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Abstract 

In this paper, I show that a common way that platforms display firms’ quality 
ratings incentivizes firms to strategically take costly short-run actions that improve 
their ratings. Most review platforms display star ratings of goods and services rounded 
to a half star, rather than display the exact average rating. Since the true average rating 
is not shown, firms have an incentive to remain just above the rounding threshold in 
order to have a higher displayed rating. However, once a firm’s rating passes the 
rounding threshold, the incentive to improve the ratings drops as their rating moves 
farther from the threshold. I study this phenomena in the context of auto repair. 
Consumers face significant uncertainty in the auto-repair market, which makes it a 
prime context in which to study reviews. I first show that consumers respond to 
ratings in this market. Firms with higher-displayed ratings have higher revenues and 
more customers than lower-rated firms. To identify the effects of ratings versus quality, 
I utilize a regression-discontinuity strategy. Since ratings have a significant effect on 
demand, firms have an incentive to pay attention to their ratings. Consistent with 
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the firms working to strategically push their ratings past rounding thresholds and 
keep them above, I find that there is an excessive amount of bunching around ratings 
thresholds. The firms’ actions toward improving their ratings are typically unobserved, 
but due to my novel data and the discontinuity of displayed ratings, I can model and 
infer firm behavior. Specifically, I provide evidence that firms change the services they 
provide and exert extra effort when they are close to rounding thresholds. Finally, I 
provide a theoretical framework in order to quantify the actions and provide optimal 
policies for firm actions depending on their rating and number of reviews. 
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1 Introduction 

Consumer reviews have become a standard feature in most industries; consumers can 

find reviews for almost any product or service. Many consumers read reviews; up to 90% 

of consumers read online reviews before making a purchase.1 There is a large marketing 

literature on how consumers use reviews and ratings when searching and making purchase 

decisions. However, the literature on the supply-side response to reviews is much more sparse. 

More broadly, when considering firms’ actions, the marketing literature has traditionally been 

split between studying short-run changes, such as pricing or digital advertising, and long-

run actions, such as which products to produce or inherent quality levels. There are also 

short-run actions that firms can take that are usually unobservable. I exploit the nature of 

how ratings are displayed online to identify a model of these unobserved actions. 

This paper seeks to answer the following questions. Do firms engage in previously 

unobserved short-run strategic activities in order to influence their ratings? How do these 

actions vary quality perceptions or change the distribution of quality available? Does a 

firm’s incentives change depending on: (1) how ratings are displayed to consumers and (2) 

the firm’s rating state, which is a function of the firm’s mean rating and number of reviews? 

How does the way that ratings are displayed affect consumer welfare? 

To answer my research questions, I first document that consumers respond to reviews 

in my setting by showing that higher ratings are associated with increased demand, both in 

revenue and number of customers. I find that ratings matter more in competitive markets 

and for new customers, which is consistent with the information consumers gain from re-

views. I then provide evidence that firms are responding deliberately to their online reviews, 

particularly when their ratings are close to the ratings-rounding thresholds. Firms have an 

incentive to move their average rating just past rounding thresholds in order to be displayed 

as a higher star rating to consumers. Finally, I create a model of a firm’s strategy in order 

1https://www.forbes.com/sites/ryanerskine/2017/09/19/20-online-reputation-

statistics-that-every-business-owner-needs-to-know#542c5c52cc5c 
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to simulate how firms would change their behavior if ratings were displayed differently to 

consumers. 

The way in which ratings are commonly displayed by websites and platforms not only 

impacts the behavior of firms, but also makes it possible for me to identify the actions that 

firms take to improve their ratings. Most review platforms display star ratings of goods and 

services rounded to a half star, rather than display the exact average rating. In particular, 

Yelp, Amazon, and TripAdvisor, some of the largest review platforms,2 3 display ratings 

on a star scale of one to five and round to the nearest half star. The displayed ratings 

are then one of the following: 1 star, 1.5 stars, 2 stars, 2.5 stars, 3 stars, 3.5 stars, 4 

stars, 4.5 stars or 5 stars. These ratings are thus discontinuous with respect to the average 

rating. This discontinuity leads to a particular incentive structure for firms, as their displayed 

rating is much more important than their average rating. Firms know that consumers use 

ratings when choosing what product to buy or from which website to purchase. Therefore, 

firms are likely to respond accordingly in order to obtain strong positive reviews from their 

consumers in hopes that this will increase their future revenue stream. Firms can lower their 

product’s price, better their customer service, change their advertising strategy, or try to 

avoid customers or services that they expect will result in lower ratings. An equilibrium 

in these effects exists, and the rounding of displayed reviews provides a unique lens to 

understand firms’ incentives. Firms’ responses are likely to vary depending on the current 

ratings, both as a function of their average rating and the number of reviews. 

These phenomena and ratings responses can be found across a variety of industries. 

A simplified example of this is an Uber driver. Uber’s ratings are continuous, they do not 

have these displayed stars. However, it has been noted that there is a pass/fail cutoff; Uber 

2https://magazine.startus.cc/the-review-platforms-your-business-needs-in-2018/ 
3http://www.yourtechstory.com/2019/12/10/unleash-the-passionate-traveller-

inside-you-with-tripadvisor/ 
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drivers can be removed from the Uber platform4 if their ratings drop below a 4.6.5 If a 

driver’s rating is just above this cutoff, say a 4.61, the driver might change her behavior. 

For example, if an Uber driver receives a ride request from a passenger with low ratings, the 

driver might assume that they are also the type of passenger to give low ratings in return, 

and the driver may turn down the ride.6 Alternatively, she may put in extra effort to the 

ride, taking music requests or providing water bottles.7 It is likely that the driver will be 

more likely to take on these strategies when her own rating is getting close to hitting the 4.6 

threshold as a new low rating could drop her below the threshold and get her kicked off. 

My particular context is the auto-repair industry. The auto-repair market is quite 

large; in 2017, the industry had annual sales of $63 billion in the United States.8 The auto-

repair industry is a well suited market to study these research questions because auto repair 

is a large purchase item for consumers and a credence good that the consumer likely does 

not know much about. Therefore, consumers are likely to turn toward additional pieces of 

information and firms need to build their reputation. 

The first part of the paper explores how consumers respond to reviews in my setting. 

An inherent issue in consumer-ratings analysis is to disentangle the effects of quality and 

rating, as it is likely that high-quality firms and products are also rated highly. I exploit 

the discontinuity in displayed rating, as a function of the average rating, for identification 

of the quality and rating issue as first implemented by Luca 2016. For example, on Yelp, an 

auto-repair shop with a 4.24 average rating will be displayed as a 4-star shop, but a shop with 

a 4.26 average rating will be displayed as a 4.5-star shop. These auto-repair shops are likely 

to be similar in most aspects, including quality, but by chance were rated slightly differently 

4Officially on Uber’s website, “If your rating approaches the minimum for your area, you’ll receive noti-
fications and tips for how to improve it. If your average rating continues to fall below the minimum after 
multiple notifications, your account may be deactivated pursuant to the Community Guidelines. Deactiva-
tion is only used as a last resort and your account may be activated if you take certain steps to improve.” 
https://www.uber.com/drive/resources/how-ratings-work/ 

5https://www.businessinsider.com/how-uber-drivers-get-deactivated-2017-7 
6While Uber drivers cannot cancel too often, the same Business Insider article mentions that a driver 

needs to keep their cancellation rate below 10% so there is room for cancellation. 
7I heard of a driver who would give his passengers a $5 bill if they left him a 5-star review. 
8https://autodub.com/automotive-repair-market-usa/ 
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and thus displayed as different star ratings, through which the consumer infers different 

levels of quality. By comparing shops that are just below and just above the displayed 

rounding cutoff, I can assume that the shops are relatively similar and comparable, except 

for the displayed rating that the consumer sees, and therefore isolate the effect of ratings on 

demand. 

Next, I focus on the firm response to reviews — how, and in what rating states, 

do firms try to improve their ratings? I provide several pieces of evidence that firms are 

responding to their reviews when they are close to the rounding thresholds. First, the rate 

at which reviews are left increases when a firm’s average rating is within a certain bandwidth 

around these rounding thresholds. The rate of review incidence increases even more when 

a firm’s rating is just below the threshold. Second, the average ratings received are higher 

within this bandwidth. Third, I note an excessive amount of bunching of reviews just above 

a rounding threshold for a displayed star rating, and a trough just below the rounding 

threshold, as seen in Figure 1. This excess mass is greater than expected, and indicates 

that there is something a firm can do in order to increase the number of reviews that they 

obtain right when their review is being pushed across a rounding threshold. In other words, 

firms take on some strategic actions to improve their ratings just enough to have a higher 

displayed rating. 

I consider two potential strategies that firms can take: turning away customers or 

types of services that have previously lead to poor reviews, or exerting extra (costly) effort. 

Firms are more likely to engage in these strategies when their ratings are close to the rounding 

thresholds. In particular, since turning away customers prevents poor ratings, this strategy 

is more likely to be used when a shop’s average rating is just above a rounding threshold. 

Exerting extra effort encourages a positive review, and is thus more likely to be used when 

a shop’s average rating is just below a threshold. Both of these responses are changes that 

firms can make quickly, allowing them to respond as reviews arrive. The second strategy, of 

exerting extra effort, cannot be directly observed, and thus I create a structural model in 
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Figure 1: Ratings Distribution: An excess amount of mass can be seen at 4.75. There are 
additional spikes due to the fact that low numbers of reviews are more common and only 
certain averages can occur with certain numbers of reviews; however, the excess bunching at 
the threshold is robust to this. 

order to back out this activity. 

I first consider how a given repair shop changes the services it performs in response to 

their ratings. Using a novel feature of my data set, I can match individual ratings to specific 

invoices and therefore determine ratings for each type of service for each shop. I categorize 

repairs into high-rated and low-rated repairs given the historical ratings that each repair has 

lead to for a given auto-repair shop. I then analyze how the distribution of these repairs 

changes according to a repair shop’s rating state. I find that the closer a repair shop’s rating 

is to surpassing a rounding threshold, the fewer low-rated repairs that the shop performs. 

This is evidence that shops are changing the services that they provide in response to ratings. 

Second, I consider a firm’s strategy of exerting extra effort in their repairs when 

their rating is close to a rounding threshold. A shop takes extra effort in order to make 

their customer happy and subsequently leave a five-star review. The technician can be extra 

friendly to the customer or better explain what is wrong with their car. The customer-service 

manager can offer the customer coffee. However, putting in this extra effort does have some 

cost for the shop, whether in time, money, or even mental exertion and therefore this behavior 

might not occur in every rating state. Since I cannot directly observe this strategy, I use a 
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model to recover this behavior. I create a structural model to determine when it is optimal 

for a shop to engage in this behavior in order to maximize their future expected revenue. The 

structural model of firm strategy allows me to better inform the firms’ managerial responses 

and can also point toward suggestions for optimal platform design. From the model, I can 

construct optimal policy functions describing when a shop should exert extra effort in order 

to maximize their ratings and thus expected future revenue. 

Through these models I demonstrate the importance of how ratings can vary dynam-

ically, and how firms’ strategies change in response. Early in the review process, when a firm 

does not have many reviews, any single review can make a large impact in the average and 

thus displayed rating. Firms should be extra sensitive to their ratings when they have low 

numbers of reviews as any individual review has a larger impact on the average rating. The 

importance of this time frame is particularly true if early ratings have an impact on later 

ratings, as is further discussed in the literature review. Additionally, due to the rounding 

cutoffs on most review platforms, such as Yelp and the platform in my data context, when 

an average rating is close to these cutoffs, individual ratings also have larger impacts and 

the firm’s incentives to obtain high reviews are even stronger. 

In summary, this paper makes the following contributions. While existing research has 

gone to some length to examine how consumers respond to reviews, this is the first research 

to document previously unobserved short-run firm behavior. I utilize nonlinear incentives 

created by displayed-rating rounding thresholds to create a model of optimal firm behavior 

in order to improve their future ratings and thus future revenue stream. I show that firms do 

engage in a different distribution of behaviors, consistent with a greater incidence of selective, 

short-term actions designed to boost ratings and increase future revenue. I also use the model 

to consider counterfactuals in which ratings are rounded more (more discretization) and also 

not rounded. I find that firms exert more effort when the ratings are displayed at a more 

granular level. This suggests that consumer welfare can change depending on the way that 

ratings are displayed. 
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The paper proceeds as follows. Section 2 outlines some of the related literature. 

Section 3 explains a simple illustrative model to demonstrate the intuition and motivation of 

firms. Section 4 describes the data and Section 5 provides analysis for demand response to 

reviews. Section 6 provides descriptives on firms’ response to reviews and Section 7 explores 

the two supply-side strategies. Section 8 outlines the theoretical model and Section 10 

explores optimal policy functions, analyzes a counterfactual setting, and describes potential 

model extensions. Section 11 concludes. 

2 Literature Review 

This work contributes to several research streams in the marketing and economics 

literatures. Most notably this paper contributes to the literature on user-generated content 

and consumer reviews. Chevalier and Mayzlin 2006 is one of the first papers to document 

the causal impact of consumer reviews on demand. The authors compared book reviews 

across two platforms and found that positive reviews increased sales, and that reviews are 

overwhelmingly positive. As previously described, Luca 2016 used the displayed star rating 

rounding thresholds to look at the causal impact of ratings on revenue. Cabral and Hortacsu 

2010, Zhu and Zhang 2010, and Janetos and Tilly 2017 all explore different ways that reviews 

affect consumers. 

Rather than ratings per-say, another branch of the literature looks at other aspects of 

consumer feedback such as complaints or even tweets such as Knox and Oest 2014 and Ma, 

Sun, and Kekre 2015. Additionally, this work is closely related to the literature that examines 

certifications and official designations and how consumers and firms respond including Jin 

and Leslie 2003, Dranove and Jin 2010 and Fradkin et al. 2020. 

While there is a large literature on how online reviews affect demand, supply-side 

reaction to reviews has been much less studied. This is an important question to consider 

and this paper seeks to help build the literature in this area. If firms are changing their 
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response to reviews, then prior work looking at the demand side impact may actually be 

finding the combined effect of demand and supply. We need to understand both responses 

in order to isolate the effects of one. 

There is an emerging literature on how firms respond to consumer reviews directly. For 

example Chevalier, Dover, and Mayzlin 2018 explore the effect of hotel managers responding 

to reviews by directly posting responses on TripAdvisor. However, rather than looking at 

the firm outcomes and actions, Chevalier, Dover, and Mayzlin 2018 explore how managers 

responding to reviews effects further review generation and content. Proserpio and Zervas 

2017, Wang and Chaudhry 2018, and Gans and Lederman 2017 also look at how firms 

respond to reviews and the impact on subsequent reviews. 

The most related papers to this work are Hollenbeck, Moorthy, and Proserpio 2019, 

Chen 2018 and Wang, Chaudhry, and Pazgal 2019. Hollenbeck, Moorthy, and Proserpio 

2019 explore how hotels change their advertising strategy in response to their TripAdvisor 

ratings and find that ratings and advertising are complements. Chen 2018 looks at the 

impact of Yelp reviews on physicians. He finds an increase in demand and also finds that 

physicians call for more diagnostic tests once they are rated on Yelp, perhaps to please the 

patients and improve ratings. Wang, Chaudhry, and Pazgal 2019 explores whether quality 

actually improves due to ratings and finds that it does but that there is a heterogenous effect 

with branded chains versus independent firms. Yu, Debo, and Kapuscinski 2016, Kuksov 

and Xie 2010 and Chen and Xie 2005 explore pricing responses to reviews. The latter two 

papers are theoretical. To my knowledge, this is the first structural paper to analyze a firm’s 

optimal strategy of short run actions, such as changes in services and effort, in order to 

improve ratings and thus future revenue stream. 

Other papers in the consumer repair literature have explored how best to display 

and structure ratings on a platform such as Dai, Jin, and Lee 2018 and conducted textual 

analysis of the content of reviews to see what consumers deem most important, such as in 

Netzer et al. 2012. 
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This work is also related to the broad literature of reputation building and quality 

signaling for firms such as Fradkin et al. 2020. Additionally, the ratings discontinuities leads 

to nonlinear incentives for the firms. The nonlinear incentives relate to firm strategy broadly 

and can be seen in other settings such as branding premiums Klein and Leffler 1981 and 

salesforce incentives Misra and Nair 2011. 

3 Stylized Model 

First I will provide a story and intuition of what I believe is happening in this market 

which will inform my model. A firm’s goal is to take on certain strategies in order to maximize 

the expected present discounted value of revenue based on dynamic rating. An auto-repair 

shop will have an underlying average rating and a displayed star rating on a platform. Based 

on the firm’s current displayed rating, there is a probability that a customer walks into the 

auto-repair shop or not. Given their current rating state, (the average underlying rating 

and the number of ratings) a firm will decide whether to engage in certain costly actions to 

improve their next review. The shop receives revenue from that repair, π, minus the cost of 

their action, κ. 

The key in the firm’s decision to engage in costly effort is how likely any review is to 

move their displayed rating to a different half star by crossing a rounding threshold. Actions 

that the firm might take include turning consumers away who come in with repairs that 

have historically led to poor ratings or exerting extra effort to encourage a consumer to 

leave a 5-star review. The consumer will then decide whether or not to leave a review with 

probability pr. If the consumer leaves a review, the shop’s rating state changes, which affects 

their future revenue through the flow of consumers. Figure 2 demonstrates this process. The 

blue blocks are the firm and will be directly modeled. The grey blocks are the consumer and 

the consumers decisions are inputted into the model but not modeled themselves. 
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Figure 2: Model Flow Chart 

3.1 Simple Example and Closed Form Solution 

To get an idea of how important it is for firms to pay attention to and work to improve 

their ratings, I will demonstrate with a simplified example for which I can obtain a closed 

form solution. In this example, I consider that a firm takes on the strategy of turning away 

consumers if they believe the interaction will not lead to an optimal rating. 

In this setting consider that a firm can take on one of three rating states. 

• low rating (L) 

• medium rating (M) 

• high rating (H) 

There are also two types of repairs, repairs that sometimes lead to low ratings, RL and 

repairs that always lead to high ratings RH , both of which give a shop the same revenue, π. 

When an auto-repair shop is in the low rating state, they receive no repairs (no 

customers) and therefore the pay-off of being in that state is 0, V(L)=0. When a shop is in 

the high-rating state, they always receive a repair and it is always a high-rated repair. The 

value of being in this state in perpetuity is thus V (H) = 
1−
π
β where β is the shop’s discount 

factor. 
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In the medium-rating state a shop also always receives a repair, however with proba-

bility pL the repair is a low-rated repair and with probability pH = 1 − pL it is a high-rated 

repair. If the shop accepts and performs a low-rated repair they obtain revenue π and with 

probability q they move down to state L and probability 1 − q they stay in their current 

state of M. If a shop obtains a high-rated repair they then move into state H in the next 

period. 

A shops value function in state M is thus, 

V (M) = pH (π + βV (H)) + pL(max{βV (M) + 0, π + β(q · 0 + (1 − q)V (M))}) 

A repair shop in state M can have two strategies. Strategy A is to always accept 

low-rated repairs. Strategy R is to always reject low-rated repairs. If a shop uses strategy 

A then the shop’s utility is: 
π[1 + pH 1−

β
β ] 

V (A) = . 
1 − pLβ(1 − q) 

For strategy R, 
pH π[1 + 

1−
β
β ] 

V (R) = . 
1 − pLβ 

It is unlikely that there are conditions where a shop should always accept or always 

reject, instead the strategy should vary depending on the current state. The percentage rev-

V (A)−V (R) enue that a firm loses in always accepting repairs in this state is . For illustrative 
V (R) 

purposes, I will consider a knife edge case to illustrate potential incentives and effects. Con-

sider the case when q = 0.5 and pL = 0.5, which means that the shop has a 50/50 chance of 

getting a high versus low-rated repair in state M and also a 50/50 chance of moving down a 

rating state if they accept the low-rated repair. If a shop accepts the low-rated repair in this 

case, they have a reduction in revenue by 33%! This is a large decrease and demonstrates 

how small changes in action can have large effects in a firm’s revenue down the line. 
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4 Data and Context 

4.1 Context 

My context is the auto-repair industry. The auto-repair industry is an ideal setting 

to study my research questions for a variety of reasons. First, it is a highly information 

asymmetric market. Consumers do not know much about auto repairs. They often do 

not know what is wrong with their car, how much a repair should cost, or even if the 

repair was performed well ex-post. Therefore, it is likely to be a service that they will seek 

further information about before making a decision. Additionally, it is an expensive service. 

Consumers spend $850 annually on auto repairs or about 1% of their income9 , so again, 

consumers will most likely seek information before purchasing. 

Furthermore, the auto-repair-service industry is an interesting and important market 

in of itself to study. It is quite a large market, with a revenue of $63 billion in the U.S. 

annually10 and 229,000 auto-repair shops as of 201911 . This is also a highly fragmented 

industry: 75% of auto-repair shops are independent, as opposed to being chains or dealer-

ships. We generally think of branding as being informative and helps to signal a certain 

quality and/or price level to consumers. Independent shops’ quality are less known. The 

auto-repair shops in my data are independent mom and pop shops. They are not part of 

large chains or branded by the car make, and therefore building reputation through reviews 

is more important to them as they do not have a brand name to signal quality. 

My data is transaction level data merged with consumer reviews. I have three sources 

of data. The transaction level data is from an established start-up in the auto service 

industry, which will henceforth be referred to as “the platform.” The platform provides an 

online search tool for auto-repair shops that are deemed to be of a certain quality. An auto-

repair shop can request to join the platform and will then go through an evaluation process 

9Bureau of Labor Statistics, 2016 
10https://aamcofranchises.com/research/how-big-is-the-industry/ 
11https://www.statista.com/statistics/436416/number-of-auto-repair-and-

-maintenance-shops-in-us/ 
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to determine if the shop meets the platform’s standards. As part of being approved and 

listed on the platform, an auto-repair shop has to provide the platform with their invoice 

data. They provide both their invoices going forward and invoices for at least a year prior 

to joining the platform. For each auto repair, I have information on the cost of the repair, 

the date of repair, an open text description written by the technician on the repair that 

was performed, as well as the make, model, year, and mileage of the vehicle. The data also 

contains the Vehicle Identification Number (VIN) which is a unique code and serial number 

that is used to identify each individual car. I also have shop level data which consists of an 

ID of the shop, the zipcode of the shop, and the date that the shop joined the platform (or 

was approved). On the consumer side I have the zipcode of the consumer, and whether or 

not they came to the shop through the platform or one of the third party partners (such as 

a towing service). 

When a consumer visits the platform’s website, they can search for a shop by location 

and find shops that are endorsed by the platform. In the resulting search listings, consumer 

ratings are shown and upon clicking on a particular auto-repair shop, individual text reviews 

and ratings are displayed. The ratings are displayed out of five stars rounded to the nearest 

half star.12 The reviews are solicited from the platform from verified customers to these 

shops and are my second source of data. These survey responses can be matched to a 

specific invoice that was performed by the shop. For example, if a consumer came to a shop 

and got a brake pad replacement, I can then see the review they left after that particular 

repair. Since these reviews are solicited from verified consumers through the platform and 

not the shop, it is unlikely that they are manipulated or faked. 

My final source of data is reviews from Yelp. As of December 2018, Yelp has 178 

million unique visitors every month.13 While Yelp is known most notably for restaurant 

12The reviews are part of a longer survey that the platform sends to verified customers. One of the 
questions on the survey is would you recommend this shop on a scale of 0 to 10. This number is divided by 
2 and used as the rating on the website. Therefore, unlike Yelp where a consumer has to leave 1,2,3,4 or 
5 stars, the individual ratings can actually be a half star. There are other questions in the survey which I 
examine in Appendix Section C. 

13https://www.reviewtrackers.com/yelp-factsheet/ 
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reviews, 6% of reviews on Yelp are for the auto industry.14 For every auto-repair shop for 

which I have transactional data, I have queried the shop in Yelp and scraped the resulting 

reviews including date, star rating, and text. Therefore I am able to reconstruct the displayed 

Yelp star rating for any time. For the top 350 zipcodes in my data, I have also scraped the 

first 5 pages of Yelp results for the query “auto repair” in order to obtain information about 

competition. I match a shop from Yelp to my data by first matching on zipcode and then 

doing a combination of fuzzy and manual matching on street address and shop name. 

4.2 Data Descriptives 

For the auto-repair shops in my data set I was able to find 1,388 on Yelp across 767 

cities. I dropped invoices that were negative, zero, below $25 or above $10,000. Some of the 

negative invoices (and zeros) might be refunds, but others appear to be typos.15 There are 

also a few quite huge numbers that seem to be typos as well. When looking at the number of 

invoices and number of new consumers I run a robustness test where I include these invoices 

as an invoice count (but not a revenue count). 

On average, each shop provides about 3 years of invoice data, which gives me 10,324,552 

invoices. The average invoice is about $400 as can be seen in Table 1. I also have 161,880 rat-

ings that were solicited through the platform. Summary statistics of these data are provided 

in Table 2. 

Table 1: Invoice Summary Statistics 

Variable 25% Median Mean 75% Std Dev 
Invoice Total (2014$) 56.53 155.17 399.88 494.11 637.8 

Number of Months of Data By Shop 30 42.3 41 50.8 18.5 
Number of Invoices By Shop 3,271 6,196 8,087 10,551 7,517.9 

From the Yelp data, I have 36,129 reviews for the shops for which I have transactional 

14https://www.yelp.com/factsheet 
15Since I cannot tell what is a refund I drop these from the analysis. There are also many zero invoice 

totals which I believe were just failure to include the actual invoice amount. Some of these drops should 
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data. As has been seen in other contexts, reviews are overwhelmingly positive. For an 

individual review the median rating is a 5 and the average is 4.37. At the end of my sample 

the average rating is 4.07 (displayed as 4 stars) with 26 reviews. 

Table 2: Review Summary Statistics 

Variable 25% Median Mean 75% Std Dev 
Individual Platform Rating 4.5 5 4.49 5 1.11 
Individual Yelp Rating 5 5 4.37 5 1.35 
Average Platform Rating 4.38 4.61 4.53 4.79 0.42 
Average Yelp Rating 3.58 4.4 4.07 5 1.06 

Number of Reviews Per Shop 5 12 26.04 29 51.96 

Again, as has been documented before, reviews tend to be extremes on either end. 

There are more 1 star ratings than 2, 3, and 4 stars combined. 

Table 3: Tabulation of Ratings 

Star Rating Count Percentage 
1 7,369 13.84 
2 1,578 2.96 
3 997 1.87 
4 3,501 6.58 
5 39,794 74.75 

The top 10 repairs in my data set are: air conditioning, oil change, replace a part, flat 

tire, brakes, air filter, engine oil, light, lube, and diagnosis. After collapsing at the month 

level I see 3,863 displayed star changes, 2,028 of them are star changes up and 1,835 are star 

ratings down. This shows that shops’ ratings are moving around quite often, which justifies 

that shops take actions as their ratings change. 

For the model, I also need the rate at which reviews are left. To calculate this, I 

looked at how many new consumers a shop receives over their lifetime compared to how 

many reviews they receive on Yelp. The average rate of reviews being left is 1.3% with a 

standard deviation of 11.2% 
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5 Demand Side Response to Reviews 

In order for firms to have an incentive to strategically respond to consumers in order to 

improve ratings, consumers must pay attention to and care about reviews. I first document 

that this is the case in my context. I aggregate my data at the monthly level. In the following 

regressions, an observation is a month, auto-repair shop, and rating. I sum all of the revenue 

that a repair shop has each month. I also take the cumulative average rating at the end of 

the month and what the rounded displayed rating is for that shop. Revenues are all inflation 

adjusted to 2019 dollars. I then de-mean the monthly revenue by shop to account for shops 

of various sizes. The second outcome variable I look at is the number of invoices that a shop 

has that month, again de-meaned at the shop level. 

As it is unlikely that all consumers look up Yelp reviews and then immediately proceed 

to the auto-repair shop, I lag the ratings data one month.16 For example, I take the rating 

at the end of October, and then look at the revenue obtained in November. It is likely that 

the time difference between the day of rating observation and the date of an invoice vary 

widely across consumers. When looking at various specifications of using contemporaneous 

reviews, the results remained qualitatively the same. The rating variable used in the following 

regressions is the displayed rating rather than the true average rating as that is what the 

consumer observes and thus is the information that is driving demand. A consumer can see 

every review on Yelp and therefore could construct the actual average rating themselves, 

however it is unlikely that a consumer will spend the time to do so, and even more unlikely 

that more than a small percentage of consumers do this.17 The following regressions include 

city fixed effects. When a consumer is making a choice about which auto-repair shop to 

patronize, the consumer is likely making a choice within a certain geographic area. They are 

not comparing Bob’s Auto Shop this month to Bob’s auto shop last month. Therefore, city 

reduce revenues and others increase it, so I assume on average it evens out. 
16Table 11 in Appendix Section B runs the analysis without lagging the ratings data and the results are 

very similar. 
17Most papers in the consumer review literature make this assumption as well. 
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fixed effects are chosen rather than shop fixed effects as those are the relative choices that 

consumers are making. Standard errors are clustered at the shop level. 

Table 4 shows the output from one sample of these regressions. Output on other 

samples and specifications can be found in Tables 12 and 13 in the Appendix Section B and 

the results are similar. The results show that as displayed ratings increases one star, the 

monthly revenue for the shop increases by over $4000 and the number of invoices increases 

by over 8, which represent a 4.7% and 4.1% increase in revenue and invoices respectively. 

Table 4: Ratings on Outcomes - Revenue and Number of Consumers 

display rating lag1 

monthly revenue demeaned 
(1) 

4,118.78∗∗∗ 

(1,151.22) 

num invoices demeaned 
(2) 

8.53∗∗∗ 

(2.72) 
City Fixed Effects 
Within Bandwidth 

Yes 
Yes 

Yes 
Yes 

City Sample 
Observations 

2+ 
10,302 

2+ 
10,302 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

The sample in these regressions include only auto-repair shops for which there is 

another auto-repair shop that is rated and listed on Yelp that month within the same city.18 

Additionally, the sample is restricted to within a bandwidth of 0.1 around ratings. 

Because of this restriction, the shops on either side of the rating can now be considered more 

comparable. A common issue in ratings analysis is that there is an omitted variable bias of 

quality. Shops that are of a high quality are also likely to have high ratings and thus it is 

hard to disentangle what is driving the effect. However, to a certain extent, the rating is 

somewhat random depending on the type of consumer that a shop gets and who writes a 

review. For example, two shops of equal quality might have the same rating of 4.26, which 

18A city seems like a reasonable competition area for which consumers might consider multiple shops. 
Zipcodes are small and arbitrary and MSA is too large. 
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gives a displayed rating of 4.5 stars. Then one gets a cranky customer who writes a bad 

review and their rating drops to a 4.24 and have a display of 4.0 stars. The other shop might 

get a particularly generous consumer who loves leaving 5-star reviews. Narrowing within the 

bandwidth gets closer to the causal estimates. However these results are still not causal and 

in the next section I run further analysis to get a causal interpretation. 

5.1 New Consumers 

New consumers are the ones who are most likely to be affected by ratings. If a 

consumer has already been going to an auto shop for awhile, it is unlikely they will continue 

to look up the reviews and change shops due to the reviews, rather they will decide based 

on their prior experience with the shop. New consumers, on the other hand, are more likely 

to look up and use reviews before deciding to go to a repair shop. 

For close to 80% of my data I have valid VIN numbers which allow me to track cars 

over time. While most of the invoices have some input for VINs, a large percentage of them 

are invalid VINs.19 This leaves me with 3,604,111 million unique VINs and over 8.2 million 

repairs. I make the assumption that tracking cars is the same as tracking a consumer or at 

least the drivers or family associated with that car. While it is possible I could be seeing 

the same car sold to a new owner, I will assume that a VIN represents a consumer, as it is 

unlikely that many of the cars are sold and then return to a shop that is in my data set. I 

repeat my analysis only for new consumers. To do this, I look at the Yelp displayed rating 

when the consumer first goes to a repair shop.20 I then see how many new consumers the 

shop gets that month. I also construct a quasi-lifetime value measure for the consumer to 

see based on the rating they saw when they first chose that shop, how much revenue they 

sent to the shop up through the end of my data, as well as a quasi-lifetime number of visits 

19I used the “check-digit validation” that checks that a VIN is valid for any vehicle sold in the U.S. 
or Canada. https://en.wikibooks.org/wiki/Vehicle_Identification_Numbers_(VIN_codes)/Check_ 
digit| 

20I might miss some new consumers if I do not have invoices that start before that consumer first went 
to the shop, but for most shops my data goes back several years before the reviews start so this should not 
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by summing across all their future visits. I will use these samples for the following regression 

discontinuity analysis. 

5.2 Regression Discontinuity 

The previous analysis demonstrates that reviews are associated with increased de-

mand. In order to make a causal statement, I perform a regression discontinuity (RD) 

analysis. There are nine possible rounded ratings: 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5 and 5.21 . 

There are eight rounding thresholds: 1.25, 1.75, 2.25, 2.75, 3.25, 3.75, 4.25, and 4.75. For 

the regression discontinuity I consider the closest discontinuity to a particular rating. I then 

construct an indicator variable, above cutoff if the rating is above the closest discontinuity 

and therefore the rating is rounded up. For example if a shop has a rating of 3.15, the 

closest discontinuity is 3.25 and above cutoff, would be 0 as the displayed rating is 3 which 

is rounded down. A shop that has a rating of 4.8 has a closest discontinuity of 4.75. The 

above cutoff variable is 1 as the displayed rating is 5 which is rounded up. 

For the RD, I normalized the rating with the closest rounding threshold so that I can 

compare across all rounding thresholds. Above is an indicator for whether or not the rating 

is rounded up. I used cross-validation to find the optimal bandwidth, although the results 

are mostly robust for bandwidths between 0.05 to 0.15, below 0.05 there is not enough data 

for power and larger than 0.15 it is less clear how comparable the shops are as the distance 

increases. As was also done previously, the outcome variables are demeaned at the shop 

level and fixed effects are still at the city level. Since only new consumers should care about 

the ratings, I perform this analysis on the new consumer data. The samples are the same 

as used in the OLS analysis, except in this case the top 1% of data is removed as there are 

some extreme outliers. 

I consider three outcome variables, “CLV revenue” which is the amount of revenue 

affect too many observations. 
21A user has to leave a rating of 1,2,3,4, or 5 stars on Yelp 
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that a consumer brings in to the shop over the course of my data, the number of new 

consumers, and “CLV visits” which is the number of times a consumer returns to the shop 

over the course of my data. 

The interpretation of the RD coefficients are as follows: for column (1) for a given 

shop, conditional on its rating being close to a cutoff, being above the cutoff is associated with 

a 16,173 dollar increase in revenue, after controlling for the true average rating. Conditional 

on the displayed rating, a higher true average rating is associated with lower revenue. How-

ever, for the normalized ratings within the bandwidth the standard deviation is 0.042 and the 

coefficient on normalized rating times one standard deviation is −126, 725 ∗ 0.042 = −5299. 

The addition of the two coefficients from this is positive at 10,874 which represents 12.5% 

increase in monthly revenue. Similarly for the other outcomes. 

In order for the RD to be valid, there are a variety of validity tests to check. These 

can be found in Appendix Section D. There are also additional specifications and cross-

validations on bandwidths. 

Table 5: RD Various Outcomes 

CLV Revenue Number New Consumers CLV Visits 

normalized rating lag1 

above lag1 

(1) 
−126,725.50∗∗ 

(64,128.15) 
16,173.94∗∗∗ 

(5,047.67) 

(2) 
−53.49 
(32.70) 
5.42∗∗ 

(2.46) 

(3) 
−340.03∗∗ 

(142.93) 
34.08∗∗∗ 

(11.64) 
City Fixed Effects 
Bandwidth 

Yes 
0.08 

Yes 
0.08 

Yes 
0.08 

Observations 7,727 7,727 7,727 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

The rest of my paper and my contribution to the literature explores how firms strate-

gically respond to consumers in order to improve their future ratings. This might lead to 

some concern that the regression discontinuity analysis just presented is invalid. However, 
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this should not be a concern. First, Lee and Lemieux 2010 state that: 

If individuals—even while having some influence—are unable to precisely ma-

nipulate the assignment variable, a consequence of this is that the variation in 

treatment near the threshold is randomized as though from a randomized exper-

iment. 

Shops cannot perfectly manipulate their rating, so the regression discontinuity is still 

valid, as there will still be shops on either side of the discontinuity that are trying to improve 

their ratings, as well as some who are not paying attention. Furthermore, the results could 

just be interpreted slightly differently, in that these are the causal demand effects of firm 

manipulated ratings. 

6 Descriptive Evidence of Firm Behavior Change in 

Response to Reviews 

Given that consumers care about and respond to reviews, firms should react to their 

reviews as well. In the next sections I present three pieces of evidence that firms are acting 

in order to change their ratings. Before I do so, I also wanted to provide anecdotal evidence 

that auto-repair shops are paying attention to their ratings. 

During this research, I had conversations with several owners of auto-repair shops. 

I asked if they pay attention to their online ratings and they all said that they did. One 

repair shop owner stated: “First of all, I respond to all reviews good or bad.... I also have 

a service that tracks for reviews.” Another said “You live and die by what folks say about 

you out there these days.” The latter also mentioned that he paid attention to his ratings 

across different websites, in particular focusing on the platform from where my data comes 

from and Yelp; he looks at Google reviews to a lesser extent. 
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6.1 Review Incidence 

Overall 1.3% of new consumers leave reviews on Yelp. However, the rate at which 

reviews are left varies depending on the shops’ rating states. This indicates that the shops 

are doing something in order to increase the rate at which consumers leave reviews. In 

particular, the rate at which consumers leave reviews increases when the shop’s rating is 

within a bandwidth22 around the rounding threshold. Table 6 displays the changes in review 

incidence and what percent change over baseline that is, as well as the p-value of the level 

of significance of the difference of the first two columns. Within the bandwidth, 1.57% of 

consumers leave reviews, a 25% increase over baseline. Furthermore, more reviews are left 

when a shop’s rating is just below the rounding threshold compared to just above. When 

looking at the 4.75 threshold, at which point a shop is rounded up to 5 stars or down to 4.5 

if the rating drops below, the review rate differences are more extreme. For both this and 

the next piece of evidence, I looked at the shops’ rating at the end of the week and then 

looked at the reviews that were left the corresponding week. 

Table 6: Review Incidence in Various Rating States 

Within Bandwidth Outside Bandwidth Percent Increase 
1.57 1.25 25%*** 

Below Threshold Above Threshold Percent Increase 
1.61 1.53 5%*** 

Within Bandwidth 
4.75 Threshold 

Outside Bandwidth 
4.75 Threshold 

Percent Increase 

2.07 1.42 46%*** 
Below Threshold 
4.75 Threshold 

Above Threshold 
4.75 Threshold 

Percent Increase 

1.88 1.54 22%*** 
*** p<0.01, ** p<0.05, * p<0.1 

22bandwidth of 0.08, same as used in the RD 
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6.2 Average Rating 

A second piece of evidence, is that the average rating that is left also changes depend-

ing on the firm’s rating state. The average review left when within the bandwidth is higher 

than the overall reviews and higher than the average of reviews left outside the bandwidth. 

Table 7: Average Review 

Overall Within Bandwidth Outside Bandwidth 
3.96 4.20 3.77 

Difference between columns 1 and 2 and 1 and 3 significance*** p<0.01 level 

6.3 Ratings Bunching 

When plotting a histogram of ratings, there is a clear amount of bunching that appears 

just above rounding thresholds. In other words, there is an excess of mass of ratings right 

where a rating is rounded up to the next half star. There is also a dip in the distribution 

just to the left of the threshold. This can be seen visually in figure 3, which normalizes all 

ratings to the nearest rounding threshold.23 

Figure 3: Histogram of Number of Ratings Normalized At All cutoffs 

23For this analysis I used all of the shops for which I scraped Yelp reviews, so it not only includes the 
shops that I match to those for which I have invoice data, but also for their competitors in the same city. 
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We see that there is a large spike at 0, which represents all roundings thresholds. 

One might be concerned that with few reviews, due to the discreteness of the ratings, some 

ratings might occur more often than others. Figure 4 plots the ratings when there are at 

least 25 reviews, and the same pattern holds. Additionally, a dip just before the threshold 

can be seen as well. 

Figure 4: Histogram of Number of Ratings Normalized At All cutoffs For Shops with More 
than 25 Reviews 

This pattern holds for each rounding threshold separately across all reviews as well 

as when I cut to shops that have even more reviews as can be seen in Appendix Section 

D.1.24 There might also be a concern that this bunching comes from fake reviews. However, 

the pattern is the same in the survey data, which comes from verified customers and is very 

unlikely to be faked, as in figure 5. Additional Tables on the survey data follow similar 

patterns and can be found in Appendix Section D.1. 

24Further evidence is shown in Appendix Section D.1 where I also looked at how these histograms change 
for shops that need only one, two, or three reviews to move across the threshold, as well as explored the 
pattern with different numbers of reviews. 
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Figure 5: Histogram of Number of Ratings Normalized At All cutoffs Looking at the 4.75 
Rounding cutoff Only 

To ensure that this bunching is not only due to the discreteness of the data, I ran 

simulations of the ratings distributions. I took all the individual reviews that were given and 

for 2,000 shops. From the empirical distribution, I drew a number of reviews the shop had and 

drew subsequent ratings, with replacement. Essentially, I simulated what the distribution of 

ratings would look like if the order of the reviews was independent. The result is in Table 

6. The blue is the real data and the pink is the simulated data. The real data includes 35% 

more mass just to the right of the threshold, and 32% less mass than the simulated data 

just to the left of the threshold. Therefore, while some bunching and troughs would occur 

naturally, there is an extra amount than would be expected. 

To ensure that not only is this excess bunch and trough visibly apparent but also 

statistically significant, I use a Kolmogorov-Smirnov test to compare the simulated distri-

25In Appendix Section D.1, to test that this distribution is unlikely compared to a uniform distribution, 
I used Saez 2010’s bunching method. In Saez 2010’s method, one assumes that behavior at the threshold is 
a reasonable counterfactual for what behavior at the threshold would have been absent manipulation. The 
method is explained in the Appendix; I calculate the excess mass at the threshold looking at various size bins 
from 0.1 to 0.005 around the threshold and find 3.6 − 32.2% excess mass, almost all of which is statistically 
significant using bootstrapped standard errors. For a bin size of 0.05, which is toward the larger ends of the 6 
bins I used, I find an lack of excess mass. For a bin size of 0.0125, there are 9,892 observations and 2,895 shops 
around the threshold, which is 6.6% more mass than one would expect or 613 more reviews and 27 more shops 
which is economically significant as well. Therefore, I can reject the null that the distribution is smooth. 
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Figure 6: Histogram of Ratings Normalized to All cutoffs - Real Density and Simulated Data 

bution in the absence of manipulation with the true empirical distribution.25 I compare the 

distribution of the true and simulated data overall and obtain a p-value of 9.6e-14 indicat-

ing that the distributions are significantly different.26 Additionally, I spilt the distribution 

below and above the threshold and compare them again, each time obtaining a p-value of 

< 2.2e − 16.27 Another aspect to consider is which type of shops are in these bunches. This 

analysis can also be found in Appendix Section D.1. 

All of this is evidence that firms are taking some strategic action in order to increase 

their number of ratings and their average ratings just enough to pass these displayed rounding 

thresholds. Once a firm is above the threshold, the consumer does not know (unless they 

bother to reconstruct averages) the difference between shop’s averages, only that they are 

all the same star level. Thus, for example, having an average rating of 4.75, right above 

the threshold, looks the same to the consumer as having an average rating of 4.99, which 

is why the bunching is just right above the threshold. As a shop moves farther beyond the 

threshold there they have less incentive to strategically respond and therefore the shop pulls 

back in its strategic activity. In the following sections I will explore possible strategies that 

26The D statistic is 0.044 
27The D statistics are 0.075 and 0.12 for below and above the threshold respectively. 
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the firms take on in order to improve their ratings at the threshold. 

7 Firm Ratings Manipulation Strategies 

7.1 Rejecting Repairs 

During my discussions with auto-repair shop owners, I also discussed whether or not 

they ever turn consumers away.2829 One owner said yes they do and it is because “Sometimes 

it’s that we can’t deliver in reality, what the client’s expectation is. Could be price-centric, 

time-centric, etc. . . ” Another said: 

When we [turn away jobs], it is not usually due to workflow [or capacity con-

straints] but more often in how our interaction is with the customer. We can tell 

from the start if it is going to be a bad match with us then there is no point in 

taking on the job from the beginning. 

Consider the following example to illustrate how a shop might implement selectivity 

on type of service. Consider an auto-repair shop that believes their true quality is a 4.5-star 

shop. They currently have an average rating of 4.2, which is displayed as 4 stars. This is 

also just below the rounding threshold of 4.25 to be displayed as 4.5 stars. This shop only 

has seven reviews currently; thus any single 5-star review can push them over the threshold 

or a less than 5 star will keep bringing their rating down. A customer then walks into the 

shop with a repair that is not the shop’s strong suit and they have received a poor rating on 

that repair in the past. The shop might then refer the customer away. Whether or not an 

28Evidence for this type of behavior has been seen in other markets as well. For example, in medicine 
it has been found that heart surgeons will refuse difficult operations in order to avoid poor mor-
tality ratings. https://www.telegraph.co.uk/science/2016/06/03/one-in-three-heart-surgeons-

refuse-difficult-operations-to-avoid/ Although Yoon 2019 did not find this effect. 
29I see some anecdotal evidence of this from consumer side data as well. I have a very small and noisy set 

of invoices (which I do not use in my analysis due to the size and lack of clean data) where I see consumers 
book appointments on the platform and leave messages for the repair shop. In several of them the consumer 
stated that the issue had been diagnosed by other shops before coming to the shop where they relieved the 
repair. While I don’t know if the consumer chose to walk away or the shop sent them away, this is further 
evidence that consumers sometimes leave the first shop they visit. 
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auto-repair shop refers the customer away should depend on their current rating state which 

is their average rating and the number of reviews they have. 

I mention that the shop believes that they are a 4.5-star shop and wants their displayed 

rating to reflect what they believe their quality is. Whether or not a shop knows their true 

quality and the difference between their believed quality and their displayed quality is an 

issue that I address in the conclusion and leave to later research. 

To see if this strategy is happening in practice, I first classify repairs and car make/model 

into low-rated and not low-rated for each shop. For car make and model the same story as 

above could happen, or the make or model of a car could indicate something about the con-

sumer themselves. Additionally, the technician might have further unobservables that they 

use to make this decision that I as the econometrician cannot see. Since the median rating 

is 5 stars I count a repair as low rated if it did not receive 5 stars.30 I know what repair 

was performed from a variable in the data which is the mechanic’s notes on what they did 

in that invoice. This text variable is very messy. It is full of typos, shorthand, and various 

lingo, however I have cleaned this as much as possible. I then have created indicators for the 

top 213 repairs as classified by a mixture of repairs listed on the platform’s website and the 

rate of words appearing in the text descriptions. Similarly for car make and model, I have 

cleaned as best as I can and in particular focused on the top 100 selling car make/models in 

the U.S.31 I then run the following regressions: 

1rating < 5 = FEtop 213 repairs + FEshop + FEmonth date + � 
(1) 

1rating < 5 = FEtop 100 car models + FEshop + FEmonth date + � 

The outcome, 1rating < 5 is an indicator for whether that repair was given a rating 

30Unfortunately I do not observe ratings by repairs but rather by invoices. Most invoices contain 1-4 
repairs. For example a repair might consist of a timing chain replacement, tire rotation, and an oil change. 
I only see the rating for this entire invoice. Therefore, I assign the rating to each repair in that invoice. 

31As defined by focus2move, 
https://focus2move.com/category/best-selling-cars-ranking/usa-top-100/ 
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lower than a 5 star. These regressions give me a predicted probability of any repair not 

being rated a 5 for a given shop. For each month I sum the predicted probabilities across 

the month and average by the number of repairs performed32 . This is an average percentage 

of low-rated repairs that a shop takes on that month. 

X 1 
Yjt = P̂r<5,ijt 

num of repairsjt ijt 

= percentage of invoices that month that contain a low-rated repair 

where P̂r<5,ijt are the fitted values from (1). I use this as the outcome in the next 

regression. 

¯Yjt = α + β1 Sjt−1 + β2| S̄jt−1 − Cjt−1| + θj 

S̄jt = Shop’s average rating for that month 

C = cutoff points for where the rounded display rating changes, e.g. 4.25, 4.75 

θj = Shop Fixed Effects 

As hypothesized, when a shop is above a rounding threshold, they take on fewer risky 

repairs/make and model combinations, however the further away from a threshold, the more 

risk they take on. The results are in Table 8. The interpretation is for every one standard 

deviation above the rounding threshold they move, they increase the amount of risk they 

take on by 17%. 

32As mentioned, repairs and invoices are not the same. An invoice might have multiple repairs. Each 
repair is scored as high or low. The number of repairs performed that month, not number of invoices, is 
calculated by how many repairs are flagged, or 1 for “other” if none of the top 213 repairs are flagged. 
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Table 8: “Risky Repair” Regression 

VARIABLES Y repair 
yelp rating -0.0697*** 

(0.000211) 
disc dist abs 0.1726* 

(0.000187) 
Observations 3,529 
R-squared 0.7855 
FE Shop 

SE Cluster at Shop 
Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

Additionally, conducting the analysis in a different way, after a shop receives a rating 

of less than 5 stars, they take on fewer of those repairs in the future as seen in Table 9. 

Table 9: Change in Number of Repairs 

(1) 
VARIABLES num repairs postrating 
not5 -426.6*** 

(43.07) 
Constant 1,193*** 

(38.11) 
Observations 30,340 
R-squared 0.151 
Fixed Effects City 
Standard Errors Clustered at the Shop Level 
Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

7.2 Exerting Extra Effort 

While there is anecdotal and statistical evidence that shops turn away certain repairs, 

and my toy model shows that in some settings this is profit maximizing, it is unlikely that 

all shops take part in this behavior or do so frequently. Another strategy for which firm’s 

might take to improve their ratings at the threshold is to exert extra effort towards their 

repairs and customers when they are close to improving their displayed rating. For now, 
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I’m going to only consider temporary effort that is for one repair or customer only. I leave 

permanent quality investments and shifts to future research. 

Some examples of the extra effort strategy might include, offering customers coffee, 

being extra friendly, or explaining the repair performed in detail. Shops might also take on 

actions to encourage the probability that a consumer leaves a review in general if they feel 

that the consumer had a good experience; for example, providing consumers with coupons if 

they send in screenshots of a five-star review33 or informing the consumer of how important 

reviews are for their small local business. Since this extra effort is unobserved, I cannot 

provide similar descriptive evidence of this behavior. Therefore, I create a structural model 

to back-out this strategy, which I describe in the following section. 

8 Model 

Consider a single firm with no competition and a firm’s inherent quality is fixed over 

time. The state space consists of a shop’s true average rating and the number of reviews 

that a shop has. 

State Space: xit = {Sit, Nit} 

• S: the firm’s current true rating average 

– S ∈ [0, 5], continuous 

¯– S is the rounded displayed rating and takes on these values: 

{1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5} 

• N: number of reviews 

– N ∈ [0, 1, 2, 3, ...125]34 

33I personally have experienced this in a variety of markets from purchasing goods on Amazon to tours 
during travel. I have also heard stories of this happening to others such as in home improvement services. 

3497.5% of shops have fewer than 125 reviews, so I cut the max number of reviews here. Additionally, any 
one review does not change the average rating much at this point. 
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I aggregate the data up to the weekly level. A time period is thus a week.35 I chose 

a week, because it seems reasonable that a repair shop owner would check their ratings each 

week and make decisions at the weekly level. Each week the shop receives a certain number 

of repairs based on their displayed rating from the end of the previous week, as that is what 

the consumer sees.36 The higher a shop’s rating, the more repairs they receive. The number 

of repairs that a shop receives each week is R(S) which is a Poisson distribution with mean λ 

where λ is calibrated from empirical distribution in the data for each rating state as follows: 

⎧ ⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨ ⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩ 

¯32, S = 1 

¯34, S = 1.5 

¯36, S = 2 

¯38, S = 2.5 

S ̄= 3 λ(S) = 40, 

¯42, S = 3.5 

¯44, S = 4 

¯46, S = 4.5 

¯48, S = 5 

Each period, the firm has to decide whether or not to exert extra effort, with cost κ, 

on all repairs they receive that week, or not. The action space is thus: 

a = { exert normal effort, exert extra effort with cost κ} 

These actions are unobserved to the econometrician. 
35Since the model is at the weekly level, I re-do my main regression specifications at the weekly level which 

can be seen in Tables 14 and 28 in Appendix Section D. 
36Unfortunately, as was true in the descriptive analysis, I cannot know when a consumer viewed the rating. 

Some consumers may view a rating online and head right to the auto-repair shop. Others may look up the 
reviews and go to the shop days or weeks later. A week level aggregation seems reasonable to allow a lag of 
when the consumer goes to the shop. 
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A firm’s flow utility function is their revenue. The current period revenue is: 

⎧ ⎪⎪⎪⎪⎨ 
π if exert regular effort 

π(a) = π − κ ∗ R(S) if exert high effort ⎪⎪⎪⎪⎩ 0 if no repair arrives 

Upon receiving a repair, the customer might choose to leave a review. The probability 

of a review being left is calibrated from the data and is pr = 1.75%. The rating that is left 

will depend on whether or not the shop exerted extra effort. Since two, three and four 

stars are left very infrequently, it is hard to identify changes in these star ratings with and 

without effort. Therefore, for ease of estimation, I fix the probabilities of these ratings 

as is calculated from the data. Let the probabilities of receiving a particular star rating 

be {p1star, p2star, p3star, p4star, p5star}. If a shop exerts extra effort then the probabilities of 

receiving a 1 and a 5 star are {pe,1star, pe,5star}. 37 There is no change with the other star 

ratings. I estimate the probability that a 1 star rating is left with no effort as well as the 

change in probability with effort, Δ. I can then recover the probability of 5 stars with and 

without effort since the probabilities sum to 1.38 Thus, 

p(ē) = {p1stareffort, p2star, p3star, p4star, p5stareffort) 

p(e) = {p1star, p2star, p3star, p4star, p5star) 

Ratings are drawn from a multinomial distribution, one with effort and one without. 

The draws are s, or se if extra effort is provided. The number of new ratings that are received 

in a given week are, 

M(R(S)) ∼ Binomial(R(S), pr) 

The individual ratings are drawn and averaged from the following distribution: 

37Where p2star = pe,2star, p3star = pe,3star and p4star = pe,4star 
38So p1star = Δ+ pe,1star and pe,5star = Δ+ p5star. 
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A(M(R(S)), e) ∼ Multinomial(Mdraws, p(e)) 

where p(e) is the probability of getting each star rating depending on the effort level. 

The state transition equations are thus: 

N M(R(S)) 
S0 = S + A(M(R(S)), e) 

N + M(R(S)) N + M(R(S)) 

N 0 = N + M(R(S)) 

Let ē be extra effort and e be normal effort. The firm exerts effort if and only if 

((π − κ) ∗ R(S) + βE[V (S0(ē), N 0)]) − (π ∗ R(S) + ∗βE[V (S 0(e), N 0)]) > 0 (2) 

9 Identification and Estimation 

9.1 Identification 

Let e be the amount of effort. Let e be regular effort and ē be extra effort. I need to 

estimate p1(e) in order to see how effort translates into ratings. This is how the probability 

of getting a one star rating varies by the amount of effort put in. Additionally, I need to 

estimate e, how a shop decides effort depending on their rating state, in order to know how 

effort varies by state. The firm will choose to exert effort deterministically according to 

equation 2. 

I could also consider that the firm chooses to exert effort with 

(π − λ ∗ κ + βV (S 0(ē), N 0)) − (π + ∗βV (S 0(e), N 0)) + � > 0 

where the support of � is bounded. A possible extension of the model is to consider 
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that � has infinite support, however I will not be pursuing this version. 

More specifically, I am estimating three parameters, the probability of getting 1 star 

with no effort p1star, the change in probability of obtaining 1 star with effort, Δ, and the cost 

of effort κ. This allows me to obtain p1star,effort = Δ+ p1star and the probability of getting 

a five star with and without extra effort is thus just 1 minus the sum of the rest. 

The parameters are identified as follows. There are going to be some rating states in 

which a firm would never exert high effort as there is no point, the benefit is not worth the 

cost. The average rating in these states will be a baseline which allows me to identify p1star. 

There are other states in which a firm would almost certainly exert effort for reasonable costs 

of effort. An assumption I am making here is that the error term has bounded support. If 

the error term had infinite support, then there would never be states in which a firm would 

always exert extra effort as long as there is some non-zero cost of effort. For example, there 

could be some shock or error that brings in a particularly difficult customer, in which even 

if the shop is in a state in which extra effort should be exerted, they will not be able to or 

want to. 

By looking at the average ratings received in these states compared to the states in 

which no effort should ever be exerted, I can identify Δ. Finally, by looking at the average 

rating overall, this allows me to see the cost of effort. The higher the cost of effort is, the 

fewer states in which effort will be performed. As long as Δ is positive, the overall average 

rating is a decreasing function of κ. Once Δ and p1star are pinned down, I can then move 

around κ until I hit the overall average rating as they are monotonically related. I use the 

same moments described in the data in Section 6, the average rating left within a bandwidth 

around a threshold, outside the bandwidth, and overall. 

Writing this more formally: 

P (1star|state) = P (1star|effort)∗P (effort|state)+P (1star|noeffort)∗(1−P (effort|state)) 

Assumption 1: There exists a state S, N such that the probability of one star given 
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S, N is p1star,noeffort. 

Assumption 2: There exists a state S’, N’ such that the probability of one star given 

S’, N’ is p1star,effort. 

Assumption 3: Let F (κ, p1star,noeffort, Δ) be the function that maps parameters to the 

overall average rating from a model simulation from the model solution given those param-

eters. For any p1star,noeffort, Δ, the function F (·, p1star,noeffort, Δ) is strictly monotonically 

decreasing in κ and surjective. 

Under these assumptions the model is identified. The fraction of one star reviews in 

state S, N identifies p1star,noeffort. The fraction of one star reviews in state S’, N’ identifies 

p1star,noeffort + Δ and thus identifies Δ. Given those parameters, and Assumption 3, for 

any average rating there is exactly one κ such that F (κ, p1star,noeffort, Δ) equals the average 

rating. 

Suppose that instead of effort versus no effort, a shop chooses a continuous level of 

effort, e ∈ [0, 1] for a cost e ∗κ, and a benefit e∗ Δ. The same argument applies. Assumption 

3 is loosely equivalent to to saying that the average level of effort e ∈ [0, 1] decreases in κ. 

This also generalizes to the cost being any function, F (κ, e) as long as Assumption 3 holds. 

Let us consider another thought experiment for the identification. First, assume that 

there are no ratings. Therefore, there is no reason for a shop to exert extra effort (assuming 

that this does not affect repeat purchases). Then p1star,noeffort is identified. Now consider 

that there are ratings, but they are not publicly displayed to consumers. There is still no 

need for the shops to “game” the ratings. Now consider the current state of the world, with 

displayed ratings and rounding thresholds. Consider if a shop’s average rating is as far from 

a rounding threshold as it can be (for example an average rating of 4, which is 0.25 from 

the 3.75 rounding threshold and the 4.25 rounding threshold). A shop that has 100 reviews 
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in this state has little incentive to exert effort because they are unlikely to get close to a 

threshold. Looking at the average rating here helps to identify p1star,noeffort. Then consider a 

shop with a rating of 4.24. This shop has a lot of incentive to exert extra effort because they 

are very close to having their displayed rating change. Every shop should exert extra effort 

in this state so this identifies Δ by comparing the average rating in this state compared to 

the average rating in the previous described state. Next consider the state of a shop at 4.15 

average rating, which is further away from the threshold but not that far. Shops with lots of 

ratings might not have an incentive to exert effort at this rating state, and shops with few 

ratings have an incentive to exert effort, as they have the chance to move past the threshold. 

By identifying the point at which a shop will move from exerting no effort to effort in terms 

of the number of reviews, this can identify the cost of effort, κ. 39 

9.2 Estimation 

I estimate the model using a two-step process. First, I solve the model. From the 

model solution, I obtain an optimal policy function stating in which states the firm should 

exert extra effort. I then assume that the firms follow this optimal policy. That way I can 

construct whether or not the firm exerted effort in this state which I then call “observed” 

effort. This is similar to some sales force models, such as Misra and Nair 2011 in which the 

relevant action, which is effort put out by the sales force in their case, by the firm in mine, is 

unobserved to the econometrician and has to be inferred from sales for them and by optimal 

policy and average ratings for me. Misra and Nair 2011 translate sales policy function to an 

“effort policy function.” I perform a similar process. 

I then estimate the probabilities of 1 star with no effort and the difference in 1 and 5 

stars with and without effort, Δ. Fixing these ratings probabilities, I loop through various 

values of κ and find the one that minimizes the distance between the simulated and the 

true moments. The revenue of each repair is normalized to 1 and thus the cost of effort can 

39As a final test to the model being identified, after performing Monte Carlo simulations I was also able 
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be thought of as a percentage of the revenue. Given my estimated cost of effort, I repeat 

the process. I re-solve the model with the new parameter estimates, find the optimal policy 

function assuming these parameters, and next find the probabilities. I repeat this process 

until the model converges. More details of the estimation can be found in Appendix Section 

F. 

10 Optimal Policy Functions and Counterfactuals 

10.1 Optimal Policy Functions 

One output of the model is to obtain optimal policy functions that describe in which 

states the firm should exert extra effort. I can then see how much firm value would change if 

the firm never took on extra effort. When a firm has 5 reviews and has an average rating of 

4.75 (they are right at the cutoff to be displayed as 5 stars rather than 4.5), the firm would 

lose 24.5% of firm value by never turning away risky repairs. When a firm has more reviews, 

the change is not as extreme, but still important. At 50 reviews the firm would lose 1% of 

firm value. 

In the extra effort model, at the same state, 4.75, with 5 reviews by sometimes exerting 

extra effort a firm can increase firm value by 3.9%, with 50 reviews 8.6%, with 120 reviews 

11.5%. 

Figure 7 is the percentage of states in which effort is exerted as a function of the 

number of reviews according to the optimal policy. The rate at which effort is exerted 

decreases the more reviews a shop has because any one review will make less of a difference 

to the average rating. The rate increases again at the end due to the finite nature of the 

model. A shop is forward looking and wants to end with a high rating. 

to recover the parameters. 
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Figure 7: Percentage of Rating States in Which Effort Is Exerted 

Figure 8 shows when extra effort is exerted depending on the average rating. Each 

line represents a different number of reviews that the shop might have. The more reviews a 

shop has, the less often effort is exerted again. Also, the area in which effort is not exerted 

tends to be when the rating is far from the rounding thresholds. The top represents effort 

being exerted and the bottom is no effort exerted. The exertion of effort bounces around at 

the rounding thresholds. The fewer reviews the more it bounces, and the more reviews the 

larger space in which no effort is exerted. 
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Figure 8: Optimal Policy - Exerting Effort By Rating State and Number of Reviews 

10.2 Counterfactuals 

Using the model I consider a variety of counterfactual ways in which ratings might 

be displayed. 

10.2.1 More Rounding 

For any counterfactual, an important note to consider is what assumptions am I 

making or holding fixed. I first consider the counterfactual world where roundings are more 

discrete, and ratings are displayed to the nearest whole star rather than half.40 In this 

counterfactual I am assuming that the cognitive response with consumers is the same as the 

half star displays. Here the displayed ratings are 1, 2, 3, 4 or 5 stars. The rate of repair 

arrivals is thus, 

40As has been common in the movie industry for decades. 
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⎧ 
¯28, S = 1 

¯34, S = 2 

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨ 
¯λ(S) = 40, S = 3 

¯47, S = 4 

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩ ¯53, S = 5 

I find that firms’ incentive to exert extra effort decreases, and that effort decreases 

by 25% in the observed-rating states. 

This points to rounding being detrimental to consumers. There are nuances to con-

sider, such as if extra effort goes down, fewer customers receive this improved service. Ad-

ditionally, the reviews might reflect the extra effort, and therefore a consumer does not get 

what they expect. 

This begs the question of why do platforms round reviews to begin with? There 

are several possible behavioral explanations. One is that perhaps consumers mentally round 

anyway. There is extensive literature on left digit bias in which consumers only pay attention 

to the leftmost digit and round in their head anyway, whether with car mileage (Lacetera, 

Pope, and Sydnor 2012), or prices, (Anderson and Simester 2003). There is also evidence 

Donkor 2019 that providing a reduced menu reduces the cognitive load on consumer decision-

making. 

10.2.2 No Rounding 

I also considered the counterfactual world where ratings are not rounded (or rather 

rounded to the nearest 0.1) and the average star rating is displayed instead. An assumption 

here is the consumers are not mentally rounding, and they are in fact paying attention to the 

average rating. In this world there are not certain thresholds or cutoffs where firms should 

care more or less about their ratings, rather they just always want to obtain the highest 
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rating possible. To see what happens in this scenario, rather than having the number of 

repairs that a shop obtains be determined by the displayed rating, there is a continuum of 

how many repairs arrive based on the average rating. Thus, rather than 8, repair arrival 

looks like 

λ(S) = 

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨ ⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩ 

¯9, S = 0 

¯10, S = 0.1 
. . . 

50 S ̄= 4.9 

¯51, S = 5 

When ratings are not rounded, firms have an incentive to exert extra effort more often, 

and they exert effort 30% more of the time in the observed-rating states. In the world where 

there are rounding thresholds, firms only have an incentive to exert extra effort when their 

rating is close to a rounding threshold. If they are far from a rounding threshold, then there 

is not much that can be done to change their displayed review. However, when reviews are 

not rounded, every review changes the displayed rating (when the number of reviews total 

is not too large and depending on the number of digits displayed), therefore firms actually 

exert more effort. In both scenarios, the more reviews a shop has, the less helpful effort is. 

In this way, rounding ratings may be hurting consumers, in that they are not getting the 

best quality service they can. Furthermore, in this counterfactual world, the average rating 

increases from 3.96 to 4.21, which could increase firm revenue, although this depends on how 

consumers respond to the non-rounded ratings and also increases competition. 

I also made the rounding even less discrete, to the 0.01, and found that effort increased 

40.1% compared to the current displayed ratings. 
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10.2.3 Everyone Leaves a Review 

Next I considered a counterfactual where everyone leaves a review. Several platforms 

and other papers have considered ways to encourage consumers to leave reviews, but is this 

actually helpful? 

I changed the max number of reviews to be 250, and this is hit within 6 weeks. Effort 

is observed to happen 62.8% more of the time. Therefore, it seems that if more consumers 

leave reviews, shops are more likely to engage in the extra effort behavior. 

10.2.4 More Recent Reviews Are Weighted More Heavily 

Some theoretical papers, such as Vellodi 2020, have suggested that more recent reviews 

be weighted more heavily in order to lower barriers to entry of new firms. This is also a 

good idea in order for firms to continually work on their effort and quality and not “rest on 

their laurels.” In order to run this counterfactual, I weight reviews from the current week as 

contributing 
α 
1 to the total average rating and reviews from the previous week are weighted 

1 
α2 etc. I choose this method to make the estimation easier (as this way the state space does 

not increase too much). The number of reviews no longer matters. 

I find the following results. When α = 0.5, shops exert effort in 98.7% of states which 

is a 94.3% increase from the original result. 

Table 10: Varying Alpha 

α Percentage of observed 
states with effort 

Percentage change in 
effort from baseline 

1 
0.2 
0.15 
0.1 
0 

98.7% 
98.7% 
95.2% 
46% 
0 

94% 
94% 
87% 
-10% 
-50% 
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11 Conclusion 

Given that consumers pay attention to ratings which then means that ratings have a 

causal effect on revenue and number of consumers, firms should also pay attention to ratings. 

Due to the way that ratings are displayed on most platforms, this creates incentives for firms 

to act change their behavior when their rating is close to moving past a rounding threshold. 

Using novel data which allowed me to match reviews to invoices and using a structural model 

to back out unobserved behavior, this is the first paper to document such short-run strategic 

actions on behalf of the firm. 

There are several considerations to pursue in future related research. Namely, this 

work begs the question, what is the optimal way to display ratings to align consumer and 

firm incentives and improve welfare? Why did this star rounding become the standard way 

to display ratings? It could be that consumers already mentally round. Star ratings could 

also reduce the mental load on consumers by making comparisons easier (similar to reducing 

options with 401(k) plans and menu options with tipping). 

Other future questions include, how do long run actions change due to ratings plat-

forms? For example, do firms change their quality levels? In this paper I assumed a fixed 

level of quality, but rather than short run extra effort actions, a firm could make long run 

quality investments. Additionally, do the ratings rounding create more homogeneity in how 

consumers see firms than exists in reality? Further exploring the downsides to displaying 

rounding ratings is also important. Shops may not exert extra effort or a few idiosyncratic 

shocks could destroy a high-quality shop’s reputation. 
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A Appendix 

B Demand Robustness Checks 

First, I provide additional specifications and samples for the OLS demand side analy-

sis. The first robustness check is to see how not using the lagged displayed rating but rather 

the contemporaneous rating affects the results. The reason would be if consumers went into 

a shop immediately after reading Yelp reviews. The results are very similar showing they 

are not sensitive to this timing assumption as seen in Table 11. 
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Table 11: Ratings on Outcomes - Unlagged Reviews 

monthly revenue demeaned num invoices demeaned 

(1) (2) 

display rating 3,962.47∗∗∗ 

(1,159.07) 
8.43∗∗∗ 

(2.74) 

City Fixed Effects 
Within Bandwidth 

Yes 
No 

Yes 
Yes 

City Sample 
Observations 

2+ 
10,302 

2+ 
10,302 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

Next, I run the OLS regression restricting the sample one step at a time. In both 

Tables 12 and 13 the first column is on the unrestricted sample, i.e. all shops and cities. The 

second column is the same specification as in the main text for comparison. In this sample, I 

limited to cities which have at least two shops in my sample (i.e. cities with competition for 

which ratings might be more relevant) and for ratings that are within the bandwidth around 

the ratings threshold to start to get closer to a causal estimate. Columns (3) and (4) add 

in controls for the number of reviews. The number of reviews does not have a statistically 

significant impact, but the coefficient is positive and larger than the standard error. 

Table 12: Ratings on Outcomes - Revenue 

monthly revenue demeaned 

(1) (2) (3) 

display rating lag1 787.39∗ 899.29∗ 4,118.78∗∗∗ 

(424.20) (459.09) (1,151.22) 

City Fixed Effects Yes Yes Yes 
Within Bandwidth No No Yes 
City Sample All 2+ 2+ 
Observations 40,792 30,923 10,302 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 
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Table 13: Ratings on Outcomes - Revenue 

num invoices demeaned 

(1) (2) (3) 

display rating lag1 0.79 
(1.04) 

0.89 
(1.10) 

8.53∗∗∗ 

(2.72) 

City Fixed Effects 
Within Bandwidth 

Yes 
No 

Yes 
No 

Yes 
Yes 

City Sample 
Observations 

All 
40,792 

2+ 
30,923 

2+ 
10,302 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

Finally, I run the regression at the weekly level, as that is the level of time aggregation 

I will use in the model. 

Table 14: Ratings on Outcomes - Weekly 

weekly revenue demeaned num invoices demeaned 

(1) (2) 

display rating lag1 905.31∗∗∗ 

(252.96) 
1.82∗∗∗ 

(0.61) 

City Fixed Effects 
Within Bandwidth 

Yes 
Yes 

Yes 
Yes 

City Sample 
Observations 

2+ 
44,131 

2+ 
44,131 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

C Survey Questions on Demand 

In addition to the average rating of the shop and how that affects demand, the plat-

form also asks a variety of other questions to consumers about their repair experience. I 

looked at how these correlate with demand outcomes. For this analysis I restricted my data 

to invoices that occurred from consumers going through the platform. The sample size is 
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smaller as not many consumers come through the platform, but the number of shops is 

higher as I did not have to restrict to those I matched on Yelp. 

If consumers rate the car as being ready when promised as opposed to not ready, the 

shop gets $2,755 more in revenue and 9.45 more repairs per week, although this rating is not 

significant. 

Table 15: Was Your Car Ready? Outcomes 

weekly revenue weekly num of repairs 
(1) (2) 

Was your car ready? Rating 2,755.92 9.45 
(2,330.22) (6.39) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects Yes Yes 
Number of Shops 1709 1709 
Observations 200,258 200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 

Table 16: Quality of Work - Outcomes 

weekly revenue weekly num of repairs 
(1) (2) 

Quality of work Rating 1,483.77∗∗ 3.00 
(683.42) (1.97) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects Yes Yes 
Number of Shops 1709 1709 
Observations 200,258 200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
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Table 17: Did you pay a fair price? - Outcomes 

weekly revenue 
(1) 

weekly num of repairs 
(2) 

Price Fair? Rating 864.37∗∗ 

(405.08) 
0.97 
(1.17) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects 
Number of Shops 
Observations 

Yes 
1709 
200,258 

Yes 
1709 
200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 

Table 18: Did you feel pressured to get more repairs? Outcomes 

weekly revenue 
(1) 

weekly num of repairs 
(2) 

Feel pressured? Rating −529.15 
(2,958.24) 

−7.22 
(8.28) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects 
Number of Shops 
Observations 

Yes 
1709 
200,258 

Yes 
1709 
200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 

Table 19: Was the work explained to you? Outcomes 

weekly revenue weekly num of repairs 
(1) (2) 

Work explained? Rating 4,949.06∗∗ 18.48∗∗ 

(2,288.53) (8.00) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects Yes Yes 
Number of Shops 1709 1709 
Observations 200,258 200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
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Table 20: Was the work done correctly on first try - Outcomes 

weekly revenue weekly num of repairs 
(1) (2) 

Correctly first time? Rating 3,084.08∗ 8.74∗ 

(1,598.56) (4.76) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects Yes Yes 
Number of Shops 1709 1709 
Observations 200,258 200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 

Table 21: Were you treated with Respect - Outcomes 

weekly revenue weekly num of repairs 
(1) (2) 

Respect? Rating 2,197.31 9.49 
(2,159.98) (6.36) 

Month Fixed Effects Yes Yes 
Shop Fixed Effects Yes Yes 
Number of Shops 1709 1709 
Observations 200,258 200,258 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 

Summarizing these regressions on the survey questions it seems that the most impor-

tant qualities that create benefits for shops are, quality of work , the work being explained 

to the consumer, the consumer feeling like they got a fair price, and the overall rating a 

consumer leaves. 

D Regression Discontinuity: Validity and Robustness 

I checked the RD at varies bandwidths. While it is not significant for all bandwidths, 

it is significant at most except the extreme bandwidths and the coefficients are still the 

proper direction. 
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Table 22: CLV Outcome - RD at Various Bandwidths 

invoice clv demeaned 

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

normalized rating lag1 509,337.00 −267,237.10∗∗ −141,616.30 −81,847.54 −91,749.28∗∗ 

(2,533,084.00) (130,712.00) (117,027.70) (78,708.44) (38,120.23) 
above lag1 3,592.55 22,796.11∗∗∗ 19,104.76∗∗ 12,325.72 15,954.52∗∗ 

(27,265.48) (8,399.50) (8,382.26) (8,088.95) (7,155.85) 

City Fixed Effects Yes Yes Yes Yes Yes 
Bandwidth 0.01 0.05 0.08 0.1 0.15 
Observations 1,635 6,115 7,806 12,270 16,986 

∗ Note: p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

Table 23: CLV Visits Outcome - RD at Various Bandwidth 

num visits clv demeaned 

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

normalized rating lag1 

above lag1 

3,451.66 
(7,395.25) 
−27.88 
(77.76) 

−540.36∗ 

(295.27) 
47.11∗∗ 

(19.16) 

−328.79 
(287.66) 
41.20∗ 

(21.68) 

−286.13∗ 

(169.32) 
29.26 
(19.00) 

−230.24∗∗ 

(94.81) 
33.19∗ 

(18.21) 

City Fixed Effects 
Bandwidth 

Yes 
0.01 

Yes 
0.05 

Yes 
0.08 

Yes 
0.1 

Yes 
0.15 

Observations 1,635 6,115 7,806 12,270 16,986 

∗ Note: p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

Table 24: Number of New Customers - RD at Various Bandwidths 

newcon num demeaned 

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

normalized rating lag1 

above lag1 

1,169.15 
(1,420.26) 
−13.09 
(14.19) 

−74.08 
(54.57) 
6.27∗ 

(3.36) 

−41.95 
(41.55) 
5.65∗ 

(3.31) 

−54.98∗∗ 

(25.23) 
3.81 
(3.10) 

−20.70 
(16.25) 
2.77 
(2.77) 

City Fixed Effects 
Bandwidth 

Yes 
0.01 

Yes 
0.05 

Yes 
0.08 

Yes 
0.1 

Yes 
0.15 

Observations 1,635 6,115 7,806 12,270 16,986 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

I also used cross validation using optimal MSE to find a bandwidth of 0.046 and the 

55 

http:7,155.85
http:8,088.95
http:8,382.26
http:8,399.50
http:27,265.48
http:15,954.52
http:12,325.72
http:19,104.76
http:22,796.11
http:3,592.55
http:38,120.23
http:78,708.44
http:117,027.70
http:130,712.00
http:2,533,084.00
http:�91,749.28
http:�81,847.54
http:�141,616.30
http:�267,237.10
http:509,337.00


results are in table 27. 41 

Table 25: RD with CV Bandwidth 

CLV Revenue Number New Consumers CLV Visits 

(1) (2) (3) 

normalized rating lag1 

above lag1 

−149,275.10 
(200,066.50) 
20,246.87∗∗ 

(9,893.86) 

−28.55 
(117.00) 
5.26 
(5.30) 

−285.92 
(501.37) 
42.92∗ 

(23.80) 

City Fixed Effects 
Bandwidth 

Yes 
0.046 

Yes 
0.046 

Yes 
0.046 

Observations 4,502 4,502 4,502 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

In the traditional regression discontinuity design, a treatment is given to all partici-

pants at the same time. However, in my setting firms move across the “treatment” threshold 

at a variety of times. There might be a concern that the affect of Yelp is changing over 

time. Therefore, I re-ran the RD splitting the sample across time. I split the sample into the 

pre-2018 data and the 2018 data. The magnitudes of the coefficients are similar, although 

they are more statistically significant in the latter period, perhaps because Yelp became 

more mainstream, but more likely because the sample is larger. The coefficients are in the 

right direction and larger than the standard errors for the pre-2018 data, but the sample is 

much smaller. 
41Calonico, Cattaneo, and Titiunik 2014 
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Table 26: RD Various Outcomes 

CLV Revenue Number New Consumers 
Pre-2018 2018 Pre-2018 2018 

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

normalized rating lag1 

above lag1 

−87,831.52 
(143,925.70) 
9,178.45 
(9,057.41) 

−56,487.84 
(91,603.50) 
10,233.56∗∗ 

(5,150.89) 

−13.20 
(58.79) 
5.76 
(4.35) 

−66.31∗ 

(34.33) 
4.37 
(2.92) 

City Fixed Effects 
Bandwidth 

Yes 
0.08 

Yes 
0.08 

Yes 
0.08 

Yes 
0.08 

Observations 1,966 4,140 1,966 4,140 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

Table 27: RD Various Outcomes 

CLV Visits 
Pre-2018 2018 

(1) (2) 

normalized rating lag1 

above lag1 

−163.63 
(266.75) 
25.46 
(15.63) 

−310.70∗∗ 

(155.06) 
27.35∗∗ 

(11.80) 

City Fixed Effects 
Bandwidth 

Yes 
0.08 

Yes 
0.08 

Observations 1,966 4,140 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

I also ran the RD at the weekly level as that is the level of time I will use in the 

model. 
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Table 28: RD Various Outcomes - Weekly 

CLV Revenue Number New Consumers CLV Visits 

(1) (2) (3) 

normalized rating lag1 

above lag1 

−56,487.99∗∗∗ 

(20,370.59) 
5,452.83∗∗∗ 

(1,669.00) 

−7.90 
(9.72) 
1.00 
(0.73) 

−126.99∗∗ 

(52.95) 
12.13∗∗∗ 

(4.29) 

City Fixed Effects 
Bandwidth 

Yes 
0.08 

Yes 
0.08 

Yes 
0.08 

Observations 32,980 32,980 32,980 

Note: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 
Standard Errors Clustered at the shop level 

As a placebo test, I also checked for discontinuities at random points rather than at 

the rounding threshold. There does not appear to be a clear pattern. 
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Figure 9: Placebo Test Discontinuities at Random Thresholds 

D.1 Bunching 

D.1.1 Additional Bunching Graphs 

In addition to checking the bunching across all rounding thresholds at once, I looked 

at the distribution for each rounding threshold separately. Bunching can be seen for each. 
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Figure 10: Bunching at Each Rounding Threshold 

Since Yelp data is subject to fake reviews, I also looked at bunching in the survey data 

conducted by the platform. Since the platform collects this data from verified consumers, it 

would be very difficult to have fake reviews in this data. Bunching can be seen across each 

rounding threshold in this rating data as well. 
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Figure 11: Bunching Across Thresholds Using Platform Survey Data 

It is also interesting to consider how shops might behave when they only need a 

few reviews to move past the rounding threshold. I plotted the data only for shops whose 

displayed rating could change with 1 or 4 reviews, as is seen in the first row. In the second 

row I used the same data but cut the sample to shops that have at least 15 reviews already. 

We see the bunching is even more extreme in these samples. 
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Figure 12: Bunching For Shops That Only Need A Certain Number of Ratings To Move 
Past A Threshold 

D.2 Bunching Analysis 

As described in the main text, in order to check for the statistical significance of 

bunching, in addition to the Kolmogorov-Smirnov test I use bunching estimation by Saez 

2010. For a variety of different binwidths (δ), at threshold z, I calculate the excess bunching 

at the threshold, B. 

Z Z Z z ∗ +δ z ∗−2δ z ∗+2δ 

B = h(z)dz − h(z)dz − h(z)dz 
z ∗−δ z ∗−δ z ∗ +δ 

Where 

ˆ H ˆ ∗ ˆ H ˆ ∗ h(z ∗ )+ = +/δ h(z ∗ )− = −/δ 

B ˆ = H ˆ ∗ − ( H ˆ ∗ + H ˆ ∗ 
+ −) 
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My estimates are as follows, where the first column is for all ratings I have data for 

and the second column is only for ratings associated with the shops in my main data set. 

Table 29: B at Different Bin Sizes 

B B Platform Bin Width 
Shops Only 

-0.100 -0.13 0.15 
0.075 0.040 0.1 
0.036 0.079 0.075 
-0.048 0.0299 0.05 
0.056 0.043 0.025 
0.066 0.097 0.0125 
0.322 0.315 0.005 
0.610 0.561 0.0025 
0.896 0.825 0.001 

E Which firms bunch? 

To explore the bunching phenomena more, I looked at the timing between ratings as 

is displayed in table 30. First, on average, there are 77 days between reviews. However, after 

getting a one star review, the time to the next review (both median and mean) increases 

significantly (p<0.001). On the other hand, when looking at the time between a one star 

review and the next review, if that next review is a 5 star review, the time decreases signifi-

cantly (p = 0.02). Perhaps this is because the shops are making an extra effort to get that 

review to bump them back up. 

Table 30: Days Between Reviews 

Min. 1st Qu. Median Mean 3rd Qu. Max. NA’s 
overall 0 8 26 76.68 76 3086 1623 

after1star 0 10 34 93.58 97 2280 329 
after1starto5 0 8 31 87.2 88 2280 NA 

Next I compared shops that are ever in a “bunching” spot as well as looked at the 

months in which they are in the “bunch.” For both comparisons, the shops that bunch tend 
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to be larger, both in terms of revenue and number of consumers. 

Table 31: Comparing Stores That Ever Bunch and Those That Do Not 

bunch ind monthly revenue newcon num num of invoices monthly n 

0 74900.6 66.73 180.1 46664 
1 95358.81 91.47 230.95 50528 

Table 32: Comparing Bunching Months with Non Bunch Months 

bunch ind monthly revenue newcon num num of invoices monthly n 

0 83401.48 76.94 201.25 96191 
1 94901.33 90.97 227.29 1283 

Finally, comparing overall summary statistics, the shops that bunch tend to have 

fewer reviews on average. 

Table 33: Overall and At Bunch 

Min. 1st Qu. Median Mean 3rd Qu. Max. 
overall numreviews 1.000 9.000 24.000 55.108 60.000 750.000 
bunch numreviews 4.000 4.000 16.000 35.180 36.000 281.000 

overall rating 1.000 3.879 4.407 4.199 4.741 5.000 
bunch rating 1.250 3.750 4.250 4.091 4.750 4.760 

overall rating var 0.000 0.556 1.510 1.564 2.500 4.000 
bunch rating var 0.182 0.644 1.688 1.636 2.688 3.938 

overall rating norm -0.250 -0.125 0.002 0.009 0.150 0.250 
bunch rating norm 0.000 0.000 0.000 0.002 0.002 0.010 

F Model Estimation 

In order to estimate the model on my data I take the following steps. 

1. Simulate transition matrices. 

• First I simulate data to estimate the probability of moving to any state from any 

state, where a state is made up of average rating and number of reviews. 
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2. Solve the Model. 

• Next I solve the model using value function iteration. This also gives me optimal 

policy functions of in which states firms should exert extra effort. 

3. Set initial guesses for parameter values. 

4. Simulate data based on the initial guesses. 

5. Back out “observed effort” from the simulated data. I assume that firms act according 

to the optimal policy functions. 

6. Calculate the moments from the true data. 

7. Calculate the moments in the simulated data. 

8. Calculate the distance between the true moments and the simulated moments. 

9. Update the parameter values and re-simulate the data, re-calculate moments, until the 

simulated moments and the true moments converge. 

G Future Model Extensions 

In future work, I hope to extend the model in many ways. 

Increase Review Incidence 

First, an alternative story, is that in addition to (or instead of) the review distribution 

shifting due to effort, effort could instead increase the probability that a review is left. I 

demonstrated evidence of this in section 6. Second, is to consider inherent quality of the 

auto-repair shop. I will sort firms into high and low quality shops and see how their strategic 

behavior differs. For example, should a low quality firm exert more in order to pretend to 

be high quality, or is it better to have one’s true quality apparent? This model could also 

be extended to include a continuum of quality levels. 
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Next, I plan to create a model with two types of effort. One which is a temporary 

effort in the current time period and one which is a longer term investment. Enough of these 

longer term investments could move a shop from low to high quality. 

Further minor extensions to the model include: 

1. Allow the number of reviews to influence the probability of a shop receiving a repair. 

2. Multiple (or two) types of repairs. For example, hard repairs and easy repairs, which 

would have different costs of effort and reviews would be drawn from different ratings 

distributions. 

3. Allow the probability of a consumer writing a review to vary with the current rating 

state of the shop, the type of repair performed, and whether or not the shop exerted 

extra effort.42 

42Previous literature has shown that consumers are more likely to write a review when their opinion differs 
from the previous few reviews as in Moe and Schweidel 2012. 
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