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Abstract

We show that individuals overweight product quality information from a single peer, despite this

information being unrepresentative. Using geocoded data on purchases and warranty claims of

consumer durable goods, and a hyper-local spatial difference-in-differences identification strat-

egy, we show that individuals reduce consumption of a brand when a single neighbor makes a

warranty claim on that brand. A single warranty claim causes a 7% shift to other brands by

close neighbors of the claimant. This evidence shows the importance of single unrepresentative

peers in consumption decisions.
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1 Introduction

Individuals should not pay attention to signals arising from a single peer, particularly if the peer’s

information is based on unrepresentative experiences. Akerlof in his 1991 Ely Lecture, however,

argues that individuals may disregard this basic insight and ”attach too much weight” (p. 2) to

the negative consumption experiences of a single salient peer when making their own consump-

tion decisions, even though this information from the single peer may be idiosyncratic, and not

representative of the true quality of a good.

In his lecture, Akerlof presents a hypothetical anecdote in which a consumer searching for a

car determines that Volvo is a high quality brand. However, a subsequent interaction with one

of her friends, who shares a recent negative experience with the quality of Volvo cars, pushes the

consumer away from purchasing a Volvo, even though the information from the friend is likely biased

due to the friend’s recent idiosyncratic and unrepresentative experience with the brand. Akerlof

describes this anecdote as reflecting a “central principle of modern cognitive psychology” (p. 2).

This “cognitive psychology” view is in opposition to the generally accepted belief that individuals

should ignore the information shared by a peer whose experience and opinion is idiosyncratic and

likely unrepresentative of the truth. The aim of this paper is to test the validity of the “cognitive

psychology” view by assessing whether individuals pay attention to unrepresentative opinions of

their peers.

Specifically, our paper examines the effect on an individual’s consumption decisions of a single

salient peer’s warranty claim on a consumer durable good (e.g., refrigerators, dishwashers, laundry

machines, etc.). We examine how such a warranty claim by a single peer (the sending peer) impacts

the future purchases of the claimed brand’s products by other peers (i.e. the receiving peers). Our

main finding is that a warranty claim filing by the sending peer, significantly lowers subsequent

purchases of the claimed brand’s products by the receiving peers.

We argue that there are two main reasons for why our use of a single warranty claim as an

information shock is appropriate for testing the "cognitive psychology" view of Akerlof above. First,

the fact that the information is transferred from a single sending peer implies that the information

will be idiosyncratic (i.e. based on a sample size of one). Second, we argue that the receiving peer

should be aware that information from a warranty claim will not, on average, be representative of

the true quality of the product. This is because the provision of warranties by producers is typically

taken to signal the high quality of the product, i.e., the provision of warranties by producers can be
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taken to reflect the costly signaling of quality by the producer (Dranove and Jin, 2010). Indeed, our

data show that warranty claims are very rare, with approximately 1.5% of all consumer durable sales

resulting in a warranty claim. Thus in order for the receiving peer to change consumption choices

based on the information shock from a single warranty claim, would require the receiving peer to

ignore both that this information is idiosyncratic and, importantly, unrepresentative of product

quality for that product.

These features of our setting make peer responses to warranty claim filings an ideal setting to

examine the “cognitive psychology” hypothesis of Akerlof. Our main finding in this paper, that re-

ceiving peers do indeed reduce consumption of a brand, following a warranty claim on that brand by

a single sending peer, is thus consistent with the “cognitive psychology” proposition that consumers

do overweight such idiosyncratic and unrepresentative information.

Our data are provided by a major Canadian consumer durable goods retail store. This retailer

provided us with detailed information on all purchases of and warranty claims filed on consumer

durable goods between 1998 and 2009, which amounted to six million sales transactions across over

200 brands along with 95,000 warranty claim filings. Each observation includes details such as

purchase and warranty claim dates and purchaser and claimant home addresses.

To identify the causal effects of warranty claimants’ negative experiences on peers’ purchasing

behavior, we define claimants’ peers based on geographic proximity. We leverage the precise geo-

graphic location of consumers and precise claim and purchase dates provided by our data to conduct

an empirical analysis employing a hyper-local difference-in-differences empirical methodology. In

particular, we compare the effect of a claim on the claimant’s immediate neighbors’ purchasing be-

havior to its effect on the purchasing behavior of slightly more distant neighbors. This identification

strategy has been used extensively in many areas of economics, where treatment is argued to decline

with distance. This large literature, described in detail below, exploits the richness of fine-grained

geocoded spatial data at hyper-local distances. In our specification, we examine how information

flows from the single information-sending peer (the warranty claimant) to information-receiving

peers who are close neighbors of the information sender.

The main identification assumption of this hyper-local identification strategy is that very close

(treatment group) neighbors of the information sender are much more likely to receive the infor-

mation from the sender and (control group) neighbors who are “slightly further away” from the

information sender are less likely to receive the information. Following the hyper-local identifica-

tion literature, we further assume that whether a household chooses to live in the treated group or

2



in the control group is as good as random. This assumption is reasonable in our setting as housing

markets are typically thin at granular scales when a household originally arrives in a neighborhood.

By this second assumption, given the very close distances between the treatment and control group

households, it is reasonable that treatment and control group neighbors have similar observable

and unobservable characteristics and are exposed to the same potentially confounding events that

may influence purchasing decisions. Therefore, this identification strategy can address endogeneity

issues such as omitted variables and unobserved common shocks.

As in all peer effects studies, we need to address the well-known “reflection problem” of Manski

(1993), which essentially concerns pinning down the exact direction of information flow between

peers. To address the reflection problem, we adopt a strict sample selection strategy, whereby our

analysis sample only includes neighborhoods with: (1) exactly one warranty claim event over the

entire sample period (i.e., exactly one information-sending neighbor), and (2) no households that

fall into the neighborhoods of any other warranty claimant. These sample selection procedures

effectively require that any information-receiving household (in either the inner or the outer ring)

can only receive information about the warranty claim from exactly one information-sending close

neighbor (the warranty claimant). This sample selection criteria, restricting our sample to neigh-

borhoods with exactly one warranty claim event, thus addresses the reflection problem and allows

us to cleanly test the “cognitive psychology” hypothesis posed in Akerlof (1991), that individuals

respond to (unrepresentative) information from a single salient peer.

Our main baseline finding is that a warranty claim filing significantly reduces the consumption

of the claimed brand’s products relative to other brands’ products by inner ring (treatment group)

households relative to outer ring (control group) households. In terms of magnitudes, we find that,

in our preferred baseline specification, in the four quarters after a warranty claim, relative to the

four quarters before the claim, inner ring neighbors (residing in postal codes from 0 m to 100 m

away from the claimant’s postal code) make 1.6 fewer net purchases of the claimed brand, when

compared to outer ring neighbors (residing from 100 m to 200 m away from the claimant). This

amounts to about 7% of consumer durable goods being purchased from a different manufacturer due

to the warranty claim, an economically meaningful shift in the consumption behavior of a claimant’s

peers.

There is a potential concern that the effect we attribute to idiosyncratic, unrepresentative in-

formation shared by the warranty claimant is instead driven by some component of the warranty

claimant’s signal that is correlated with true measures of product quality. To examine this alterna-
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tive hypothesis, we create three measures of objective product quality, aggregate claims rate, brand

market share, and warranty repair time, and include them as explanatory variables in our regression

analysis. If information correlated with these objective quality measures is the real driver of neigh-

bors’ purchasing behavior, then including them in our regressions should significantly weaken the

impact of the warranty claimant’s information. When we run this analysis, we find that effect of the

warranty claim on neighbors’ purchasing behavior is unchanged by the inclusion of controls. This

finding confirms that the warranty claimant’s effect on neighbors’ purchases is driven by their own

idiosyncratic, unrepresentative experience, as proposed in the “cognitive psychology” view posed by

Akerlof.

In many of the papers that study peer effects, the impact of the peer effect is shown to be

mediated by the strength of the social network among those peers. As such, for our geography-

based peer effect, it is possible that neighborhood characteristics that affect the strength of the

social network among neighbors intermediates the effect of the warranty claim on the claimant’s

neighbors’ purchasing behavior. We examine this possibility for three neighborhood characteristics

that may have an effect on the strength of the neighborhood’s social network: average income,

population density, and immigrant proportion. We find that all three neighborhood characteristics

influence the magnitude of the claim’s peer effect, which implies that the neighborhood social

network intermediates the peer effect of the warranty claim on neighbors’ purchasing decisions.

Our study contributes to various literatures. A large literature has examined consumption peer

effects in a variety of contexts.1 However, as described in detail above, a study of the “cognitive

psychology” view of Akerlof (1991) requires two main characteristics: (1) that the focus be on the

effect of a single sending peer; and (2) that the single sending peer send unrepresentative information

to any receiving peer. To the best of our knowledge, no other consumption peer effects paper studies

such a setting. While the majority of the studies cited here examine multiple sending peers, some

of studies examine settings with a single sending peer.2

1Studies examining peer effects in consumer products include Agarwal et al. (2020, 2021); D’Acunto et al. (2024);

De Giorgi et al. (2020); Bertrand and Morse (2016); Bailey et al. (2022); Moretti (2011); Gilchrist and Sands (2016)

and financial products (Brown et al., 2008; Bursztyn et al., 2014; Duflo and Saez, 2003; Heimer, 2016; Hong et al.,

2004, 2005; Ouimet and Tate, 2020; Pool et al., 2015; Maturana and Nickerson, 2019; Hacamo and Kleiner, 2022).

2Examples of consumption peer effects studies that focus on a single sending peer include studies of income shocks

from single lottery winners (Agarwal et al., 2020; Kuhn et al., 2011), income shocks from single bankruptcy filers

(Agarwal et al., 2021) and RCT studies (Bursztyn et al., 2014). Our study is also similar to Bailey et al. (2022), in

that both examine how a single peer sends product quality information to a receiving peer.
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In terms of the transmission of information that is unrepresentative of the aggregate, we argue

that our setting is very different from the existing consumption peer effects literature. The existing

consumption peer effects literature almost universally examines how positive information sent by

the sending peer causes the receiving peers to increase their consumption of that product. In our

warranty claim setting, on the other hand, we examine a negative information event, reflecting low

product quality, causes a reduction in consumption by the peer. To extend the metaphor of Akerlof

(1970), we focus on negative product information transfer between peers (i.e., where the products

are “lemons”) while most of the existing literature examines information transfer between peers

regarding positive product information (i.e., where the products are “peaches”). We argue that a

positive experience of a peer is more likely to be an accurate reflection of the typical experience

for that brand and, thus, it is typically not possible to make the claim that resultant “peach”

peer interactions are based on unrepresentative information. On the other hand, in our specific

warranty claim setting, we can make the plausible claim that the warranty claimant’s experience

is unrepresentative of aggregate quality. As we argued above, this is because consumers should

understand that warranties are provided by producers as a costly signal, that the durable will not,

on average, require a repair. 3

This distinction between positive information causing increases in peer consumption (peaches)

and negative information causing reductions in peer consumption (lemons) has recently been high-

lighted by Han et al. (2023). They argue that “there is evidence of contagion of consumption ...,

but contagion can potentially spread either a decision to consume more or to consume less. No-

tably, little is known about whether biased social learning implies over- versus underconsumption”

(p. 1648). Our paper is one of the few that provides causal evidence that peer effects (following a

negative information shock) will cause a reduction in consumption by the receiving peer.

Our study also contributes to the literature on the measurement of product quality. While it is

widely agreed that product quality is crucial for consumption decisions, a major challenge in empir-

ical studies of consumption is that product quality is typically unobservable to the econometrician.4

3This is confirmed by the rarity of warranty claim filings, which, in our consumer durable good setting occur for

only 1.5% of all durables that are purchased.

4As product quality is challenging to observe, various measures have been used in the literature, including; (1)

self-reported quality by consumers (e.g., Busso and Galiani, 2019), (2) the evaluation of quality by a “skilled quality

assessor” (e.g., Atkin et al., 2017), (3) the assumption that brands with a higher market share conditional on price

have a higher quality (e.g., Khandelwal, 2010), and (4) experimentally varying quality in an RCT (e.g., Bold et al.,

2022).
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Our paper introduces a new measure of product quality to the literature: warranty claim filings.

Unlike much of the existing literature, our warranty claim measure of product quality does not re-

quire subjective opinions (e.g., from consumers or from “expert” third parties). The one caveat with

our new warranty claim measure of product quality is that an individual consumer’s perception of

quality could be multi-faceted, whereas we only observe one, albeit important, element of quality:

the emergence of a post-purchase defect in a product that results in a warranty claim.

As argued by Kuchler and Stroebel (2021), consumption peer effects are not only important

for understanding consumer choices, but also for understanding market-level outcomes for brands.

One final important contribution of our paper is that we directly address the impact of peer effects

on market-level outcomes because we measure the impact of the peer effect on claimed brand

sales relative to all other brands. Bailey et al. (2022) is the only other study which examines

how consumption peer effects generate changes in market-level outcomes.5 As described above, an

important difference between Bailey et al. (2022) and our paper is that they examine a “peaches”

setting, while we examine a “lemons” setting.

2 Data

Our data consists of the universe of sales transactions as well as the universe of warranty claims

made by purchasers for an anonymous Canadian retailer of consumer durable goods, spanning the

period from 1998 to 2009.6 The durable goods retailer has a market share that is among the top

four in Canada. It has more than 270 individual stores (which are typically “big box” stores) across

all regions in Canada. Prior to data cleaning procedures, our database contains 6.54 million sales

transactions of more than 35,000 different products to over 3 million consumers.

2.1 Sales Data

The sales transactions data provide us detailed information for each product purchased from the

retailer. The dataset includes attributes such as product brand, product category (e.g., kitchen,

laundry, TV, video, stereo), product code (e.g., refrigerator, dryer), model series number, price,

date of purchase, and a unique identifier for each sales transaction.

5Bailey et al. (2022) argue that “within the literature that has studied peer effects in product adoption decisions,

we are the first, to our knowledge, to identify important competitive spillovers to other models and brands.” (p. 492)

6This data is also used in Bošković et al. (2024).
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During the data cleaning process, some observations were dropped due to missing information

or data imputation errors. As a result, our cleaned dataset consists of 5.9 million observations on

individual sales transactions. The summary statistics of the sales data are presented in Table 1a.

Our sales data also includes a unique customer identifier, which allows us to track each consumer’s

purchases over time. The consumer has an incentive to provide identifying information (including

name and address) at the point of sale in order to be able to claim on a warranty for that product.

While all products are typically covered by a manufacturer’s warranty (of approximately one

year), the consumer also has an option to purchase an extended warranty. As can be seen in

Table 1a, an extended warranty is purchased in 36% of all sales transactions. Importantly, regardless

of whether a warranty claim is made on a manufacturer’s warranty or an extended warranty, the

claim is treated identically (i.e., which products will be repaired, who conducts the repairs, and the

extent of repairs). As such, in this paper we treat them as interchangeable.7

A key element of our sales data is our ability to observe the brand of every product sold. Our

sales data includes more than 200 brands, with Table 1b providing a listing of the top 30 brands. Our

ability to observe brands for each transaction is central to our methodology because, as described

in detail below, our dependent variable consists of the number of sales of the claimed brand minus

the number of sales of all other brands in each neighborhood.

2.2 Warranty Claims Data

Our dataset also includes all the warranty claims filed during the sample period. A warranty claim

record can be linked with the sales transactions data as described above using the unique sales

transaction identifier. Within the warranty claims data, we have access to the exact date when each

warranty claim occurs, which we define as the claim event date. The summary statistics of all claim

events are reported in Table 1c. After cleaning, we have approximately 95,000 claim events in our

data.

As explained in detail below, for reasons related to the identification of peer effects and the

reflection problem, we only retain a subset of claim events for our analyses.8 Due to our strict

7Bošković et al. (2024) uses this data to examine the pricing of extended warranties, while in this paper we examine

how a warranty claim (on either an extended or manufacturers warranty) impacts neighborhood peer effects.

8In particular, we only retain claim events where there is a single claim recorded in that neighborhood and no

treated or control neighbors appear in neighborhoods of other warranty claims. We explain our sample selection

criteria in further detail in Section 4.
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sample selection criteria, we are left with 1,776 warranty claim events for our analyses. The warranty

claims data summary statistics reported in Table 1c show that the full data sample of claim events

and the analysis sample exhibit similar observable characteristics.

2.3 Geographic Neighborhood Data

For each consumer, we observe their home address’s six-digit postal code. Canadian six-digit postal

codes represent extremely small geographic areas, with the average postal code containing approx-

imately 19 households, and the median postal code containing 13 households. We use the six-digit

postal code to identify the geographic location of every individual in our study. Because we observe

the postal code of every individual in our study, we can calculate the geographic distance between

all individuals in our study. As we describe below, we use these geographic distances to define very

close (inner ring) neighbors of warranty claimants as treated households and slightly further away

(outer ring) neighbors as control households. A graphical description of these six-digit postal codes,

along with our preferred ring sizes (inner ring treated ring from 0 m to 100 m, and outer control

ring from 100 m to 200 m) is provided in Figure 1. A number of other papers (e.g., Agarwal et al.,

2020; Baum-Snow et al., 2024) also use Canadian six-digit postal code data to measure the locations

of individuals as well as the distances between individuals.

In addition to the six-digit postal code, we also make use of slightly larger geographic areas known

as a Dissemination Areas (DAs). Each DA has a population of between 400 and 700 individuals.

DAs are the smallest geography in Canada for which we observe detailed census data. We match

every six-digit postal code to the appropriate DA using the Post Code Conversion File provided by

Statistics Canada to obtain demographics for our sample.

The summary statistics of the DA-level demographic data are shown in Table 1d. In this table,

we compare the demographic variables for DAs that are included in our main analysis sample (based

on the sample selection criteria described below) with all other DAs in Canada. As can be seen

in this table, the observable demographic characteristics for DAs included in our analysis are very

similar to those demographic characteristics of all the other DAs in Canada.
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3 Causal Identification

3.1 Ring Method for Hyper-local Differencing

In our setting, we are interested in the flow of information (about product quality) via word-of-mouth

between a single sending peer (the warranty claimant) and the receiving peers (her close neighbors).

Given the spatial nature of our question, we follow the hyper-local differencing procedure for defining

treatment and control group neighbors. This approach has become standard in empirical studies

where treatment is a function of distance; i.e., in settings where units close to the focal event can be

considered as treated by the event, while units slightly further away from the event are not treated,

and can be used as controls. This spatial approach to identification is sometimes referred to as

the “ring method,” because rings are drawn based on distance from the focal event to differentiate

between treated units (who are in the inner ring, close to the event) and control units (who are

in the outer ring, further away from the event). A graphical illustration of this hyper local ring

method approach to identification in our setting, is provided in Figure 1.

A substantial literature in various branches of economics has used this ring-based spatial iden-

tification procedure, in contexts such as: (1) real estate (e.g., where distance to events such as

neighborhood foreclosure and the location of sex offenders, impacts house prices)9, (2) health (e.g.,

where the distance to local pollution sources impacts health outcomes)10, (3) crime (e.g., where

distance to police shootings impacts education outcomes) 11, productivity spillovers (e.g., where

distance to other firms impacts firm level productivity)12, firm competition (e.g., where distance

to other firm impacts competition)13, transit usage (e.g., where distance to transit impacts transit

usage)14 and neighborhood sorting (e.g., where distance to neighbors of other racial characteristics

or political preferences causes home owners to exit neighborhoods).15 Importantly, this approach

has also been used in previous peer effects studies, where, as in our setting, the peers are neighbors

9Anenberg and Kung (2014); Bayer et al. (2021); Gupta (2019); Pool et al. (2015); Campbell et al. (2011); Linden

and Rockoff (2008)

10Currie et al. (2010, 2011); Currie and Tekin (2015); Currie et al. (2015)

11Ang (2020)

12Rosenthal and Strange (2003); Arzaghi and Henderson (2008); Greenstone et al. (2010); Baum-Snow et al. (2024)

13Ellickson and Grieco (2013); Busso and Galiani (2019); Arcidiacono et al. (2020); Schiff et al. (2023)

14Gupta et al. (2022); Jerch et al. (2024)

15McCartney et al. (2024); Bayer et al. (2022)
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16.

Our study, like all of the aforementioned literature, exploits fine-grained geographic location

data to assign households to treatment and control groups. We implement this neighbor assignment

process using the fine-grained six-digit postal codes available to us. Our Canadian neighborhood

setting is similar to papers such as Agarwal et al. (2020); Baum-Snow et al. (2024), which also use

Canadian six-digit postal codes when implementing a hyper-local identification strategy, though

those papers study questions quite different from ours.

3.2 Warranty Claims as Information Shocks

One of the main threats to identification of consumption peer effects comes from homophily within

peer groups that have been endogenously formed. Because the peers have endogenously selected

into their peer group, any observed similarities between peers (e.g., both peers consume the same

product) could be because of peer homophily rather than actual peer effects (i.e., where the sending

peer, through some action, directly causes the receiving peer to alter her consumption). One way

to overcome this threat to identification is to exploit a shock which impacts only the sending peer

and not the receiving peer. The key identification assumption of this strategy is that the receiving

peer can only learn about the shock through her interactions with the sending peer.

In our paper, we use the warranty claim filed by the sending peer as evidence of a negative shock

experienced by that peer alone. The negative product quality information generated by this shock

can only be transmitted to the receiving peer by their interactions with the sending peer. While the

warranty claim event is endogenously determined for the sending peer, the warranty claim event is

a plausibly exogenous information event for all receiving peers, whose consumption choices are the

focus of our study. Our identification strategy thus sets up an environment where the receiving peer

can only obtain product quality information based on the warranty claim event through contact

with the sending peer.

3.3 Treatment and Control Group Neighbors

An important feature of all studies using this hyper-local methodology is the use of fine-grained

geographic data to define treatment and control groups. This allows us to address two important

econometric issues: (1) endogenous selection into treatment and control groups and (2) differences

16Agarwal et al. (2020); Bayer et al. (2021); Baum-Snow et al. (2024)
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in neighborhood characteristics between treatment and control groups. We discuss each in turn.

3.3.1 Endogenous Selection into Treatment and Control Groups

An important challenge in defining treatment and control groups is to ensure that there is no

systematic selection bias in the definition, i.e., that individuals do not (or cannot) choose to be a

part of either the treatment or control group. This issue can be problematic in spatial or geographic

empirical settings, where it is possible for an individual to endogenously select into living in a specific

neighborhood. For instance, a household may choose to be in a specific country, region, city, etc.,

because the observable or unobservable characteristics of the people in that area (e.g., ethnicity,

political beliefs) match those of the household.

Fortunately, our hyper-local differencing strategy is able to address this issue. As has been

frequently argued by the literature, while the individual may endogenously select into a wider

neighborhood because of the characteristics of the neighborhood, whether the individual chooses to

live in specific sub-section of the neighborhood (such as the postal codes used to define our treatment

and control groups) can be considered “as good as random.” In our study, the distance between

any two treatment and control group households for a given warranty claim is quite small (in our

primary specification, the centroids of postal codes assigned to the treatment and control groups

have to be in contiguous 100 m concentric rings around the claimant postal code). Often, control

group households are on “the other side of the road” from their treatment group counterparts (as

postal codes often change from one side of a road to the other). As such, while an individual may

choose the wider neighborhood they live in, residential real estate markets are typically sufficiently

thin at the scales at which our treatment and control groups are defined that the specific locations

of the housing available within the neighborhood at the time that they were searching are nearly

impossible to control. Therefore, an individual cannot reasonably select into our treatment or

control groups and, as a result, their group assignment can be considered “as good as random.”

3.3.2 Neighborhood Unobservable Characteristics

A related problem in any spatially-defined treatment and control groups is that unobservable char-

acteristics of neighborhoods (e.g., a mass layoff by a large neighborhood employer or neighborhood-

specific preferences for certain products or brands) could impact treatment and control groups differ-

ently and, if correlated with the variables of interest, threaten causal identification. Once again, our

hyper-local methodology addresses this issue, precisely because of fine-grained spatial definitions of
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treatment and control groups. Because of the smallness of the geographic areas defining treatment

and control groups for each warranty claim, any unobservable neighborhood feature should impact

both the treatment and control groups for that claim very similarly. For instance, a mass layoff,

a gas leak, or neighborhood-specific preferences should exert a nearly identical influence on both

the treatment and control groups, given their geographic proximity. Thus, we effectively nullify

the impact of such unobservables by comparing treatment group households to very geographically

proximate control group households.

3.4 Determining the Width of Treatment and Control Rings

A central challenge in this rings-based hyper-local methodology is that the true treatment status

of neighbors is unobservable. We observe the location of each neighbor, rather than whether a

neighbor interacts with the warranty claim-filing neighbor. As a result, it is unclear, a priori, where

to draw the rings containing treatment and control groups. As discussed in Butts (2023), if the

treatment ring is defined as an area that is “too narrow,” then it is more likely to exclude units

that are actually treated (i.e., neighbors that interact with the warranty claimant). Those treated

neighbors will incorrectly be included in the outer control ring. On the other hand, if the treatment

ring is defined as an area that is “too wide,” then the treated ring will incorrectly include some

neighbors who are not treated (i.e., neighbors that do not interact with the warranty claimant).

To address this issue, we closely follow the methodology suggested in Butts (2023). The pa-

per proposes a non-parametric, data-based methodology which identifies the best line to separate

treatment and control groups. Effectively, the methodology proposes creating a large number of

concentric rings of increasing distance and examining if and how the estimated treatment effect

declines with distance from the focal event. A graphical description of the specifics of this method

is provided in Figure 2. This method uses a DID framework to compare the effect of the information

event in every ring to a “last” (i.e., outermost) ring. This last ring is assumed to be sufficiently

distant that the (unobservable) distance at which the distance-based effect of the information event

disappears falls somewhere between the site of the focal event and the last ring. In Figure 2, we

illustrate this by showing 9 red inner concentric rings (labeled 1 to 9 with increasing distance from

the claim), and then a last blue ring (labeled C).

The Butts method examines the DID coefficient estimate for each of the red inner rings in

turn as the treatment group, using the last blue ring as the control group in all the DIDs. The

key insight of the Butts methodology is that, using this series of DIDs where the treatment group
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gets increasingly distanced from the information event, we can observe where the distance-based

treatment effect (i.e. the DID coefficient) converges to zero. This point, where the series of DID

coefficients for ever more distant red rings (all compared to the same last blue ring) converges to

zero, can be considered a data-based estimate of the distance at which data-based effects of the

focal event disappear. We can thus use this distance to define the treatment and control rings for

our subsequent analyses.17

As we describe in detail in Section 5.3 below, we run the Butts (2023) procedure for our data.

We find a very significant DID coefficient in the first ring, but that the estimated DID coefficients

converge to zero and remain at zero for all subsequent rings. Based on evidence from this exercise,

in all our main tests, we use households situated 0 m to 100 m away from the warranty claimant as

our treated ring and households situated 100 m to 200 m away as our control ring.

4 Sample Selection

4.1 The Reflection Problem

The exogeneity of the information shock (the warranty claim) to receiving peers in both the treated

and control groups is important for causal interpretation of our results. The well-known reflection

problem first posed in Manski (1993) is a potential obstacle for causal interpretation. Manski argues

that a key issue for peer effect studies concerns the direction of information flow between the peers,

particularly if multiple individuals receive the information shock. In our setting, this could pose a

problem if multiple households in the same neighborhood file warranty claims, even if they do so at

different times. As this would make some peers both information senders and information receivers,

it would be difficult to determine which warranty claim by which peer had a causal impact on the

purchase decisions of their peers.

4.2 Sample Selection Criteria to Address the Reflection Problem

To address the reflection problem, we impose two sample criteria. First, we only include those

claims whose neighborhoods have exactly one warranty claim during the whole period. Second, we

only include those claims whose neighborhoods do not overlap spatially with the neighborhoods of

17Butts (2023) contends that this approach (of examining the distance at which the estimated treatment effect

approaches zero, and then remains at zero) is “akin to the pre-trends test in event study regressions,” in that it

provides a data-driven method for determining whether the identification assumptions are appropriate.
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any other warranty claim. By using these sample criteria, we ensure that both the treatment and

control group neighbors of a warranty claim are impacted only by that warranty claim.

These sample selection criteria are quite restrictive in that, from an initial population of over

95,000 claims, we exclude nearly 98% of claims. However, without these sample criteria, the causal

interpretation of our analysis (and any others like it) is suspect. Therefore, a valuable advantage

of our data is that our original population is sufficiently large that, even after we impose these

strict criteria, we still have 1,776 warranty claims and their neighborhoods on which to perform our

analysis.

4.3 Sample Criteria and Staggered Events in DID

Our sample criteria also address another econometric issue: bias in two-way fixed effects estimation

due to staggered events in DID models. A large recent literature has shown that DID models

with staggered timing of events when there are heterogeneous effect sizes across treatments can

have biased treatment effect estimates.18 Various solutions have been proposed for this problem,

including only using control group units that are “later-treated” or “never-treated”.

In our setting, if we were to use our full sample (rather than the carefully chosen sample), then

we would face these problems related to staggered event timing. This is because the full sample

includes many neighborhoods with multiple warranty claim events, made by multiple neighbors, on

multiple dates.

However, as our analysis sample only includes neighborhoods with exactly one warranty claim

event affecting households over the entire period, within each warranty claim’s neighborhood, there

is only a single event over the whole time period. Effectively, for each warranty claim, we run a

“sub-experiment” wherein we compare the effect of that unitary warranty claim on treatment group

units (inner ring postal codes) against its effect on control group units (outer ring postal codes).

There are no other warranty claim events that may affect the treatment status of these units at

other dates. In other words, our control group households are effectively “never-treated” units and

our treatment group households are only treated once. For these reasons, because of our carefully

chosen analysis sample, we are not exposed to the problem of staggered DID analysis.

18See Goodman-Bacon (2021); Baker et al. (2022); Cengiz et al. (2019) and many others.
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4.4 Sample Criteria and Akerlof (1991)

While the sample selection procedure suggested here, of using exactly one claimant, is specifically

designed to address various econometric issues (i.e. the reflection problem and staggered DID), it is

also advantageous in our setting for substantive economic reasons. In particular, it allows us to more

directly test the “cognitive psychology” proposition of Akerlof (1991). This proposition states that

a single salient peer will have a large effect on the consumption choices of the information receiving

peer. Thus, our sample selection criteria of restricting our sample to neighborhoods with exactly

one information sending warranty claimant allows us to directly test the Akerlof (1991) proposition.

4.5 Using a Less Strict Sample Selection Criteria

In our discussion here, we state that using this strict sample selection criteria provides important

econometric advantages (reflection problem and staggered DID) and allows us to directly test the

proposition in Akerlof (1991). However, as we note above, this strict sample selection criteria

drops approximately 98% of our warranty claim observations. One possible concern that arises as

a consequence is that, by focusing on this strict sample selection criteria, we reduce the external

validity of our results.

To address this concern, we replicate our tests but with significantly weaker sample selection

criteria. As we describe above, our main tests make the strong assumption that there are no other

warranty claim events in that neighborhood throughout the whole of our sample (where n = 1,776

claim events, or 2% of our total claim events). As a robustness check, we also run our baseline

specification with a weaker sample selection criteria, which includes neighborhoods if there is no

other warranty claim in the neighborhood within 8 quarters of the warranty claim event. This

results in a regression with 25,483 claim events, or 27% of all claim events, which is significantly

larger. As we describe in Section 6.2, our main finding is that the main DID coefficient is still highly

significant in this weaker sample selection test, although the magnitude of the DID coefficient is

smaller.19

19This smaller estimated magnitude serves as evidence supporting our argument for selecting a more restricted

sample. In this setting, which includes more claim events, multiple claims can occur within the defined circle. As

a result, the effects of previous claims may contaminate the estimation of subsequent events and result in a smaller

estimate of the DID coefficient.
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5 Empirical Methodology

Our primary specification may be represented as follows:

Yi,c,t = β1Inneri,c + β2Postt,c + δInneri,c × Postt,c + γi + γt + γc + γτ + εi,c,t, (1)

where Yi,c,t is a measure of the purchases of the claimed brand relative to all other brands in postal

code i in the neighborhood of claimant c in the two years before and after the claim filing (t ∈ {0, 1}),

Inneri,c indicates whether postal code i is within the inner ring for warranty claimant c’s postal

code, Postt,c indicates whether the two-year time period t occurs before or after claimant c files their

warranty claim, γi, γt, γc, and γτ are postal code, claim-relative time period, warranty claimant,

and warranty claim quarter fixed effects, respectively,20 and δ is the coefficient of interest.21 If

an idiosyncratic and unrepresentative signal from a peer affects consumption, we predict that a

warranty claim event will reduce the subsequent purchases of the claimed brand relative to all other

brands for neighbors living in postal codes that are very close to the claimant’s postal code relative

to neighbors living in slightly further away postal codes, i.e., we predict that δ is negative.

5.1 Dependent Variable

Our main hypothesis predicts that the warranty claim on a specific brand by a neighbor will reduce

the sales of the claimed brand relative to the sales of other, unclaimed brands. In our baseline

specification in Equation 1 above, we stipulate that our dependent variable should measure the sales

of the claimed brand (in the specified time and place) relative to the sales of all other unclaimed

brands (in that same time and place). There are two possible versions of such an outcome variable:

(1) net sales, which is sales of the claimed brand minus sales of all unclaimed brands, and (2) market

share, which is sales of the claimed brand divided by sales of all brands.

We choose to use the net sales measure as the market share ratio measure does not work well

for us because, in our setting, it is often missing because of a divide-by-zero problem. Our analysis

is run at the postal code-claim-relative time period-level and a large number of postal codes in the

neighborhoods in our study (approximately half) have zero transactions of any brand in a specific

20Another way of describing our analysis, due to the warranty claimant fixed effect we employ, is to note that each

neighborhood can be considered as a separate sub-experiment with a single event. Our specification essentially stacks

all of these different sub-experiments in a way that is similar to Cengiz et al. (2019); Deshpande and Li (2019).

21Given that we implement postal code and claim-relative time period fixed effects, our regression analysis does

not estimate β1 or β2. We include these two terms in our specification for completeness.
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quarter.22 Because the total sales in these postal code-periods are zero, these observations have

undefined market share values and, as such, are dropped from our analysis if we use market share as

our dependent variable. For this reason we use the net sales measure (based on subtraction rather

than division) as our dependent variable.

5.2 DID Assumptions: Parallel Pre-Trends

In this section, we confirm parallel trends in our outcome variable prior to the warranty claim filing

using a dynamic DID specification, with the t−1 quarter omitted. We do this to assess the validity

of our DID as, if there were non-parallel trends prior to the claim, it would be quite likely that

our DID coefficient estimate had a non-parallel trends bias (Cunningham, 2021). We examine four

quarters before and after the warranty claim event quarter. Results for these dynamic DID tests are

reported in Table 2. This table reports 12 different specifications with varying ring sizes (the width

of the treatment and control rings) and separations (the gap between the treatment and control

rings).

Table 2 shows that, across all of the specifications, we find no significant coefficients in pre-claim

quarters, strong evidence consistent with the parallel pre-trends assumption. In addition, Table 2

shows significant negative coefficients, as predicted by our main hypothesis, in many post-claim

quarters, especially in quarters 3 and 4 after a claim. We plot the dynamic DID coefficients for the

first column of Table 2 in Figure 3. The figure confirms that the claim event has a negative effect

on peers’ purchasing behavior for the claimed brand right away, though it becomes statistically

significant only in quarters 3 and 4. Equally importantly, the figure confirms that there is no

difference in pre-claim purchasing behavior between inner and outer ring neighbors, confirming

pre-filing parallel trends for our DID analysis.

5.3 Determining Size of Treatment and Control Rings

As described in Section 3.4, we use the data-driven methodology developed in Butts (2023) to define

the width of treatment and control rings in our DiD. Briefly, following Butts (2023), we estimate

nine treatment effects of the warranty claim events for households in increasingly distant treatment

rings (the red rings in Figure 2) relative to households in a tenth control ring beyond all nine

22For instance, in our analysis sample, we observe transactions for 6,948 postal code-quarters when we use the

net sales (subtraction) measure but, because of the divide-by-zero problem, we only have data for 3,687 postal

code-quarters using the market share ratio measure.
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treatment rings (the blue ring in Figure 2). We define ring widths for this non-parametric exercise

in two ways: setting the width of the ten rings equal and setting the area of the ten rings equal.

We report the results of these estimations in Figure 4 and Table 3. The first panels of Figure 4

and Table 3 present our findings using equal width rings and the second panels present the equal

area ring findings. Our two main conclusions from these tests are: (1) the DID coefficient in the

innermost ring is highly significant and negative, indicating that there is a very large treatment

effect for neighbors within the innermost ring, and (2) that the DID coefficient effectively converge

to zero at ring 2.

These findings have a number of important implications. First, they are consistent with the key

assumption of the hyper-local DID identification strategy, which is that the closer neighbors are to

each other, the more likely they are to interact with each other (i.e. to have discussed the warranty

claim). Our findings of a highly significant DID coefficient only for ring 1 implies that only the most

inner ring neighbors in ring 1 have statistically significant interactions with the warranty claimant.

Second, these results showing that the DID coefficients for rings 2 to ring 9 are all effectively

zero indicate that the effect of the warranty claim is essentially constant across all rings from the

second innermost ring (ring 2) to the outermost control ring (ring 10). This is because any effect

from the treatment in rings 2 to 9 is “differenced out” when it is compared to the control ring in

ring 10, resulting in a series of DID coefficients being equal to zero. This finding supports the

spatial “local parallel trends” assumption in Butts (2023) that any other possible treatment effect

is constant across space, and can thus be “differenced out” in a spatial DID specification.

Third, the estimated DID coefficient is much larger in absolute magnitude for ring 1 in the

equal distance specification (where each ring, including ring 1 is 100 m) than for ring 1 in the equal

area specification (where ring 1 is 316 m). This is strongly consistent with the argument that the

treatment effect (as measured by the magnitude of the DID coefficient) dissipates rapidly as the

distance from the warranty claim event increases. For this reason, in the rest of the paper we focus

on the equal distance specification, where each ring is 100 m.

5.4 Exclusion Buffers Between Treatment and Control Rings

As described above, the key problem in the rings-based hyper-local identification strategy is that

it is often not clear where to draw the rings containing treatment and control units. We cannot

observe which neighbors are truly treated (i.e., interact with the sending peer) and untreated (i.e.,

do not interact with the sending peer). Above, we describe one possible solution to this issue, which
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is the Butts (2023) methodology of comparing all red rings to a “last” blue ring.

However, another possible (and somewhat related) solution to this problem is the imposition of

exclusion buffers (i.e., gaps in space), between the treatment and control rings as done in Schiff et al.

(2023). By imposing an exclusion buffer between the treatment and control rings, the empiricist can

increase the likelihood that the treatment and control neighbors are accurately differentiated. The

choice of a “buffer zone,” however, involves a trade-off. To improve the causal interpretation of any

empirical analysis, we must ensure that the treatment and control groups are as similar to each other

as possible, across both observable and unobservable characteristics. As such, a very small exclusion

buffer (e.g., of 0 m between treatment and control rings) improves the comparability of treatment

and control groups (across both observables and unobservables) by reducing the distance between

any two households in the treatment and control rings. However, having no “buffer zone” separation

between treatment and control rings also increases the likelihood of contaminating our control group

by including households who did interact with the claimant and contaminating our treated group

by including households who did not interact with the claimant. This lack of geographic separation

between the rings may reduce the contrast between the rings and weaken our ability to identify true

peer effects.

In this section, we examine this trade-off in our setting by conducting a series of DID tests with

differing exclusion buffer sizes, ranging from an exclusion buffer of 0 m to an exclusion buffer of 800

m. All of these tests use a 100 m-wide innermost ring as the treated group (ring 1 in Figure 2) and

nine 100 m-wide control rings with steadily increasing exclusion buffers between them.23

We show the results of this test in Figure 5 and Table 4. We find that the DID coefficient remains

constant across all of the exclusion buffers ranging from 0 m to 800 m. Given the aforementioned

advantages of having narrow, directly abutting treatment and control rings and the findings reported

here, we choose to use the innermost 100 m-wide ring (ring 1 in Figure 2) as our treatment group

and the next 100 m-wide ring (ring 2 in Figure 2) as our control group, with no exclusion buffer, as

our specification for the remainder of this paper.

23Note that these tests are quite similar in spirit to the Butts (2023) tests we describe above. In those tests the nine

treatment rings became increasingly distant from the warranty claim while the control ring remained fixed beyond

the ninth treatment ring. In these tests, the treatment group stays fixed as an innermost 100 m-wide ring and, as

the exclusion buffer expands, the control rings move increasingly further from the warranty claim.

19



5.5 Alternative Event Windows

A large literature emphasizes that the timing of consumption for consumer durable goods is “lumpy”

(e.g., Attanasio, 2000; Eberly, 1994; Caballero, 1990, 1993; Caplin and Leahy, 2006). As described in

this literature, consumption of these kinds of products happens rarely over the lifetime of a consumer,

so there may be extended spells during which a consumer (or even a whole neighborhood) does not

purchase a consumer durable good. This argument could imply that word-of-mouth peer effects are

less effective for consumer durable goods.24

Again, there may be a trade-off between the infrequency of consumer durable purchases and

salience of recent word-of-mouth information for our tests when selecting the amount of time before

and after the claim events that we study. To choose the most appropriate time window, we run

our baseline analysis using eight different time windows around claims. Specifically, we perform our

classic DID regression, where the time periods before and after the claim event range from 1 quarter

to 8 quarters. The results of these tests are displayed in Table 5 and Figure 6. Both the table and

the figure show that the main DID coefficient is significant and negative (as predicted) across all of

the eight time windows. In addition, the magnitude of the DID coefficient increases monotonically

(in absolute value) as the length of the event window increases from 1 quarter to 8 quarters.

These results imply that the magnitude of the peer effect spillover in consumption gets larger as

the time window around the claim event expands. This is consistent with the notion that durable

good consumption is “lumpy.” The receiving peer, even if they receive the information shock when

the warranty claimant files, may only use the information when they choose to make a durable

good purchase. As we expand our time window around the claim event, the proportion of peers

making purchase decisions for consumer durable goods increases. Though the recency of the claim

event does not seem to weaken the word-of-mouth peer effect, in order to balance the effects of the

infrequency of durable good purchases and the potential salience of recent information transfers, we

choose the four quarter (one year) time window for our baseline analyses.

24Dranove and Jin (2010), in its literature survey of various kinds of quality disclosure mechanism (p. 937), states

that “word-of-mouth (effects) are ... of limited value when products are infrequently purchased”.
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6 Results

6.1 Baseline Findings

In the previous sections, we carefully explored the parameters of the hyper-local DID framework

we use for our peer effects analysis. First, we defined our sample such that each inner and outer

ring neighbor only experiences one peer warranty claim event. Next, we chose the width of rings

and separation between inner and outer rings such that inner ring neighbors are within 100 m of

the claimant and outer ring neighbors are between 100 and 200 m away from the claimant. Finally,

we chose to use the four quarters (one year) before and after the warranty claim as the time period

during which we conduct our analyses.

Using the above parameters, we find that, in the four quarters after a warranty claim, relative

to the four quarters before the claim, the inner ring neighbors of the claimant make 1.6 fewer net

purchases of the claimed brand, when compared to outer ring neighbors. Given that households

in the typical postal code in our analysis sample purchase 21.8 consumer durable goods in one

year, 1.6 fewer net purchases of the warranty claim manufacturer’s goods amounts to about 7% of

consumer durable goods being purchased from a different manufacturer due to the warranty claim,

an economically meaningful shift in the consumption behavior of a claimant’s peers. This reduction

in the net purchases of the claimed brand (in comparison to other brands) is highly statistically

significant (p < 0.01). Given our thorough exploration of the parameters of the empirical exercise,

we know that this reduction is robust to various perturbations. Overall, our analyses confirm that

a warranty claimant’s idiosyncratic and unrepresentative product quality information shared via

word-of-mouth networks has significant effects on the consumption behavior her neighbors.

6.2 Easing Constraints on Analyzed Claims

To make causal inference possible, in our baseline tests above, we define our analysis sample such

that there are no other warranty claims in the neighborhood. As discussed in Section 4, there

are two separate econometric reasons for imposing this constraint on our sample, addressing the

reflection problem as well as the issue of staggered events for DID estimation.

Even though our baseline specification above is our preferred specification, the restrictive selec-

tion criteria result in only a small fraction (approx 2%) of all warranty claim events being used in our

analyses, raising the concern that our results may be unique to this subsample. In this section, as a

robustness check, we conduct our baseline specification on a more loosely-constrained sample. For
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this larger sample, we include warranty claims if there are no previous claims in the neighborhood

within 4 quarters of the warranty claim event.

We report the results of these tests in Table 6. The main finding of this table is that the peer

effects DID coefficient is still highly significant and negative (as was the case with the baseline

specification). As expected, the sample size of this new test is significantly larger than the more

constrained sample in our baseline specification, because many more neighborhoods now fit into

the sample selection criteria. This larger sample includes 27% of all warranty claim events. The

magnitude of the coefficient is smaller than in the baseline specification, which is related to the fact

that a prior warranty claim (5 or more quarters prior to the event date) may be contaminating our

estimated effect. The receiving peer could be reacting to either, or both, of the claim in our test, or

any unobserved claims 5 or more quarters prior to the event date. Such previous claims are likely

to attenuate the response we measure in our specification.

6.3 Long Distance Relationships that are Not Based on Proximity

In our results from the Butts (2023) procedure above, we document that the treatment effect is very

large and significant in the innermost ring but then dissipates to zero in the remaining concentric

rings. These findings strongly suggest that proximity is a crucially important component of the

estimated treatment effect, i.e., that very proximate geographic neighbors (within 100 m) interact

with sending peer (warranty claimant), while slightly more distant neighbors (beyond 100 m) do

not interact with them.

However, it is also possible that neighbors interact with each other using mechanisms that do

not vary by distance at the scales examined in our study. For example, it is possible that various

neighbors in our study have “long distance” relationships with the information sender, such as rela-

tionships over internet networks (e.g., via Facebook). This example of “long distance relationship”

treatments is taken from Bailey et al. (2022), who examine consumption peer effects among Face-

book friends. That paper’s key finding is that the estimated treatment effect is still significant for

more distant Facebook friends who live farther away. Specifically, these more distant friends in that

paper live in different U.S. zipcodes, which are orders of magnitude larger in population than the

Canadian six-digit postal codes we study.

The Butts (2023) approach that we implement above helps address this issue. The DID coef-

ficients we estimate for increasingly more distant treatment rings allow us to assess if there is a

treatment effect that varies across the distances we study. And, given the convergence to zero of
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the effect from the second-innermost ring outwards, we find that there is, indeed a treatment effect

that varies at the distances we study. Moreover, any long-distance relationship between the sending

peer and receiving peers that is constant at the distances we study are differenced out using our

DID methodology. As such, we are confident that, in our main DID analysis, we are identifying the

effects on neighbors’ purchases of a warranty claim effect that declines over the distances examined

in our study.

7 Idiosyncratic Peer Experience vs. Systematic Product Quality

Information

We have already shown that individuals behave as described by the “cognitive psychology” view

posed by Akerlof (1991), wherein a single salient individual’s warranty claim has an effect on the

consumption choices of her peers. There is, however, a potential concern that the information shared

by the sending peer (warranty claimant) to the receiving peer contains information not just based on

her own idiosyncratic and unrepresentative experience, but also some other, more representative, in-

formation about product quality. In other words, the concern is that we are mislabeling information

shared by the warranty claimant as entirely idiosyncratic and unrepresentative of product quality,

as needed to assess the validity of the Akerlof (1991) proposition. If that were true, then the altered

purchasing behaviors of the receiving peers (the neighbors) that we observe in our tests could be

driven by the representative (i.e., accurate) product quality information sent by the sending peer.

To address this concern, in this section, we examine the effect of the warranty claim on neighbors’

purchasing decisions accounting for three alternative and more representative measures of product

quality: a direct measure of product quality (aggregate warranty claim rate); an indirect measure of

product quality (brand market share); and, a direct measure of warranty quality (days to repair).25

If neighbors’ purchases are affected by the component of the claimant’s information that is correlated

with any of these representative measures of quality, then the peer effect of the warranty claim (i.e.

the DID coefficient) should become smaller and/or less significant when we include these measures

as additional RHS variables in our baseline specification.

25These are some typical examples of quality assurance mechanisms for consumer durable goods, as highlighted

in Dranove and Jin (2010). That paper indicates that such quality assurance mechanisms are preferred to word-of-

mouth quality disclosure (such as our warranty claimant) as these mechanisms “provide more precise and comparable

information than word-of-mouth” (p. 939).
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As we show below, however, when we include any or all of these three systematic measures of

quality (either individually or combined) as additional explanatory variables in our specification,

the DID coefficient (measuring the effect of the warranty claim on neighbor’s purchasing decisions)

remains unchanged. This result indicates that the idiosyncratic and unrepresentative component of

the sending peer’s (warranty claimant) signal is driving the receiving peers’ purchasing decisions.

7.1 Aggregate Claim Rate

Our direct measure of product quality is the aggregate warranty claim rate for each brand. We

define it as the total number of claims made against that brand divided by the total number of

sales of that brand’s products for the claimed product category in the two years before each focal

claim event. Because of the very large size of our data, we argue that the aggregate warranty claim

rate measure provides an accurate and direct measure of the true underlying product quality, when

product quality is defined based on the fraction of products that break down sufficiently to require

warranty claims.

To exclude any information about aggregate claim rate from the information shared by the

warranty claimant, we run our baseline specification (Equation 1) while controlling for the claim

rate for the brand in the two years before the warranty claim, described above.26 In order to run

the analysis with the claim rate control variable, we have to take away two sets of fixed effects, the

warranty claim event fixed effect and the postal code fixed effect, and replace them with an inner

ring fixed effect.27

We provide the results for this analysis in column (2) of Table 7. We find that the impact of the

warranty claim on the claimant’s neighbors’ purchases (i.e. the DID coefficient) does not change

when we control for the claimed brand’s aggregate claim rate. This can be seen when comparing the

DID coefficient in column (2) which includes the control, to the DID coefficient estimated in column

(1) without controls. This finding indicates that the effect of the warranty claim on neighbors’

purchasing decisions is not driven by any component of the claimant’s signal correlated with this

direct measure of product quality, aggregate warranty claim rate.

26As a robustness check, we run these tests using overall brand-level claims-to-sales ratios and the results are

qualitatively similar.

27This easing of fixed effects necessarily means that the analyses in this section should not be used to establish

causal identification.
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7.2 Brand Market Share

Next, we test our main effect while controlling for an indirect measure of product quality, brand

market share.28 There is a substantial literature in marketing (e.g., Hellofs and Jacobson, 1999)

as well as international trade (e.g., Khandelwal, 2010) which asserts that, in settings where quality

is unobservable by consumers, consumers attribute higher levels of quality to brands with higher

market shares, conditional on price.29

We measure the market share of the claimed product in the same way as for aggregate claim

rate. In particular, we define it as the number of purchases of the brand’s products divided by the

total number of purchases for the claimed product category in the two years before each focal claim

event. We use this measure as a control when we run our baseline specification, again in the same

manner as described in the previous subsection.

The results for this analysis are available in column (3) of Table 7. The impact of the warranty

claim on the claimant’s neighbors’ purchases (the DID coefficient) does not change when we control

for the claimed brand’s product market share, as can be seen when comparing the DID coefficient

in column (3) to the DID coefficient estimated in column (1) without controls.30 We interpret this

as indicating that the effect of the warranty claim on neighbors’ purchasing decisions is not driven

by the claimant’s signal having any information correlated with our indirect measure of product

quality, product market share.

7.3 Warranty Claim Process Length

Finally, we test the effect of an unrepresentative peer’s information while controlling for a direct

measure of warranty quality, days required to repair the good. The days to repair information is a

part of the claimant’s experience that is most likely to be representative of some true measure of

product quality, so it is important that we test whether our main effect is driven by it.

To run this analysis, we measure days to repair as the number of days taken to repair the good,

28Given that the retail chain providing us with data is one of the top four retailers of consumer durable goods in

Canada, we argue that we can representatively measure the market share for all brands sold in the total Canadian

market.

29The argument posed in those literatures is that the consumer believes that if a large number of other consumers

are already purchasing that brand, then the unobserved quality of that brand must also be high.

30As with the claims rate analyses, we run these tests using overall brand-level product market share and find

qualitatively similar results.
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starting from the date of the initial warranty claim to the date of the final resolution of the claim.

To test whether the peer effect of the warranty claim on neighbors’ purchasing behavior is driven

by potentially representative information about days required to repair, we include this measure as

a control on our baseline regression, as described above.

Our findings are reported in column (4) of Table 7. The DID coefficient for the peer effect when

controlling for days to repair is nearly identical to the DID coefficient in column (1), which has no

controls. This indicates that the effect of the warranty claim on neighbors’ purchasing decisions is

not driven by information shared by the claimant about warranty quality, as measured using days

to repair.

So far in this section, we have shown that the peer effect we document is not correlated with

any of the three product quality measures we explored: brand claim rate, brand market share,

and days required to repair. In column (5) of Table 7, we use all three of these product quality

measures as controls for our baseline regression, to test whether our peer effect is perhaps driven by

some combination of these three objective measures of product quality transmitted by the warranty

claimant to her neighbors. As with our tests adding the controls separately, this test shows that

our peer effect (as measured by the DID coefficient) remains unchanged by the addition of all three

controls simultaneously, as evidenced by the DID coefficient reported in column (5) being effectively

the same as the DID coefficient reported in column (1) of the table, wherein we had no additional

controls.

Put together, these findings allay concerns that the peer effect of the warranty claim on the

receiving peers’ purchasing behavior may be driven by some component of the sending peer’s signal

that is representative of true product quality. The DID coefficient (reflecting the impact of the

warranty claim on the receiving peers) remains large, highly significant, and effectively unchanged

even when we account for these three product quality measures. This indicates that the idiosyncratic

and unrepresentative component of the sending peer’s signal drives the receiving peer’s consumption

choices.

8 Peer Effect Strength across Neighborhood Characteristics

Neighborhoods differ in various ways which may impact the strength of linkages between neighbors

(Chetty et al., 2022) and, as a result, peer effects could vary across different neighborhoods based

on these differences. In this section, we examine the extent to which three measurable neighborhood
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characteristics — average income, population density, and immigrant proportion — determine the

peer effect of a warranty claim on the claimant’s neighbors’ purchasing behavior. Overall, we find

that these neighborhood characteristics play a significant role in the observed peer effect.

8.1 Measuring Variation Across Neighborhood Characteristics

Our neighborhood characteristics are at the dissemination area (DA) level. The DA level is the

smallest level of geography at which census data is made available by Statistics Canada. While

not as small as the postal codes that we use as our unit of analysis, DAs are still quite small, with

the median DA including 550 people. We use these DA-level census data for neighborhood-level

demographic information.

To study how neighborhood characteristics affect the peer effects of warranty claims, we compare

the estimated coefficients for our baseline specification for quintiles of our sample based on the dis-

tribution of each neighborhood characteristic. Effectively, we run our hyper-local spatial difference-

in-differences analysis for five subsamples of warranty claims for each characteristic, based on the

quintile of the characteristic in which the claimant’s DA belongs. We provide summary statistics of

these quintiles in Table 1e.

8.2 Neighborhood Average Income

Recent work from Chetty et al. (2022), using Facebook data, examines “friending rates” across

SES (Social and Economic Status) percentiles. This “friending” study provides evidence that as

SES declines, the number of friendships developing from neighborhood interactions increases. In

other words, this study shows that neighborhoods with lower SES (e.g., neighborhoods with lower

income households) are more likely to have friends based on peer interactions from within the

neighborhood. Based on Chetty et al. (2022), we hypothesize that our peer effects should be larger

in neighborhoods with lower average income, as word-of-mouth information spreads more effectively

within neighborhoods with stronger social networks.

We use Canadian census data on average income in a neighborhood to test the validity of our

hypothesis. Our results are reported in Table 8 and Figure 7. As is graphically evident in Figure

7, we find a significantly larger and more negative consumption peer effect for the lowest income

quintile (quintile 1) than for all other quintiles. And, for all but the highest quintile, there is a

clear monotonic decrease in the magnitude of the peer effect as average income increases. These

results are consistent with the hypothesis, based on Chetty et al. (2022), that the magnitude of
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neighborhood peer effects should be the largest for individuals in the lowest SES neighborhoods.

8.3 Neighborhood Population Density

An extensive literature across many disciplines (e.g., urban economics, urban sociology, and geog-

raphy) has examined how variation in population density impacts the strength of the relationship

between neighbors. In general, two contradictory hypotheses have been proposed. On the one hand,

it is argued that increased population density should generate more social interactions, and thus

larger peer effects, because increased density increases the opportunity to interact with more peers

(Boessen et al., 2018). On the other hand, it is argued that increased density causes increased

interpersonal frictions, offers other alternatives for establishing social networks, and generates other

various negative externalities (e.g., congestion externalities), which, in aggregate, lower the quality

of neighborhood-based social interactions, and thus lower the impact of such peer effects (Brueckner

and Largey, 2008; French et al., 2014; Skjaeveland and Garling, 1997; Mouratidis and Poortinga,

2020). As such, in our setting, it is an empirical question whether population density should increase

the magnitude of the effect of warranty claims on neighbors’ purchasing behavior or decrease it.

We examine how population density affects our peer effect using DA-level population density

data. We are unable to run our analysis on the lowest density quintile as our sample selection criteria

mechanically excludes that quintile.31 Our results for this specification are reported in Table 9 and

Figure 8. As can be seen in Figure 8, the peer effect estimate for the least dense quintile (i.e.,

quintile 2) is significantly more negative than all other quintiles. Moreover, the peer effect is

monotonically decreasing with population density. This finding is consistent with the hypothesis

that social interactions are stronger in less dense neighborhoods, because peer interactions in more

dense neighborhoods are impeded by issues such as interpersonal frictions, negative congestion

externalities, and availability of alternative social networks.

8.4 Neighborhood Immigrant Proportion

Finally, we examine whether the fraction of immigrants within a neighborhood affects the impact

of word-of-mouth peer effects such as ours. A number of factors could drive heterogeneity in these

neighborhood peer effects based on the immigrant share of a neighborhood. For instance, Ray

and Preston (2009) posits that immigrants may be more socially isolated from their non-immigrant

31Recall that we choose neighbors in postal codes within 200 m of the claimant’s postal code for our inner and outer

rings. Rural postal codes are much larger than that and, as a result, are mechanically excluded from our analyses.
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neighbors in the neighborhood. Such socially-driven divisions within a neighborhood would make

peer effects like the one we study here less powerful.

Again, we divide the neighborhoods in our study into five quintiles based on the fraction of

immigrants in the population, as extracted from our DA-level Census data. We run our quintile-

based tests for immigrant fraction and report our findings in Table 10 and Figure 9. In the figure, we

observe a general trend that the magnitude of the peer effect declines as the fraction of immigrants

increases. While the trend is not as dramatic as the trends we observe for neighborhood average

income or population density, it seems to be economically relevant, with the neighborhoods with

the highest immigrant proportions reporting a 40% weaker peer effect than the lowest immigrant

quintile neighborhoods. This weaker peer effect is consistent with neighborhood social networks

being weaker where there are greater proportions of immigrants, who may be more socially isolated

within their geographic neighborhood.

9 Conclusion

Akerlof (1991) in his Ely Lecture, describes a vignette where a single salient, but possibly unrep-

resentative, peer who has had a negative quality experience of a brand can deter another peer

from purchasing that brand. Akerlof (1991) labels this vignette as reflecting the "cognitive psy-

chology" view, which, he argues is very different from the predictions of standard economics. The

standard economics view suggests that individuals should not be influenced by a single peer, with

unrepresentative information.

In this paper, we provide causal evidence testing the validity of this vignette. Our setting

examines a single neighbor in a neighborhood making a warranty claim on a durable of a specific

brand. Warranty claims can be considered as unrepresentative information regarding the quality of

the product, because only 1.5% of all durable goods sold result in a warranty claim. Our main finding

is that a negative experience with a particular brand significantly reduces the future consumption

of that brand’s products, by that person’s geographic peers. Our paper thus provides important

new evidence that is consistent with the "cognitive psychology" view of Akerlof (1991), but that is

inconsistent with the standard economics view.
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Figures and Tables

Figure 1: Illustration of Hyper-local Difference-in-Differences Methodology
This figure illustrates the assignment of postal codes to treatment and control groups for the hyper-local difference-
in-differences methodology used in this paper. For each warranty claim, an inner circle (red circle with a 100 m radius
in this illustrative figure) is drawn around the centroid of the postal code of the claim and all households in postal
codes with centroids within the area of the inner (red) circle are in the treatment group (excluding the claimant
household). Similarly, an outer ring (blue circle with a 100 m width between 100 m and 200 m from the claimant
postcode centroid in this illustrative example) is drawn around the centroid of the postal code of the claim and all
households in postal codes with centroids within the area of the outer (blue) ring are in the control group.
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Figure 2: Illustration of Ring-Based Non-Parametric Butts (2023) Methodology
This figure illustrates the estimation methodology from Butts (2023) used in this paper to non-parametrically assess
the effect of a warranty claim on neighbors. For postal codes in each of the nine 100 m-wide red concentric rings
around the center point, we estimate the change in the outcome variable from before to after the warranty claim and
compare the change to the change in the outcome variable for postal codes in the 100 m-wide outermost blue ring.
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Figure 3: Treatment Effect Dynamics
This figure presents the treatment effect of a warranty claim on the purchases of claimed brand goods relative to
other brands’ goods for inner ring households (households in postal codes within 100 m of the warranty claim) as
compared to outer ring households (households in postal codes between 100 and 200 m of the warranty claim) for
each quarter within one year of the claim, using the quarter just before the warranty claim as a baseline. Inner ring
households are defined as households in postal codes within 100 m of the warranty claim and outer ring households
are defined as households in postal codes within a ring with a width of 100 m outside of the inner ring, with the gap
between the inner and outer rings varying in 100 m increments from 0 m to 800 m. The x-axis presents the quarter
of the treatment effect relative to the quarter of the corresponding warranty claim. The solid line is the estimate of
the treatment effects across the quarters and the range bars depict the 95% confidence interval for the estimates.
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(a) Non-Parametric Estimate of Treatment Effect Using Equal Width Rings

(b) Non-Parametric Estimate of Treatment Effect Using Equal Area Rings

Figure 4: Non-Parametric Estimate of Treatment Effect
This figure presents the treatment effect of a warranty claim on the purchases of claimed brand goods relative to other
brands’ goods for households in postal codes within nine concentric rings around the warranty claim as compared to
hoseholds in postal codes within a tenth concentric ring beyond these nine rings (as depicted in Figure 2). In Panel
(a), the ten rings are defined to have equal widths, with each of the ten rings encompassing one-tenth of the distance
from the claimant postal code centroid to the boundary of a 1 km ring around the claim. In Panel (b), the ten rings
are defined to have equal areas, with each of the ten rings encompassing one-tenth of the area of a 1 km ring around
the claim. The x-axis presents the distance of the household from the warranty claimant. The thick solid line is the
estimate of the treatment effect for each ring, the vertical extents of the rectangle around the thick line depict the
95% confidence interval for each estimate, and the horizontal width of the rectangle depict the width of each of the
nine rings. 40



Figure 5: Treatment Effects by "Missing" Distance between Inner and Outer Rings
This figure presents the treatment effect of a warranty claim on the purchases of claimed brand goods relative to other
brands’ goods for inner ring households as compared to outer ring households. Inner ring households are defined as
households in postal codes within 100 m of the warranty claim and outer ring households are defined as households
in postal codes within a ring with a width of 100 m outside of the inner ring, with the gap between the inner and
outer rings varying in 100 m increments from 0 m to 800 m. The x-axis presents these gaps (in meters) between the
inner and outer rings. The solid line is the estimate of the treatment effects across the gap values and the shaded
area depicts the 95% confidence interval for the estimates.
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Figure 6: Treatment Effects by Purchase Data Window Length
This figure presents variation in the treatment effect of a warranty claim on the purchases of claimed brand goods
relative to other brands’ goods for inner ring households (households in postal codes within 100 m of the warranty
claim) as compared to outer ring households (households in postal codes between 100 and 200 m of the warranty
claim) using purchase data for differing numbers of quarters around warranty claims, which can vary from one to eight
quarters. The x-axis presents the number of quarters of purchases used in the analysis. The solid line is the estimate
of the treatment effects across the purchase data window lengths and the shaded area depicts the 95% confidence
interval for the estimates.
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Figure 7: Treatment Effect by Neighborhood Average Income
This figure presents variation in the treatment effect of a warranty claim on the purchases of claimed brand goods
relative to other brands’ goods for inner ring households (households in postal codes within 100 m of the warranty
claim) as compared to outer ring households (households in postal codes between 100 and 200 m of the warranty
claim) across the average income quintiles of the claimant household’s dissemination area (DA). The x-axis presents
the average income quintiles. Quintile 1 is the poorest quintile. The solid line is the estimate of the treatment effects
across the income quintiles and the shaded area depicts the 95% confidence interval for the estimates.

43



Figure 8: Treatment Effect by Neighborhood Population Density
This figure presents variation in the treatment effect of a warranty claim on the purchases of claimed brand goods
relative to other brands’ goods for inner ring households (households in postal codes within 100 m of the warranty
claim) as compared to outer ring households (households in postal codes between 100 and 200 m of the warranty claim)
across the population density quintiles of the claimant household’s dissemination area (DA). The x-axis presents the
population density quintile of the DA, with the lowest density quintile, which is composed of rural areas, omitted in
the figure as it is in analyses. The solid line is the estimate of the treatment effects across the population density
quintiles and the shaded area depicts the 95% confidence interval for the estimates.
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Figure 9: Treatment Effect by Neighborhood Immigrant Proportion
This figure presents variation in the treatment effect of a warranty claim on the purchases of claimed brand goods
relative to other brands’ goods for inner ring households (households in postal codes within 100 m of the warranty
claim) as compared to outer ring households (households in postal codes between 100 and 200 m of the warranty
claim) across quintiles of immigrant proportion of population in the claimant household’s dissemination area (DA).
The x-axis presents the immigrant proportion quintiles. The solid line is the estimate of the treatment effects across
the quintiles and the shaded area depicts the 95% confidence interval for the estimates.

45



Table 1: Summary Statistics
These tables present summary statistics for key variables in this paper. Panel A provides statistics on purchases,
Panel B provides statistics on all warranty claims, Panel C lists the top 30 brands by purchases along with purchase
market share statistics. And Panel D provides statistics on warranty claims used in our analyses, and Panel D
provides demographics for dissemination areas within and outside our data.

(a) Purchases
This panel provides summary statistics for purchases of all consumer durable goods purchased from an anonymous Canadian
retail store chain between 1998 and 2009. Purchase Price is the price of the product purchased (in Canadian Dollars). Warranty
Purchased is an indicator variable for the purchase of warranty coverage together with the product by a consumer. Cost of
Warranty is the price of the purchased warranty coverage (in Canadian Dollars).

25th %ile Median 75th %ile Mean Std Dev Obs

Purchase Price 199.97 439.96 788.00 609.27 1765.41 5956402
Warranty Purchased 0.00 0.00 1.00 0.36 0.48 5956402
Cost of Warranty 9.99 69.99 124.99 90.56 95.24 2136208
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(b) Top 30 Brands by Purchase Market Share
This panel lists the top 30 manufacturer brands by total purchases of consumer durable goods made between 1998 and 2009
across all branches of an anonymous Canadian retail store chain. For each brand, the panel provides the number of purchases
recorded as well as the percent of all purchases.

Manufacturer Count Percent

Sony 796,122 14.2
Frigidaire 664,920 11.9
Panasonic 360,781 6.4
Whirlpool 309,678 5.5
LG Electronics 307,441 5.5
Samsung 302,170 5.4
Citizen 223,800 4.0
GE Appliances 211,015 3.8
RCA 206,165 3.7
Maytag 199,213 3.6
Danby 136,839 2.4
Electrolux 122,089 2.2
Inglis 114,149 2.0
Performa 91,319 1.6
Hitachi 87,353 1.6
JVC 82,446 1.5
Sharp 78,693 1.4
Toshiba 75,963 1.4
GTech 75,678 1.3
Prima 61,459 1.1
Brada 56,949 1.0
Stitch 48,566 0.9
Kitchenaid 44,682 0.8
Legend 40,109 0.7
Vitel Malta 38,587 0.7
Moffat 35,610 0.6
Hoover 32,610 0.6
Goldstar 29,751 0.5
Philips 28,951 0.5
Retailer 28,668 0.5
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(c) Claims
This panel provides summary statistics for warranty claims on consumer durable goods purchased from an anonymous Canadian
retail store chain filed between 1998 and 2009. The summary statistics provided in the four leftmost columns are for warranty
claims that are used for analysis as per the procedure detailed in Section 3, whereas the summary statistics provided in the four
rightmost columns are for all warranty claims. Purchase Price is the price of the product purchased (in Canadian Dollars).
Cost of Claim is the repairing cost of the product under warranty (in Canadian Dollars). Days to Claim is the number of days
from the purchase date to the warranty claim date. Days to Repair is the number of days spent in repairing the product. In
Analysis Sample is an indicator variable for whether a claim is used for our analyses.

Analysis Claims All Claims

Median Mean Std Dev Obs Median Mean Std Dev Obs

Purchase Price 877.94 1140.21 864.99 1776 769.97 1030.17 816.75 95109
Cost of Claim 128.57 210.67 249.82 1776 118.77 175.63 202.78 95109
Days to Claim 668.00 743.73 417.60 1776 664.00 725.19 423.30 95109
Days to Repair 8.00 18.03 33.18 1776 9.00 19.06 36.53 95109
In Analysis Sample 1.00 1.00 0.00 1776 0.00 0.02 0.14 95109

(d) Dissemination Area Demographics
This panel provides demographics for dissemination areas (a geographic area comprising several postal codes) across Canada.
The dissemination areas (DAs) are separated into in-sample and out of sample DAs, where in-Sample DAs are DAs containing
at least one warranty claim event. Population is the number of people living in a DA. Pct. Male is the percentage of the
DA population that is male. Pct. Married is the percentage of the DA population that is married. Pct. Immigrants is the
percentage of the DA population that has immigrated to Canada. Avg. Household Size is the average size of households in the
DA. Avg. Income is the average income of adults in the DA (in Canadian Dollars).

In-sample DAs Out of sample DAs

Median Mean Std Dev Obs Median Mean Std Dev Obs

Population 557.00 689.88 798.63 1477 516.00 591.39 383.06 51496
Pct. Male 50.61 50.41 2.88 1474 49.26 49.04 3.42 51406
Pct. Married 56.73 53.55 12.14 1474 49.34 47.61 13.52 51406
Pct. Immigrants 7.27 9.50 8.76 1424 11.76 17.85 17.99 50590
Avg. Household Size 2.60 2.61 0.46 1477 2.60 2.58 0.55 51496
Avg. Income 32158.00 34371.32 17959.15 1477 31388.00 33922.92 18089.29 51496

(e) Quintile Medians
This panel provides median values for each quintile of the variables used to study heterogeneities in this paper. Avg. Income
is the average income of households in analysis sample DAs. Population Density is the number of people per square kilometer
in dissemination areas (DAs) used in our analysis. Pct. Immigrants is the percentage of the population that has immigrated
to Canada in analysis sample DAs.

Median Value for

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Avg. Income 21635 27680 32158 37733 48286
Population Density 0.742 9.42 27.3 100 930
Pct. Immigrants 0.806 3.88 7.27 12.1 20.7
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Table 3: Non-Parametric Estimation of Treatment Effects (Butts, 2023)
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim based on the non-parametric methodology proposed in
Butts (2023). The dependent variable in all specifications is the difference between the number of purchases of the
claimed brand and purchases of all other consumer durable good brands in a given postal code in the year before or
after a warranty claim. The reported coefficients in the nine columns in both subtables represent the change in the
difference in the dependent variable between households in postal codes in an inner ring (treated) and postal codes
in a fixed outer ring (control) from before to after a warranty claim, with the corresponding t-statistic reported in
brackets below each coefficient. In Panel (a), each of the ten rings in these specifications has an equal width (100
meters), which results in the outer ring containing all postal codes with a centroid within 900 to 1000 meters of
the warranty claim event postal code. In Panel (b), each of the ten rings in these specifications has an equal area
(0.314 square kilometers), which results in the outer ring containing all postal codes with a centroid within 949 to
1000 meters of the warranty claim event postal code. The column headings in both tables define the extents of the
inner (treated) ring for the specification. For all regressions, we impose postal code, post-claim quarter, warranty
claim event, and claim quarter fixed effects. Standard errors are clustered at warranty claim and claim quarter levels.
Significance levels 10%, 5%, and 1% are denoted by *, **, and ***, respectively.

(a) Non-Parametric Estimates of Treatment Effects using Equal Width Rings

Inner Ring Bounds

0-100 m 100-200 m 200-300 m 300-400 m 400-500 m 500-600 m 600-700 m 700-800 m 800-900 m

Inner x After -1.663*** -0.027 -0.050 -0.125* -0.106** -0.042 -0.062 -0.101** -0.087*

[-9.751] [-0.498] [-0.514] [-1.901] [-2.345] [-0.626] [-0.932] [-2.579] [-1.962]

N 9944 6316 6948 7452 7754 8152 8364 8862 9380

R-sq 0.911 0.729 0.740 0.750 0.696 0.765 0.702 0.814 0.773

Postal code FE X X X X X X X X X

Post-claim FE X X X X X X X X X

Claim ring FE X X X X X X X X X

Claim quarter FE X X X X X X X X X

SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr

(b) Non-Parametric Estimates of Treatment Effects using Equal Area Rings

Inner Ring Bounds

0-316 m 316-447 m 447-548 m 548-632 m 632-707 m 707-775 m 775-837 m 837-894 m 894-949 m

Inner x After -0.911*** -0.091* -0.052 -0.036 -0.011 -0.077 -0.053 -0.044 0.031

[-8.161] [-1.901] [-0.652] [-0.423] [-0.206] [-1.263] [-1.070] [-0.755] [0.407]

N 12032 6242 5826 5422 5202 5228 5288 5058 4970

R-sq 0.909 0.718 0.696 0.743 0.739 0.843 0.789 0.763 0.771

Postal code FE X X X X X X X X X

Post-claim FE X X X X X X X X X

Claim ring FE X X X X X X X X X

Claim quarter FE X X X X X X X X X

SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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Table 5: Treatment Effects by Purchase Data Window Length
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim. The dependent variable in all specifications is the dif-
ference between the number of purchases of the claimed brand and purchases of all other consumer durable good
brands in a given postal code in the year before or after a warranty claim. The reported coefficient represents the
change in the difference in the dependent variable between households in inner ring (treated) and outer ring (control)
postal codes from before to after a warranty claim, with the corresponding t-statistic reported in brackets below
each coefficient. Inner ring postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and
outer ring postal codes are postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The eight
columns vary the number of quarters included in the pre- and post-claim windows, with the first column including
one quarter before and after the claim and the eighth column including eight quarters before and after the claim.
For all regressions, we impose postal code, post-claim quarter, warranty claim event, and claim quarter fixed effects.
Standard errors are clustered at warranty claim and claim quarter levels. Significance levels 10%, 5%, and 1% are
denoted by *, **, and ***, respectively.

1 qtr 2 qtrs 3 qtrs 4 qtrs 5 qtrs 6 qtrs 7 qtrs 8 qtrs

Inner x After -1.041*** -1.227*** -1.386*** -1.635*** -1.910*** -2.155*** -2.461*** -2.836***
[-7.387] [-7.560] [-9.701] [-9.667] [-8.144] [-7.191] [-9.114] [-10.089]

N 6948 6948 6948 6948 6948 6948 6948 6948
R-sq 0.796 0.871 0.903 0.911 0.906 0.901 0.898 0.895
Postal code FE X X X X X X X X
Post-claim FE X X X X X X X X
Claim ring FE X X X X X X X X
Claim quarter FE X X X X X X X X
SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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Table 6: Treatment Effects by Strictness of Analysis Sample Definition
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim. The dependent variable in all specifications is the differ-
ence between the number of purchases of the claimed brand and purchases of all other consumer durable good brands
in a given postal code in the two years before or after a warranty claim. The reported coefficient represents the
change in the difference in the dependent variable between households in inner ring (treated) and outer ring (control)
postal codes from before to after a warranty claim, with the corresponding t-statistic reported in brackets below each
coefficient. Inner ring postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and outer ring
postal codes are postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The two columns vary the
strictness of the sample of postal codes examined, with the first column being the more strict sample definition (and
also the definition used in the paper). The analysis sample in the first column includes neighborhoods where only
one warranty claim occurs in the neighborhood over the entire studied time period and where the neighborhood does
not overlap with the neighborhoods of any other warranty claims. The analysis sample in the second column includes
neighborhoods where no other warranty claim occurs within one year of the focal claim and where the neighborhood
does not overlap with the neighborhoods of any other warranty claims. Significance levels 10%, 5%, and 1% are
denoted by *, **, and ***, respectively.

No other claims

Ever Within 8 qtrs

Inner x After -1.635*** -0.183***
[-9.667] [-10.055]

N 6948 368520
Claim events 1776 25483
R-sq 0.911 0.843
Postal code FE X X
Post-claim FE X X
Claim ring FE X X
Claim quarter FE X X
SE clustering Ring, qtr Ring, qtr
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Table 7: Comparison of Peer Effect and Alternative Product Quality Measures
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim which include alternative product quality measures as
explanatory variables. The dependent variable in all specifications is the difference between the number of purchases
of the claimed brand and purchases of all other consumer durable good brands in a given postal code in the two years
before or after a warranty claim. The reported coefficient for Inner x After represents the change in the difference in
the dependent variable between households in inner ring (treated) and outer ring (control) postal codes from before
to after a warranty claim, with the corresponding t-statistic reported in brackets below each coefficient. Inner ring
postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and outer ring postal codes are
postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The five columns differ in the additional
explanatory variables included in the DID regression. Column (1) has no additional explanatory variables and acts
as a benchmark for the other four specifications. Column (2) includes brand claim rate, which is defined as the
total number of claims made against claimed brand divided by the total number of sales of that brand’s products for
the claimed product category in the two years before each warranty claim, as an explanatory variable. Column (3)
includes product market share, which is defined as the number of purchases of the brand’s products divided by the
total number of purchases for the claimed product category in the two years before each warranty claim. Column (4)
includes warranty claim process length, which is defined as the number of days taken to repair the good. Column (5)
includes all three of these measures of product quality as explanatory variables. For all regressions, we impose inner
ring, post-claim quarter, and claim quarter fixed effects. Standard errors are clustered at warranty claim and claim
quarter levels. Significance levels 10%, 5%, and 1% are denoted by *, **, and ***, respectively.

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

Inner x After -1.841*** -1.906*** -1.816*** -1.840*** -1.903***

[-5.567] [-5.129] [-5.416] [-5.500] [-5.082]

Claim Rate 22.109* 18.777

[1.868] [1.385]

Market Share -4.502* -3.938

[-1.952] [-1.285]

Days to Repair 0.006 0.004

[0.890] [0.646]

N 10983 9997 10844 10983 9997

R-sq 0.042 0.042 0.042 0.042 0.042

Inner ring FE X X X X X

Post-claim FE X X X X X

Claim quarter FE X X X X X

SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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Table 8: Treatment Effects by Neighborhood Average Income
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim. The dependent variable in all specifications is the differ-
ence between the number of purchases of the claimed brand and purchases of all other consumer durable good brands
in a given postal code in the year before or after a warranty claim. The reported coefficient represents the change
in the difference in the dependent variable between inner ring (treated) and outer ring (control) postal codes from
before to after a warranty claim, with the corresponding t-statistic reported in brackets below each coefficient. Inner
ring postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and outer ring postal codes
are postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The five columns separate warranty
claims into quintiles based on the average income level of the dissemination area (DA) of the warranty claim, with
the first column having the lowest average income and the last column having the highest. For all regressions, we
impose postal code, post-claim quarter, warranty claim event, and claim quarter fixed effects. Standard errors are
clustered at warranty claim and claim quarter levels. Significance levels 10%, 5%, and 1% are denoted by *, **, and
***, respectively.

Median Income Quintiles

Bottom quintile Quintile 2 Quintile 3 Quintile 4 Top quintile

Inner x After -3.793*** -2.015*** -1.468*** -1.046*** -1.479***
[-7.262] [-4.704] [-4.257] [-3.243] [-4.157]

N 925 1494 1350 1582 1494
R-sq 0.948 0.938 0.872 0.952 0.898
Postal code FE X X X X X
Post-claim FE X X X X X
Claim ring FE X X X X X
Claim quarter FE X X X X X
SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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Table 9: Treatment Effects by Neighborhood Population Density
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim. The dependent variable in all specifications is the dif-
ference between the number of purchases of the claimed brand and purchases of all other consumer durable good
brands in a given postal code in the year before or after a warranty claim. The reported coefficient represents the
change in the difference in the dependent variable between inner ring (treated) and outer ring (control) postal codes
from before to after a warranty claim, with the corresponding t-statistic reported in brackets below each coefficient.
Inner ring postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and outer ring postal
codes are postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The four columns separate
warranty claims into quintiles based on the population density of the dissemination area (DA) of the warranty claim,
with the first column showing results for the second lowest population density quintile and the last column for the
highest. The lowest density quintile, which is composed of rural areas, is omitted in the table as it is in analyses.
For all regressions, we impose postal code, post-claim quarter, warranty claim event, and claim quarter fixed effects.
Standard errors are clustered at warranty claim and claim quarter levels. Significance levels 10%, 5%, and 1% are
denoted by *, **, and ***, respectively.

Population Density Quintiles

Quintile 2 Quintile 3 Quintile 4 Top quintile

Inner x After -3.273*** -1.542*** -1.119*** -0.931***
[-5.446] [-5.617] [-2.859] [-3.268]

N 608 784 1058 1962
R-sq 0.917 0.975 0.915 0.802
Postal code FE X X X X
Post-claim FE X X X X
Claim ring FE X X X X
Claim quarter FE X X X X
SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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Table 10: Treatment Effects by Neighborhood Immigrant Proportion
This table presents the results of geographic classical difference-in-differences (DID) regressions on the change in
neighbors’ purchasing behavior following a warranty claim. The dependent variable in all specifications is the differ-
ence between the number of purchases of the claimed brand and purchases of all other consumer durable good brands
in a given postal code in the year before or after a warranty claim. The reported coefficient represents the change
in the difference in the dependent variable between inner ring (treated) and outer ring (control) postal codes from
before to after a warranty claim, with the corresponding t-statistic reported in brackets below each coefficient. Inner
ring postal codes are postal codes within 100 m (0.1 km) of the claimant postal code and outer ring postal codes
are postal codes between 100 and 200 m (0.2 km) of the claimant postal code. The five columns separate warranty
claims into quintiles based on the immigrant proportion of the population of the dissemination area (DA) of the
warranty claim, with the first column having the lowest immigrant proportion and the last column having the highest
proportion. For all regressions, we impose postal code, post-claim quarter, warranty claim event, and claim quarter
fixed effects. Standard errors are clustered at warranty claim and claim quarter levels. Significance levels 10%, 5%,
and 1% are denoted by *, **, and ***, respectively.

Immigrant Proportion Quintiles

Bottom quintile Quintile 2 Quintile 3 Quintile 4 Top quintile

Inner x After -2.304*** -1.960*** -1.684*** -1.837*** -1.399***
[-5.909] [-5.912] [-6.436] [-5.021] [-4.259]

N 1266 1438 1236 1442 1548
R-sq 0.956 0.951 0.931 0.822 0.831
Postal code FE X X X X X
Post-claim FE X X X X X
Claim ring FE X X X X X
Claim quarter FE X X X X X
SE clustering Ring, qtr Ring, qtr Ring, qtr Ring, qtr Ring, qtr
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