dioxide, and turbidity exceedances that

indicate potential breakthrough of pathogens.5 Their corresponding Tier 1 notices explic-

itly describe acute gastrointestinal or nervous system symptoms, identify populations at

risk, and recommend averting actions such as boiling water or using bottled water. Viola-

tions may affect the entire service population or only a portion of the distribution system;

however, SDWIS does not provide information on the spatial extent of exposure within a

system.6

The SDWIS database does not record the exact dates when contamination begins or

ends. Instead, it reports the start and end of the administrative noncompliance period, as

well as the date when a system returned to compliance. These fields are defined in the

SDWIS data dictionaries as regulatory noncompliance windows rather than the physical

duration of unsafe water exposure. Consistent with EPA guidance, pathogen rules such as

the Total Coliform Rule are evaluated over monthly compliance periods, so SDWIS typically

records Tier 1 pathogen violations with noncompliance durations of approximately 30 days

(see Appendix Table A2). The SDWIS noncompliance period nevertheless corresponds to

the window during which a violation is formally recognized by regulators, and therefore

4. Because the analysis begins with violations recorded in SDWIS, it cannot capture violations absent from the federal records. Such

events are absent from both the violation and notification measures, so the estimates apply to recorded acute microbial violations.

5. SDWIS records each violation’s public-notification tier, and I keep violations recorded as Tier 1.

6. Compared to Allaire et al. (2019), I also keep systems that serve less than 500 people, which comprise about 50% of community

water systems. The authors exclude very small community water systems because they have different monitoring requirements and report

irregularly (Allaire et al. 2019). However, Michielssen, Vedrin, and Guikema (2020) note that after the 2015 Revised Total Coliform Rule

(RTCR), very small systems accounted for an increased share of health-based violations. Including very small systems does not affect the

interpretation of the results, as the empirical analysis aggregates violations to the county level using population weights, limiting the

influence of any single small system.
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constitutes the relevant reference period for public notification and enforcement actions,

even if it does not coincide exactly with the physical duration of unsafe water.

3.2 CWS Service Area Boundaries

SDWIS records the counties each community water system serves, but it often assigns a

system to a single county even when its service area extends into neighboring counties.7

To measure where the people served by each system live, I use EPA’s Community Water

System Service Area Boundaries, version 2.1 (USEPA 2025), which link each service area

to the 2020 census blocks it covers. I split each system’s SDWIS population served across

the counties its service area covers, in proportion to the service-area population in each

county, ignoring negligible overlaps (Appendix B.0).8

3.3 Public Notification Timing

The EPA’s Enforcement and Compliance History Online (ECHO) database also records en-

forcement actions taken by primacy agencies in response to drinking water violations. These

actions are classified as formal or informal, with informal actions typically consisting of

correspondence between regulators and water systems, such as notifications regarding vi-

olations or public notification compliance. Enforcement actions can be linked to specific

violations and include information on the action date, the originator (state or EPA region),

the enforcement category, and the action type. States are responsible for recording enforce-

ment actions in the ECHO database.

Several types of informal enforcement actions explicitly reference public notification, in-

cluding records indicating when a state requested, received, or issued a public notice. As

discussed in Section 2.2, water systems are required to submit a public notification certifica-

7. For example, SDWIS assigns the City of Austin’s water system, which serves about 1.1 million people, only to Travis County, Texas,

but its service area extends into Williamson County: about 7 percent of the people it serves live there, 14 percent of Williamson County’s

population. More generally, Austin, Bardot, and El-Khattabi (2024) show that conclusions about disparities in drinking water quality can

depend on which service area boundaries are used.

8. Under this assignment, 1,115 of the 54,288 systems operating during 2006–2019 serve more than one county, compared with 144

in SDWIS.
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tion to the primacy agency within ten days of issuing a notice to the public when they have

a violation. Appendix Figure A1 presents a sample certification form (USEPA 2010). In ad-

dition, each violation tier is subject to a regulatory deadline for issuing public notification,

which is 24 hours for Tier 1 health-based violations.

I use the timing of these enforcement action records to classify public notification associ-

ated with each health-based violation as on-time, late, or never notified. I construct measures

of public notification timing based on the effective violation end date, the date a primacy

agency received or issued a public notification, and the date a boil water order (BWO) was

issued, when available. A public notification is classified as on-time under either of two con-

ditions. First, the state itself, not a water system, issued a public notification or boil water

order on or before the effective violation end date. Second, the state received certification

of public notification from the water system on or before the effective violation end date or

within eleven days after it, consistent with the ten-day certification requirement specified

in the Public Notification Rule. If the state received certification of public notification after

this window, the notification is classified as late. Violations for which there is no record of

any public-notification-related informal enforcement action are classified as never notified.

Appendix Figure A2 displays the distribution of the constructed public notification timing

measures at the system level across all violation categories. Among the 5,578 acute mi-

crobial violations, 1,184 (21.2%) are classified as on-time, 2,586 (46.4%) as delayed, and

1,808 (32.4%) as having no recorded notification.

Several features in the construction of the timing measure might risk its misclassifica-

tion. First, it records when the primacy agency learned that the public had been notified,

not when the notice reached households; a system that notified promptly but certified late,

or did not certify at all, could be classified as late or as never notified. However, under

the Public Notification Rule, a system that delivers its certification more than ten days after

issuing the notice, or does not deliver one at all, incurs a public notification violation of

its own. This disincentivizes systems from delaying or withholding certification when they

did issue a public notice. Administrative recording practices may also vary across EPA re-
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gions.9 In addition, independent validation of my constructed timeliness measure against

contemporaneous news and web coverage of large acute-pathogen events broadly supports

the classification (see Appendix B.1).

Second, SDWIS does not record the exact date of the violation, but the regulatory non-

compliance window over which the pathogen rules are evaluated, so the violation length

I observe is a month while the actual violation may have lasted days or weeks. As noted

above, I conservatively allow eleven days from the end of the violation window for a notice

to be classified as on-time, which implies about forty-one days from the start of the win-

dow. If the violation occurred in the first week of the window and the state received the

certification in the last week, I still classify the notice as on-time although it was in fact

delayed.

Taken together, these features can generate classification error in both directions: de-

layed certification can assign a promptly issued notice to the late or never-recorded category,

whereas the use of the end of the regulatory window can assign an actual delayed notice

to the on-time category. If such errors are unrelated to short-run purchasing responses,

the resulting mixing would tend to attenuate differences across notification regimes, al-

though the direction of bias in any individual coefficient is hard to sign. I therefore interpret

the categories as measures of recorded notification timeliness rather than exact statutory

compliance. The external validation nevertheless indicates that they capture meaningful

differences in the timing of public notices.

3.4 Sales Data

My primary outcome data come from NielsenIQ Retail Scanner (RMS) data provided by the

Kilts Center at the University of Chicago. These data report weekly store-level revenue and

quantities sold for over 30,000 retail stores across most of the United States, with products

9. USEPAOIG (2019) documents gaps in public-notification tracking across EPA regions. Regions 9 and 10 (Pacific Northwest and

Southwest) did not consistently track Tier 3 notices, while Region 8 (Mountains and Plains) did not record public-notification violations

in some cases. The examples for Regions 9 and 10 concern Tier 3 rather than the Tier 1 events studied here and therefore document

general heterogeneity in administrative recording rather than misclassification in this sample specifically.
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observed at the UPC (barcode) level. A product is defined as a UPC–version combination. I

use RMS data from 2006 to 2019 and focus on NielsenIQ’s bottled water product module.

Bottled water sales are defined as total dollar sales (in constant 2019 dollars) across all bot-

tled water UPCs, aggregated to the county–week level. To ensure stable store participation

over time, I retain only stores with positive sales in at least 12 years of the 14-year sam-

ple period. The resulting balanced panel covers 2,283 counties observed over 730 weeks.

In addition to bottled water, I also use RMS data on over-the-counter gastrointestinal (GI)

medications to examine potential health-related responses to delayed ormissing public noti-

fication of acute pathogen violations. These products include diarrhea remedies, electrolyte

oral rehydration solutions, and antacids.

3.5 Spatial and Information Structure

To analyze spillovers, I construct three measures of inter-county connection: geographic

adjacency, shared media markets, and social connectedness.

Neighboring Counties (NCs). I define neighboring counties using the 2023 Census

County Adjacency file.10 This file identifies all directly adjacent counties for each focal

county and is used to measure geographic spillover exposure.

Designated Market Areas (DMAs). In addition to geographic adjacency, I use Nielsen

Designated Market Areas (DMAs) to capture media markets through which information

may spread. DMAs are geographic regions defined by Nielsen based on television viewer-

ship patterns. I use Nielsen’s crosswalk between counties and DMAs for 2017. Each county

belongs to exactly one DMA. The Public Notification Rule identifies broadcast media, includ-

ing local television, as a delivery method for Tier 1 notices, and EPA guidance recommends

broadcast media for large systems when available. I therefore use DMA boundaries as a

proxy for counties that may share an information environment (USEPA 2010). For each

county, I identify (i) neighboring counties inside the same DMA, (ii) neighboring counties

outside the DMA, and (iii) other non-neighbor counties in the same DMA. These distinc-

10. The next most recent adjacency file is from 2010; adjacency relationships are highly stable over time.
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tions are used to construct measures of potential information spillovers through geography

and media markets.

Social Connectedness Index (SCI). To study non-geographic spillovers, I incorporate

the Facebook Social Connectedness Index (SCI), which measures the intensity of social ties

between all U.S. county pairs. Bailey et al. (2018) constructed the SCI based on a snapshot

of all Facebook friendships from 2016. They construct the SCI between two counties based

on the number of Facebook connections among users in these locations, divided by the

product of the total number of users in each county. Thus, it captures a relative probability

that a random Facebook user in county i is friends with a user in county j. SCI is widely

used as a proxy for real-world social ties, since Facebook serves primarily real-world friend

networks and reached about 239 million active users in the U.S. and Canada (Bailey et

al. 2018; Hu 2022).

3.6 Weather and Flood Controls

I use county-level historical daily nClimGrid-Daily weather data from the National Centers

for Environmental Information (NCEI) of the National Oceanic and Atmospheric Admin-

istration (NOAA) for my sample period to control for temperature and precipitation. I

calculate the weekly maximum temperature in each county in Celsius degrees and create a

categorical variable with ten 5-degree bins ranging from ≤ 0°C to ≥ 40°C. Similarly, I cal-

culate weekly total precipitation in millimeters and create a categorical variable with eight

bins from 0 mm to more than 100 mm. I also control for flood-related events using the

NOAA Storm Events Database. Floods and heavy rainfall can both contaminate drinking

water (Austin, Pan, and Parthum 2024) and shift demand for bottled water directly, so I

define an indicator equal to one for any county-week in which NOAA records a flood, flash

flood, or heavy rain event in the county.
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4 Empirical Strategy

The empirical analysis centers on a balanced panel of 2,283 counties observed weekly from

2006 to 2019. I jointly estimate purchasing patterns during the administrative noncom-

pliance window and in the recorded public-notification week, separately by notification

regime. I first examine responses within affected counties and then extend the specifica-

tion to violations in neighboring counties, distinguishing adjacent counties by whether they

share the affected county’s media market. Dynamic specifications trace these responses

around the recorded notification week. I assess the robustness of the results using the

heterogeneity-robust estimator of de Chaisemartin and D’Haultfœuille (2024). Finally, a

stacked difference-in-differences event study of 21 violations at large community water

systems provides complementary evidence on the timing of the response.

4.1 Own-County Violation and Notification Exposure

I estimate average responses to acute drinking water violations using a fixed-effects frame-

work applied to a balanced panel of 2,283 counties observed weekly from 2006 to 2019.

I construct two complementary exposure measures. The violation-window measures, V s
cyw,

are active during every week of the noncompliance period. They are scaled by the share

of days in the week that the system was out of compliance and the share of the county

population served by that system, where s indexes the recorded notification regime. Ap-

pendix B.2 provides further details. For violations with a recorded public-notification date,

I construct a second measure that is active in the week of the corresponding notification-

related record. The notification-week measure, N s
cyw, is the share of the county population

served by systems whose public-notification activity is recorded in that week.
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The own-county specification is

Scyw =
∑

s∈{On-Time,Late,Never}

βsV
s
cyw +

∑

s∈{On-Time,Late}

λsN
s
cyw

+ δWcyw + αcy + µpm + τyw + εcyw,

(1)

where Scyw is the log of weekly bottled water sales in county c, week w and year y. The

coefficients βs capture differences in sales during the administrative noncompliance window

under notification regime s, conditional on the notification-week measure. The coefficients

λs capture the additional change in sales in the recorded notification week for violations

classified as on-time or late. There is no notification-week coefficient for violations with

no recorded notification because those events have no notification date. As described in

Section 3.3, the recorded notification week can fall within or outside the administrative

noncompliance window, so the two measures may overlap but are not identical. Wcyw is

a vector of weather controls (maximum temperature and precipitation bins, and a flood

indicator), as weather can affect both the occurrence of microbial violations and demand

for bottled water. I include county-by-year fixed effects αcy, which absorb all time-invariant

county characteristics as well as annual county-level shocks or trends that may affect bot-

tled water sales. These fixed effects also flexibly capture any county-level differences in

public-notification practices and coordination between local health departments and water

systems. Primacy agency-by-month fixed effects µpm control for region-specific seasonal pat-

terns, allowing seasonality to vary across primacy agencies. τyw denotes year-by-week fixed

effects, which absorb national shocks at the weekly level. Standard errors are clustered at

the media market (Nielsen Designated Market Area, DMA) level, allowing for correlated

regional shocks across counties within the same DMA.

Identification. Identification comes from week-to-week changes in acute pathogen vio-

lation exposure and recorded notification activity within county-years, after accounting for

primacy-agency-specific seasonality, national weekly shocks, weather, and floods. County-

by-year fixed effects absorb persistent differences across communities in baseline purchas-

ing and annual local conditions that may be correlated with notification practices. Entering
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the two measures jointly makes the notification-week coefficient conditional on violation-

window exposure. Identification could be threatened if an unobserved short-run shock

affected bottled water demand and either drinking water quality or recorded notification

activity. Acute microbial violations generally reflect unexpected infrastructure or treatment

failures rather than conditions tied to weekly fluctuations in consumer demand. For the

notification-week coefficient, confounding would require an unobserved demand shock that

coincides specifically with the recorded notification week rather than merely with the un-

derlying violation.

4.2 Neighboring-County Exposure

The preceding specification considers violations occurring within the focal county. I next

augment it with parallel measures of violation-window and notification-week exposure orig-

inating in geographically adjacent counties. This extension tests whether purchasing re-

sponses extend beyond the communities directly served by the violating water system. For

each notification regime s, V s,NC
cyw and N s,NC

cyw are population-weighted counterparts of the

own-county measures, constructed over all counties adjacent to county c (see details in

Appendix B.2). In any week in which a neighboring county shares with county c a water

system that has a violation recorded that week, I drop that neighboring county from county

c’s measures, because residents served by a shared system may be directly exposed to the

same violation. The remaining neighboring-county measures therefore capture exposure

to violations occurring outside the focal county’s own water supply. Adding these measures

to Equation 1 gives

Scyw =
∑

s∈{On-Time,Late,Never}

(

βsV
s
cyw + θsV

s,NC
cyw

)

+
∑

s∈{On-Time,Late}

(

λsN
s
cyw + πsN

s,NC
cyw

)

+ δWcyw + αcy + µpm + τyw + εcyw.

(2)

The coefficients θs capture the association between focal-county sales and neighboring-
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county violation-window exposure under regime s. The coefficients πs capture the ad-

ditional association in the week that neighboring-county notification activity is recorded.

Both are conditional on the focal county’s own violation-window and notification-week ex-

posure.

Dynamic specifications. To examine how purchasing responses evolve around disclo-

sure, I estimate dynamic versions of the own-county and neighboring-county specifications.

I replace the notification-week measures with population-weighted event-time exposure

measures covering the eight weeks before and after the recorded notification week, con-

structed separately for on-time and delayed notifications. The own-county specification

includes own-county event-time and violation-window measures. The neighboring-county

specification includes the corresponding event-time and violation-window measures for ad-

jacent counties while controlling for own-county exposure measures. Both specifications

retain the controls and fixed effects from their static versions. The indicator for the week

preceding recorded notification, h = −1, is omitted. Because weeks outside the eight-

week event window remain in the estimation sample with all event-time measures equal to

zero, the omitted category pools h = −1 with observations outside the event window. The

event-time coefficients therefore describe changes around recorded notification relative to

this pooled baseline, conditional on violation-window exposure. The pre-notification coeffi-

cients provide a diagnostic for whether purchasing was already changing before notification

activity was recorded.

4.3 Event Study: Large Community Water Systems with County-Level

Coverage

Event Definition and Sample Construction. As a complement to the national county-level

analysis, I examine acute microbial violations in large community water systems (CWSs) for

which the affected population is closely aligned with the geography of the retail outcome.

I restrict the sample to systems serving at least 100,000 people and to events in which the

violating system serves at least 75 percent of the county population. This restriction limits
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attenuation arising from assigning system-level violations to county-level retail outcomes.11

This selection yields 24 acute violation events, 11 with on-time public notification, 11

followed by delayed notification, and two for which no notification date is recorded. Among

delayed events, I retain those for which notification occurred within 100 days of the end

of the violation window.12 The resulting sample contains 21 events, comprising 11 on-time

and 10 delayed-notification events. I estimate the event-study specification separately for

the two notification regimes. I define the county in which the violating CWS serves at least

75 percent of the population as the “directly exposed” county. For each event, I also identify

every adjacent county that is observed in the retail data, lies outside the violating system’s

service area, and had no acute pathogen violation of its own within 12 weeks before or

after the event. I refer to these counties as “indirectly exposed” counties.13

Control Group Construction. For both directly and indirectly exposed counties, I con-

struct control counties using a matching procedure based on socio-demographic charac-

teristics, as in matched-location approaches used in prior work on environmental crises

(e.g., Christensen, Keiser, and Lade (2023)). Specifically, I compute a county-level socio-

demographic distance using eleven standardized characteristics drawn from the 2008 -

2012 5-year American Community Survey and 2012 Republican vote share, including an

ordered population-density-bin measure. For counties i and j, I compute a normalized Eu-

clidean distance over the eleven standardized characteristics; details are in Appendix B.4.

For the “directly exposed” county, I choose as the control the county closest to it on the socio-

demographic distance measure among counties observed in the NielsenIQ Retail Scanner

data that are in the same state, outside its media market (DMA), and not adjacent to it,

11. The finest geographic unit at which NielsenIQ Retail Scanner outcomes can be linked reliably in the national sample is the county.

An alternative approach, as in Christensen, Keiser, and Lade (2023), is to assign retail outcomes directly to the affected community water

system and estimate effects at the water-system level. That approach is well suited to a single large municipal event such as Flint, where

the relevant water system and affected retail market are clear. In my setting, one can construct an inferred store-to-CWS assignment by

combining EPA CWS service-area boundaries, ZCTA and county geography, Homescan households’ ZIP5 locations, and Homescan trips

to RMS stores observed at the ZIP3 level. This inference is credible only when the retail market is closely aligned with the water-system

service area, such as in large municipal systems served primarily by one dominant CWS. Across the national sample, however, ZIP3 areas

often contain multiple water systems, so household-to-store links do not reliably identify the CWS serving each store.

12. This restriction keeps the violation onset within the pre-notification portion of the event window and excludes cases in which the

violation and its eventual disclosure are separated by an unusually long interval.

13. A county lies outside the service area if the violating system serves no more than 0.1 percent of its population. There are 78 such

counties (41 in on-time and 37 in delayed-notification events).
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and that had no acute pathogen violation within 12 weeks before or after the notification

week.14 For each “indirectly exposed” county, I choose the county closest to it on the same

measure among counties observed in the Retail Scanner data that are in its state, outside

both its own DMA and the DMA of the directly exposed county, adjacent to neither county,

and without an acute pathogen violation within the same window, in the county itself or

in any of its adjacent counties.15

Appendix Tables A8 and A11 list the violation events, external validation results and

matched control counties for the on-time and delayed-notification samples. Appendix Ta-

bles A9 and A12 assess covariate balance for directly and indirectly exposed counties rela-

tive to their respectivematched controls. Balance is generally close in the delayed-notification

sample but less complete in the on-time sample, particularly among indirectly exposed

counties. Appendix Section 5.4 discusses the implications of the remaining imbalance for

interpreting the event-study estimates.

Event Time and Specification. Event time is defined relative to the public notification

week. Let κet denote the number of weeks between calendar week t and the Public Notifica-

tion (PN) week associated with event e. The following event-study specification is estimated

at the store-by-event-by-week level:

yest =
12
∑

k=−12
k ̸=−1

βD
k 1{κet = k} · Directec +

12
∑

k=−12
k ̸=−1

βI
k 1{κet = k} · Indirectec

+W ′
ctδ + γes + τeyw + εest.

(3)

Equation (3) is estimated using a stacked difference-in-differences event-study design,

in which each violation event defines a separate cohort that is stacked into a single estima-

tion sample. This approach accommodates overlapping events in calendar time and allows

14. Same-state controls share the exposed county’s primacy agency, which administers the Public Notification Rule, and its seasonal

conditions. Excluding media markets and adjacent counties limits the spillover channels through which a violation could affect the

control county.

15. For two indirectly exposed counties of the 2009 Portland event (Hood River and Washington, Oregon), all remaining candidates

for controls fail the screen only because of violations at very small systems, so for these two I ignore violations at systems serving less

than 1 percent of a county’s population.
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for flexible event-specific fixed effects, following the stacked event-study approach used by

Cengiz et al. (2019) and in related applied work such as Butters, Sacks, and Seo (2022).

Here, yest is the log of bottled water sales in store s, located in county c, for event e and

week t. The sample includes stores with positive bottled water sales in at least 20 of the

25 weeks of the event window. The indicator Directec equals one if county c is the directly

exposed county for event e, while Indirectec equals one if county c is an indirectly exposed

county for event e. Wct is a vector of weather controls (maximum temperature and precip-

itation bins, and a flood indicator). The specification includes event-by-store fixed effects

γes, which absorb store-specific baseline sales within each event, and event-by-year-by-week

fixed effects τeyw, which absorb common time shocks within each event’s window. The co-

efficients βD
k and βI

k trace the dynamic response of bottled water purchases in directly and

indirectly exposed counties relative to the week prior to public notification. Standard errors

are clustered at the county level.

5 Regression Results

5.1 Descriptive Patterns

This section describes temporal and geographic patterns in acute microbial violations and

their recorded public notification. Appendix Table A3 reports summary statistics for the

estimation sample. Appendix Table A2 reports CWS-level summary statistics by National

Primary Drinking Water Regulation rule and contaminant code. The median recorded non-

compliance window is 30 days across the acute microbial violation categories. Turbidity

exceedances are the most common, followed by total coliform violations. As described in

Appendix B.2, I aggregate CWS-level violations to county-week exposure measures using

population weights and the share of days in violation; notification-week exposure is based

on the population served by systems whose notification activity is recorded that week.

Panel a of Figure 1 plots the weekly sum of county-level acute microbial violation expo-

22



sure across all counties, disaggregated by recorded notification timing. Violations display

seasonality, with the highest incidence during summer months. Aggregate exposure is gen-

erally lower after 2017, although violations with delayed notification continue to account

for a substantial share. Panel b of Figure 1 illustrates cross-sectional variation in violations.

The heatmap shows the cumulative violation exposure over the sample period and identi-

fies the predominant public notification timing in each county. Counties with the highest

cumulative violation exposure are concentrated in the Central and Southern Great Plains

and parts of the Appalachian region. States such as Oklahoma, Arkansas, Texas, and Ken-

tucky exhibit both high violation intensity and a predominance of delayed notification. In

contrast, Western states, along with Wyoming and Massachusetts, have fewer violations

overall but a high share of events for which no notification date is recorded. Because noti-

fication status is measured from administrative records, these geographic patterns may re-

flect regional recording practices as well as differences in notification behavior; Section 3.3

discusses this limitation.

Figure 1: Acute Pathogen Violations by Public Notification Timing Across U.S. Counties
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Note: Panel a plots, for each week, the sum across counties of the acute pathogen violation exposure measure, disaggregated by public

notification timing. Panel bmaps the cumulative sum of this measure in each county over the sample period and indicates the predominant

notification classification. The exposure measure weights each violation by the share of the county population served and the share of

days in the week under violation. The figure covers 3,108 counties and 730 weeks.
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Table 5.1: The Effects of Acute Pathogen Violations on Bottled Water Sales by Public Noti-
fication Timing

Log bottled water sales

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

Own county

Notification week × On-time 0.3286∗∗∗ 0.2729∗∗∗ 0.2725∗∗∗ 0.2708∗∗∗

(0.0718) (0.0709) (0.0708) (0.0702)
Notification week × Late -0.0326 -0.0294 -0.0295 -0.0271

(0.0216) (0.0223) (0.0222) (0.0220)
Violation window × On-time 0.1356∗∗∗ 0.0866∗∗∗ 0.0854∗∗∗ 0.0858∗∗∗

(0.0286) (0.0269) (0.0269) (0.0270)
Violation window × Late 0.0644∗∗∗ 0.0641∗∗∗ 0.0641∗∗∗ 0.0642∗∗∗

(0.0186) (0.0188) (0.0188) (0.0188)
Violation window × Never 0.0669 0.0670 0.0670 0.0671

(0.0545) (0.0545) (0.0545) (0.0545)

Neighboring counties (total)

Notification week × On-time 0.1929
(0.1382)

Notification week × Late -0.0809∗

(0.0420)
Violation window × On-time 0.0809∗ 0.0454∗

(0.0433) (0.0245)
Violation window × Late 0.0503 0.0500

(0.0437) (0.0436)
Violation window × Never 0.0277 0.0281

(0.0925) (0.0923)

County × Year FE yes yes yes yes yes
Primacy Agency × Month FE yes yes yes yes yes
Year × Week FE yes yes yes yes yes
Clustering DMA DMA DMA DMA DMA
Observations 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604
R2 0.9923 0.9923 0.9923 0.9923 0.9923

Tests of equality (Wald p-value)
Own: on-time vs late, notification week p =0.000 p =0.000 p =0.000 p =0.000
Own: on-time vs late, violation window p =0.040 p =0.507 p =0.532 p =0.526
Own: notification vs violation, on-time p =0.019 p =0.019 p =0.019
NCs: on-time vs late, notification week p =0.064
NCs: notification vs violation, on-time p =0.256

Note: Dependent variable is the log of bottled water sales. Each column is a separate regression. Notification week exposure is the share of

county residents served by systems whose public notice is recorded that week; violation window exposure is the share of residents served

by systems in violation, scaled by the share of days in the week out of compliance. Neighboring counties (total) is population-weighted

exposure across adjacent counties, dropping in any week a neighboring county that shares with the focal county a water system with a

violation that week. All columns include categorical controls for precipitation and temperature and a flood indicator. Tests of equality

are Wald tests of the linear combination named in the row. Clustered (DMA) standard errors in parentheses. Signif. Codes: ***: 0.01,

**: 0.05, *: 0.1.

5.2 Own-County Responses to Violations and Public Notification

Table 5.1 presents estimates from Equation 1. Column (1) includes only own-county violation-

window exposure, column (2) includes only own-county notification-week exposure, and

column (3) includes both measures jointly, so each coefficient is conditional on the other

exposure measure. Columns (4) and (5), discussed in the next subsection, add the corre-

sponding neighboring-county measures. All specifications include county-by-year, primacy

agency-by-month, and year-by-week fixed effects, together with categorical controls for
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temperature and precipitation and a flood indicator.

In column (1), bottled water sales increase by 14.5% during violations with on-time

notification and by 6.7% during violations with delayed notification; both estimates are

statistically significant. Column (2), which includes notification-week exposure alone, im-

plies a 38.9% increase in bottled water sales during an on-time notification week at full

exposure and no positive response to delayed notification. When both measures enter

jointly in column (3), the on-time violation-window estimate falls from 14.5% to 9.0%—a

38% reduction—while the on-time notification-week estimate falls from 38.9% to 31.4%

but remains large and precisely estimated. The build-up therefore shows why the two

dates should be separated: when either measure enters alone, it partly captures purchasing

changes associated with the other. In the joint specification, the additional notification-week

response is more than three times as large as the remaining violation-window response.

Evaluated at the mean exposure among notified county-weeks, the notification-week esti-

mate implies an increase of approximately 2%.16 By contrast, bottled water sales do not in-

crease in the week delayed notification is recorded. This contrast is consistent with delayed

notices conveying less actionable information because they are recorded after the acute risk

has passed. Adding notification-week exposure leaves the delayed violation-window esti-

mate approximately unchanged at about 6.6%, indicating that the higher sales associated

with these events occur during the violation window rather than when the eventual notice

is recorded. Violations with no recorded notification are associated with an estimated 6.9%

increase during the violation window, but this estimate is not statistically distinguishable

from zero.

Wald tests reject equality between the on-time notification-week and violation-window

coefficients (p = 0.019) and between the on-time and delayed notification-week coeffi-

cients (p < 0.001). By contrast, I cannot reject equality between the on-time and delayed

violation-window coefficients (p = 0.51). This could be attributed to the population re-

acting to observable changes in their drinking water quality during violations. It may also

16. Mean exposure among county-weeks with positive on-time notification exposure is 0.0721. With λ̂On-Time = 0.2729 from column

(3), the implied effect is 100 [exp (0.2729× 0.0721)− 1] ≈ 2 percent.
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partly reflect notices that reached households on time but were classified as delayed because

certification reached the primacy agency later (see discussion in Section 3.3).

Dynamic Estimates. Figure 2 presents the own-county response during the eight weeks

before and after recorded public notification. Column 1 of the Appendix Table A6 reports

the complete set of underlying coefficient estimates. Event time h = 0 denotes the week in

which public notification activity is recorded, and the immediately preceding week, h = −1,

is the omitted period. The notification-event-time and violation-window measures enter

jointly, together with the same controls and fixed effects as in Equation 1. The event-time

coefficients therefore measure changes in bottled water purchases around recorded notifi-

cation conditional on exposure during the violation window.

For violations with on-time notification, the Wald test fails to reject the null hypothesis

that the pre-notification coefficients are jointly zero (p = 0.154). Conditional on violation-

window exposure, the notification week event-time coefficient implies an additional in-

crease in bottled water sales of approximately 30% under full county exposure; evaluated at

the mean exposure among county-weeks with an on-time notification, the estimate implies

an increase of approximately 1.9%. One week after notification, the coefficient declines to

11.28% and is no longer statistically distinguishable from zero, indicating that the response

is concentrated in the recorded notification week.

For violations with delayed notification, there is no corresponding increase when notifi-

cation is recorded. The coefficient at the notification week implies a decrease by 3%, but it is

not statistically different from zero. Neither the pre-notification nor post-notification coeffi-

cients are jointly different from zero (p = 0.341 and p = 0.379, respectively). Together, the

dynamic estimates show that bottled water purchases increase when notification is recorded

on time but do not respond when notification is recorded after the violation.
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Figure 2: Dynamic Own-County Responses Around Public Notification, by Notification Tim-
ing
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Note: Dependent variable is the log of bottled water sales. The figure plots own-county event-time coefficients separately for violations

with on-time and delayed public notification. Event time 0 is the week in which public notification activity is recorded, and h = −1
is the omitted period. Column (1) of Appendix Table A6 reports its complete set of coefficients. Vertical lines are 95% confidence

intervals. Regressions include violation window exposure, categorical controls for precipitation and temperature, a flood indicator, and

county×year, primacy agency×month, and year×week fixed effects. Standard errors are clustered at the media-market (DMA) level.

Heterogeneity-Robust Estimates. The notification-exposure measure is continuous and

non-absorbing and can change repeatedly within a county; its effects may also vary across

events and over time. With continuous treatments and heterogeneous effects, linear fixed-

effects coefficients can be difficult to interpret (De Chaisemartin and D’Haultfœuille 2020;

Callaway, Goodman-Bacon, and Sant’Anna 2024). As a robustness check, I therefore re-

estimate the own-county notification response using the estimator of de Chaisemartin and

D’Haultfœuille (2024), which accommodates nonbinary, nonabsorbing treatments and al-

lows outcomes to depend on current and lagged exposure. I estimate effects from the notifi-

cation week through five weeks afterward and six placebo effects, using the same switching

counties at every horizon and normalizing estimates to a one-unit increase in exposure.17

18 It compares changes in bottled water sales in counties whose notification exposure in-

creases in a given week with counties whose exposure does not change and was at the same

17. In each estimation, treatment is one notification-week exposure measure, and I restrict the switchers to counties whose first change

in that measure is an increase from zero.

18. To avoid overlapping event windows, a notification occurring within thirteen weeks of an earlier notification of the same timing in

the same county is dropped, keeping the first. Of the 3,313 notifications dated between 2006 and 2019, this removes 479 (140 on-time

and 339 late).

27



level in the preceding week, and aggregates these comparisons using non-negative weights.

I include the violation-window exposure and weather and flood controls used in the main

specification and cluster standard errors at the media-market level.

Figure 3 plots the coefficients for own county notification week for on-time and late pub-

lic notices, conditional on violation window exposure, weather, and floods. All percentage

changes are full-exposure effects. For on-time notification, the notification-week estimate

implies an additional increase in bottled water sales of approximately 38%, an estimate

that is statistically significant and is based on 649 switching counties.19 None of the follow-

ing five weekly estimates is individually statistically significant, and the six pre-notification

placebo estimates are jointly indistinguishable from zero (p = 0.65, see Appendix Table A7).

For delayed notification, sales decrease by approximately 10% in the notification week, al-

though this estimate is statistically significant only at the 10 percent level.20 Thus, the

heterogeneity-robust estimates reproduce the central pattern: bottled water purchases in-

crease when notification is recorded on time, with no corresponding positive response when

notification is delayed.

Figure 3: de Chaisemartin and D’Haultfœuille (2024) Event Study of Avoidance Behavior
Following Public Notification of Acute Pathogen Violations, by Notification Timing
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Note: Dependent variable is the log of bottled water sales. PN denotes public notification. The figure plots the estimates of de Chaise-

martin and D’Haultfœuille (2024) for the own county’s notification-week exposure, per unit of exposure, separately for on-time and late

public notification. Vertical lines are 95% confidence intervals. Controls include own county’s violation weeks exposure, notification-

week and violation weeks exposure from neighboring counties, linear maximum temperature, total precipitation, and a flood indicator.

Standard errors are clustered at the media market (DMA) level.

19. Mean exposure is 0.0721, so the estimate implies about a 2.3% increase at the mean dose.

20. The six post-notification estimates are jointly indistinguishable from zero (p = 0.38), as are the placebo estimates (p = 0.11).
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5.3 Spillovers to Neighboring Counties

Columns (4) and (5) of Table 5.1 present estimates from Equation 2, where column (4)

introduces exposure to neighboring counties’ violation window and Column (5) adds ex-

posure to neighboring counties’ notification week, while controlling for exposure from own

county. Exposure to neighboring counties’ violation period with timely notification is asso-

ciated with an 8.4% increase in bottled water sales in the focal county. Adding neighboring-

county notification-week exposure reduces the violation-window estimate to 4.6% — ap-

proximately half its previous magnitude. Exposure to neighboring counties’ public notifica-

tion week implies an additional 21.3% increase but is not statistically distinguishable from

zero (see Figure 4). These point estimates suggest that part of the neighboring-county

response is concentrated around timely disclosure rather than distributed evenly over the

broader violation window, although the notification-week and violation-window coefficients

are not statistically distinguishable from each other (p = 0.256).

Figure 4: Own-County and Neighboring-County Responses by Public Notification Timing

a. Violation window b. Notification week
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Note: Dependent variable is the log of bottled water sales. Both panels plot coefficients from a single regression (column (5) of Table 5.1)

in which the violation-window and notification-week exposure measures enter jointly. Horizontal lines are 95% confidence intervals.

Regressions include categorical controls for precipitation and temperature, a flood indicator, and county×year, primacy agency×month

and year×week fixed effects. Standard errors are clustered at the media market (DMA) level. NCs denotes neighboring counties.

The notification-week contrast also follows the own-county pattern. For violations with

delayed notification, the neighboring-county violation-window estimate remains approxi-

mately unchanged at about 5.1% when notification-week exposure is added, while sales

do not increase when the delayed notice is recorded. The difference between the timely-
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and delayed-notification-week coefficients is statistically significant at the 10% level. Vio-

lations with no recorded notification produce a small neighboring-county estimate that is

statistically indistinguishable from zero.

Dynamic Estimates. Figure 5 examines the neighboring-county response dynamically,

with event time defined by the week in which notification activity is recorded for a vio-

lation in adjacent counties (see Appendix Table A6.) The Wald test does not reject that

the pre-notification coefficients are jointly zero (p = 0.275). Conditional on neighboring-

county violation-window exposure, the notification-week estimate implies an additional

25.5% increase under full exposure (not statistically significant, p = 0.112), and the esti-

mates remain positive during the following two weeks. Averaged over the notification week

and the following two weeks, the increase is about 15.4% (statistically significant at the 1%

level). The timely-notification coefficients become positive again near the end of the event

window, following several estimates close to zero, so I do not interpret this later movement

as persistence of the initial response.

The delayed-notification series does not show the same increase at the recorded noti-

fication week. Its coefficients are negative around the notice and jointly different from

zero afterward (p = 0.025), but the decline begins before the notification week. Taken

together, the static and dynamic estimates suggest that timely public notification changes

bottled-water purchasing beyond the county in which the violation occurs. The individual

neighboring-county estimates are less precise than the own-county estimates, but the con-

centration of the response after timely notification, its absence beforehand, and the lack of

a comparable change following delayed notification support interpreting it as a behavioral

spillover.
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Figure 5: Dynamic Neighboring-County Responses Around Public Notification, by Notifica-
tion Timing
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Note: Dependent variable is the log of bottled water sales. The figure plots event-time coefficients for neighboring counties, separately

for violations with on-time and delayed public notification. Event time 0 is the week in which the neighboring county’s public notification

activity is recorded, and h = −1 is the omitted period. Vertical lines are 95% confidence intervals. Regressions include own-county

violation-window and notification-week exposure, neighboring counties’ violation-window exposure, and categorical controls for precip-

itation and temperature, a flood indicator, and county×year, primacy agency×month, and year×week fixed effects. Standard errors are

clustered at the media-market (DMA) level.

As a heterogeneity-robust check, I also apply the estimator of de Chaisemartin and

D’Haultfœuille (2024) to total neighboring-county exposure. Column 3 of the Appendix

Table A7 presents the results. The notification-week estimate for timely notices implies an

increase of approximately 24%, and all six post-notification point estimates are positive, and

five are individually significant at the 10 percent level, but they are jointly indistinguishable

from zero (p = 0.53).21

5.4 Evidence from Matched Events

I next examine the stacked difference-in-difference event-study (Cengiz et al. 2019) esti-

mates for 21 large-system violations, comprising eleven events with on-time notification

and ten with delayed notification. Events are restricted to acute microbial violations at

public water systems serving at least 100,000 people and where systems serve at least

21. Neighboring-county exposure is considerably more diffuse than own-county exposure. Timely neighboring-county notification

reaches 1,637 counties over the sample period, leaving 646 counties that are never exposed, compared with 1,627 never-exposed counties

in the own-county analysis. Mean positive exposure is also lower for neighboring counties, at 0.0143 compared with 0.0721 for the own

county.
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75% of the county population. Appendix Tables A8 and A11 list the event characteris-

tics. Appendix Tables A10 and A13 report summary statistics for the two samples at the

store-week level. Figure 6 presents the estimates from Equation 3 for directly and indirectly

exposed (adjacent) counties relative to their matched controls. The specification includes

weather controls, a flood indicator, and event-by-store and event-by-year-by-week fixed ef-

fects. For events with on-time notification, the directly exposed counties exhibit no clear

pre-notification trend. Relative to stores in their matched control counties, bottled water

sales at stores in directly exposed counties increase by approximately 52% in the notifica-

tion week (statistically significant at the 5 percent level) and return to baseline afterward.

Stores in indirectly exposed neighboring counties show an increase of approximately 14%

relative to their controls in the same week (statistically significant at the 10 percent level).

In the delayed-notification sample, neither directly nor indirectly exposed counties exhibit

a positive response when notification is recorded.22

Figure 6: Stacked Difference-in-Differences Event Study from Cengiz et al. (2019) of Avoid-
ance Behavior and Spillover Effects, by Public Notification Timing

a. Notified on time b. Notified late
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Note: Dependent variable is the log of bottled water sales. The left panel covers the eleven acute pathogen violation events with on-time

public notification and the right panel the ten events with late public notification. The figure plots the event-study coefficients estimating

the differential change in sales for stores in directly affected counties (purple circles) and indirectly affected (neighboring) counties (teal

diamonds) relative to matched control counties. Event time 0 denotes the week of public notification; the reference week −1 is omitted.

Vertical lines are 95% confidence intervals. Regressions include categorical controls for precipitation and temperature, a flood indicator,

and event×store and event×year×week fixed effects. Standard errors are clustered at the county level. Observations: 73,452 in panel

a and 44,584 in panel b.

22. Results are robust to using the log of bottled water’s share of total store sales as an outcome, which normalizes bottled water sales

by total sales across all store products (Appendix Figure A3).
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Appendix Section C.1 examines covariate balance and the sensitivity of the estimates

to individual events. The on-time estimates are particularly sensitive to the October 2018

Austin event: without it, the stacked event-study estimates for directly and indirectly ex-

posed counties fall from 52% to 17.9% and from 14% to 3.7%, respectively, and are no

longer statistically significant. This sensitivity is consistent with heterogeneity in the scale,

duration, and salience of the events: the Austin event involved a state-issued boil-water

order covering all customers (about 1.1 million people) for seven days. By contrast, the

national-panel dynamic estimates change little when the Austin event is excluded. The

own-county notification-week response falls from about 30% to 26% and remains statis-

tically significant. The neighboring-county coefficient for the notification week falls from

25.5% to 20.2%, but the average spillover over the notification week and the following

two weeks remains positive and statistically significant, at about 14% (15% with Austin)

(Appendix Section C.2).

6 Mechanisms and Robustness

6.1 Media-Market Connectivity and Geographic Reach

I next examine whether neighboring-county responses differ according to media-market

overlap. Because television and radio are among the recommended methods for dissemi-

nating Tier 1 public notices, counties within the same Designated Market Area (DMA) are

more likely to share local broadcast coverage. I divide spillover exposure in the national

county-week panel into three categories: adjacent counties within the affected county’s

DMA, adjacent counties outside its DMA, and non-adjacent counties within the same DMA.

The last category helps distinguish the role of shared media coverage from geographic prox-

imity. All three exposure measures enter the regression jointly, together with own-county

exposure, so each estimate is conditional on exposure from the other geographic categories.

Figure 7 presents the average effects during the violation window and in the notifica-
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tion week for neighboring counties. The violation-window estimates do not exhibit a con-

sistent pattern across geographic categories. In the notification week, the coefficient for

timely exposure from adjacent counties within the same DMA implies an additional in-

crease in bottled water sales of approximately 30% under full exposure (not statistically

significant, p = 0.109), conditional on violation-window exposure.23 The estimates for

adjacent counties outside the DMA (-6.9%) and non-adjacent counties within the DMA

(14.3%) are smaller and also statistically indistinguishable from zero, but the estimate for

adjacent counties within the DMA is significantly larger than that for adjacent counties out-

side it (p=0.020). None of the three geographic categories exhibits a statistically significant

positive response when a delayed notification is recorded. Appendix Table A5 reports the

underlying estimates across alternative fixed effects and clustering choices.

Figure 7: Spillover Effects of Acute Pathogen Violations by Media Market Connectivity and
Notification Timing

a. Violation window b. Notification week
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Note: Dependent variable is the log of bottled water sales. Figure plots coefficients from a single regression in which the violation-window

and notification-week exposure measures enter jointly for each of the four geographies (column (9) of Appendix Table A5). Horizontal

lines are 95% confidence intervals. Regressions include categorical controls for precipitation and temperature, a flood indicator, and

county×year, primacy agency×month and year×week fixed effects. Standard errors are clustered at the media market (DMA) level.

NCs In DMA (Out DMA) refers to adjacent counties that share (do not share) the same Designated Market Area as the violation county.

The dynamic estimates in Figure 8 reveal an additional difference in timing. For adjacent

counties within the same DMA, bottled water sales increase by approximately 34% in the

23. Among county-weeks with timely notification exposure from an adjacent county in the same DMA mean exposure is 0.016. Evalu-

ated at this mean, the estimate implies increases of approximately 0.4%.

34



notification week (statistically significant at the 10 percent level) and by about 8% one week

later (not statistically significant). Adjacent counties outside the DMA show no response

in the notification week, but sales increase by approximately 32% one week later and 25%

two weeks later (both statistically significant at the 1 percent level) before returning to

baseline. Wald tests for within DMA and outside DMA do not reject that pre-notification

estimates are jointly zero p = 0.256 and p = 0.764 (see Appendix Table A6). Non-adjacent

counties within the same DMA show no systematic response; none of their post-notification

estimates is individually significant, and their pre-notification estimates are jointly different

from zero (p<0.001).

Figure 8: Dynamic Spillover Responses Around On-Time Public Notification, by Media-
Market Overlap
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Note: Dependent variable is the log of bottled water sales. PN denotes public notification. Figure plots event time coefficients for

on-time notification exposure from adjacent counties inside and outside the violating county’s Designated Market Area (DMA). Event

time 0 is the week the public notice is recorded; the indicator for week −1 is omitted. Vertical lines are 95% confidence intervals.

Regressions include own county violation window and notification week exposure, neighboring counties’ violation-window exposure

terms, categorical controls for precipitation and temperature and a flood indicator. Fixed effects: county×year, primacy agency×month

and year×week. Standard errors are clustered at the media market (DMA) level.

Taken together, these estimates suggest that geographic proximity is important for the

reach of the spillover, while media-market overlap may affect its timing. The immediate

response among neighbors within the same DMA is consistent with information traveling

through shared local media. Because DMA membership is only a proxy for exposure to

local information, these patterns do not identify a specific transmission channel. Corre-

sponding heterogeneity-robust estimates are imprecise and do not produce a consistent
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pattern across the geographic categories (Appendix Table A7). I therefore interpret the re-

sults as suggestive evidence that shared media markets might accelerate spillovers among

neighboring counties.

6.2 Distinguishing Spillovers from Cross-County Shopping

An increase in bottled water sales in an unaffected county during a neighboring county’s

violation can come from two groups of shoppers: the county’s own residents or residents

of the affected county who cross the county line to buy water. Store-level NielsenIQ Retail

Scanner data record only where a purchase is made, so they cannot separate the two expla-

nations. To analyze these possible mechanisms, I use the NielsenIQ Homescan panel, which

records each household’s county of residence and, for purchases at retailers matched to the

Retail Scanner panel, the county of the store.24 Appendix B.3 describes the Homescan data

and sample construction.

I classify each such trip as made inside or outside the household’s home county by com-

paring the store’s county with the household’s, and I aggregate bottled water spending to

the household-month level as purchases are too sparse at the household-week level. This

gives three outcomes for each household-month: total bottled water spending across all

trips, spending at stores in the home county, and spending at stores outside it. Only trips

with an identified store county enter the location-specific outcomes; they account for 27.9%

of panel spending, 23.3% at stores in the home county and 4.6% outside it. Household-

months without such a trip enter both location-specific outcomes as zero, so all three re-

gressions use the same household-month sample.

For each outcome I estimate a household-month regression analogous to Equation (2),

with the log of spending plus one as the dependent variable, reflecting the large share of

zero-purchase months. Because the panel is monthly, exposure is measured over the vi-

olation window rather than the notification week, and each violation is classified by its

24. Relative to the long-running-store Retail Scanner sample, Homescan has thinner and less stable coverage within counties because

relatively few households participate in each county and panel tenure varies. I therefore use it as complementary evidence on purchaser

residence and purchase location rather than as a substitute for the weekly retail estimates.
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recorded notification timing as on-time, late, or never notified. I distinguish four exposure

geographies: the household’s own county, adjacent counties in the same DMA, adjacent

counties in a different DMA, and non-adjacent counties in the same DMA, with the spillover

exposures defined as in Section 4.2. Regressions include the weather controls, a flood indi-

cator, and household, county-by-year, primacy-agency-by-month, and year-by-month fixed

effects, with standard errors clustered by DMA.25 Appendix Table A15 reports summary

statistics for the sample.

Table 6.1 reports the results. Column (1) shows that own-county exposure during viola-

tions with on-time notification is associated with approximately 8.7% higher total monthly

bottled water purchases, although the estimate is not statistically distinguishable from zero.

If the retail spillover were driven by affected-county residents crossing county lines to pur-

chase bottled water, however, an own-county violation should increase their purchases out-

side their county. Columns (2) and (3) do not show this pattern. Own-county exposure

during violations with on-time notification is associated with approximately 4.7% higher

purchases at stores within the household’s county (statistically significant at 10% level),

whereas the estimated change outside the county is approximately −0.3% and statistically

indistinguishable from zero. Thus, among purchases whose location can be identified, there

is no evidence that affected-county residents shift bottled water purchases across county

lines.

The table also shows that residents of adjacent counties within the same DMA increase

their purchases outside their own county by approximately 3.5% when their neighboring

counties have violations classified as having on-time notification while their own counties

are in compliance (statistically significant at 5% level). This represents a different flow

of shoppers: neighboring-county residents purchasing outside their county, rather than

affected-county residents crossing into it. Taken together, the Homescan results provide no

evidence for the specific alternative in which affected-county residents generate the retail

spillover by shopping across the county line.

25. Appendix Table A16 reports the total-purchase estimates under alternative fixed effects and clustering choices.
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Table 6.1: Household BottledWater Purchases During ViolationWindows, by Store Location
and Recorded Notification Regime

All purchases Purchases in Purchases outside
home county home county

(1) (2) (3)

Own county

On-time notification 0.0837 0.0463∗ -0.0027
(0.0661) (0.0237) (0.0051)

Late notification 0.0467∗ 0.0156 0.0039
(0.0263) (0.0137) (0.0064)

Never notified 0.0654 0.0268 0.0090
(0.0507) (0.0481) (0.0091)

Neighboring counties, in DMA

On-time notification 0.0194 -0.0076 0.0345∗∗

(0.0580) (0.0210) (0.0146)
Late notification 0.0725∗∗ 0.0025 0.0080

(0.0317) (0.0179) (0.0098)
Never notified 0.0571 0.0112 0.0046

(0.0527) (0.0342) (0.0215)

Neighboring counties, out of DMA

On-time notification -0.0096 0.0120 -0.0127
(0.0641) (0.0295) (0.0176)

Late notification -0.0526∗ 0.0155 -0.0180
(0.0312) (0.0250) (0.0182)

Never notified 0.0298 -0.0015 -0.0040
(0.1042) (0.0461) (0.0217)

DMA counties, non-neighboring

On-time notification 0.1814∗∗ -0.0036 -0.0011
(0.0757) (0.0332) (0.0212)

Late notification -0.0031 0.0709 -0.0212
(0.0824) (0.0508) (0.0162)

Never notified 0.0036 -0.0137 0.0105
(0.0994) (0.0748) (0.0190)

Share of panel spending, by store location 100.0% 23.3% 4.6%
Household FE yes yes yes
County × Year FE yes yes yes
State × Month FE yes yes yes
Year × Month FE yes yes yes
Clustering DMA DMA DMA
Observations 7,520,489 7,520,489 7,520,489

Note: NielsenIQ Homescan household-by-month panel. Column (1) is the log of (all bottled water purchases + 1); column (2) the log of

(purchases made at stores in the household’s own county + 1); column (3) the log of (purchases made at stores outside it + 1). Columns

(2) and (3) use only the 28% of spending that can be matched to a store county; the sample of household-months is the same in all

columns. Exposure is measured over the violation window. Regressions include categorical controls for precipitation and temperature, a

flood indicator, and household, county×year, primacy agency×month and year×month fixed effects. Clustered (DMA) standard errors

in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.

6.3 Alternative Information Channels

I next test whether information travels through cross-county connections other than geo-

graphic adjacency or shared media markets. Social ties may transmit warnings and draw

attention to risk through interpersonal communication, including across geographically dis-

tant places (Hu 2022). Information may also circulate disproportionately within similar

groups because of homophily, the tendency of individuals to be associated with others sim-
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ilar to themselves (Halberstam and Knight 2016). Bailey et al. (2018) finds that counties

similar in income, education and religiosity have higher levels of Facebook friendships. To

test whether avoidance behavior following notification of violations spreads through social

ties, I construct a measure of exposure to violations and notifications in a county’s five most

socially connected counties, using the Facebook Social Connectedness Index (SCI) from

Bailey et al. (2018). To test for a channel based on socio-demographic similarity, I con-

struct an exposure variable using each county’s five most similar counties, based on a stan-

dardized distance measure combining eleven socio-demographic characteristics, including

income, education, and racial composition. Appendix B.5 provides additional details on

the construction of the two measures. The socially connected peer set excludes both adja-

cent counties and counties in the same DMA, while the socio-demographically similar set

excludes adjacent counties.

Table 6.2 adds these exposure measures one at a time to the own-county specification,

which includes the affected county’s exposure in both the notification week and the vio-

lation window (column 1). Column (2) adds exposure to the recorded notification week

in socially connected peers, column (3) adds exposure to the recorded notification week

in socio-demographically similar peers, and column (4) includes both channels jointly for

both timely and delayed notification. Column (5) also adds exposure to the notification

week and the violation window in neighboring counties.

The results provide no evidence that bottled water sales in a focal county respond to

timely recorded notifications of acute microbial violations in either the most socially con-

nected or the most socio-demographically similar non-adjacent peer counties. In column

(5), the estimates correspond to changes of approximately −2.4% for the most socially con-

nected counties and −0.3% for the most socio-demographically similar counties, and both

are statistically indistinguishable from zero. In the same regression, the point estimates

correspond to increases of approximately 21% in adjacent counties and 31% in the affected

county.26 Although the adjacent-county estimate is substantially larger than the alternative-

26. The only statistically significant alternative-peer estimate is a 3.6% increase associated with delayed notification of violations in

socio-demographically similar counties. Because it has no corresponding notification-week response in the affected or adjacent counties

and does not appear for timely notification, I treat it as an isolated result rather than evidence of a socio-demographic-similarity channel.
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peer estimates, these differences are imprecisely estimated. Together with the preceding

spatial results, these estimates are consistent with spillovers being geographically localized.

Table 6.2: Spillover Effects at the Notification Week Across Geographic Adjacency, Social
Connectedness, and Socio-Demographic Similarity

Log bottled water sales

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

Own county

Notification week × On-time 0.2729∗∗∗ 0.2734∗∗∗ 0.2729∗∗∗ 0.2734∗∗∗ 0.2713∗∗∗

(0.0709) (0.0709) (0.0708) (0.0709) (0.0702)
Notification week × Late -0.0294 -0.0294 -0.0292 -0.0292 -0.0270

(0.0223) (0.0223) (0.0222) (0.0223) (0.0220)
Violation window × On-time 0.0866∗∗∗ 0.0867∗∗∗ 0.0867∗∗∗ 0.0867∗∗∗ 0.0859∗∗∗

(0.0269) (0.0269) (0.0269) (0.0269) (0.0270)
Violation window × Late 0.0641∗∗∗ 0.0641∗∗∗ 0.0641∗∗∗ 0.0642∗∗∗ 0.0643∗∗∗

(0.0188) (0.0188) (0.0188) (0.0188) (0.0188)
Violation window × Never 0.0670 0.0670 0.0670 0.0670 0.0670

(0.0545) (0.0545) (0.0545) (0.0545) (0.0545)

Neighboring counties (total)

Notification week × On-time 0.1935
(0.1382)

Notification week × Late -0.0808∗

(0.0420)
Violation window × On-time 0.0455∗

(0.0245)
Violation window × Late 0.0500

(0.0436)
Violation window × Never 0.0282

(0.0923)

Most socially connected peers, not adjacent, different DMA

Notification week × On-time -0.0237 -0.0238 -0.0245
(0.0189) (0.0188) (0.0189)

Notification week × Late 0.0029 0.0014 0.0016
(0.0109) (0.0108) (0.0109)

Demographically closest peers, not adjacent

Notification week × On-time -0.0031 -0.0025 -0.0029
(0.0125) (0.0124) (0.0125)

Notification week × Late 0.0353∗∗∗ 0.0353∗∗∗ 0.0353∗∗∗

(0.0106) (0.0105) (0.0105)

County × Year FE yes yes yes yes yes
Primacy Agency × Month FE yes yes yes yes yes
Year × Week FE yes yes yes yes yes
Clustering DMA DMA DMA DMA DMA
Observations 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604
R2 0.9923 0.9923 0.9923 0.9923 0.9923

Tests of equality (Wald p-value)
Neighboring vs socially connected, on-time — — — — p =0.130
Neighboring vs demographically closest, on-time — — — — p =0.155

Note: Dependent variable is the log of bottled water sales. Column (1) is the own-county specification; columns (2) and (3) add

each non-adjacent peer set separately, column (4) adds both, and column (5) adds neighboring-county exposure. Peer exposures are

population-weighted averages over the peer set. Most socially connected peers are the five counties with the highest Social Connectedness

Index (SCI) to a focal county that are neither adjacent nor in the same Designated Market Area (DMA); demographically closest peers are

the five closest on the socio-demographic distance metric that are not adjacent. All columns include categorical controls for precipitation

and temperature and a flood indicator. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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6.4 Heterogeneity Analysis

I next examine whether avoidance behavior and spillover responses differ across county

characteristics, relationships between neighboring counties, and household characteristics.

Table 6.3 interacts exposure to the timely recorded notification week following violations

with indicators for whether each county is above or below the national median for in-

come, education, demographic composition, political composition, broadband access, and

rural status. The table reports estimates separately for the affected county and the three

neighboring-county categories, together with tests of equality of coefficients across the two

groups.

Estimated avoidance behavior in directly affected counties is similar across nearly all

characteristics, although it is larger in counties with a below-median Republican vote share.

Responses do not otherwise differ systematically by income, education, racial or age com-

position, language barriers, broadband access, or rural status. The differences among the

spillover estimates occur across different characteristics and geographic cells and do not

form a consistent pattern. Overall, the county-level results suggest that the direct response

to timely notification is broad-based rather than concentrated in particular types of coun-

ties.27

The previous subsection finds no evidence that spillovers operate through social ties

or socio-demographic similarity. I also examine whether these relationships moderate the

response among geographic neighbors. Appendix Table A19 interacts exposure to timely

recorded notifications in neighboring counties with indicators for social connectedness,

socio-demographic similarity, and recent own-county violation experience.28 Estimates im-

ply that spillover responses do not differ systematically by any of them.

27. Appendix Table A17 examines heterogeneity in the household-level Homescan estimates. Six equality tests reject at the 5% level:

households with elderly members exhibit a larger response during violations in their own county, while households with children, non-

white and Black households, and households with cable television exhibit a larger response to violations in adjacent counties within

the same DMA, and non-rural households to violations in non-adjacent counties of the same DMA. But these contrasts do not form a

consistent pattern across geographic categories.

28. The social connectedness indicator equals one if the population-weighted mean SCI between the focal county and its geographic

neighbors exceeds the state-level median. Socio-demographic similarity is based on whether the mean normalized distance to neighbor-

ing counties is below the national median. Recent experience equals one if the focal county had an acute microbial violation during the

current week or the preceding two years.
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Table 6.3: Heterogeneity in Avoidance Behavior and Spillover Effects Across Socio-
Demographic Characteristics

Notification-Week Exposure Specification

Row Own (PN On-time) NC in DMA (PN On-time) NC out of DMA (PN On-time) DMA non-NC (PN On-time)

Below Median Median HH Income 0.248** 0.191 -0.484* 0.084
(0.103) (0.153) (0.265) (0.106)

Above Median Median HH Income 0.319*** 0.420** -0.037 0.177
(0.099) (0.186) (0.100) (0.163)

p(diff) p=0.642 p=0.067 p=0.126 p=0.600

Below Median Coll. Degree 0.287*** 0.251 -0.390* 0.138
(0.101) (0.206) (0.219) (0.150)

Above Median Coll. Degree 0.257*** 0.300** -0.025 0.155
(0.098) (0.131) (0.103) (0.144)

p(diff) p=0.832 p=0.748 p=0.143 p=0.918

Below Median Child Pop. 0.242*** 0.147 0.478* 0.133
(0.087) (0.101) (0.288) (0.153)

Above Median Child Pop. 0.291*** 0.325 -0.167 0.162
(0.098) (0.203) (0.102) (0.122)

p(diff) p=0.697 p=0.234 p=0.037 p=0.838

Below Median Elderly Pop. 0.229** 0.330* -0.198*** 0.112
(0.095) (0.190) (0.075) (0.139)

Above Median Elderly Pop. 0.359*** 0.102 0.328 0.189
(0.083) (0.169) (0.201) (0.149)

p(diff) p=0.277 p=0.213 p=0.025 p=0.591

Below Median Hispanic Pop. 0.299*** -0.007 0.266 -0.126
(0.071) (0.155) (0.290) (0.154)

Above Median Hispanic Pop. 0.252** 0.360* -0.146 0.267**
(0.111) (0.191) (0.097) (0.128)

p(diff) p=0.719 p=0.145 p=0.182 p=0.032

Below Median Black Pop. 0.247*** 0.308 -0.021 0.148
(0.084) (0.229) (0.113) (0.136)

Above Median Black Pop. 0.287*** 0.229 -0.236 0.143
(0.108) (0.159) (0.189) (0.147)

p(diff) p=0.783 p=0.721 p=0.349 p=0.972

Below Median Republican 0.359*** 0.309 -0.109 0.297**
(0.094) (0.200) (0.093) (0.145)

Above Median Republican 0.120 0.179 0.130 -0.117
(0.077) (0.145) (0.316) (0.111)

p(diff) p=0.043 p=0.492 p=0.473 p=0.010

Below Median Lang. Barrier Pop. 0.271*** 0.015 0.076 0.105
(0.059) (0.099) (0.273) (0.151)

Above Median Lang. Barrier Pop. 0.273** 0.419** -0.093 0.165
(0.115) (0.204) (0.095) (0.154)

p(diff) p=0.987 p=0.084 p=0.563 p=0.767

Below Median Fixed Broadband Access 0.285*** 0.134 -0.044 0.144
(0.092) (0.177) (0.113) (0.096)

Above Median Fixed Broadband Access 0.268*** 0.311 -0.117 0.147
(0.090) (0.201) (0.119) (0.187)

p(diff) p=0.892 p=0.511 p=0.618 p=0.987

Below Median Broadband and Computer Access 0.262*** 0.512** -0.059 0.191
(0.091) (0.222) (0.098) (0.172)

Above Median Broadband and Computer Access 0.277*** 0.098 -0.223 0.082
(0.092) (0.098) (0.212) (0.123)

p(diff) p=0.904 p=0.028 p=0.483 p=0.586

Below Median Rural 0.206* 0.253 -0.296** -0.169
(0.114) (0.209) (0.115) (0.147)

Above Median Rural 0.349*** 0.286* -0.009 0.192
(0.073) (0.145) (0.102) (0.132)

p(diff) p=0.271 p=0.823 p=0.102 p=0.051

Note: The table reports coefficients from interactions between the notification-week exposure variable and binary indicators for county

characteristics (split at the national median). p(diff) reports the p-value from a test of equality between the coefficients of the two

subgroups. Regressions include categorical controls for precipitation and temperature, a flood indicator, and county×year, primacy

agency×month and year×week fixed effects. Standard errors (in parentheses) are clustered at the media market (DMA) level. Number

of observations: 1,649,604. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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7 Extension: Gastrointestinal Medication Sales

When households consume tap water during acute microbial violations without boiling

it, they might develop gastrointestinal symptoms. If delayed or absent notification of a

violation event limits avoidance behavior, continued exposure may therefore increase pur-

chases of over-the-counter (OTC) gastrointestinal medications (Marcus 2022). I examine

this possibility using county-week sales of diarrhea remedies, oral rehydration solutions,

and antacids (see Appendix Section B.6 for details of data construction).

Figure 9 plots the event-study coefficients for bottled-water and OTC diarrhea-remedy

sales during the eight weeks before and after the beginning of the violation window in af-

fected counties, separately for the three recorded notification regimes.29 Both specifications

control for own-county on-time and delayed notification-week exposure. Panel a shows pos-

itive bottled-water sales coefficients of approximately 11–19% during the first four weeks

after the start of violations classified as having on-time notification. Thus, some purchas-

ing remains associated with the broader violation window, but these estimates are smaller

than the approximately 31% additional response in the recorded notification week. Panel b

shows no corresponding pattern in diarrhea-remedy sales following violations with on-time

or delayed notification. For violations without a recorded notice, however, diarrhea-remedy

sales increase by approximately 27%, 25%, and 40% three, four, and five weeks after the

violation begins. A Wald test fails to reject the null hypothesis that the pre-violation co-

efficients are jointly zero (p = 0.730) (see Appendix Table A20). Purchases of diarrhea

remedies are an indirect proxy for gastrointestinal symptoms rather than a direct measure

of illness. I therefore interpret the concentration of the response weeks after violations

without recorded notification as suggestive evidence of a health-related response.30 The

pattern is consistent with Marcus (2022), who finds increased purchases of gastrointestinal

29. Appendix Table A21 provides complementary estimates separating sales during the violation window from sales in each of the

four weeks after it ends. Aggregate sales across all three gastrointestinal-medication categories do not increase systematically under

any notification regime. Diarrhea-remedy sales increase by approximately 55% in the first week after the end of a violation with no

recorded notification; diarrhea remedies account for about 11% of the medication basket, and the corresponding estimate for aggregate

gastrointestinal-medication sales is 5.9%. Oral-rehydration-solution sales increase after violations with timely notification, whereas

antacid sales show no comparable response.

30. Because the recorded violation start denotes the beginning of an administrative noncompliance period rather than the exact onset

of contamination or exposure, the event-time pattern cannot be mapped directly to a biological incubation period.
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medications during months of non-acute pathogen violations with delayed notice.

Figure 9: Event Study of Bottled Water and Diarrhea Remedy Sales Around the Violation
Start, by Notification Timing

(a) Bottled water sales (b) Diarrhea remedy sales
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Note: Dependent variables are the log of bottled water sales (panel a) and the log of over-the-counter diarrhea remedy sales (panel b).

Both panels plot event-study coefficients for the eight weeks before and after the start of the violation, with the indicator for the week

before the violation (h = −1) omitted. Vertical lines are 95% confidence intervals. Regressions include own-county notification-week

exposure for on-time and delayed notices, categorical controls for precipitation and temperature, a flood indicator, and county×year,

primacy agency×month and year×week fixed effects. Standard errors are clustered at the media market (DMA) level.

8 Discussion and Conclusion

This paper examines how the timing of public notification shapes avoidance behavior fol-

lowing acute microbial drinking water violations and whether the response extends beyond

the affected community. The measure of recorded notification timing used in the paper clas-

sifies only about one-fifth of acute violations as on-time, while nearly half are delayed and

nearly one-third have no recorded notification. In affected counties, the estimates imply a

31% increase in bottled water sales in the week an on-time notice is recorded, whereas no

detectable increase occurs when delayed notices are eventually recorded. I also find some

evidence of spillovers: the corresponding notification-week increase in neighboring counties

is about 25%. Dynamic estimates suggest that the response occurs immediately among ad-

jacent counties within the same media market and later among adjacent counties outside
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it, while delayed notices produce no comparable increase. Household purchase-location

data provide no evidence that this response is driven by affected residents shopping across

county lines.

To gauge the economic magnitude of these effects, back-of-the-envelope calculations at-

tribute about $0.61 million in additional bottled water sales in directly affected counties

to timely notification of acute microbial violations between 2006 and 2019, and another

$2.18 million to exposure over the broader violation-window with timely or delayed no-

tification (see Appendix Table A22).31 Had delayed notices instead been issued on time,

the estimates imply $1.13 million in additional affected-county purchases, assuming they

generated the same response as timely notices. Spillover estimates imply approximately

$0.53 million in additional purchases following timely notifications in neighboring coun-

ties.32 These calculations exclude other avoidance responses, such as boiling water, as well

as any health consequences.

These findings have two policy implications. First, effective disclosure requires timely

implementation so that affected households can take protective action. More broadly, re-

liance on household avoidance shifts the immediate cost of protection to consumers, which

may impose a greater burden on lower-income households. Second, public notices should

clearly identify the affected water systems and service areas so that households in sur-

rounding communities can determine whether a warning applies to their water. Future

research could examine how notification timing translates into health and economic out-

comes beyond short-run avoidance behavior. Taken together, the results contribute to a

more nuanced understanding of the role and limits of information-based environmental

policy.

31. This calculation is based on average bottled water sales of $23,717 and cumulative violation exposure across counties over the

sample period.

32. Because this calculation excludes later responses among neighboring counties, it captures only part of total spillover expenditure.
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A Public Notification Rule: Additional Details

EPA established its first public notification (PN) rules in 1976 and revisions were made

in 1987. The 1996 amendments to the SDWA called on EPA to change the regulation to

focus on notifying during acute, serious violations and making the PN process less burden-

some for systems. These changes were implemented in the revised PN rule issued in 2000.

Subsequent National Primary Drinking Water Regulations amended some of the public-

notification requirements. EPA issued PN guidance to water systems and states in 2010

and 2023 (USEPA 2010, 2023b).

Although the PN rule was last revised in 2000 and specifies only media outlets common

at that time, the PN Handbook update in 2010 discusses the possibility of using e-mails and

the internet. But it cautions against relying on these channels as a main delivery method

(USEPA 2010). The 2023 update of the PN Handbook adds that large systems should use

email, websites, and social media platforms in addition to traditional methods; however, it

doesn’t apply to this analysis as the sample covers the pre-2023 period (USEPA 2023a).

During the violation period some systems might provide free or discounted bottled wa-

ter to the affected population (Christensen, Keiser, and Lade 2023). The PN Rule suggests

following up with the public or providing “problem corrected” notices via radio, television,

public posting, or personal delivery once the violation is resolved but leaves the require-

ment to be decided by each state (USEPA 2010). It also requires providing notifications in

other languages if a “large proportion” of the population served by a water system does not

speak English (USEPA 2010). The PN Handbook provides suggestions on how to prevent

overreactions to a public notice. It discusses the role of public education and working with

experts such as local healthcare professionals, university researchers, or advocacy group

leaders.

B-0



B Data and Measurement Details

B.0 Assignment of Community Water Systems to Counties

I use EPA’s Community Water System (CWS) Service Area Boundaries (SAB), version 2.1

(USEPA 2025), to identify the counties served by each system. EPA classifies boundaries as

System Sourced, based on GIS boundaries supplied by states or systems, or Modeled, esti-

mated using decision tree and random forest models to assign each census block to a CWS

based on multiple factors, such as block imperviousness, distance to public water intake

and housing unit density measures. EPA reviews submitted boundaries for completeness

and validates its modeled boundaries against state data, reporting high predictive perfor-

mance (USEPA 2024). Among the 42,305 systems for which I use SAB assignments, 24,642

(58.2 percent) have system-sourced boundaries and 17,663 (41.8 percent) have modeled

boundaries.

SAB data also record the identifier and population of each census block in a CWS bound-

ary, which enables a detailed crosswalk between CWSs and counties. For each system–

county pair, I sum the building-weighted population of the census blocks inside the service-

area boundary. I retain the system’s principal county, the county holding the largest share of

the system’s service-area population, and any other county in which the population inside

the boundary is at least 1 percent of the county’s population, which excludes negligible

boundary intersections. Dividing each retained county’s population inside the boundary

by the system’s total over its retained counties gives the share of system i’s service-area

population that lives in county c, sic. I use these shares to split each system’s population

served across counties (Appendix B.2). Systems absent from version 2.1, or whose retained

SAB counties include none of their SDWIS counties, keep their SDWIS counties, and their

population served is split across those counties in proportion to county population. This

procedure assigns 1,115 of the 54,288 systems operating at some point during 2006–2019

to multiple counties.
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B.1 Validation of Recorded Public Notification Timing

Because the on-time, late, and never-notified classification depends on state recording of

public-notification-related enforcement actions, I cross-check the classification against ex-

ternal sources for acute microbial violations at community water systems serving at least

100,000 people. There were 74 such events between 2006 and 2019. For each event, I con-

duct two searches: a general web search and a query in Access World News (NewsBank),

using the system name, county, state, contaminant category (coliform or turbidity), and vio-

lation month and year. Access World News is a full-text database of articles from thousands

of U.S. local newspapers and broadcast transcripts and provides more systematic coverage

of smaller local outlets and earlier sample years than a general web search. For each event,

I record whether any source confirms the violation and, when one does, whether coverage

appears during the noncompliance period or within the ten-day certification window, versus

only after that window has closed.

The searches broadly support the SDWIS-based classification. Of the 29 on-time PN

events, 16 have contemporaneous coverage, 13 have no media mentions, and none have

coverage that appears only after the certification window. Among the 31 late PN events, 10

have only post-window coverage (consistent with delayed public visibility), 4 have during-

window coverage and 17 have no external mentions. In the group of the 14 never-notified

events, 11 have no mentions, 2 have during-window coverage, and 1 has only post-window

coverage. The asymmetry is informative: no on-time PN event has only post-window cov-

erage, while 10 of 31 late events do.33 This pattern suggests that the administrative classi-

fication captures meaningful variation in the timeliness of public notices.

33. Appendix Tables A8 and A11 report the event-level evidence for the 21 large-system violations used in the stacked difference-in-

differences analysis, including the external validation outcome and administrative notification record. For on-time events, the table also

reports the documented notice date, scope, and advisory duration when available.

B-2



B.2 County-Level Violation and Notification Exposure Measures

This section provides construction details for the county-level violation-window and notification-

week exposure measures used in the empirical analysis.

Own-County Exposure Measures. SDWIS data provide violation information at the

community water system level. Since NielsenIQ Retail Scanner data identify only the county

in which the store is located, I aggregate violations and recorded notification measures to

the county level. Counties may be served by multiple community water systems (CWSs), so

I weight each system by the share of the county population it serves. Let Pic = sicP
SDWIS
i

denote the population served by system i in county c, where P SDWIS
i is the system’s popu-

lation served recorded in SDWIS and sic is the share of the system’s service-area population

that lives in county c (Appendix B.0), and let Pc denote the total population of county c

from the 2015–2019 American Community Survey. I weight system i in county c by the

PWS-to-county population ratio Pic/Pc, capped at one.34

To construct the violation exposure measure, let ki,cyw denote the number of days in

week w of year y during which CWS i serving county c was out of compliance. The weekly

acute-pathogen exposure for county c is defined as Vcyw =
∑

i∈Ic

(

ki,cyw
7

· Pic

Pc

)

. I simi-

larly construct timing-specific measures. For example, the on-time exposure is V On-time
cyw =

∑

i∈Ic

(

ki,cyw
7

· Pic

Pc
· 1{on-time}

)

, with analogous definitions for V Late
cyw and V Never

cyw .

To construct the recorded notification exposure measure, let ni,cyw equal one if the ear-

liest recorded public notification for an acute-pathogen violation at CWS i serving county

c falls in week w of year y, and zero otherwise. The on-time notification-week exposure is

NOn-time
cyw =

∑

i∈Ic

(

ni,cyw · Pic

Pc
· 1{on-time}

)

, with an analogous definition for N Late
cyw . Viola-

tions with no recorded notification have no notification date and therefore no notification-

week measure.

Neighboring-County Exposure Measures. To quantify potential behavioral spillovers,

I construct measures of each county’s exposure to violations and recorded notifications in

34. For systems that keep their SDWIS counties, sic is county c’s share of the total population of those counties.
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neighboring counties. Let N(c) denote the set of neighboring counties. To account for

the possibility that water systems serve multiple counties, let dcjyw equal one if county c

and neighboring county j are served by a common water system that has a health-based

violation recorded in week w of year y, and zero otherwise.

I define county c’s exposure to violations in neighboring counties as: V s,NC
cyw =

∑

j∈N(c) V
s
jyw·

Pj (1−dcjyw)
∑

k∈N(c) Pk (1−dckyw)
, with each recorded notification regime s ∈ {On-time, Late,Never}. Simi-

larly, I define county c’s exposure to recorded notification in neighboring counties asN s,NC
cyw =

∑

j∈N(c) N
s
jyw ·

Pj (1−dcjyw)
∑

k∈N(c) Pk (1−dckyw)
, for s ∈ {On-time, Late}. These measures capture the

population-weighted intensity of acute-pathogen violations and their recorded notifications

in counties adjacent to county c, with each neighboring county’s exposure weighted by its

population share among adjacent counties.

B.3 NielsenIQ Homescan (HMS) Data

I complement the RMS store-level sales data with household-level purchase data from the

NielsenIQ Consumer Panel (Homescan), provided by the Kilts Center. The Homescan panel

includes approximately 40,000–60,000 households per year and records UPC-level pur-

chases across all retail formats, including outlets not covered by RMS. The household files

report each panelist’s county of residence and ZIP code, along with detailed demographic

characteristics. For each transaction, the data report the purchase date, UPC, quantity and

expenditure. For purchases made at retailers that can be matched to the Retail Scanner

data, store identifiers also allow me to identify the county in which the purchase occurred.

Households remain in the panel for at least one calendar year, though panel tenure varies:

approximately 35% appear in the data for only a single year, while about 20% remain for

at least seven years. Because prices are self-reported for purchases made outside RMS-

covered stores, measurement error could be greater than in scanner data. Following Einav,

Leibtag, and Nevo (2010), I trim observations below the 1st percentile and above the 99th

percentile of the within-year bottled water price distribution. I construct household–month

bottled water spending as the sum of constant-2019-dollar expenditures across all bottled
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water UPCs. After cleaning, the analysis sample contains 165,082 households with posi-

tive bottled water purchases at the monthly level between 2006 and 2019. Although the

Homescan panel spans 2,956 counties, the number of participating households per county is

limited, and participation is disproportionately concentrated in higher-income, more urban,

and more racially diverse counties. Appendix Figure A5 illustrates the spatial distribution

of Homescan households. Panel a shows the number of households per county, while Panel

b reports the median number of years households are observed.

For the household-level heterogeneity analysis, I use Homescan information on house-

hold income, educational attainment, the presence of children ages 0–18 or elderly house-

hold members, race and ethnicity, internet access, and cable television.

B.4 County Characteristics and Socio-Demographic Similarity

I use county-level sociodemographic variables from the 2008–2012 5-year American Com-

munity Survey for my heterogeneity analyses. I focus on household median income and

composition of the population for factors such as college degree, children, elderly, Black,

Hispanic, and nonwhite.35 I use the share of votes for the Republican presidential candidate

in 2012 from the National Neighborhood Data Archive (NaNDA).

I employ county-level data on high-speed internet and computer access provided by

Census and the National Telecommunications and Information Administration (NTIA) ad-

ministered under the Digital Equity Act (DEA) of 2021. The main variables include 2021

population estimates that lack fixed broadband service (high-speed internet) and 2019 pop-

ulation estimates that lack a computing device and/or broadband subscription.36 In addi-

tion, I use other variables such as whether the population is rural and the estimate of the

population with language barriers.37 38

35. For children, I use the share of the population between ages 0–10.

36. This was the only available year. I assume county-level internet access between 2006–2019 is highly correlated with the 2021

measure.

37. Variable “rural” is based on the definition of “rural area” from DEA.

38. Having a language barrier applies when a person speaks English less than “very well” or has low levels of literacy. It is derived from

2015-2019 ACS file and 2017 Program for the International Assessment of Adult Competencies (PIAAC) Household file and PIAAC State

and County Small Area Estimates of Adult Skills on Literacy and Numeracy (for low literacy) from the National Center for Education
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Socio-Demographic Similarity Measure (SD-Close). I construct a socio-demographic

similarity measure across counties to match control counties in the stacked difference-in-

difference design (see Section 4.3) and in regressions with alternative information channels

(Section 6.3). I build a standardized Euclidean distance between counties based on eleven

characteristics.39 Specifically, for county pairs i and j, let Xik denote the value of the k-th

standardized characteristic. The raw distance is Dij =
√

∑11
k=1(Xik −Xjk)2, and is normal-

ized to the unit interval: Dnorm
ij =

Dij−min(i′,j′) Di′j′

max(i′,j′) Di′j′−min(i′,j′) Di′j′
.

B.5 Non-Geographic Peer Exposure Measures

This section defines the alternative exposure measures used in Section 6.3 to test whether

spillover responses operate through non-geographic channels.

Social Connectedness Exposure (Top SCI). For each county c, let LTopSCI
c denote the set

of the five counties with the strongest SCI links to c, excluding counties that share a border

or DMA with c. The SCI-based violation exposure is then V s,TopSCI
cyw =

∑

j∈L
TopSCI
c

ωcj V
s
jyw,

where ωcj are population weights normalized to sum to one over the list LTopSCI
c , and V s

jyw

is the timing-specific home-county exposure for county j as defined in Appendix B.2. The

notification-week counterpart N s,TopSCI
cyw is built with the same weights.

Socio-Demographic Similarity Exposure (SD-Close). Let LSDClose
c denote, for county c,

the five counties with the smallest normalized socio-demographic distance, Dnorm
cj (defined

in Appendix B.4), excluding counties that share a border with c. The SD-close violation ex-

posure is then V s,SDClose
cyw =

∑

j∈LSDClose
c

ωcj V
s
jyw, where ωcj are population weights normalized

over the SD-close list, with the notification-week counterpart defined analogously.

Statistics. (US Census Bureau, National Telecommunications and Information Administration, and Department of Commerce 2023)

39. They include: median household income, unemployment rate, share of households below poverty, share children, share elderly,

share college degree, share Black, share Hispanic, share vacant housing units, the Republican share of the 2012 presidential vote, and

population-density bins.
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B.6 NielsenIQ Gastrointestinal Medication Sales

Following Marcus (2022), who uses purchases of over-the-counter stomach remedies as an

indirect measure of gastrointestinal health, I construct an analogous measure from Nielsen

Retail Scanner data on three product categories: diarrhea remedies, electrolyte oral rehy-

dration solutions (ORS), and antacids. Diarrhea remedies and antacids are taken directly

from the corresponding NielsenIQ product modules. To construct the ORS subset, I begin

with the Nutritional Supplements module and filter products based on retailer UPC de-

scriptions. I retain items explicitly marketed as oral rehydration or electrolyte replacement

products.40 The total GI medication outcome is the sum of expenditures across all three

categories.

C Event Influence and Sensitivity

C.1 Matched-Event Balance and Sensitivity

Appendix Tables A9 and A12 compare the characteristics of the exposed and matched con-

trol counties. Balance is generally closer in the delayed-notification sample. In the on-

time sample, most differences are modest, but the directly exposed counties have a higher

college-educated share (by 1.6 percentage points) and a lower Republican vote share (by

3.8 percentage points) than their controls, and the indirectly exposed counties have higher

median income and population density than their controls.

Given the small number of events, Appendix Figure A4 examines sensitivity to indi-

vidual events by re-estimating the notification-week response after omitting each event in

turn. The implied timely notification-week estimate for directly affected counties remains

40. I include liquids, powders, freezer pops, and strips. Inclusion requires electrolyte-related terms in the UPC description (e.g., “elec-

trolyte,” “ELC,” “oral rehydration,” “ORS”) or membership in well-known ORS product families such as Pedialyte, Enfalyte, Liquilytes,

Oralyte, or Suero. I additionally retain pediatric or medical cues when present (e.g., “pediatric,” “PDTRC”). I exclude products whose

branding or descriptors indicate energy or performance positioning, vitamin or protein blends, or general wellness beverages (e.g., sports

drink lines or lifestyle hydration mixes).
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between approximately 43% and 63%, and the estimate for indirectly affected counties

between about 9% and 28%, when any event other than Austin is omitted. Omitting the

October 2018 Austin event reduces the direct estimate from approximately 52% to 17.9%

and the indirect estimate from 14% to 3.7%. By contrast, the delayed-notification estimates

for both directly and indirectly affected counties remain near zero when any single event

is omitted. Appendix Table A8 shows that the Austin episode was unusually intensive: the

system served approximately 1.1 million people, 1.04 million of them in Travis County, and

the state-issued boil-water order covered all customers and remained in effect for seven

days. By comparison, the other documented advisories with known duration lasted two or

three days, and several applied to only part of the system. Austin’s influence is therefore

consistent with heterogeneity in the scale, duration, and salience of notification events.

C.2 National Panel Sensitivity

The national-panel estimates draw onmanymore notifications, but the October 2018 Austin

event is also part of that sample. Appendix Table A14 reestimates the event-time specifi-

cations of Appendix Table A6 without it: the Austin notices are removed from all exposure

measures, and the counties exposed to the event are dropped around the notice week.41 The

own-county estimates change little: the event-study coefficient for the notification week

implies an increase of approximately 26% (30% with Austin). For neighboring counties,

the notification-week coefficients are smaller and not statistically significant, both for all

neighbors (20.2% compared with 25.5%) and for neighbors within the same DMA (26.8%

compared with 34%, which is significant at the 10 percent level with Austin). Averaged

over the notification week and the following two weeks, however, the spillover remains at

about 14% (15% with Austin) and statistically significant, both for all neighbors and for

neighbors within the same DMA. The joint test of the pre-notification coefficients for all

neighbors has p = 0.09, compared with p = 0.28 with Austin.42

41. The removed notices are those recorded in the week of October 27, 2018 by the City of Austin system (Travis and Williamson

counties) and by the smaller West Travis County Public Utility Agency (about 28,000 people in Travis and Hays counties), which had the

same turbidity violation in the same month. This drops sixteen counties from eight weeks before to eight weeks after the notice week

(170 county-weeks): the three counties these systems serve, their neighbors, and the other counties of the Austin media market.

42. The static notification-week estimates show the same pattern. Excluding the Austin event, the own-county estimate is 26.6% (31.1%

with Austin), while the estimates for all neighbors and for neighbors within the same DMA fall to 15.3% (21.3%) and 22.5% (30%) and

are not statistically significant.
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D Appendix Figures

Figure A1: Sample Public Notification Certification Form

Note: Sample certification form reproduced from the EPA’s revised public notification handbook (USEPA 2010). A system that issues a

public notice must certify to the state primacy agency, within ten days, that the notice was issued and that it met the content and delivery

requirements of the Public Notification Rule. For system-issued notices, I use the primacy agency’s recorded certification-receipt date;

for notices or boil-water orders issued by the primacy agency, I use the issue date.

Figure A2: Distribution of Recorded Public Notification Timing

1,184

688 687

1,211

1,808

0%

10%

20%

30%

On time
(≤ 0 days)

1–28 days
late

29–60 days
late

> 60 days
late

No receipt
date recorded

Date state received the notification, relative to the deadline

S
h

a
re

 o
f 

v
io

la
ti

o
n

s

Notified on time Notified late No receipt date recorded

Note: The figure plots the distribution of the difference in days between the date the state received the public notification certification

from a system and the notification deadline, for the 5,578 acute pathogen violations, measured at the system by violation category level.

The deadline is the end of the non-compliance period plus one day to account for the required notification window plus the ten days a

system has to certify to the state.
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Figure A3: Stacked Difference-in-Differences of Avoidance Behavior and Spillover Effects
(Log Bottled Water Share), by Notification Timing
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Note: Dependent variable is the log of the share of bottled water sales in total store sales, which normalizes bottled-water sales by

total store sales. The figure plots the event-study coefficients estimating the differential change in sales for stores in directly affected

counties (purple circles) and indirectly affected (neighboring) counties (teal diamonds) relative to matched control counties. Event time

0 denotes the week of public notification; the reference week −1 is omitted. Vertical lines are 95% confidence intervals. Regressions

include categorical controls for precipitation and temperature, a flood indicator, and event×store and event×year×week fixed effects.

Standard errors are clustered at the county level. Observations: 73,452 in panel a and 44,584 in panel b.

Figure A4: Leave-One-Out Sensitivity of the Stacked Difference-in-Differences Notification-
Week Estimates

c. Indirectly treated (neighboring), notified on time d. Indirectly treated (neighboring), notified late

a. Directly treated, notified on time b. Directly treated, notified late
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Note: Dependent variable is the log of bottled water sales. Each row omits one of the eleven on-time (panels a and c) or ten late (panels

b and d) events and re-estimates the notification-week coefficient; panels a and b report the coefficient for directly affected counties

and panels c and d the coefficient for indirectly affected (neighboring) counties, from the same regressions. The dashed line is the full-

sample estimate for that panel and horizontal lines are 95% confidence intervals. Standard errors are clustered at the county level. The

corresponding full-sample regressions observations: 73,452 in panels a and c, and 44,584 in panels b and d.

D-1



Figure A5: Households’ Spatial Distribution in the NielsenIQ Homescan Data

(a) Households per county (b) Median years in panel

Note: Panel a graphs the per-county total number of households in the NielsenIQ Homescan panel over the sample period (capped at

1,000; 10 counties have 1,000-3,000 households). Panel b depicts the median number of years present among households in the county.
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E Appendix Tables

Table A1: Federal Regulatory Standards and Public Notification Requirements for Acute
Pathogens

Rule Contaminant Standard Population at Risk in PN Health Effects in PN Recommended Actions in PN

Total Coliform Rule
(TCR), Revised Total
Coliform Rule (RTCR)

Fecal Col-
iform, E. Coli

Maximum Contaminant Level (MCL):
positive repeat sample or failure to test
after positive routine sample

infants, young children, people
with severely compromised im-
mune systems

diarrhea, cramps, nausea,
headaches, or other symptoms

boil water before drinking and
using; use bottled water

Surface Water Treat-
ment Rule (SWTR)

Turbidity Treatment Technique (TT) Require-
ments: a single exceedance of the
maximum allowable turbidity limit

NA nausea, cramps, diarrhea and
headaches

boil water before drinking and
using; use bottled water

Disinfectants and Dis-
infection Byproducts
(DBP) Rule

Chlorine
dioxide

Maximum Residual Disinfectant Level
(MRDL): a positive repeat exceedance or
failure to sample in the next day

pregnant women, young chil-
dren

problems with the nervous sys-
tem and anemia

do not drink the water; use bot-
tled water or another source

Note: The table summarizes the health standards, at-risk populations, and required public notification (PN) content for acute pathogen

violations by rule and contaminant.

Table A2: Summary Statistics of Violation Frequency and Duration by Regulatory Rule
(2006–2019)

Rule Contaminant Code Mean days SD days Min days Pctl. 25 Median days Pctl. 75 Max days Count

1 Revised Total Coliform
Rule

Revised Total Col-
iform Rule

Maximum Contaminant
Level Violation, E. coli
(RTCR)

28.26 4.45 1 29.00 30.00 30.00 31 487

2 Total Coliform Rule Coliform (TCR) Maximum Contaminant
Level Violation, Acute
(TCR)

30.25 9.41 4 29.00 30.00 30.00 91 1633

3 Stage 1 Disinfectants
and Disinfection Byprod-
ucts Rule

Chlorine dioxide Acute Maximum Residual
Disinfectant Level

29.25 0.97 27 29.00 29.50 30.00 30 28

4 Interim and Long Term 1
Enhanced Surface Water
Treatment Rule

Interim Enhanced
Surface Water
Treatment Rule

Monthly Turbidity Exceed
(Enhanced SWTR)

29.38 1.62 2 29.00 30.00 30.00 30 2302

5 Interim and Long Term 1
Enhanced Surface Water
Treatment Rule

Interim Enhanced
Surface Water
Treatment Rule

Single Turbidity Exceed
(Enhanced SWTR)

29.05 2.70 2 29.00 30.00 30.00 31 1128

Note: The sample covers all community water systems (CWS) in the United States from 2006 to 2019. Count refers to the total number

of violation events recorded during the sample period. SD denotes Standard Deviation; Pctl denotes Percentile.
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Table A3: Summary Statistics of Key Variables in the National Sample (2006–2019)

Variable Mean Std. Dev. Min Pctl. 25 Median Pctl. 75 Max

Dependent variable

Bottled water sales (2019$) 23,717 94,237 0.1 489 3,356 13,112 4,283,638
Log bottled water sales 7.9 2.2 -2.3 6.2 8.1 9.5 15

Violation-window exposure, by public notification timing

Own County Acute Pathogens — PN on time 0.00023 0.0099 0 0 0 0 1
Own County Acute Pathogens — PN late 0.00051 0.015 0 0 0 0 1
Own County Acute Pathogens — PN never 0.00016 0.008 0 0 0 0 0.99

Violation-window spillover exposure

NCs (In-DMA) Acute Pathogens — PN on time 0.00024 0.0081 0 0 0 0 0.96
NCs (In-DMA) Acute Pathogens — PN late 0.00045 0.0097 0 0 0 0 0.95
NCs (In-DMA) Acute Pathogens — PN never 0.00013 0.0047 0 0 0 0 0.8
NCs (Out-DMA) Acute Pathogens — PN on time 0.00015 0.0062 0 0 0 0 0.95
NCs (Out-DMA) Acute Pathogens — PN late 0.00045 0.011 0 0 0 0 0.95
NCs (Out-DMA) Acute Pathogens — PN never 0.00011 0.0045 0 0 0 0 0.72
DMA Non-NC Acute Pathogens — PN on time 0.00026 0.0063 0 0 0 0 0.82
DMA Non-NC Acute Pathogens — PN late 0.00051 0.0075 0 0 0 0 1
DMA Non-NC Acute Pathogens — PN never 0.00014 0.0038 0 0 0 0 0.68

Notification-anchored exposure (week of the notice)

Own County — notification week, on time 0.000054 0.005 0 0 0 0 1
Own County — notification week, late 0.0001 0.0068 0 0 0 0 1

Notification-anchored spillover exposure

NCs (In-DMA) — notification week, on time 0.000045 0.0036 0 0 0 0 0.83
NCs (In-DMA) — notification week, late 0.000069 0.0039 0 0 0 0 0.83
NCs (Out-DMA) — notification week, on time 0.000013 0.0017 0 0 0 0 0.81
NCs (Out-DMA) — notification week, late 0.000027 0.002 0 0 0 0 0.6
DMA Non-NC — notification week, on time 0.000044 0.0026 0 0 0 0 0.55
DMA Non-NC — notification week, late 0.000059 0.0026 0 0 0 0 0.39
Total number of neighboring counties (NCs) 6 1.3 1 5 6 7 14
Weekly max temperature 24 9.6 -20 18 26 31 49
Weekly total precipitation 20 25 0 2.5 12 29 963
Flood or heavy rain in the county (week) 0.033 0.18 0 0 0 0 1
County Median HH Income ($2012) 46,416 12,344 19,624 38,387 44,253 51,641 122,068
County Share Child Pop. 0.19 0.028 0.073 0.18 0.19 0.21 0.35
County Share Elderly Pop. 0.15 0.038 0.046 0.13 0.15 0.17 0.45
County Share Coll. Degree 0.22 0.039 0.087 0.19 0.22 0.24 0.35
County Share Black 0.098 0.15 0 0.0077 0.029 0.12 0.84
County Share Hispanic 0.086 0.13 0 0.018 0.036 0.089 0.98
County Share Presid Votes Republican 0.33 0.086 0.034 0.28 0.33 0.38 0.64
Share Rural Pop. 0.75 0.36 0 0.45 1 1 1
Share Lang. Barrier Pop. 0.18 0.07 0.051 0.13 0.17 0.21 0.58
Share No Fixed Broadband Pop. 0.13 0.17 0 0.015 0.061 0.18 1
Share No Broadband or Computer Pop. 0.19 0.081 0.028 0.13 0.17 0.23 0.61
County Population 137,132 382,265 1,642 19,725 40,403 103,514 10,081,570

Note: Number of counties in the sample is 2,283. Violation-window exposure is the share of county residents served by systems in

violation, scaled by the share of days in the week out of compliance; notification-week exposure is the share of county residents served

by systems whose public notice is recorded that week. NCs In-DMA (Out-DMA) refers to adjacent counties that share (do not share) the

same Designated Market Area as the violation county. DMA non-NC refers to non-adjacent counties within the same DMA.
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Table A4: Own-County and Neighboring-County Coefficients Under Alternative Fixed Ef-
fects and Clustering

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Own county

Notification week × On-time 0.2937∗∗∗ 0.2920∗∗∗ 0.2750∗∗∗ 0.2640∗∗∗ 0.2593∗∗∗ 0.2708∗∗∗ 0.2708∗∗∗ 0.2708∗∗∗ 0.2708∗∗∗

(0.0677) (0.0678) (0.0689) (0.0678) (0.0680) (0.0691) (0.0697) (0.0779) (0.0702)
Notification week × Late 0.0199 0.0210 -0.0264 -0.0231 -0.0300 -0.0271 -0.0271 -0.0271 -0.0271

(0.0321) (0.0314) (0.0214) (0.0213) (0.0206) (0.0202) (0.0201) (0.0187) (0.0220)
Violation window × On-time 0.1502∗∗∗ 0.1478∗∗∗ 0.0852∗∗∗ 0.0937∗∗∗ 0.0917∗∗∗ 0.0858∗∗∗ 0.0858∗∗∗ 0.0858∗∗∗ 0.0858∗∗∗

(0.0444) (0.0435) (0.0261) (0.0261) (0.0253) (0.0252) (0.0257) (0.0297) (0.0270)
Violation window × Late 0.1152∗∗∗ 0.1134∗∗∗ 0.0709∗∗∗ 0.0674∗∗∗ 0.0660∗∗∗ 0.0642∗∗∗ 0.0642∗∗∗ 0.0642∗∗∗ 0.0642∗∗∗

(0.0363) (0.0359) (0.0207) (0.0207) (0.0196) (0.0193) (0.0193) (0.0181) (0.0188)
Violation window × Never -0.1060 -0.1012 0.0656 0.0616 0.0699 0.0671 0.0671 0.0671 0.0671

(0.1086) (0.1071) (0.0494) (0.0497) (0.0479) (0.0476) (0.0472) (0.0628) (0.0545)

Neighboring counties (total)

Notification week × On-time 0.2061∗∗ 0.1966∗∗ 0.2092∗∗ 0.1832∗∗ 0.1644∗ 0.1929∗∗ 0.1929 0.1929 0.1929
(0.0870) (0.0864) (0.0842) (0.0833) (0.0842) (0.0842) (0.1342) (0.1466) (0.1382)

Notification week × Late 0.0012 -0.0161 -0.0625∗∗ -0.0492 -0.0806∗∗ -0.0809∗∗ -0.0809∗ -0.0809 -0.0809∗

(0.0537) (0.0540) (0.0317) (0.0312) (0.0313) (0.0319) (0.0419) (0.0542) (0.0420)
Violation window × On-time 0.0080 0.0012 0.0493∗ 0.0700∗∗ 0.0632∗∗ 0.0454∗ 0.0454 0.0454∗ 0.0454∗

(0.0925) (0.0933) (0.0274) (0.0273) (0.0266) (0.0264) (0.0284) (0.0252) (0.0245)
Violation window × Late 0.1796∗∗ 0.1572∗∗ 0.0791∗ 0.0798∗ 0.0586 0.0500 0.0500 0.0500 0.0500

(0.0778) (0.0769) (0.0427) (0.0420) (0.0404) (0.0401) (0.0443) (0.0383) (0.0436)
Violation window × Never -0.2983∗ -0.2836 0.0083 0.0167 0.0356 0.0281 0.0281 0.0281 0.0281

(0.1743) (0.1724) (0.0840) (0.0784) (0.0758) (0.0761) (0.0860) (0.0869) (0.0923)

Observations 1,649,605 1,649,605 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604
R2 0.974 0.974 0.992 0.992 0.992 0.992 0.992 0.992 0.992
County FE yes yes
Year FE yes
Week FE yes yes
County × Year FE yes yes yes yes yes yes yes
Primacy Agency × Month FE yes yes yes yes yes yes
Year × Month FE yes
Year × Week FE yes yes yes yes yes
Clustering County County County County County County County + week Primacy agency DMA

Tests of equality (Wald p-value)
Own: on-time vs late, notification week p =0.000 p =0.000 p =0.000 p =0.000 p =0.000 p =0.000 p =0.000 p =0.001 p =0.000
Own: notification vs violation, on-time p =0.087 p =0.083 p =0.014 p =0.025 p =0.027 p =0.016 p =0.017 p =0.048 p =0.019
NCs: on-time vs late, notification week p =0.045 p =0.037 p =0.003 p =0.009 p =0.007 p =0.002 p =0.052 p =0.111 p =0.064

Note: Dependent variable is the log of bottled water sales. All columns include categorical controls for precipitation and temperature

and a flood indicator. Standard errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A5: Spillover Effects of Acute Pathogen Violations by Media Market Connectivity and
Notification Timing Under Alternative Fixed Effects and Clustering

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Own county

Notification week × On-time 0.2932∗∗∗ 0.2915∗∗∗ 0.2743∗∗∗ 0.2634∗∗∗ 0.2586∗∗∗ 0.2701∗∗∗ 0.2701∗∗∗ 0.2701∗∗∗ 0.2701∗∗∗

(0.0677) (0.0677) (0.0689) (0.0678) (0.0680) (0.0691) (0.0696) (0.0777) (0.0701)
Notification week × Late 0.0215 0.0225 -0.0261 -0.0231 -0.0301 -0.0270 -0.0270 -0.0270 -0.0270

(0.0320) (0.0313) (0.0213) (0.0213) (0.0206) (0.0201) (0.0201) (0.0187) (0.0219)
Violation window × On-time 0.1517∗∗∗ 0.1492∗∗∗ 0.0855∗∗∗ 0.0942∗∗∗ 0.0921∗∗∗ 0.0862∗∗∗ 0.0862∗∗∗ 0.0862∗∗∗ 0.0862∗∗∗

(0.0445) (0.0436) (0.0261) (0.0261) (0.0253) (0.0252) (0.0257) (0.0296) (0.0269)
Violation window × Late 0.1149∗∗∗ 0.1132∗∗∗ 0.0709∗∗∗ 0.0675∗∗∗ 0.0661∗∗∗ 0.0643∗∗∗ 0.0643∗∗∗ 0.0643∗∗∗ 0.0643∗∗∗

(0.0363) (0.0359) (0.0207) (0.0207) (0.0196) (0.0192) (0.0193) (0.0181) (0.0188)
Violation window × Never -0.1056 -0.1009 0.0655 0.0615 0.0698 0.0669 0.0669 0.0669 0.0669

(0.1087) (0.1072) (0.0494) (0.0497) (0.0479) (0.0476) (0.0472) (0.0628) (0.0545)

Neighboring counties, in DMA

Notification week × On-time 0.2451∗∗ 0.2385∗∗ 0.2647∗∗∗ 0.2413∗∗ 0.2316∗∗ 0.2617∗∗∗ 0.2617 0.2617 0.2617
(0.1002) (0.0977) (0.1003) (0.0996) (0.0989) (0.0984) (0.1597) (0.2015) (0.1632)

Notification week × Late -0.0880 -0.1003∗ -0.0762∗∗ -0.0572 -0.0820∗∗ -0.0883∗∗ -0.0883∗ -0.0883 -0.0883∗

(0.0550) (0.0557) (0.0388) (0.0377) (0.0379) (0.0389) (0.0474) (0.0593) (0.0481)
Violation window × On-time 0.0893 0.0878 0.0239 0.0353 0.0330 0.0194 0.0194 0.0194 0.0194

(0.0679) (0.0690) (0.0251) (0.0251) (0.0244) (0.0241) (0.0252) (0.0244) (0.0244)
Violation window × Late 0.1018∗ 0.0935 0.0781∗∗ 0.0720∗∗ 0.0649∗∗ 0.0606∗∗ 0.0606∗ 0.0606∗∗ 0.0606∗

(0.0582) (0.0575) (0.0320) (0.0320) (0.0304) (0.0303) (0.0325) (0.0290) (0.0346)
Violation window × Never -0.2563 -0.2419 0.0095 0.0070 0.0257 0.0216 0.0216 0.0216 0.0216

(0.1639) (0.1612) (0.0784) (0.0745) (0.0715) (0.0713) (0.0831) (0.0770) (0.0936)

Neighboring counties, out of DMA

Notification week × On-time -0.2683 -0.3046∗ -0.0111 -0.0129 -0.0821 -0.0710 -0.0710 -0.0710 -0.0710
(0.1733) (0.1821) (0.0906) (0.0906) (0.0881) (0.0884) (0.0680) (0.0748) (0.0907)

Notification week × Late 0.2229∗ 0.1986 -0.0300 -0.0380 -0.0774 -0.0574 -0.0574 -0.0574 -0.0574
(0.1328) (0.1348) (0.0560) (0.0566) (0.0556) (0.0559) (0.0687) (0.0588) (0.0579)

Violation window × On-time -0.0298 -0.0341 0.0554∗ 0.0628∗ 0.0592∗ 0.0513 0.0513 0.0513∗∗ 0.0513∗

(0.1263) (0.1274) (0.0328) (0.0322) (0.0326) (0.0318) (0.0336) (0.0250) (0.0276)
Violation window × Late 0.1306∗ 0.1233 0.0135 0.0185 0.0120 0.0067 0.0067 0.0067 0.0067

(0.0765) (0.0771) (0.0325) (0.0303) (0.0315) (0.0309) (0.0318) (0.0305) (0.0301)
Violation window × Never -0.2893∗∗ -0.2842∗∗ -0.0053 -0.0036 -0.0000 -0.0032 -0.0032 -0.0032 -0.0032

(0.1245) (0.1239) (0.0639) (0.0566) (0.0533) (0.0548) (0.0574) (0.0724) (0.0610)

DMA counties, non-neighboring

Notification week × On-time 0.0907 0.0729 0.1492∗ 0.1139 0.0847 0.1334 0.1334 0.1334 0.1334
(0.0865) (0.0849) (0.0840) (0.0857) (0.0863) (0.0833) (0.1082) (0.1061) (0.1206)

Notification week × Late 0.2594∗∗ 0.2071∗ 0.1407∗∗ 0.1815∗∗∗ 0.1110∗ 0.0797 0.0797 0.0797 0.0797
(0.1054) (0.1058) (0.0689) (0.0671) (0.0663) (0.0693) (0.1060) (0.0919) (0.0978)

Violation window × On-time 0.0174 0.0175 0.0593 0.0566 0.0622 0.0406 0.0406 0.0406 0.0406
(0.0979) (0.1002) (0.0391) (0.0400) (0.0392) (0.0393) (0.0445) (0.0482) (0.0424)

Violation window × Late 0.2065∗∗ 0.1823∗ 0.0781∗∗ 0.0911∗∗∗ 0.0697∗∗ 0.0581∗ 0.0581 0.0581 0.0581
(0.0965) (0.0956) (0.0339) (0.0345) (0.0319) (0.0317) (0.0380) (0.0458) (0.0408)

Violation window × Never -0.1728 -0.1698 -0.0423 -0.0633 -0.0539 -0.0647 -0.0647 -0.0647 -0.0647
(0.1351) (0.1340) (0.0641) (0.0583) (0.0609) (0.0619) (0.0787) (0.0797) (0.0663)

Observations 1,649,605 1,649,605 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604 1,649,604
R2 0.974 0.974 0.992 0.992 0.992 0.992 0.992 0.992 0.992
County FE yes yes
Year FE yes
Week FE yes yes
County × Year FE yes yes yes yes yes yes yes
Primacy Agency × Month FE yes yes yes yes yes yes
Year × Month FE yes
Year × Week FE yes yes yes yes yes
Clustering County County County County County County County + week Primacy agency DMA

Tests of equality (Wald p-value)
NCs: in DMA vs out of DMA, notification week p =0.011 p =0.009 p =0.042 p =0.060 p =0.018 p =0.012 p =0.050 p =0.063 p =0.020
NCs: in DMA vs out of DMA, violation window p =0.389 p =0.384 p =0.443 p =0.498 p =0.519 p =0.424 p =0.419 p =0.344 p =0.366
NCs in DMA: on-time vs late, notification week p =0.003 p =0.002 p =0.002 p =0.005 p =0.003 p =0.001 p =0.036 p =0.112 p =0.044
NCs out of DMA: on-time vs late, notification week p =0.029 p =0.032 p =0.856 p =0.812 p =0.964 p =0.895 p =0.886 p =0.900 p =0.897
DMA non-neighboring vs NCs in DMA, notification week p =0.258 p =0.215 p =0.388 p =0.344 p =0.276 p =0.331 p =0.234 p =0.350 p =0.292

Note: Dependent variable is the log of bottled water sales. All columns include categorical controls for precipitation and temperature and

a flood indicator. Standard errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. Neighboring Counties In DMA (Out DMA)

refers to adjacent counties that share (do not share) the same Designated Market Area as the violation county. DMA non-Neighboring

refers to non-adjacent counties within the same DMA.
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Table A6: Violation-Window and Notification Event-Time Coefficients by Specification

Log bottled water sales

Group 1 Group 2 Group 3

(1) (2) (3) (4) (5)
Own county NCs total NCs in DMA NCs out of DMA Non-adjacent in DMA

Panel A. Violation window, by notification regime

PN on time 0.0942∗∗∗ 0.0164 0.0018 0.0305 0.0115
(0.0260) (0.0280) (0.0250) (0.0320) (0.0629)

PN late 0.0637∗∗∗ 0.0587 0.0630∗ 0.0111 0.0661∗

(0.0185) (0.0407) (0.0341) (0.0279) (0.0387)
PN never 0.0669 0.0289 0.0217 -0.0022 -0.0657

(0.0544) (0.0917) (0.0930) (0.0603) (0.0665)

Mean exposure, on time 0.0581 0.0118 0.0174 0.0211 0.0053
Mean exposure, late 0.1035 0.0188 0.0260 0.0477 0.0080

Panel B. Notification week, event time

PN on-time

h = −8 0.0346 0.0118 -0.0086 0.1132 0.0667
(0.0251) (0.0441) (0.0428) (0.1378) (0.0951)

h = −7 -0.0392 0.0595 0.0623 0.0251 0.1965∗∗

(0.0290) (0.0561) (0.0604) (0.0840) (0.1002)
h = −6 -0.0495 -0.0273 -0.0404 0.0336 -0.0102

(0.0327) (0.0608) (0.0642) (0.1246) (0.0804)
h = −5 -0.0458∗ 0.0263 0.0031 0.1223 -0.1477

(0.0255) (0.0418) (0.0481) (0.1178) (0.0984)
h = −4 -0.0521∗ -0.0091 -0.0262 0.0678 0.0369

(0.0310) (0.0465) (0.0433) (0.1258) (0.0796)
h = −3 -0.0471 0.0327 0.0256 0.0907 0.0524

(0.0394) (0.0634) (0.0666) (0.0945) (0.1458)
h = −2 -0.0231 0.0497 0.0479 0.0684 0.0485

(0.0407) (0.0415) (0.0422) (0.0899) (0.0903)
h = −1 0.0000 0.0000 0.0000 0.0000 0.0000

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
h = 0 0.2651∗∗∗ 0.2270 0.2896∗ -0.0320 0.1521

(0.0724) (0.1427) (0.1717) (0.0932) (0.1317)
h = 1 0.1069 0.1149∗∗ 0.0806 0.2773∗∗∗ 0.0721

(0.0799) (0.0530) (0.0561) (0.0691) (0.0800)
h = 2 -0.0455 0.0885∗∗ 0.0558 0.2202∗∗∗ 0.0849

(0.0280) (0.0423) (0.0526) (0.0500) (0.0532)
h = 3 -0.0310 0.0349 0.0470 -0.0288 -0.0630

(0.0339) (0.0384) (0.0524) (0.0814) (0.0518)
h = 4 -0.0141 0.0119 0.0116 -0.0079 0.0569

(0.0243) (0.0354) (0.0374) (0.1048) (0.0606)
h = 5 0.0122 0.0369 0.0593 -0.0614 -0.0891

(0.0328) (0.0379) (0.0457) (0.1487) (0.0933)
h = 6 0.0085 0.0790∗∗ 0.0803∗ 0.0597 0.0450

(0.0256) (0.0397) (0.0463) (0.0876) (0.0727)
h = 7 0.0437 0.1418∗∗∗ 0.1424∗∗∗ 0.1367∗ 0.1084

(0.0280) (0.0443) (0.0498) (0.0803) (0.1857)
h = 8 -0.0289 0.1297∗∗ 0.1226∗∗ 0.1678 -0.1481

(0.0217) (0.0558) (0.0608) (0.1260) (0.1112)

Mean exposure 0.0721 0.0143 0.0160 0.0107 0.0043

PN late

h = −8 -0.0150 -0.0077 0.0180 -0.1074 0.0635
(0.0294) (0.0403) (0.0482) (0.0707) (0.1084)

h = −7 0.0306 -0.0212 -0.0353 0.0183 -0.1138
(0.0292) (0.0405) (0.0416) (0.1015) (0.1160)

h = −6 0.0188 -0.0409 -0.0277 -0.0842 -0.0062
(0.0311) (0.0430) (0.0480) (0.0795) (0.0876)

h = −5 -0.0004 -0.0186 -0.0486 0.0853 -0.0591
(0.0262) (0.0343) (0.0342) (0.0862) (0.0834)

h = −4 -0.0323 -0.0893∗∗ -0.1061∗∗ -0.0509 -0.0396
(0.0232) (0.0391) (0.0464) (0.0771) (0.0562)

h = −3 0.0273 -0.0322 -0.0770 0.0887 0.1430
(0.0274) (0.0460) (0.0565) (0.0873) (0.0996)

h = −2 -0.0150 -0.0650 -0.0476 -0.1292∗ 0.1428
(0.0275) (0.0554) (0.0598) (0.0696) (0.1030)

h = −1 0.0000 0.0000 0.0000 0.0000 0.0000
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

h = 0 -0.0283 -0.0881∗∗ -0.0996∗ -0.0713 0.0849
(0.0236) (0.0437) (0.0516) (0.0600) (0.1002)

h = 1 0.0045 -0.0947∗∗ -0.1025∗∗ -0.0843 0.1276
(0.0161) (0.0385) (0.0446) (0.0573) (0.0847)

h = 2 -0.0270 -0.0774 -0.0532 -0.1454∗ 0.0002
(0.0200) (0.0519) (0.0627) (0.0773) (0.0999)

h = 3 0.0015 -0.0250 -0.0724 0.1071∗ 0.0375
(0.0238) (0.0468) (0.0603) (0.0577) (0.0824)

h = 4 0.0015 -0.0033 -0.0032 -0.0251 0.0953
(0.0231) (0.0370) (0.0475) (0.0538) (0.1005)

h = 5 -0.0031 -0.0200 -0.0493 0.0595 0.0631
(0.0260) (0.0427) (0.0530) (0.0795) (0.0654)

h = 6 -0.0001 -0.0459 -0.0391 -0.0735 0.0880
(0.0243) (0.0369) (0.0433) (0.0620) (0.0982)

h = 7 0.0519∗ 0.0417 0.0116 0.1153 0.0234
(0.0287) (0.0364) (0.0369) (0.0712) (0.1128)

h = 8 0.0290 -0.0126 -0.0603 0.1037 0.0166
(0.0231) (0.0476) (0.0443) (0.1122) (0.0883)

Mean exposure 0.1234 0.0226 0.0228 0.0218 0.0059

Own-county terms Reported Control Control Control Control

Joint tests of the event-time path (Wald χ2, p-value)
Pre-notification (h = −8 to −2), PN on-time p =0.154 p =0.275 p =0.256 p =0.764 p =0.000
Pre-notification (h = −8 to −2), PN late p =0.341 p =0.189 p =0.019 p =0.008 p =0.062
Notification onward (h = 0 to +8), PN on-time p =0.000 p =0.022 p =0.126 p =0.000 p =0.000
Notification onward (h = 0 to +8), PN late p =0.379 p =0.025 p =0.067 p =0.063 p =0.325

Observations 1,649,604 1,649,604 1,649,604

Note: Dependent variable is the log of bottled water sales. The columns come from three separate regressions: (1) own county alone; (2)

adding neighbors as a single total; (3)–(5) splitting neighbors by media market and adding non-adjacent same-market counties. Own

county is reported in column (1) and is included as a control in the other specifications. Panel A reports the violation-window coefficients

by notification regime; Panel B the event-time coefficients around the notification week, with the indicator for h = −1 omitted. Mean

exposure is the average of the exposure measure where it is positive; coefficients are full-exposure effects. Regressions include categorical

controls for precipitation and temperature, a flood indicator, and county×year, primacy agency×month and year×week fixed effects.

Clustered (DMA) standard errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A7: de Chaisemartin and D’Haultfœuille (2024) Estimates by Geography and Notifi-
cation Timing, All Horizons

Own county NCs total NCs in DMA NCs out of DMA Non-adjacent in DMA

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
PN on-time PN late PN on-time PN late PN on-time PN late PN on-time PN late PN on-time PN late

Placebos, weeks before the notice

h = −7 -0.135 0.000 0.403 0.273 0.200 0.170 0.422 0.822 -0.687 3.034∗

(0.103) (0.081) (0.337) (0.284) (0.358) (0.269) (0.633) (0.543) (1.305) (1.675)
h = −6 -0.091 -0.014 0.214 -0.154 -0.069 -0.078 0.557 -0.032 -1.520 3.258∗∗

(0.090) (0.059) (0.313) (0.297) (0.356) (0.262) (0.620) (0.470) (1.185) (1.415)
h = −5 -0.183∗ -0.161∗∗ 0.355 -0.143 -0.133 -0.471∗ 0.674 0.584 -1.476 2.229

(0.094) (0.071) (0.305) (0.274) (0.349) (0.282) (0.567) (0.484) (1.246) (1.525)
h = −4 -0.087 -0.134∗∗ 0.227 0.119 0.077 -0.250 0.875 0.758 -1.672 4.411∗∗∗

(0.096) (0.063) (0.280) (0.277) (0.353) (0.304) (0.595) (0.516) (1.184) (1.553)
h = −3 -0.096 -0.009 0.471 0.412 0.186 0.098 0.753 1.135∗∗ -0.902 3.411∗∗∗

(0.093) (0.068) (0.313) (0.269) (0.344) (0.257) (0.531) (0.458) (1.034) (1.320)
h = −2 -0.117 -0.053 0.237 0.106 0.323 0.057 -0.292 0.097 -0.292 1.611

(0.101) (0.064) (0.257) (0.311) (0.300) (0.302) (0.485) (0.461) (1.040) (1.481)

Effects, from the notification week

h = 0 0.322∗∗∗ -0.110∗ 0.218 -0.060 -0.144 -0.334 0.713∗ 0.193 -0.150 0.469
(0.111) (0.059) (0.254) (0.259) (0.317) (0.278) (0.409) (0.435) (0.799) (1.512)

h = 1 0.182 -0.107∗ 0.490∗ 0.196 0.120 -0.048 0.933∗ 0.460 -0.309 2.478
(0.122) (0.055) (0.288) (0.309) (0.359) (0.275) (0.491) (0.425) (0.991) (1.512)

h = 2 -0.042 -0.112∗ 0.481∗ -0.038 0.035 -0.210 1.036∗∗ 0.647 0.166 -0.899
(0.095) (0.060) (0.284) (0.279) (0.357) (0.266) (0.473) (0.503) (0.979) (1.759)

h = 3 -0.109 -0.030 0.564∗ 0.002 -0.015 -0.029 1.306∗∗ 0.482 0.709 0.224
(0.100) (0.053) (0.303) (0.295) (0.314) (0.323) (0.570) (0.500) (0.828) (1.565)

h = 4 -0.075 -0.099 0.536∗ 0.180 0.134 -0.268 0.414 0.633 0.737 0.872
(0.112) (0.063) (0.283) (0.299) (0.328) (0.265) (0.509) (0.538) (0.980) (1.627)

h = 5 0.020 -0.084 0.628∗ 0.030 0.178 -0.204 1.220∗∗ 0.548 1.209 -0.739
(0.102) (0.072) (0.334) (0.266) (0.351) (0.302) (0.572) (0.488) (1.244) (1.461)

Controls

Violation weeks

Own county, PN on-time Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Own county, PN late Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Own county, PN never Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
NCs total, PN on-time — — Yes Yes — — — — — —
NCs total, PN late — — Yes Yes — — — — — —
NCs total, PN never — — Yes Yes — — — — — —
NCs in DMA, PN on-time Yes Yes — — Yes Yes Yes Yes Yes Yes
NCs in DMA, PN late Yes Yes — — Yes Yes Yes Yes Yes Yes
NCs in DMA, PN never Yes Yes — — Yes Yes Yes Yes Yes Yes
NCs out of DMA, PN on-time Yes Yes — — Yes Yes Yes Yes Yes Yes
NCs out of DMA, PN late Yes Yes — — Yes Yes Yes Yes Yes Yes
NCs out of DMA, PN never Yes Yes — — Yes Yes Yes Yes Yes Yes
Non-adjacent in DMA, PN on-time Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Non-adjacent in DMA, PN late Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Non-adjacent in DMA, PN never Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notification week

Own county, PN on-time Yes Yes Yes Yes Yes Yes Yes Yes Yes
Own county, PN late Yes Yes Yes Yes Yes Yes Yes Yes Yes
NCs total, PN on-time — — Yes — — — — — —
NCs total, PN late — — Yes — — — — — —
NCs in DMA, PN on-time Yes Yes — — Yes Yes Yes Yes Yes
NCs in DMA, PN late Yes Yes — — Yes Yes Yes Yes Yes
NCs out of DMA, PN on-time Yes Yes — — Yes Yes Yes Yes Yes
NCs out of DMA, PN late Yes Yes — — Yes Yes Yes Yes Yes
Non-adjacent in DMA, PN on-time Yes Yes Yes Yes Yes Yes Yes Yes Yes
Non-adjacent in DMA, PN late Yes Yes Yes Yes Yes Yes Yes Yes Yes

Weather

Maximum temperature (linear) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Total precipitation (linear) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Flood or heavy rain Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Joint effects (p) 0.015 0.385 0.530 0.954 0.948 0.794 0.199 0.902 0.854 0.192
Joint placebos (p) 0.649 0.115 0.804 0.067 0.753 0.410 0.476 0.092 0.705 0.081
Switchers 649 549 1,614 1,508 1,326 1,236 759 739 1,860 1,768
Observations 746,555 692,943 445,591 479,345 517,693 536,399 524,498 528,459 247,649 274,923
Mean exposure 0.0721 0.1234 0.0143 0.0226 0.0160 0.0228 0.0107 0.0218 0.0043 0.0059

Note: Dependent variable is the log of bottled water sales. PN denotes public notification and NCs neighboring counties; NCs in DMA

(out of DMA) are adjacent counties that share (do not share) the violation county’s Designated Market Area, and non-adjacent in DMA

are non-adjacent counties within the same market. In the controls block, Yes marks a term included as a control, a blank marks the term

the column estimates, and a dash marks a term absent from that specification. Each column is a separate estimation with the estimator

of de Chaisemartin and D’Haultfœuille (2024). Estimates are normalized so that coefficients are per unit of exposure and are clustered

at the media market. Switchers is the number of county-weeks whose exposure changed and which the estimator therefore uses. mean

exposure is the average of the exposure measure across county-weeks where it is positive. Joint effects is the p-value for the null that the

effects at all six post-notification horizons are zero. Joint placebos is the p-value for the null that the six pre-notification placebo estimates

are zero. Signif. codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A9: Socio-Demographic Balance for Directly and Indirectly Exposed Counties and
Their Matched Controls, Stacked Difference-in-Differences Sample – On-Time Public Noti-
fication Events

Directly Exposed Indirectly Exposed

Treated Control Mean Pair Norm. Treated Control Mean Pair Norm.
Variable Mean Mean Difference p-value Diff. Mean Mean Difference p-value Diff.

Median HH Income ($2012) 51,729 50,293 1,436 0.328 0.153 48,514 44,918 3,596 0.006 0.365
Pop. Density Bin (1–9) 7.273 7.091 0.182 0.676 0.177 5.537 4.805 0.732 0.002 0.409
Share Coll. Degree 0.240 0.224 0.016 0.008 0.672 0.230 0.228 0.002 0.717 0.046
Share Child Pop. 0.203 0.202 0.001 0.806 0.035 0.209 0.206 0.003 0.223 0.120
Share Elderly Pop. 0.124 0.126 -0.002 0.712 -0.043 0.139 0.145 -0.006 0.148 -0.168
Share Black 0.105 0.103 0.002 0.926 0.022 0.069 0.068 0.001 0.860 0.013
Share Hispanic 0.307 0.291 0.016 0.080 0.055 0.348 0.345 0.003 0.845 0.009
Share Vacant Houses 0.108 0.109 -0.002 0.863 -0.038 0.167 0.165 0.002 0.834 0.024
Unemployment Rate 0.086 0.087 -0.000 0.941 -0.019 0.093 0.094 -0.001 0.722 -0.061
Share HH Below Poverty 0.147 0.164 -0.017 0.052 -0.279 0.158 0.170 -0.013 0.046 -0.194
Republican Vote Share 2012 0.250 0.287 -0.038 0.046 -0.358 0.273 0.291 -0.018 0.021 -0.172

Mean SD Distance 0.000 0.086 -0.086 <0.001 -4.082 0.000 0.112 -0.112 <0.001 -3.022

Note: The table reports mean socio-demographic characteristics for directly and indirectly exposed counties and their matched control

counties. Mean Pair Difference is the average (Treatedi − Controli) across pairs; p is the p-value of a paired t-test across the pairs, and

ND is the normalized difference in means. Pop. Density Bin (1–9) is the ordered population-density bin used in the matching procedure.

Table A10: Summary Statistics for Variables Used in the Stacked Difference-in-Differences
Event Study with PN On-Time

Variable Mean Std. Dev. Min Pctl. 25 Median Pctl. 75 Max

Dependent variable

Bottled water sales (2019$) 1,639 2,207 0.012 268 737 2,375 46,670
Log of bottled water sales 6.6 1.3 -4.4 5.6 6.6 7.8 11
Total sales (2019$) 136,887 172,464 141 28,370 54,767 201,799 1,696,891
Share of bottled water sales (2019$) 0.013 0.0093 0 0.01 0.01 0.01 0.12
Log Share bottled water sales -4.5 0.58 -13 -4.9 -4.5 -4.2 -2.1

Controls

Weekly max temperature 29 7.4 -2.1 25 31 34 42
Weekly total precipitation 27 31 0 3.3 18 40 262
Flood or heavy rain in the county (week) 0.099 0.3 0 0 0 0 1
County Population 949,976 823,236 5,231 327,535 686,218 1,422,278 2,606,868

Socio-Demographic Variables

County Median HH Income ($2012) 52,503 8,311 24,653 49,099 49,450 58,485 72,363
County Share Child Pop. 0.2 0.025 0.14 0.19 0.2 0.23 0.29
County Share Elderly Pop. 0.12 0.038 0.074 0.1 0.11 0.13 0.28
County Share Coll. Degree 0.24 0.031 0.12 0.2 0.24 0.26 0.3
County Share Black 0.14 0.11 0.0009 0.058 0.1 0.22 0.51
County Share Hispanic 0.24 0.22 0.014 0.071 0.12 0.38 0.98
County Share Presid Votes Republican 0.27 0.076 0.056 0.22 0.27 0.32 0.53
Share Rural Pop. 0.15 0.25 0 0.004 0.047 0.1 1
Share Lang. Barrier Pop. 0.22 0.088 0.1 0.15 0.19 0.29 0.57
Share No Fixed Broadband Pop. 0.02 0.042 0 0.001 0.005 0.026 0.69
Share No Broadband or Computer Pop. 0.14 0.059 0.069 0.093 0.13 0.16 0.43
Number of stores in county 112 108 1 44 80 131 374

Note: Summary statistics for the stacked event-study sample with on-time public notification, at the store–event–week level. The sample

window is ±12 weeks around the public notification week for 11 acute microbial Tier 1 violation events at community water systems

serving at least 100,000 people.
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Table A12: Socio-Demographic Balance for Directly and Indirectly Exposed Counties and
Their Matched Controls, Stacked Difference-in-Differences Sample – Delayed Public Noti-
fication Events

Directly Exposed Indirectly Exposed

Treated Control Mean Pair Norm. Treated Control Mean Pair Norm.
Variable Mean Mean Difference p-value Diff. Mean Mean Difference p-value Diff.

Median HH Income ($2012) 52,352 50,070 2,282 0.318 0.215 47,764 45,166 2,597 0.086 0.225
Pop. Density Bin (1–9) 7.100 6.800 0.300 0.193 0.360 5.757 5.459 0.297 0.047 0.209
Share Coll. Degree 0.199 0.200 -0.002 0.754 -0.048 0.211 0.205 0.006 0.084 0.140
Share Child Pop. 0.194 0.187 0.007 0.321 0.281 0.188 0.187 0.001 0.492 0.068
Share Elderly Pop. 0.144 0.148 -0.004 0.655 -0.113 0.157 0.159 -0.002 0.522 -0.081
Share Black 0.153 0.097 0.056 0.008 0.433 0.113 0.114 -0.000 0.970 -0.003
Share Hispanic 0.057 0.045 0.012 0.432 0.312 0.056 0.044 0.012 0.121 0.200
Share Vacant Houses 0.119 0.129 -0.010 0.229 -0.100 0.148 0.150 -0.003 0.682 -0.038
Unemployment Rate 0.086 0.076 0.010 0.065 0.643 0.087 0.082 0.005 0.129 0.202
Share HH Below Poverty 0.138 0.131 0.008 0.191 0.227 0.151 0.154 -0.003 0.520 -0.068
Republican Vote Share 2012 0.300 0.319 -0.020 0.135 -0.265 0.318 0.320 -0.002 0.775 -0.030

Mean SD Distance 0.000 0.076 -0.076 <0.001 -3.108 0.000 0.075 -0.075 <0.001 -2.627

Note: The table reports mean socio-demographic characteristics for directly and indirectly exposed counties and their matched control

counties in the delayed public notification event-study sample (10 matched pairs for directly and 37 for indirectly exposed counties).

Mean Pair Difference is the average (Treatedi − Controli) across pairs; p is the p-value of a paired t-test across the pairs, and ND is the

normalized difference in means. Pop. Density Bin (1–9) is the ordered population-density bin used in the matching procedure.

Table A13: Summary Statistics for Variables Used in the Stacked Difference-in-Differences
Event Study with PN Delayed

Variable Mean Std. Dev. Min Pctl. 25 Median Pctl. 75 Max

Dependent variable

Bottled water sales (2019$) 1,669 3,786 1.1 178 418 1,738 92,785
Log of bottled water sales 6.3 1.5 0.093 5.2 6 7.5 11
Total sales (2019$) 120,929 190,543 742 21,297 37,006 136,323 2,687,627
Share of bottled water sales (2019$) 0.012 0.0073 0 0.01 0.01 0.01 0.07
Log Share bottled water sales -4.6 0.62 -10 -4.9 -4.6 -4.2 -2.7

Controls

Weekly max temperature 23 8.8 -7.2 18 25 30 41
Weekly total precipitation 24 27 0 4.6 16 35 331
Flood or heavy rain in the county (week) 0.061 0.24 0 0 0 0 1
County Population 352,017 292,146 8,082 151,906 245,831 445,702 996,919

Socio-Demographic Variables

County Median HH Income ($2012) 52,454 13,223 32,226 44,247 48,274 56,581 95,259
County Share Child Pop. 0.19 0.017 0.15 0.18 0.19 0.2 0.24
County Share Elderly Pop. 0.15 0.024 0.11 0.13 0.15 0.16 0.22
County Share Coll. Degree 0.2 0.035 0.13 0.17 0.21 0.23 0.3
County Share Black 0.16 0.14 0.0023 0.056 0.13 0.23 0.47
County Share Hispanic 0.069 0.073 0.0057 0.025 0.041 0.067 0.37
County Share Presid Votes Republican 0.29 0.057 0.19 0.24 0.28 0.32 0.47
Share Rural Pop. 0.34 0.35 0 0.059 0.16 0.61 1
Share Lang. Barrier Pop. 0.18 0.05 0.075 0.14 0.16 0.2 0.34
Share No Fixed Broadband Pop. 0.046 0.082 0 0.001 0.013 0.052 0.74
Share No Broadband or Computer Pop. 0.15 0.061 0.052 0.12 0.14 0.18 0.5
Number of stores in county 52 40 1 20 45 77 145

Note: Summary statistics for the stacked event-study sample with late public notification, at the store–event–week level. The sample

window is ±12 weeks around the public notification week for 10 acute microbial Tier 1 violation events at community water systems

serving at least 100,000 people.
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Table A14: Violation-Window and Notification Event-Time Coefficients by Specification, Ex-
cluding the Austin Event

Log bottled water sales

Group 1 Group 2 Group 3

(1) (2) (3) (4) (5)
Own county NCs total NCs in DMA NCs out of DMA Non-adjacent in DMA

Panel A. Violation window, by notification regime

PN on time 0.0894∗∗∗ 0.0109 -0.0015 0.0310 0.0075
(0.0256) (0.0298) (0.0259) (0.0321) (0.0639)

PN late 0.0636∗∗∗ 0.0590 0.0632∗ 0.0111 0.0659∗

(0.0185) (0.0407) (0.0341) (0.0279) (0.0387)
PN never 0.0670 0.0289 0.0217 -0.0021 -0.0657

(0.0544) (0.0917) (0.0929) (0.0603) (0.0665)

Mean exposure, on time 0.0575 0.0116 0.0170 0.0210 0.0053
Mean exposure, late 0.1036 0.0189 0.0260 0.0478 0.0080

Panel B. Notification week, event time

PN on-time

h = −8 0.0366 0.0263 0.0073 0.1136 0.0679
(0.0255) (0.0459) (0.0461) (0.1378) (0.0977)

h = −7 -0.0377 0.0882∗ 0.0974∗ 0.0268 0.2179∗∗

(0.0297) (0.0503) (0.0528) (0.0838) (0.0983)
h = −6 -0.0445 0.0090 0.0011 0.0385 0.0111

(0.0332) (0.0505) (0.0513) (0.1243) (0.0793)
h = −5 -0.0436∗ 0.0381 0.0147 0.1199 -0.1477

(0.0258) (0.0431) (0.0503) (0.1203) (0.1011)
h = −4 -0.0525∗ 0.0055 -0.0111 0.0648 0.0368

(0.0315) (0.0510) (0.0477) (0.1266) (0.0820)
h = −3 -0.0449 0.0372 0.0284 0.0912 0.0516

(0.0398) (0.0652) (0.0693) (0.0945) (0.1497)
h = −2 -0.0181 0.0716∗ 0.0710∗ 0.0709 0.0526

(0.0409) (0.0409) (0.0396) (0.0908) (0.0927)
h = −1 0.0000 0.0000 0.0000 0.0000 0.0000

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
h = 0 0.2303∗∗∗ 0.1836 0.2376 -0.0373 0.1500

(0.0646) (0.1486) (0.1800) (0.0927) (0.1342)
h = 1 0.0991 0.1157∗∗ 0.0787 0.2764∗∗∗ 0.0636

(0.0812) (0.0559) (0.0595) (0.0689) (0.0814)
h = 2 -0.0431 0.1018∗∗ 0.0681 0.2235∗∗∗ 0.0876

(0.0286) (0.0450) (0.0581) (0.0499) (0.0546)
h = 3 -0.0306 0.0355 0.0492 -0.0281 -0.0677

(0.0345) (0.0411) (0.0569) (0.0802) (0.0530)
h = 4 -0.0141 0.0195 0.0213 -0.0082 0.0473

(0.0247) (0.0385) (0.0407) (0.1049) (0.0615)
h = 5 0.0114 0.0375 0.0623 -0.0619 -0.0982

(0.0334) (0.0408) (0.0499) (0.1485) (0.0956)
h = 6 0.0061 0.0877∗∗ 0.0916∗ 0.0597 0.0448

(0.0260) (0.0421) (0.0492) (0.0870) (0.0749)
h = 7 0.0431 0.1500∗∗∗ 0.1531∗∗∗ 0.1377∗ 0.1024

(0.0286) (0.0469) (0.0538) (0.0803) (0.1904)
h = 8 -0.0333 0.1293∗∗ 0.1222∗ 0.1638 -0.1572

(0.0216) (0.0599) (0.0665) (0.1267) (0.1146)

Mean exposure 0.0714 0.0141 0.0156 0.0106 0.0042

PN late

h = −8 -0.0150 -0.0079 0.0180 -0.1075 0.0638
(0.0294) (0.0403) (0.0481) (0.0707) (0.1083)

h = −7 0.0305 -0.0217 -0.0355 0.0180 -0.1124
(0.0292) (0.0405) (0.0416) (0.1015) (0.1155)

h = −6 0.0187 -0.0414 -0.0279 -0.0846 -0.0058
(0.0311) (0.0431) (0.0481) (0.0795) (0.0875)

h = −5 -0.0005 -0.0186 -0.0486 0.0855 -0.0591
(0.0262) (0.0342) (0.0342) (0.0862) (0.0834)

h = −4 -0.0324 -0.0894∗∗ -0.1060∗∗ -0.0506 -0.0394
(0.0232) (0.0391) (0.0464) (0.0771) (0.0563)

h = −3 0.0273 -0.0321 -0.0767 0.0887 0.1431
(0.0274) (0.0460) (0.0565) (0.0873) (0.0996)

h = −2 -0.0151 -0.0650 -0.0474 -0.1293∗ 0.1430
(0.0275) (0.0555) (0.0598) (0.0697) (0.1030)

h = −1 0.0000 0.0000 0.0000 0.0000 0.0000
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

h = 0 -0.0282 -0.0874∗∗ -0.0992∗ -0.0712 0.0851
(0.0236) (0.0437) (0.0516) (0.0600) (0.1002)

h = 1 0.0046 -0.0940∗∗ -0.1017∗∗ -0.0841 0.1279
(0.0161) (0.0383) (0.0443) (0.0573) (0.0847)

h = 2 -0.0270 -0.0773 -0.0530 -0.1454∗ 0.0004
(0.0200) (0.0519) (0.0628) (0.0773) (0.0999)

h = 3 0.0015 -0.0251 -0.0724 0.1072∗ 0.0376
(0.0238) (0.0468) (0.0603) (0.0577) (0.0825)

h = 4 0.0014 -0.0033 -0.0032 -0.0249 0.0954
(0.0231) (0.0370) (0.0475) (0.0538) (0.1005)

h = 5 -0.0032 -0.0200 -0.0493 0.0597 0.0630
(0.0260) (0.0427) (0.0530) (0.0795) (0.0655)

h = 6 -0.0002 -0.0460 -0.0392 -0.0735 0.0877
(0.0243) (0.0370) (0.0433) (0.0620) (0.0982)

h = 7 0.0518∗ 0.0415 0.0114 0.1152 0.0229
(0.0288) (0.0364) (0.0369) (0.0711) (0.1127)

h = 8 0.0289 -0.0123 -0.0600 0.1040 0.0163
(0.0231) (0.0476) (0.0443) (0.1121) (0.0882)

Mean exposure 0.1235 0.0226 0.0228 0.0218 0.0060

Own-county terms Reported Control Control Control Control

Joint tests of the event-time path (Wald χ2, p-value)
Pre-notification (h = −8 to −2), PN on-time p =0.164 p =0.087 p =0.099 p =0.762 p =0.000
Pre-notification (h = −8 to −2), PN late p =0.343 p =0.189 p =0.019 p =0.008 p =0.064
Notification onward (h = 0 to +8), PN on-time p =0.000 p =0.040 p =0.227 p =0.000 p =0.000
Notification onward (h = 0 to +8), PN late p =0.380 p =0.026 p =0.067 p =0.063 p =0.327

Observations 1,649,434 1,649,434 1,649,485

Note: Same specifications as Appendix Table A6, estimated without the October 2018 Austin event. The Austin notices are removed from

all exposure measures, and the sixteen counties of the Austin media market (DMA) are dropped from eight weeks before to eight weeks

after the notice week (170 county-weeks). Clustered (DMA) standard errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A15: Summary Statistics for Key Variables in the Homescan Sample (2006–2019)

Variable Mean Std. Dev. Min Pctl. 25 Median Pctl. 75 Max

Dependent variable

Bottled water Purchases (2019$) 3.4 7 0 0 0 4.2 412
Log (BW Purchases+1) 0.78 1.1 0 0 0 1.7 6
Bottled Water Purchases (gallons) 2.2 4.7 0 0 0 3 222

Direct Violation Exposure by Public Notification Timing

Own County Acute Pathogens — any PN timing 0.00085 0.019 0 0 0 0 1
Own County Acute Pathogens — PN on time 0.00027 0.011 0 0 0 0 0.95
Own County Acute Pathogens — PN late 0.00038 0.013 0 0 0 0 1
Own County Acute Pathogens — PN never 0.0002 0.0079 0 0 0 0 0.88

Spillover Exposure

NCs (all) Acute Pathogens — any PN timing 0.00064 0.0093 0 0 0 0 0.8
NCs (all) Acute Pathogens — PN on time 0.00019 0.0059 0 0 0 0 0.8
NCs (all) Acute Pathogens — PN late 0.00029 0.0058 0 0 0 0 0.7
NCs (all) Acute Pathogens — PN never 0.00016 0.0043 0 0 0 0 0.78
NCs (In-DMA) Acute Pathogens — PN on time 0.00019 0.0063 0 0 0 0 0.96
NCs (In-DMA) Acute Pathogens — PN late 0.00028 0.0067 0 0 0 0 0.92
NCs (In-DMA) Acute Pathogens — PN never 0.00014 0.0044 0 0 0 0 0.78
NCs (Out-DMA) Acute Pathogens — PN on time 0.000085 0.0043 0 0 0 0 0.95
NCs (Out-DMA) Acute Pathogens — PN late 0.00019 0.0065 0 0 0 0 0.92
NCs (Out-DMA) Acute Pathogens — PN never 0.00011 0.0037 0 0 0 0 0.62
DMA Non-NC Acute Pathogens — PN on time 0.00021 0.0043 0 0 0 0 0.68
DMA Non-NC Acute Pathogens — PN late 0.00038 0.0053 0 0 0 0 0.86
DMA Non-NC Acute Pathogens — PN never 0.00016 0.0037 0 0 0 0 0.66
Total number of neighboring counties (NCs) 5.9 1.5 1 5 6 7 14
Number of NCs in DMA 4.6 1.9 0 3 5 6 11
Number of NCs out of DMA 1.4 1.5 0 0 1 2 9

Controls

Weekly max temperature 27 8 -8 22 29 33 49
Weekly total precipitation 87 66 0 40 76 119 1,169
Flood or heavy rain in the county (month) 0.16 0.37 0 0 0 0 1

Household Socio-Demographic Variables

HH Income Below $50k 0.43 0.49 0 0 0 1 1
HH Some College 0.82 0.38 0 1 1 1 1
HH Has Children 0.26 0.44 0 0 0 1 1
HH Has Elderly 0.26 0.44 0 0 0 1 1
HH White 0.81 0.39 0 1 1 1 1
HH Black 0.11 0.31 0 0 0 0 1
HH Asian 0.031 0.17 0 0 0 0 1
HH Hispanic Origin 0.064 0.24 0 0 0 0 1
HH Has Internet 0.91 0.29 0 1 1 1 1
HH Has Cable TV 0.73 0.44 0 0 1 1 1

County Socio-Demographic Variables

County Population 967,084 1,646,410 395 123,804 410,463 973,977 10,081,570
County Median HH Income ($2012) 55,037 13,698 19,624 45,603 52,806 61,038 122,844
County Share Child Pop. 0.2 0.025 0.03 0.18 0.2 0.21 0.31
County Share Elderly Pop. 0.13 0.037 0.041 0.11 0.13 0.15 0.45
County Share Coll. Degree 0.22 0.035 0.064 0.19 0.21 0.24 0.37
County Share Black 0.12 0.12 0 0.032 0.085 0.18 0.86
County Share Hispanic 0.14 0.14 0 0.038 0.082 0.2 0.98
County Share Presid Votes Republican 0.29 0.09 0.034 0.23 0.29 0.35 0.82
Share Rural Pop. 0.29 0.36 0 0.02 0.1 0.48 1
Share Lang. Barrier Pop. 0.2 0.076 0.049 0.14 0.18 0.24 0.58
Share No Fixed Broadband Pop. 0.04 0.078 0 0.005 0.014 0.037 1
Share No Broadband or Computer Pop. 0.13 0.055 0.025 0.098 0.13 0.16 0.65

Note: The sample includes 165,082 households in 2,956 counties. Number of observations: 7,751,568 household-months. Neighboring

Counties In DMA (Out DMA) refers to adjacent counties that share (do not share) the same Designated Market Area as the violation

county. DMA non-Neighboring refers to non-adjacent counties within the same DMA.
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Table A16: Spillover Effects of Acute Pathogen Violations byMedia Market Connectivity and
Notification Timing Under Alternative Fixed Effects and Clustering (NielsenIQ Homescan
Analysis)

Log (bottled water purchases + 1)

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

Own county

On-time notification 0.0833 0.0837 0.0837 0.0837 0.0837 0.0837
(0.0632) (0.0626) (0.0633) (0.0659) (0.0784) (0.0661)

Late notification 0.0428∗ 0.0467∗∗ 0.0467∗ 0.0467∗ 0.0467∗∗ 0.0467∗

(0.0228) (0.0236) (0.0239) (0.0250) (0.0220) (0.0263)
Never notified 0.0295 0.0654 0.0654 0.0654 0.0654 0.0654

(0.0714) (0.0534) (0.0540) (0.0523) (0.0578) (0.0507)

Neighboring counties, in DMA

On-time notification 0.0228 0.0194 0.0194 0.0194 0.0194 0.0194
(0.0558) (0.0573) (0.0580) (0.0548) (0.0492) (0.0580)

Late notification 0.0812∗∗ 0.0725∗ 0.0725∗ 0.0725∗∗ 0.0725 0.0725∗∗

(0.0404) (0.0373) (0.0377) (0.0299) (0.0434) (0.0317)
Never notified -0.0056 0.0571 0.0571 0.0571 0.0571 0.0571

(0.0568) (0.0570) (0.0576) (0.0539) (0.0586) (0.0527)

Neighboring counties, out of DMA

On-time notification 0.0156 -0.0096 -0.0096 -0.0096 -0.0096 -0.0096
(0.0673) (0.0572) (0.0578) (0.0573) (0.0516) (0.0641)

Late notification -0.0536 -0.0526 -0.0526 -0.0526∗ -0.0526∗ -0.0526∗

(0.0368) (0.0362) (0.0366) (0.0281) (0.0306) (0.0312)
Never notified 0.0137 0.0298 0.0298 0.0298 0.0298 0.0298

(0.1023) (0.0984) (0.0995) (0.1057) (0.0829) (0.1042)

DMA counties, non-neighboring

On-time notification 0.2152∗∗∗ 0.1814∗∗∗ 0.1814∗∗∗ 0.1814∗∗∗ 0.1814∗∗∗ 0.1814∗∗

(0.0751) (0.0652) (0.0659) (0.0684) (0.0598) (0.0757)
Late notification 0.0125 -0.0031 -0.0031 -0.0031 -0.0031 -0.0031

(0.0733) (0.0735) (0.0743) (0.0803) (0.0858) (0.0824)
Never notified -0.0326 0.0036 0.0036 0.0036 0.0036 0.0036

(0.0870) (0.0762) (0.0770) (0.0791) (0.1068) (0.0994)

Observations 7,520,499 7,520,499 7,520,489 7,520,489 7,520,489 7,520,489
Household FE yes yes yes yes
County × Year FE yes yes yes yes yes yes
State × Month FE yes yes yes yes yes
Year × Month FE yes yes yes yes yes yes
Clustering County County County County + month State DMA

Note: The dependent variable is the log of (bottled water purchases + 1). Exposure is measured over the violation window. Regressions

include categorical controls for precipitation and temperature and a flood indicator. Standard errors in parentheses. Signif. Codes: ***:

0.01, **: 0.05, *: 0.1. Neighboring Counties In DMA (Out DMA) refers to adjacent counties that share (do not share) the same Designated

Market Area as the violation county. DMA non-Neighboring refers to non-adjacent counties within the same DMA.
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Table A17: Heterogeneity in Household-Level Responses to Acute Pathogen Violations
(NielsenIQ Homescan Analysis)

Exposure Specification

Row Own (On-time) NC in DMA (On-time) NC out of DMA (On-time) DMA non-NC (On-time)

HH Above 50K Income 0.074 (0.071) 0.021 (0.079) 0.041 (0.085) 0.250** (0.118)
HH Below 50K Income 0.097 (0.072) 0.026 (0.083) -0.068 (0.088) 0.109 (0.094)
p(diff) p=0.651 p=0.959 p=0.351 p=0.357

HH No Some College 0.062 (0.076) -0.021 (0.121) 0.080 (0.199) 0.082 (0.156)
HH Some College 0.087 (0.074) 0.031 (0.071) -0.036 (0.072) 0.206** (0.088)
p(diff) p=0.780 p=0.728 p=0.602 p=0.500

HH No Children 0.082 (0.080) -0.047 (0.064) 0.027 (0.081) 0.118 (0.091)
HH Has Children 0.088 (0.059) 0.186** (0.084) -0.124 (0.162) 0.394** (0.186)
p(diff) p=0.939 p=0.004 p=0.451 p=0.202

HH No Elderly 0.046 (0.067) 0.046 (0.069) -0.070 (0.079) 0.212** (0.099)
HH Has Elderly 0.190** (0.088) -0.051 (0.091) 0.131 (0.124) 0.111 (0.144)
p(diff) p=0.043 p=0.352 p=0.200 p=0.585

HH Not White 0.035 (0.109) 0.279*** (0.086) -0.005 (0.130) 0.430*** (0.151)
HH White 0.094 (0.069) -0.028 (0.065) -0.010 (0.067) 0.142* (0.080)
p(diff) p=0.580 p=0.003 p=0.971 p=0.059

HH Not Black 0.100 (0.071) -0.003 (0.059) -0.030 (0.062) 0.158** (0.081)
HH Black -0.054 (0.097) 0.353*** (0.136) 0.232 (0.238) 0.447** (0.210)
p(diff) p=0.172 p=0.013 p=0.250 p=0.193

HH Not Hispanic 0.076 (0.062) 0.012 (0.058) -0.017 (0.064) 0.174** (0.075)
HH Hispanic 0.167 (0.124) 0.148 (0.184) 0.116 (0.161) 0.303 (0.297)
p(diff) p=0.304 p=0.455 p=0.385 p=0.661

HH No Internet 0.050 (0.113) -0.053 (0.180) 0.254 (0.193) -0.180 (0.225)
HH Has Internet 0.086 (0.071) 0.030 (0.061) -0.032 (0.063) 0.217** (0.088)
p(diff) p=0.787 p=0.651 p=0.114 p=0.139

HH No Cable TV 0.121 (0.076) -0.093 (0.072) 0.076 (0.173) 0.175 (0.124)
HH Has Cable TV 0.068 (0.072) 0.071 (0.068) -0.025 (0.063) 0.185** (0.092)
p(diff) p=0.415 p=0.045 p=0.555 p=0.950

Below Median Republican 0.073 (0.074) -0.005 (0.060) -0.112 (0.095) 0.193** (0.080)
Above Median Republican 0.144 (0.089) 0.135 (0.133) 0.050 (0.064) 0.156 (0.115)
p(diff) p=0.519 p=0.337 p=0.114 p=0.730

Non-Rural 0.084 (0.070) 0.026 (0.066) 0.011 (0.063) 0.255*** (0.077)
Rural 0.067 (0.092) 0.012 (0.109) -0.135 (0.183) -0.026 (0.119)
p(diff) p=0.872 p=0.906 p=0.430 p=0.031

Note: Each pair of rows reports the coefficient on timely-notified acute pathogen exposure for households on either side of the indicated

split, estimated jointly within a single regression, with p(diff) testing their equality. Splits are panelist attributes from the NielsenIQ

Consumer Panel except the final two, which are county characteristics. Columns correspond to the four exposure measures: own county,

neighboring counties within the media market, neighboring counties outside it, and non-adjacent counties within the media market. The

dependent variable is the log of (bottled water purchases + 1). Regressions include categorical controls for precipitation and temperature,

a flood indicator, and household, county×year, primacy agency×month and year×month fixed effects. Standard errors are clustered at

Designated Media Market (DMA) level. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A18: Summary Statistics for Robustness Checks in the National Sample

Variable Mean Std. Dev. Min Pctl. 25 Median Pctl. 75 Max

GI Medications sales (2019$) 7797 23033 0 484 1558 5642 631251
Log GI Medications sales 7.347 1.878 -0.1054 6.182 7.351 8.638 13.36
Diarrhea Medications sales (2019$) 866.2 2639 0.01 48.57 164.4 610.5 149328
Antacids sales (2019$) 6446 18300 0.34 409.6 1321 4761 454616
Electrolytes ORS sales (2019$) 587.1 2573 0.01018 30.94 94.65 333.4 132152
Top SCI — notification week, on time 0.0002275 0.009592 0 0 0 0 1
Top SCI — notification week, late 0.0005643 0.01565 0 0 0 0 1
SD Close — notification week, on time 0.0002435 0.01016 0 0 0 0 1
SD Close — notification week, late 0.000519 0.01484 0 0 0 0 1
Above Median SD Close to NCs 0.516 0.4997 0 0 1 1 1
Below median HH income 0.4757 0.4994 0 0 0 1 1
Above median child share 0.5265 0.4993 0 0 1 1 1
Above median elderly share 0.4179 0.4932 0 0 0 1 1
Below median college degree 0.5269 0.4993 0 0 1 1 1
Above median Black share 0.5607 0.4963 0 0 1 1 1
Above median Hispanic share 0.5361 0.4987 0 0 1 1 1
Above median Republican vote share 0.4376 0.4961 0 0 0 1 1
Above median SCI to NCs 0.4174 0.4931 0 0 0 1 1
Own-county acute violation in current week or past 2 years 0.14 0.347 0 0 0 0 1

Note: Number of counties in the sample is 2,283. Top SCI refers to the top 5 connected counties based on the Social Connectedness Index

(SCI), excluding all geographic neighbors and same-DMA counties. SD Close refers to the 5 closest counties based on Socio-Demographic

(SD) Closeness, excluding geographic neighbors.

Table A19: Heterogeneity in Spillover Responses at the Notification Week by Social Con-
nectivity, Socio-Demographic Similarity, and Prior Experience

Exposure: NC Total (On-time)

Row NC total (On-time)

Below-median SCI (NCs) × NC Acute PN on-time 0.251 (0.174)
Above-median SCI (NCs) × NC Acute PN on-time 0.139 (0.162)
p(diff) p=0.616

Below-median SD-close (NCs) × NC Acute PN on-time 0.330* (0.171)
Above-median SD-close (NCs) × NC Acute PN on-time -0.023 (0.138)
p(diff) p=0.104

Below-median past-2y own Acute × NC Acute PN on-time 0.240 (0.169)
Above-median past-2y own Acute × NC Acute PN on-time 0.151 (0.132)
p(diff) p=0.682

Note: Each group of rows represents a separate regression interacting neighboring-county exposure at the notification week with a binary

indicator for the specified characteristic (above or below the median). p(diff) reports the p-value from a test of equality between the

coefficients of the two subgroups. The social connectedness indicator equals one if the population-weighted mean Social Connectedness

Index (SCI) between a county and its geographic neighbors exceeds the median across counties in its state. All regressions include

controls for precipitation and temperature and a flood indicator, as well as county×year, primacy agency×month, and year×week fixed

effects. The dependent variable is the log of bottled water sales. Standard errors (in parentheses) are clustered at Designated Media

Market (DMA) level. Number of observations: 1,649,604. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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Table A20: Event-Study Coefficients for Bottled Water and Diarrhea Remedy Sales Around
the Violation Start, by Notification Timing

Group 1 Group 2
Log bottled water sales Log diarrhea remedy sales

On-time Late Never On-time Late Never
(1) (2) (3) (4) (5) (6)

h = −8 -0.0138 -0.0254 -0.0448 0.0455 0.0076 0.1809
(0.0380) (0.0350) (0.0631) (0.0901) (0.0778) (0.1180)

h = −7 0.0078 -0.0190 0.0128 -0.0111 0.0659 -0.0584
(0.0485) (0.0288) (0.0669) (0.0797) (0.0922) (0.2093)

h = −6 -0.0143 -0.0098 0.0556 0.0717 0.0371 0.0979
(0.0433) (0.0360) (0.0813) (0.0652) (0.0581) (0.2357)

h = −5 0.0415 0.0980∗∗ 0.0836 0.0895 0.0857∗ 0.0426
(0.0550) (0.0403) (0.0633) (0.0785) (0.0458) (0.1774)

h = −4 -0.0676∗∗ 0.0274 0.0066 -0.0100 -0.1282∗ -0.1101
(0.0294) (0.0530) (0.0799) (0.1256) (0.0664) (0.1342)

h = −3 -0.0176 0.0055 -0.0493 0.1290 0.0086 0.1136
(0.0405) (0.0466) (0.1201) (0.0923) (0.0639) (0.2008)

h = −2 -0.0215 -0.0429 -0.0215 -0.0626 -0.0480 -0.0296
(0.0514) (0.0432) (0.0462) (0.0892) (0.0737) (0.0929)

h = −1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
h = 0 -0.0604 0.0765 0.1705 0.0703 -0.0381 0.1572

(0.0543) (0.0466) (0.1107) (0.1092) (0.0675) (0.1316)
h = 1 0.1077∗∗ 0.0250 0.1085∗ -0.0213 -0.0142 -0.0075

(0.0448) (0.0497) (0.0625) (0.0798) (0.0681) (0.1554)
h = 2 0.1242∗∗ 0.0291 0.1440 0.0833 -0.0830 0.0930

(0.0614) (0.0465) (0.0980) (0.0662) (0.0949) (0.1962)
h = 3 0.1550∗ 0.0591 -0.0580 0.0723 -0.0799 0.2390∗∗

(0.0930) (0.0433) (0.0879) (0.0961) (0.0582) (0.1146)
h = 4 0.1752 0.0958∗∗ 0.1048 0.0409 -0.0199 0.2194∗∗

(0.1078) (0.0473) (0.1009) (0.0677) (0.0793) (0.1083)
h = 5 -0.0140 0.0051 -0.0789 0.0400 0.0078 0.3353∗∗∗

(0.0534) (0.0482) (0.1026) (0.0730) (0.0692) (0.1227)
h = 6 0.0535 -0.0311 0.1727∗∗∗ 0.0145 -0.0508 0.0630

(0.0713) (0.0441) (0.0613) (0.0784) (0.0931) (0.1426)
h = 7 -0.0435 0.0168 0.0486 -0.1397 -0.1521∗ 0.1246

(0.0423) (0.0394) (0.0882) (0.1119) (0.0778) (0.1369)
h = 8 0.0122 0.0074 0.1133∗∗ -0.0899 -0.0315 -0.2016

(0.0373) (0.0396) (0.0518) (0.0667) (0.0685) (0.1863)

Own-county notification-week exposure

Notification week × On-time 0.2691∗∗∗ 0.0227
(0.0694) (0.0520)

Notification week × Late -0.0311 0.0020
(0.0211) (0.0509)

County × Year FE yes yes yes yes yes yes
Primacy Agency × Month FE yes yes yes yes yes yes
Year × Week FE yes yes yes yes yes yes
Clustering DMA DMA DMA DMA DMA DMA
Observations 1,649,604 1,649,604 1,649,604 1,598,018 1,598,018 1,598,018

Joint tests (Wald p-value)
All pre-period weeks (h = −8 to −2) 0.153 0.010 0.158 0.629 0.183 0.730
All post-period weeks (h = 0 to 8) <0.001 0.112 <0.001 0.124 0.474 0.004

Note: The columns come from two regressions: Group 1 (columns (1)–(3)) for bottled water and Group 2 (columns (4)–(6)) for diarrhea

remedies; within each, the on-time, late and never-notified event-time coefficients are estimated jointly. Event time h is measured in

weeks from the start of the violation, with the indicator for h = −1 omitted. Joint tests report Wald p-values for the hypothesis

that all listed coefficients equal zero. Regressions include categorical controls for precipitation and temperature, a flood indicator, and

county×year, primacy agency×month and year×week fixed effects. Clustered (DMA) standard errors in parentheses. Signif. Codes:

***: 0.01, **: 0.05, *: 0.1.
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Table A21: Effects of Acute Pathogen Violations on Gastrointestinal Medication Sales by
Product Category

Dependent Variables: Log Sales GI Meds Log Sales Diarrhea Log Sales Electrolytes ORS Log Sales Antacid
Model: (1) (2) (3) (4)

Variables

County Acute pathogens – PN on time (during) -0.0160 0.0200 -0.0465 -0.0153
(0.0170) (0.0314) (0.0477) (0.0186)

County Acute pathogens – PN on time (after 1) -0.0191 -0.0184 -0.1271 -0.0220
(0.0410) (0.0881) (0.1040) (0.0429)

County Acute pathogens – PN on time (after 2) -0.0538 -0.0391 0.1302 -0.0635
(0.0434) (0.0705) (0.0830) (0.0514)

County Acute pathogens – PN on time (after 3) -0.0300 -0.0248 0.2249∗∗∗ -0.0502
(0.0399) (0.0916) (0.0756) (0.0384)

County Acute pathogens – PN on time (after 4) -0.0125 -0.0749 0.0476 -0.0107
(0.0319) (0.0874) (0.0891) (0.0345)

County Acute pathogens – PN late (during) 0.0006 -0.0092 -0.0019 -0.0005
(0.0138) (0.0319) (0.0335) (0.0137)

County Acute pathogens – PN late (after 1) -0.0193 0.0207 -0.0919 -0.0121
(0.0385) (0.0597) (0.1010) (0.0407)

County Acute pathogens – PN late (after 2) -0.0081 -0.0024 0.0156 -0.0146
(0.0368) (0.0752) (0.0774) (0.0406)

County Acute pathogens – PN late (after 3) -0.0032 -0.0448 -0.0653 0.0165
(0.0333) (0.0697) (0.0792) (0.0331)

County Acute pathogens – PN late (after 4) -0.0548∗ -0.0201 -0.1132 -0.0471
(0.0307) (0.0471) (0.0838) (0.0324)

County Acute pathogens – PN never (during) -0.0273 0.0558 -0.0380 -0.0166
(0.0221) (0.0410) (0.0612) (0.0262)

County Acute pathogens – PN never (after 1) 0.0574 0.4413∗∗∗ 0.1338 0.0449
(0.0399) (0.1128) (0.1788) (0.0431)

County Acute pathogens – PN never (after 2) -0.0027 0.1673 -0.0556 -0.0060
(0.0660) (0.1295) (0.1740) (0.0674)

County Acute pathogens – PN never (after 3) 0.0843 0.0043 0.1632 0.0752
(0.0578) (0.2143) (0.2427) (0.0594)

County Acute pathogens – PN never (after 4) 0.0311 -0.1697 0.2977 0.0341
(0.0965) (0.1619) (0.2140) (0.1166)

County Acute pathogens – PN on time (notification week) 0.0208 0.0347 0.0201 0.0105
(0.0265) (0.0525) (0.0745) (0.0326)

County Acute pathogens – PN late (notification week) -0.0093 -0.0021 0.0093 -0.0197
(0.0214) (0.0500) (0.0469) (0.0231)

Fixed-effects

County–Year Yes Yes Yes Yes
State–Month Yes Yes Yes Yes
Year–Week Yes Yes Yes Yes

Fit statistics

Observations 1,650,343 1,598,018 1,441,602 1,650,271

Note: During is the exposure over the weeks the violation was in effect; after k is the exposure at the last week of the violation carried

forward k weeks, so that the during and after terms do not overlap. Column (1) uses total GI medication sales; Columns (2)–(4)

disaggregate by category. Regressions include categorical controls for precipitation and temperature, a flood indicator, and county×year,

primacy agency×month and year×week fixed effects. Clustered (DMA) standard errors in parentheses. Signif. Codes: ***: 0.01, **:

0.05, *: 0.1.
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Table A22: Estimated Avoidance Expenditure Attributable to Acute Pathogen Violations and
Their Recorded Public Notification (Bottled Water Sales)

β
Full-exposure
effect (%)

Change in sales per
fully exposed unit ($)

Full-exposure
equivalents

Total change,
2006–19 ($m)

Panel A. At the notification week (equivalents are fully exposed notification events)

Own county, timely notice 0.2651∗∗∗ 30.35 7,198 90.6 0.607
Neighboring counties, timely notice 0.2270 25.49 6,045 95.8 0.530

Panel B. During the violation window (equivalents are fully exposed county-weeks)

Own county, timely notice 0.0942∗∗∗ 9.88 2,343 383.0 0.873
Own county, delayed notice 0.0637∗∗∗ 6.58 1,559 853.4 1.307

Panel C. Counterfactual: delayed notices issued on time

Own county, notification week 0.2651 30.35 7,198 169.3 1.133

Note: The table calculates the excess expenditure on bottled water attributed to acute pathogen violations. Beta is the regression

coefficient from Table A6 (columns (1) and (2); notification week at h = 0). Full-exposure effect is calculated as (exp(β) − 1) × 100.

Change in sales per fully exposed unit applies that percentage to mean weekly bottled water sales in the sample ($23,717). Full-exposure

equivalents is the sum of the exposure variable over the estimation sample: fully exposed notification events in Panel A and fully exposed

county-weeks in Panel B. Total change adds up each exposed county-week’s own effect, evaluated at that county-week’s own exposure

and priced at mean weekly sales. Panel C applies the timely-notice coefficient to the delayed events’ exposure, setting the response to

delayed notification to zero and holding purchases during the violation window fixed. Amounts are in 2019 dollars and cover sampled

NielsenIQ stores only. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1.
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