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PREFACE

This dissertation is composed of two self contained chapters, exploring topics in Indus-

trial Organization and Public Economics.

The first chapter, a joint project with Tommaso Coen, investigates the role of pre-
purchase information in markets with experience goods, products whose quality is un-
known ex-ante. In particular, we are interested in how sellers can influence the perceived
quality by strategically censoring or disclosing information. We study this issue in the
context of online wine retail, where expert and crowd based reviews are very common.
We created a unique dataset of expert ratings combining both an independent source and
a major online retailer. Our results document that the seller is likely to censor the lowest
scores. To understand if censorship can have an impact on comsumers’ welfare, we turn
our attention to the demand side of the market, and study whether consumers are aware
of these strategic interactions. We design and implement on online discrete choice exper-
iment, combined with an information treatment, to estimate the impact on expert scores
on consumers’ choices, and test whether they are aware of censorship. Our results show
that consumers care about expert ratings, as wines with higher scores are more likely to
be selected than comparable wines without. The information treatment did not stimulate
a change in consumers behavior with respect to expert ratings. We propose three alter-
native explanations: (1) that consumers are naive, in the sense that they always act as if
they observe ratings from a complete source, (2) that consumers are sophisticated and are

not surprised to learn about sellers’ behavior, or (3) that participants to the experiment



did not read or understand our information treatments, or that they did not care about it.

In the second chapter, which is individual work, I study the political and economics
determinants of local budget formation, more specifically the role played by traffic fines.
Using data from Italian municipalities, I provide evidence of a revenue and an electoral
motive for municipal governments to impose tickets. I exploit an exceptional fiscal con-
solidation that happened in Italy, where the central government reduced transfers to mu-
nicipalities above the threshold of 5,000 inhabitants, but not on those below. A Regression
Discontinuity approach shows that municipalities affected by the policies reacted by in-
creasing revenues from traffic fines, to cover roughly 10 percent of their budget reduction.
Interestingly, no beneficial effect was observed when looking at road accidents. Using
variation across municipalities in local election timing, I also provide evidence that traffic
is enforced relatively less strictly in electoral years, inducing an increase in road accidents

and injured people.
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CHAPTER 1

CENSORSHIP AND EXPERIENCE GOODS.
EVIDENCE FROM ONLINE WINE RETAIL

1.1 INTRODUCTION

The'! share of consumption devoted to experience goods has markedly increased over time
(Goldman, Marchessou and Teichner, 2017). Experience goods are products and services
whose quality is unknown before consumption, and include books, movies, restaurants,
wines and other such goods. When making a purchase decision, individuals often rely
on guidance from pre-purchase information, which conveys a signal of quality (Reimers
and Waldfogel, 2021). Given the relevance that quality information has in the context of
experience goods, it is critical to understand what signal is delivered to consumers, and
what purpose that signal serves. In particular, we are interested in how signals of quality
are communicated by sellers, who typically have deeper knowledge of a market than con-
sumers. For example, sellers may find it profitable to manipulate quality signals, censor
them completely, or even find it optimal to disclose full information. A strictly related
question is whether consumers are aware of the strategic incentives faced by sellers. If
consumers consider the seller’s strategy when making a purchase decision, the effect of
strategic incentives on consumer welfare is ex-ante ambiguous.

We therefore ask the following questions. First, do sellers censor quality information

presented to consumers? Second, what are consumers’ attitudes towards pre-purchase

This Chapter is joint work with Tommaso Coen (Brown University).



information when it is directly provided by sellers versus independent sources? Are con-
sumers aware of sellers’ strategic incentives or are they acting naively? Finally, what are
the welfare implications for consumers when pre-purchase information is censored?

This paper addresses these questions by studying the impact of expert scores in the
online retail market for wine. The online marketplace for wine has several interesting
features that make it particularly suitable for investigating our questions. First, wine is a
clear example of an experience good, and quality information is especially desirable for
consumers. Second, the wine market has a developed system of independent and reliable
expert opinions that are published in specialized magazines and journals which pre-dates
the internet era. Over the past several decades, digitization has made it even easier to
collect and disseminate independent evaluations from diverse sources (Moreno-Ternero,
2020). In addition to expert ratings, crowd-based reviews have emerged as a popular and
powerful complement to traditional expert scores. Third, sellers in this market are likely
to have better access to information than are buyers, increasing the likelihood that they
engage in strategic behavior (Miller, Genc and Driscoll, 2007).2 Finally, we collect data
from both a seller and an independent aggregator of expert ratings, allowing us to exploit
the different incentives faced by parties when deciding how to disclose scores.> We are
therefore in a position to precisely describe the seller’s behavior and document the extent
of information manipulation.

Our analysis proceeds in two stages. First, we investigate whether there is strategic

selection of product reviews by retailers. We construct a novel dataset that includes expert

2Under stringent conditions, markets with asymmetric information can reach the so-called unraveling equi-
librium (Grossman, 1981), where every available information is reported, except that pertaining to the low-
est type. For this to happen, stringent assumptions need to be met: namely that consumers are aware that
the information exists (Hirshleifer, Lim and Teoh, 2004), are able to understand it (Fishman and Hagerty,
2003), and can think strategically about the consequences of censorship (Brown, Camerer and Lovallo,
2012). We suspect this does not apply to the market we study in this project, where we are therefore likely
to observe partial censorship, and the potential for policy interventions, such as mandatory or third party
disclosure.

3We make the assumption, that we deem sensible for our analysis, that the seller provides quality infor-
mation with the goal of maximizing profits from wine sales. On the other hand, we assume that for the
independent website the goal itself is to maximize the quality of the information provided.



wine reviews from two different sources, covering more than 100,000 distinct wines. The
first source is a leading wine retailer’s online store, and the other is the comprehensive
database of a leading wine search engine. These data allow us to compare the distribution
of reviews across websites and test whether the retailer censors reviews that assign lower
scores to a wine. Second, we consider whether censorship by the retailer can impact con-
sumers’ choices. At the same time, we address important data limitations. For example,
ratings are likely to be endogenous since a seller can set the price of a wine based on its
rating. An even larger concern is that it is impossible to observe in the real world score
values that have been censored, making it difficult to access detailed and unbiased data
on consumers’ behavior from the field.

We tackle this issue by designing and implementing an online random choice exper-
iment to collect data on consumer behavior. In the experiment, we ask consumers to
choose wines from a virtual shelf, showing them randomized information about the prices,
attributes, expert scores and crowd-based ratings of each wine.* To evaluate how censor-
ship impacts consumer choices, we randomly assign consumers to control and treatment
groups. Individuals receive an information treatment® that varies based on their treat-
ment group assignment. We define two main information provisions: in the first case
we warn respondents that the displayed scores are manipulated by the seller, while in
the second case we inform respondents that expert ratings come from an impartial and
complete source, in addition to providing them a warning that sellers can engage in score
manipulation. Individuals in the control group receive no additional information, in an

attempt to mimic a real-world environment. Respondents are also randomized with re-

*In randomizing expert scores, we selected both the number and the values of ratings available for that wine.
This includes the possibility that the wine is unrated. A deep investigation on why, in the wine market,
some wines have scores and others don’t is beyond the scope of this paper. We identify two possible
reasons: either the wine was never rated by an expert, or it was evaluated, but the score was not released
(e.g. some experts do not disclose scores below 80 points). We find it plausible that the former applies to
most wines in the market, given the disproportion between the number of rating sources and the amount
of wine being produced.

>See Haaland, Roth and Wohlfart (2022) for a comprehensive review of how this methodology has been
applied in the field of economics.



spect to the expert scores they observe in the discrete choice experiment. While some
respondents observe scores from a complete score distribution, others are shown ratings
from a censored distribution, akin to what happens in a real store. Comparing behav-
ior across treatment groups allows us to investigate whether consumers are aware of the
seller’s strategic incentives and if they react, and to evaluate the possible consequences
for consumer welfare.

We obtain three sets of results. First, we document that the seller engages in extensive
censorship of the lowest scores, totally omitting values of 85 points or less on a 50 to 100
point scale. In addition, the probability of a rating being reported is significantly higher
if the value is equal to or above 90 points, relative to scores between 85 and 89 points. We
also find evidence that the seller engages in rating shopping (Skreta and Veldkamp, 2009),
a behavior in which the seller releases only the highest score for a given wine when more
than one are available. Second, our experiment demonstrates that expert scores play an
important role in consumer choices. Estimates from a linear probability model show that
wines with a single score of 85 points are about 68 percent more likely to be chosen than
are comparable wines with no ratings. We estimate that the price premium consumers
would be willing to pay for a wine rated 85 points is 7.5 dollars, or 30 percent of the
average wine price. The result is even more striking for wines rated 90 points, where
the price premium is as high as 15 dollars, or 60 percent of the average price. Third,
we document that our information treatment did not stimulate a statistically meaningful
change in consumers’ behavior. In particular, we show that respondents in the control
group act similarly to individuals who are made aware of censorship. Likewise, we do
not find sufficient evidence to reject the hypothesis that consumers who do not receive
an information treatment evaluate expert scores differently than do consumers who have
been informed of seller manipulation.

We discuss three alternative explanations consistent with these findings. First, con-

sumers may be naive, in that they do not anticipate censorship when making a purchase



decision. It is also possible that their naivete is persistent, and that their behavior does
not change even when they are explicitly warned about the presence of censorship. Con-
sequently, strategic sellers can extract a greater surplus from consumers by manipulating
and censoring expert scores than by disclosing all scores. A second explanation is that
consumers are sophisticated enough that they are not surprised to learn of sellers’ be-
havior, or more broadly that they are not affected by censorship. A third possibility is
that participants in our experiment did not read, understand or act on our information
treatment.

Our work contributes to several strands of literature. First, a number of studies eval-
uate the impact of professional reviews on sales in different markets like movies (Rein-
stein and Snyder, 2005), books (Sorensen, 2007; Garthwaite, 2014; Reimers and Waldfo-
gel, 2021), wines (Hilger, Rafert and Villas-Boas, 2011; Thrane, 2019; Bonnet, Hilger and
Villas-Boas, 2020; Cheng and Reyes, 2020; Villas-Boas, Bonnet and Hilger, 2021), show-
ing that negative reviews can sometime have no effect on sales (Friberg and Grongqvist,
2012) or even increase sales (Berger, Sorensen and Rasmussen, 2010). The relevance of
crowd-based reviews has been similarly investigated in the book (Chevalier and Mayzlin,
2006), restaurant (Luca, 2016), and movie industries (Duan, Gu and Whinston, 2008). More
generally, quality disclosure has important applications in a variety of fields, including ed-
ucation, finance, healthcare, consumer goods, and services (see Dranove and Jin, 2010 for
a review). We provide a meaningful contribution by studying the interaction between in-
formation provision and sellers incentives, suggesting a link between these two strands
of literature, and analyzing the two phenomena in a single context. So far, the literature
has overlooked the importance of how information is delivered to consumers, with the
notable exception of a few papers focusing on strategic reporting in movies (Reinstein
and Snyder, 2005), school rankings (Luca and Smith, 2015), and restaurants (Dai and Luca,
2020). We add to the literature on review manipulation, which has primarily focused on

inauthentic reviews (Luca and Zervas, 2016), with a unique analysis of censorship (see



Hauser, 2020, for a theoretical discussion). From a methodological standpoint, our strat-
egy combines information treatment (Haaland, Roth and Wohlfart, 2022) and stated choice
methods (Louviere, Hensher and Swait, 2000), contributing to the literature that studies
the impact of information in an experimental setting as in Senecal and Nantel (2004). Fi-
nally, our paper belongs to the wine economics literature, and relates most strongly to
the vast body of literature interested in understanding the meaning and impact of expert
scores. In particular, several papers (Hilger, Rafert and Villas-Boas, 2011; Bonnet, Hilger
and Villas-Boas, 2020; Villas-Boas, Bonnet and Hilger, 2021) have studied the willingness
to pay for expert scores in traditional retail settings, Gokcekus and Gokcekus (2019) show
that consumers tend to mentally cluster wines above and below 90 points rather than
considering scores in a continuous way, and Moreno-Ternero (2020) documents a recent
increase in the number of critics. Most closely to us, Thrane (2019) and Cheng and Reyes
(2020) study the relationship between expert and crowd-based ratings in experimental
settings, but ignore the impact of strategic disclosure. Our extension of their analysis is a
crial step in investigating the potential welfare effects of censorship.

The remainder of this paper is divided as follows: Section 1.2 introduces the wine mar-
ket, and the information available to consumers. Section 1.3 describes how we collected
and analyzed expert ratings from the seller’s website and a comprehensive database. In
Section 1.4 we present our survey experiment and discuss its implementation. Section 1.5
highlights our empirical strategy. We discuss the main results in Section 1.6, and Section

1.7 concludes.

1.2 MARKET BACKGROUND

The online retail market for wines is a setting with several features that lend themselves
to examining the role of expert and crowd-based reviews.

First, the United States is the leading wine market in the world, with an overall size



of $74.1 billion in 2019.° In the same year, the online retail component reached $2.6 bil-
lion, with a steady growth expected to continue and increase in the future (Nesin, 2019).
Consumers can access wine products in the online market through a number of chan-
nels: online stores, wine clubs, subscriptions, and auctions. In our analysis we focus on
the most traditional online shopping experience, where individuals purchase wines by
choosing from a list of options, and have them delivered to their place of residence. In
addition, we restrict our study to bottles that cost less than 250 dollars, whose sales make
for more than 95 percent of the market value’, in order to abstract from considerations
for luxury goods.

Second, wines represents a clear example of an experience good, and are character-
ized by a great deal of asymmetric information on quality between producers, sellers and
buyers. As a consequence, consumers need to rely on observable product attributes to in-
fer their quality, including prices (Rao, 2005; Shiv, Carmon and Ariely, 2005), prizes won,
and results from blind tastings (Hilger, Rafert and Villas-Boas, 2011; Bonnet, Hilger and
Villas-Boas, 2020; Villas-Boas, Bonnet and Hilger, 2021). Evidence also shows that quality
signals are positively associated to the prices that producers and sellers can charge (Ali,
Lecocq and Visser, 2010; Paroissien and Visser, 2020).

Third, the wine sector has a well established system of independent expert opinions in
place, published in specialized magazines, journals and websites. More recently, crowd-
based reviews have emerged as a complement to traditional ratings. While the focus of
this paper is on expert score censorship, we think it is important to include crowd-based
scores in our analysis, since they are very likely to mitigate the impact of expert ratings
when consumers make purchase decisions. Section 1.2.1 contains additional details on

wine ratings, as well as other attributes that consumers take into consideration.

6See data from the Wine Institute (link accessed March 3, 2022).
"See statistics based on Nielsen data, as reported by Statista.com (url accessed April 19th, 2022).


https://wineinstitute.org/press-releases/california-wine-sales-hit-40-billion-in-2020-despite-pandemic/
https://www.statista.com/statistics/274355/us-wine-sales-share-by-bottle-price-range/

1.2.1 Pre-Purchase Information

Expert Ratings. The judgment of experts matters in many types of markets, and the
wine sector is no exception. Indeed, a vast body of literature has shown that opinion lead-
ers can be influential in affecting the price (Roberts and Reagans, 2007; Ali, Lecocq and
Visser, 2010; Dubois and Nauges, 2010; Masset, Weisskopf and Cossutta, 2015; Oczkowski
and Pawsey, 2019) and popularity of wine (Friberg and Grongqvist, 2012; Villas-Boas, Bon-
net and Hilger, 2021). Expert reviews are usually published by specialized magazines, but
their ratings, most commonly based on a 100-point scale, are widely available to the public
and are often advertised by sellers or directly by the producers, in the form of a sticker on
the bottle. While wine quality is hard to define, most experts provide a guide to interpret
their ratings, as we show in Appendix Table 1.A.1 for three of the most popular sources:
Wine Spectator, the Wine Advocate, and Wine Enthusiast. Wines with scores above 80
points are generally considered at least good, while scores of 90 or more denote superb
or outstanding products. In online retail, expert scores are reported in the wine descrip-
tion, and associated to a label indicating its source. Importantly, their inclusion can be
decided by the sellers, without having to commit to a specific policy. As a consequence,
they can decide whether to publish any score at all, some of them, or all information that
is available.

Traditionally, expert ratings were limited to premium wines, which is the focus of
much of the existing literature on the economics of wine. However, the increase in online
publications and dedicated websites has generated an increase in the supply of expert
sources; that is publications where more than one expert is involved in the rating. It is
also common for winemakers to submit samples of their wines to experts for review in
order to advertise and promote their product. In some cases (e.g. Wine Enthusiast), a
score below 80 points is not reported by the graders, making it almost impossible for the

public to discern wines that are not recommended from those that were never tested and



rated.

Crowd-Based Reviews. Crowd-based ratings differ from expert ratings along many di-
mensions: first, they are provided by individuals, who often remain anonymous, and who
can leave reviews on a number of different platforms. Their reliability rests on the number
of consumers who have tasted a specific wine, rather than on the identity of the reviewer.
In addition, crowd-based ratings are often collected by independent sources that have lit-
tle interest in manipulating those scores. Having been generated in a decentralized way,
crowd-based scores can cover a wider pool of wines than can specialized publications.
These ratings generally fall on a 5-star scale, reporting the average score (rounded to
the nearest half-star) over all individual contributions. The quality signal is therefore a
combination of the average score and the sample size, and may differ from the informa-
tion provided by experts. Discrepancies between scores reflect differences in preferences,

which is well-documented in the literature (Goldstein et al., 2008).

Additional Wine Attributes. In principle, many observable characteristics of wines
can be taken as a signal of quality. As we mentioned before, price is an obvious proxy
(Roberts and Reagans, 2007; Goldstein et al., 2008), as are grape variety and regional ap-
pellations (Schamel and Anderson, 2003), winery reputation (Landon and Smith, 2012),
bottle shape and label (Saenz-Navajas et al., 2013), and even bottle closures (Bekkerman

and Brester, 2019).

1.3 WINE RATINGS DATA

In this section we document that sellers can act strategically in disclosing or censoring
expert scores. With this goal in mind, we build a unique dataset combining information
from two main sources: a leading online wine retailer in the Unites States, and a com-

prehensive database of expert ratings. In addition, we complement this information with



crowd-based reviews from a popular mobile wine application.

Online repositories have inherently different incentives than do sellers, as they try to
maximize the quality of information provided to users both in terms of the coverage and
precision of the available information. On the other hand, we can safely speculate that
sellers report ratings with the ultimate goal of maximizing their profits. As a consequence,
the distribution of reported scores may differ between the two sources for the same sample
of wines. Comparing ratings that are reported to those which are omitted can provide
useful insight as to whether censorship exists, and on what type of strategic decisions are
made by the seller. Importantly, our analysis does not investigate the seller’s decision on
which wines should appear in the store. This could potentially be an important factor in
traditional brick and mortar retail venues, when shelf space is finite. The online retailer
we study has the explicitly stated goal of providing the most extensive variety of wines in
the world, covering all price ranges. We are therefore confident that the individual score

of each wine is likely to play a negligible role in the decision on whether or not it is sold.

1.3.1 Sample and Data Collection

We collect data from three independent sources over the period of December 2020 to
May 2021: a comprehensive database of wine ratings, a major online wine retailer, and a
mobile wine app. Appendix Section 1.B.1 describes in detail how the collection process

was performed.

Wine Seller. From the seller’s website, we identified approximately 340,000 wines listed
on their virtual shelf, including those that are no longer available for purchase (for exam-
ple past vintages and sold out items). We use this set of products as the initial sample,
and we subsequently attempt to match each observation with additional sources. For
each wine we collect the relevant attributes, including name, winery, appellation, vin-

tage, color, variety, country of origin, price, and expert ratings. More than 30 percent of
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the wines are linked to at least one expert rating, obtained from seven different publica-

tions.

Comprehensive Score Database. We searched for every wine found on the seller’s
website in the comprehensive score database, and link any matches to the original ob-
servation. To maximize data quality, we only allow for perfect matches based on name,
winery and vintage. Appendix Table 1.B.7 provides summary statistics from the process,
and shows that close to 30 percent of the wines were correctly paired. We are able to
collect the list of expert scores, truncated to five elements, i.e. we are only able to observe

a random sample of five ratings whenever there are six or more.

Wine App. To complement the seller’s dataset with a more comprehensive coverage
of crowd-based reviews, we gather data from Vivino, a popular mobile wine app. Vivino
is used by more than 55 million users and contains almost 15 million wines rated on a
5-star scale, allowing for half-star increments®. Overall, we are able to collect data from
each of the three sources for roughly 20 percent of the initial sample. While we do not
actively use the Vivino data in our censorship analysis, we rely on the data in designing
our discrete choice experiment, as crowd-based scores represent a potentially important

factor in consumers’ demand for wines.

1.3.2 Analysis

The main goal of the analysis in this section is be to compare scores from the sellers to
those from the independent database. We therefore restrict the sample to wines that were
available in both. In addition, we only keep wines made after the year 2010, and with a
price below 250 dollars, in order to limit the impact of outliers. Finally, we only include

expert scores from sources reported in both datasets. This leaves us with 36,052 unique

8 At the time of writing, a higher level of disaggregation is available for Android users.
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wines and 60,515 scores, as described in Table 1.1 containing the descriptive statistics for
our sample.

The average price of wines with at least one score is only slightly above the unre-
stricted mean by roughly six dollars, suggesting that even if expensive wines are reviewed
more frequently, selection does not seem to play an important role. Appendix Figure 1.A.1
plots the distribution of expert scores by price, clearly showing that most of our ratings
come from wines costing less than 100 dollars, with half of the distribution falling below

50 dollars.

Empirical Strategy. In the interest of understanding the determinants of expert scores

disclosure from the seller, we estimate the following linear probability model

Disclosed;j, = Bj + Po + f(scoreijy) + f* - Xi + €ijo (1.1)

where the variable Disclosed is a dummy that takes a value of one if the score for wine
i, from expert j and vintage v is reported by the seller. We include expert and vintage
fixed effects, to control for systematic differences in the reviewers and year specific fac-
tors that may affect quality. Our goal is to evaluate the impact of expert score values
in a flexible way, to allow for non-linear effects and potential discontinuities. Individual
wine attributes are included as additional controls; namely price, wine type, varietal, and

country of origin.

Results. In Figure 1.1 we plot, for each score value, the fraction of expert ratings re-
ported by the seller on their website. It is quite evident from the raw data that higher
scores are more likely to be disclosed, with a strong discontinuity around the 90 point
threshold. Another interesting feature of the graph is that, notwithstanding how high the

score is, only about three quarters of the available ratings are displayed, suggesting that
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there may be reasons other than censorship why a score is not reported.” To quantify the
magnitude of this apparent censorship, we estimate equation 1.1 and present results in
Table 1.2.

Columns (1) and (2) show that results are robust to the inclusion of a full set of controls.
We include expert scores as a categorical variable, pooling scores below 89 points in the
baseline category. First, it should be noted that scores of less than 89 points are unlikely to
be reported, as the average is only 2 percent. A score of 89 is about 20 percentage points
more likely to be displayed on the website, a tenfold increase. Wines above 90 points are
even more likely to be reported, close to 60 percent of the time.

In column (3) we investigate the possibility that a score is reported if it is the highest
available for a specific wine. This is only true for ratings equal to 89 points, for which the
probability of disclosure goes up by an additional 13.3 percentage points if no better score
is available for that wine.

Appendix Table 1.A.2 provides the same type of analysis, using only sources whose
ratings are reported at least 30 percent of the time. The results are fairly similar, and if
anything they show more persuasive evidence of the existence of rate shopping, which

applies also for scores below 89 points.

Robustness. Our data is limited in the sense that we only have information from a
single, although large, seller. We are therefore concerned that our results may be driven
by chance. In particular we are interested in understanding if the same score distribution
could emerge if sellers were not acting strategically. In Appendix 1.B.2 we describe and

perform two simulation exercises that try to answer the following questions: (1) how

90ne possibility is that, at the time we performed data collection, the seller was not aware of the existence
of the score, or that some experts are reported less often than others. To mitigate the issue, we restrict
our analysis to experts that the seller explicitly declares to source from on their website. However, we
noted that some experts, while mentioned on the website, are clearly underrepresented in the seller’s
dataset. For instance expert scores from Vinous are reported only 12 percent of the time. Removing these
outliers (namely, sources with less than 30 percent reporting rate) does not change the interpretation of
our results. In Appendix Figure 1.A.2 we replicate Figure 1.1 without outliers. The effect of censorship
appears, if anything, more pronounced than what we observe in the full sample.
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would the distribution of disclosed scores look, if the seller were choosing at random from
the comprehensive database, and (2) what would be the distribution of reported ratings if
the seller were to report only the highest score available for each wine.

In Appendix Figure 1.B.5 we compare the actual score distribution to the simulated
one, showing that it is unlikely that the seller is randomly choosing what ratings they
disclose. Similarly, Appendix Figure 1.B.6 provides strong evidence that the seller is re-
porting only the maximum values available, compared to a simulated scenario in which

ratings are randomly censored.

1.3.3 Discussion

We have provided arguably convincing evidence the the seller is likely to strategically
disclose expert ratings, especially when they can engage in rating shopping (Skreta and
Veldkamp, 2009); that is whenever they have more than one value to choose from. The
net reduction in information delivered to consumers can affect their welfare if they care
about expert ratings, for example by shifting consumption towards higher rated and more
expensive wine. In the remainder of the paper, we investigate this possibility by describing
and implementing a survey design. Our goal is to evaluate whether consumers take expert
scores into consideration when choosing a wine, and whether they are aware of potential

censorship by the seller.

1.4 ONLINE SURVEY EXPERIMENT

To assess if the pattern of censorship described in the previous Section can be relevant for
consumers’ welfare, we designed an online survey to understand how individuals make
decisions when purchasing a bottle wine. In addition, we are interested in investigating
whether consumers are aware of censorship by the seller, and if it plays a role in their

choices. We asked respondents to perform a discrete choice experiment in a simulated
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retail environment, following the vast literature on stated choice methods (see Louviere,
Hensher and Swait, 2000, for a review), and combined it with an information provision
treatment, drawing from the emerging literature on this specific experimental method

(Haaland, Roth and Wohlfart, 2022).

1.4.1 Sample and Data Collection

We sampled individuals from the population of American residents, aged 21 or older, who
had purchased wine at least once in the month preceding the date of the interview. The
survey was run in February 2022, with a sample size of 1,173 individuals. We relied on
Respondi, a panel access company, to distribute the survey through their mailing list. By
clicking on a link, respondents were redirected to our experimental platform where they
could access and accept the consent form for our research study. They were assured that
no identifiable data would be collected, and that Respondi had not shared with us any
personal information. They were also informed of their rights as research subjects, in
particular of their right to interrupt the survey at any moment (see Appendix 1.C.1 for
a transcript of the consent form). The survey company was also involved in the ini-
tial screening and remuneration of the respondents, although we performed additional
screening at the beginning of the questionnaire. To maximize the response rate, we did
not put any hard quotas on additional individual characteristics. Compensation for suc-
cessfully completing the survey, set by Respondi, was determined based on the respon-
dent’s stated preferences, and their recruitment channel. Compensation could be either
cash or reward points on loyalty programs with partner companies. To ensure the quality
of responses, we screened out individuals who were too fast in reading the instructions,
or in answering multiple choice questions. Appendix Table 1.C.9 provides a summary of
our sample. The median completion time was around 17 minutes. Appendix Table 1.C.10
reports descriptive statistics on respondents demographics, grouped by treatment assign-

ment. Our sample is comparable to the survey run by Velikova et al. (2021) in providing
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a representative sample of wine consumers. In particular, it should be noted that wine
consumers have in general higher levels of education than the average population. In
our sample, roughly 62 percent of the respondents hold a college degree or higher, com-
pared to the US average of 37.9 percent (U.S. Census Bureau, 2021). Consistently with
this finding, women are slightly over represented than men (56.61 percent of respondents

identified as women).

1.4.2 Survey Design

The survey was designed in oTree (Chen, Schonger and Wickens, 2016), and is composed of
several parts. Initially, respondents undergo an additional screening block where we make
sure they were correctly selected by the panel company in relation to wine consumption,
age and location. Having successfully passed the screening process, they are directed
to our consent form and, subsequently, to the initial instructions. The main part of the
survey, a discrete choice experiment, is divided into two rounds of 15 questions. At the
beginning of each section, a randomized information treatment is provided. Figure 1.2
shows the initial instruction page, containing a screenshot of the virtual market in which
respondents make their choices. The survey ends with a background questionnaire. The

full protocol is available in Appendix 1.C.

Discrete Choice. The main task required in our survey is to perform a discrete choice
experiment in a simulated online wine retail environment. Each respondent is presented
with a series of virtual shelves, each made up of five wines representing popular wine
categories from countries widely available in the United States. We require individuals to
imagine a real online store experience, and to select a wine from the list. We always allow
for the possibility that no purchase is made as our alternative option, and ask each re-
spondent to complete two rounds of 15 questions each, for a total of 30 choices. Appendix

Figure 1.C.7 shows a screenshot of the virtual market displayed in the survey.
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Wine Characteristics. The wines shown in the virtual markets are characterized by
several attributes. We include information usually available on online wine stores, specif-
ically the name of the wine, year, the origin, its price, as well as expert and crowd-based
scores for the wine. Each market!? is generated in three steps: first, we determine the
color of the wine (red or white). Second, we randomly select 5 wines of that color from
a pool of 200 wines, priced between 10 and 40 dollars, that we randomly generated from
the seller’s dataset. Third, we randomly assign expert and crowd-based scores to each
wine, drawing from a distribution that mimics what we observe in the complete dataset
for expert scores. Specifically, each wine can be assigned anywhere between zero and
three expert ratings, with values ranging from 80 to 95 points, and a crowd-based average
between 2.5 and 4.5, with sample size between 4 and 1,010. The exact generating process

and the underlying score distributions are described in Appendix 1.C.3.

Background Information. The final part of the survey contains a series of background
questions to gather individual characteristics and information on the respondents con-
sumption habits. We asked them to provide information on their gender, education, city,
income, and employment status. We also ask about how often they purchase wine, where
they buy it, and what attributes they take into account when choosing which wine to

purchase. The complete questionnaire is available in Appendix 1.C.1.

1.4.3 Information Treatment

A major component of our experiment is the information provision treatment, designed
to investigate consumers awareness of censorship and its potential impact on demand and
welfare. At the beginning of the survey, individuals are randomly assigned into six groups,
each made of two treatment blocks (one per round), with probabilities described in Figure

1.4. They are all presented with an initial instruction page (Figure 1.2) explaining the goal

1OWe denote by market the menu of wines that pertain to a single individual choice. Over the course of the
survey, each respondent makes 30 choices from 30 different markets.
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of the experiment, the tasks they have to perform, and a background description of what
wine ratings are. Before the beginning of each round, respondents are treated with an
information provision that differs based on the group they are assigned to. We modify
the information set of our respondents in two ways: the first is to display information
messages, while the other is by manipulating the expert scores they can observe. For each
block, we identify five possible treatments: control, No Censoring, Warning 1, Warning

2, and Full Information.

Control. Before starting their discrete choice task, individuals in the control group only
receive basic instructions from the initial page. When performing the virtual wine se-
lection, they observe expert scores from a censored distribution, similar to what would
happen on the seller’s website. More precisely, we remove all expert scores below 85, and
75 percent of scores between 85 and 90 points. This scenario is our closest representation
of a real world setting, although it should be noted that having randomized expert scores

is an important departure from the actual purchasing experience.'!

No Censoring. Respondents assigned to the No Censoring group receive only the ini-
tial instructions, and are identical to the control individuals in this respect. However,
when performing the virtual wine selection, they observe expert scores from a complete
distribution, that is a distribution where we report every rating available, as described in
Appendix 1.C.3. This scenario is slightly different from the real world, because respon-
dents are able to observe ratings usually censored in the actual online store. It has the
important benefit of allowing us to estimate the impact of lower expert scores on con-

sumers’ demand.

Tn particular, some sophisticated consumers may already know the actual scores obtained by some wines,
and be confused if they observe different values. We believe the only a small share of our respondents
belongs to this category, and that choosing from a large pool of wines can mitigate the impact of this
effect in our experiment.
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Warning 1. Individuals in the Warning 1 treatment group are provided with an addi-
tional information message after the initial instructions. This additional message informs
them of our findings from Section 1.B. In particular, we make them aware that sellers can
selectively disclose expert ratings, and that values below 85 points are never reported, val-
ues between 85 and 89 points are rarely reported, and scores above 90 points are almost
always reported. The text of the message is displayed in Figure 1.3a. After receiving this
piece of information, they move on to the discrete choice task, where they observe expert

scores from a complete distribution, similar to the No Censoring group.!?

Warning 2. Subjects assigned to the Warning 2 treatment group observe the same in-
formation message as those in the Warning 1 group, in which they are warned against
censorship by the seller. On the other hand, this treatment group differs with respect
to the Warning 1 treatment group as individuals cannot observe censored ratings in the

subsequent discrete choice task, similar to what happens in the control group.

Full Information. Individuals in the Full Information group receive two messages: in
the first message, we inform them of our findings on censorship, similar to the messages
received by the Warning 1 and Warning 2 groups. We then explicitly state that in the
experiment task we display scores from every available source (see Figure 1.3b for the
exact message).

In our empirical analysis we estimate the impact of expert scores on consumers’ de-
mand, for individuals before they receive our information provision, that is in the control
and No Censoring groups.”> We subsequently compare how the effect varies depending

on treatment, in order to understand if respondents react to censorship and take into ac-

12We are aware that consumers may feel confused by the fact that, in the discrete choice exercise, they will
end up observing score values we claim are always censored. This is however the only option we have
to estimate consumers’ demand for those score values after they receive the information treatment. We
introduce the Warning 2 treatment to mitigate this issue and provide respondents with a more realistic
experience.

3By information provision we intend the messages shown at the beginning of each round. When referring
to consumers, the attribute uninformed used in this context is to be interpreted as “consumers who have
not received an information message”.
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count this censorship when considering which wine to purchase. We are interested in
three types of comparisons: first, we compare uninformed consumers from the No Cen-
soring group to those belonging to Full Information. Differences in behavior between
the two groups would demonstrate that individuals are not aware of censorship, and can
therefore benefit from additional information. Second, we compare respondents in the
control and Warning 2 groups, as differences in behavior would demonstrate that they
are not aware of censorship, and that they react to it when properly informed. Third, we
compare subjects from the Warning 2 and Full Information groups, where a change in
behavior would signal that censorship affects consumers decisions and can thus have an
impact on their welfare. Section 1.5.2 describes in greater detail our hypotheses and the

empirical strategy we implement to test them.

1.5 EMPIRICAL STRATEGY

Having presented the structure of the survey, we now describe our empirical approach to
identify the impact of expert scores on consumers’ choices, and to understand if they are

aware of censorship, taking it into consideration when making a purchase decision.

1.5.1 Impact of Wine Scores

We look at the impact of expert wine scores by estimating the following linear probability
model pooling together the control and No Censoring individuals, that is individuals who

have not received any information message.'*

4In the control group we display scores from a distribution that censors the lowest values, while in the No
Censoring arm we show ratings from the full, uncensored, distribution. In principle, we might expect in-
dividuals to update their behavior based on how frequently each score appears, or to change their opinion
on wines without ratings. In Appendix Figure 1.A.3 and Appendix Table 1.A.3 we compare the behavior
of individuals in the control and No Censoring groups, to understand if their behavior differs depending
on whether scores come from a full or censored distribution. We do not find convincing evidence that the
two groups treat expert scores in a different way, and we therefore conduct our analysis pooling the two
groups to improve the precision of our estimates.
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Selectedyim =Pm + price,+ (1.2)
f(expert_scorey,m) + ,BEN - N_expert_scoresym+
f(crowd_score,n,) + ﬁcs - N_crowd_scores,,m+

ﬁx'Xi'i_ﬁv'Vv"*'evim

Selected is a dummy variable that takes a value of 1 if the wine v is selected by individual
i in market m, and 0 otherwise. A market is defined as the group of five wines available to
the individual in each virtual shelf, and it is added to control for the quality of alternative
options. We also include the price of wine in the regression, and allow for a non linear
effect of expert and crowd-based score values. In addition, we include the interaction
between the two terms to allow for complementarities between expert and crowd-based
sources. Wine specific controls include varietal, country of origin, and vintage. Demo-
graphic controls include age, gender, education, self reported income, self reported effort
and a variable that measures wine app usage. A detailed definition of the questions used

to generate demographic controls is available in Appendix Section 1.C.1.

1.5.2 Assessing Consumers’ Behavior

The second topic we address with our analysis is whether consumers are aware of seller
censorship and how they address this censorship when making purchases. We identify
consumers’ attitudes by analyzing their behavior in the different treatment branches of

our experiment.

No Censoring vs Full Information. The first question we are interested in answering
is whether consumers who have not received our information treatment behave differ-
ently from individuals who know that they are observing all the available expert scores.

Namely, these consumers know that every available score is reported. We can test this
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hypothesis by estimating the following linear model:

Selectedyim =Pm + price, + P1 - full information,, + (1.3)
f(expert_scoreym) + Bo - full_information,,, - f(expert_scorey,)+
ﬁEN - N_expert_scoresym+
f(crowd_score,n,) + ,BCS - N_crowd_scoresy,+

,80 : VU + €vim

where, as before, Selected is an indicator variable that equals 1 if the wine is selected,
and 0 otherwise. The variable full information is a dummy variable that takes a value of
one if the respondent has been subject to the Full Information treatment, and zero if the
respondent is in the No Censoring treatment group. We are interested in the sign and
magnitude of the elements of vector f2, which describes the impact that our information
message regarding the distribution of expert scores has on consumers’ demand for wine.

Failing to reject the hypothesis that f; = 0 can have different interpretations: (1) that
uninformed consumers’ demand is not affected by censorship, as their behavior does not
change when operating in a market with full information. Alternatively, (2) that they are
already aware of censorship, or can infer it by looking at the scores displayed, and can
therefore take it into account when making a selection, or (3) that uninformed consumers
are naive, meaning that they treat expert scores as if they were drawn from a complete,

uncensored, distribution.

Control vs Warning. A second comparison we make is whether uninformed con-
sumers behave differently than consumers who have received information on censorship.
In order to test this hypothesis we compare individuals in the control and Warning 2

groups and estimate a model similar to equation 1.3:
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Selectedyim =Pm + price, + 1 - warning2;, + (1.4)
f(expert_scoreyy) + B2 - warning2,,, - f (expert_scorey,)+
,BEN - N_expert_scoresym+
f(crowd_score,y,) + ﬂCS - N _crowd_scores,,+

ﬁv : Vv + €vim

where warning2 takes a value of 1 if the individual is in the the Warning 2 treatment group,
and 0 if the individual is in the control group. We are again interested in the coefficient
vector f, that shows how the relevance of expert scores changes in the different treatment
groups.

Rejecting the null hypothesis that f; = 0 would demonstrate that consumers can ben-
efit from information!® by changing their behavior, providing evidence that uninformed
consumers are not completely anticipating the seller’s strategy, and that in turn censor-
ship may impact their welfare. On the other hand, failing to reject the null hypothesis
can have different interpretations: (1) that consumers are already aware of censorship,
therefore providing them with additional information does not affect their demand, (2)
that consumers’ demand is not affected by censorship, hence their behavior would not
change, or (3) that consumers are persistently naive, in the sense that they do not update

their behavior even after they are made aware of the censorship.

Full Information vs Warning. Finally, we compare consumers behavior in the Warn-
ing 2 and Full Information groups of our experiment. This will allow us to evaluate how

consumers who have been informed about censorship operate in two scenarios, one where

3Tn this context, information is to be interpreted as our warning message.
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censorship is practiced, and one in which it is not. We estimate the following equation:

Selectedyim =Pm + price, + P1 - full_information,, + (1.5)
f(expert_scoreyy) + B2 - full_information,, - f(expert_score,m)+
ﬁEN - N_expert_scoresy,+
f(crowd_score,,) + ﬂcs - N _crowd_scoresy,+

ﬂv : Vv + €vim

where full_information is a dummy that takes a value equal to 1 if the individual belongs
to the Full Information treatment group, and 0 if the individual belongs to the Warning
2 group. Once more, we are interested in the the sign and magnitude of the coefficient
vector f,, which indicates how censorship affects consumers demand. The differences
between the two groups are both in the distribution of expert scores shown to them, and
in the fact that individuals in the Full Information group are aware of what distribution the
scores come from. Rejecting the null hypothesis that f; = 0 would provide evidence that
censorship does affect consumers’ decisions and can thus have an impact on their welfare.
On the other hand, failing to reject the null hypothesis can be interpreted in two ways: (1)
that censorship does not have an impact on consumers’ demand, or (2) that consumers are
persistently naive, in the sense that they do not update their behavior when censorship is

practiced and they are made aware of it.

1.6 RESULTS

We now present evidence of the impact of wine scores on the probability of purchasing a
wine, as well as evidence of the impact of our information treatment. Table 1.3 contains
descriptive statistics on the virtual wines shown to consumers. Overall, our sample con-

sists of 175,950 wine options priced slightly below 24 dollars on average, almost evenly
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divided between reds and whites, from France or the United States.

1.6.1 Impact of Wine Scores

We start our analysis trying to understand the impact that quality signals have on the
probability of choosing a wine. In Figure 1.5a we plot the proportion of wines selected
as a function of the expert ratings for the control and the No Censoring groups together.
We report in blue a measure based on the maximum score available, while in red we
perform the analysis for the subset of wines with a single rating. The data shows a clearly
increasing relationship between expert score values and the probability that the wine is
selected by the consumer. Moreover, wines that score less than 85 points do not seem to
be more likely to be chosen than do wines with no score. In Figure 1.5b we depict the same
relationship using crowd-based scores. Wines with a higher average score are more likely
to be chosen than wines with lower values, and the effect is stronger for larger sample
sizes throughout the full distribution of score values.

Given that both expert and crowd-based scores, prices and wine attributes were ran-
domized, we are confident that these simple descriptive graphs are robust to the inclusion
of controls. To provide more precise quantitative results, we estimate equation 1.2 for in-
dividuals in the control and the No Censoring groups. Consistently with Figure 1.5a, we
use the highest scores available for each wine as our preferred measure, including them
as a categorical variable, while controlling for crowd-based ratings and the interaction
between the two. Table 1.4 shows our results, in two different specifications that produce
similar estimates. One estimate contains a market fixed effect to take into account the
quality of alternatives, while the other estimate contains demographic characteristics of
the individual. Standard errors are always clustered at the individual level.

We are interested in the size and sign of the coeflicients on expert scores, as well as
the coefficient relative to the numbers of scores available. Since each wine attribute has

been independently randomized, we can recover the causal effect of expert scores on the
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probability that a wine is selected, while keeping other factors constant. In particular, we
report estimates for wines having a crowd-based average rating of 3.5'%, and omit from
the table the interaction terms, which are not statistically different from zero.

To measure the impact of a single expert rating, we need to combine the coefficient
relative to its value, to the coefficient that captures the effect of the number of scores avail-
able. In Figure 1.6, panel (a) we compute the linear combination of these two coefficients
and report the point estimate for different score values and numbers of ratings, together
with a 95 percent confidence interval. Wines with one score equal to 85 points are 5.5
percentage points more likely to be chosen than wines with no ratings, a roughly 68 per-
cent increase with respect to a comparable wine with no expert ratings and a crowd-based
score of 3.5. Wines that score even a single 90-point are more than twice as likely to be
selected as similar unrated wines with a crowd-based score of 3.5.

Given that the price has been randomized independently of scores, we can exploit the
estimated price coefficient from Table 1.4 to look at the impact of expert scores in terms
of willingness to pay. In Figure 1.6b we compute, for each score value, the increase in
price that would make that wine as likely to be selected as a comparable wine with no
scores. Based on our estimates from column (1), a wine with a single rating of 85 points
is as likely to be selected as a similar wine that costs about 7.5 dollars less, a 30 percent
reduction in price. Similarly, a single score of 90 points is “worth” roughly 15 dollars, a
more than 60 percent decrease in price.

These results confirm that expert scores have a substantial impact on consumers’ de-
mand, and that this effect is present and economically meaningful not only for scores
that are usually reported, but also for values that are often censored, namely values be-
tween 85 and 89 points. To better understand the welfare implications of our findings it

is important to evaluate how censorship itself affects the way consumers make decisions.

16\We select this baseline value for two reasons: first, the average score of a wine on Vivino, the most widely
used wine rating app, is 3.6 as reported on their website (accessed April 13th, 2022); second, the sign of
the regression coefficients relative to crowd-based scores are symmetric for averages below and above 3.5.
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External Validity. A natural question that arises when dealing with simulated pur-
chases is whether the results are externally valid. Individuals operating in a virtual mar-
ket may behave differently from the real world, in particular, they may be less sensitive to
prices given that they do not have to spend real money. A back-of-the-envelope compu-
tation of the price elasticity gives a value of -1.2'7, which is well within the range found

in the literature using real data for the United States.'

Heterogeneity. Being confident that expert scores do in fact play a role in consumers’
demand, it is plausible to imagine that consumers may simply select the wine with the
largest available score, ignoring other attributes like price or crowd ratings. To understand
if this is the case, we estimate equation 1.2 allowing for heterogeneous effects depending
on whether the expert score reported is the highest available in the market. The results,
shown in Appendix Table 1.A.4, do not seem to support this hypothesis. The coefficient
associated to the dummy variable labeled Scores is highest in the market measures the
increase in probability that a wine with no expert score is chosen, whenever that score
is the highest in the market. It refers to the particular case in which all the wines in a
specific market have no score, and it is not statistically different from zero. The point
estimate is also fairly noisy given that only a small fraction of markets are generated with
no expert ratings. The interaction terms, which show the additional impact of each score
whenever it is the largest available are not significantly different from zero. This suggests
that individuals take into account expert scores in conjunction with other attributes, rater

than merely selecting the highest score.

7To compute the elasticity we used the price coefficient estimated in column (1) of Table 1.4, the average
probability that a wine is selected and the average wine price in the control and No Censoring treatments.
This gives ¢, ~ —% -23.86 x —1.2.

18 A recent paper by Bonnet, Hilger and Villas-Boas (2020) reports a value of -2.671. A more comprehensive
study by Davis, Ahmadi-Esfahani and Iranzo (2008) which uses random utility models to compute elastic-
ities for different regions finds an average of -1.80 for the United States in 2003, with a standard deviation

of 1.354. Their estimates range from -0.74 for basic wines to -25.63 for ultra premium wines.
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1.6.2 Assessing Consumers’ Behavior

Having confirmed in Section 1.6.1 that expert ratings have a substantial effect on the de-
mand of uninformed consumers, we turn our attention to their interaction with censor-
ship.

In Figure 1.7 we present a descriptive graph similar in spirit to Figure 1.5, in which we
plot, for each score, the fraction of wines selected by our respondents, disaggregating the
data by treatment status. More specifically, in Figure 1.7a we compare individuals in the
No Censoring and Full Information groups, showing that they behave in a remarkably
similar way. The same is true in Figure 1.7b, where we focus on the Full Information
and Warning (1 and 2) groups. Qualitatively, respondents who have been warned about
censorship and experience it (Warning 2) seem to place more value on higher scores,

although the difference in means is not statistically significant.!®

To formally test our
hypotheses, we estimate the empirical models presented in Section 1.5.2 and show results
in Table 1.5.

Column (1) contains estimates for equation 1.3 to test for changes in behavior between
the No Censoring and the Full Information groups. The difference between the two is
that individuals belonging to the latter have been informed that they are observing scores
from an independent source with no censorship. We are mostly interested in the sign and
magnitude of the interaction terms, as these coefficients reflect differences in behavior
between the two treatments. We are comforted to find that baseline coefficients are very
similar to Table 1.4, and we do not find convincing evidence that the treated respondents

evaluate expert ratings in a different way than individuals in the No Censoring group.

The individual interaction terms are small in magnitude, and despite two of them being

In Appendix Figure 1.A.4 we replicate Figure 1.7b and substitute scores in the Warning 2 treatment with
the original randomized scores, that is before we censored them using the algorithm described in Section
1.4.2. It can be seen that wines that score below 90 points have a similar probability of being chosen as
wines with no score. This is reasonable to expect, given that due to censorship these wines often appear
identical when it comes to their expert score. Namely, they will appear with no rating on the shelf because
the score has been censored.

28



significantly different from zero (88 and 91 points), we can only marginally reject null
hypothesis that they are jointly equal to zero.?°

The pattern displayed in column (1) is very similar to what we also observe in col-
umn (2), where we compare the control and Warning 2 treatment groups. None of the
interaction terms are statistically different from zero, with the exception of the coeflicient
relative to a score of 91 points, that follows a pattern similar to what we described in col-
umn (1). We cannot reject the null hypothesis that the coeflicients are jointly equal to zero,
and that individuals behave in the same way before and after receiving our information
treatment.?!

Finally, in column (3) we show estimates for equation 1.5, looking at the Full Informa-
tion and Warning 2 treatment groups. We observe no major difference in behavior, with
two coefficients being marginally significant, 89 and 93 points. Again, the estimates seem
to show the pattern already observed in columns (1) and (2); in particular the coefficient
relative to an 89 point score is smaller than expected in the Warning 2 group, if compared
to the coeflicients relative to scores of 85 and 90 points. We can only marginally reject the
null hypothesis that they are jointly equal to zero. We note however a small but significant
decrease in the selection of wines with no scores in the Full Information setting.?

In Appendix Table 1.A.6 we perform the same analysis presented in Table 1.5, sub-
stituting individual score values with a pooled variable that takes three values: no score,
maximum score below 90 points, maximum score equal or above 90 points. The results are
fairly similar to our original analysis, and the precision of our estimates does not improve

despite adding additional restrictions to the model.

20We are willing to attribute this statistically significant effects to spurious correlation, noting in particular
that the coefficient relative to a score of 91 points in the No Censoring group is surprisingly lower than the
coefficient relative to 90 points. Adding the interaction term would put it right in between the magnitude
of the 90 and 93 points coefficients. The same is true for the 88 points coefficient, lower than the 85 points
estimate.

?In Appendix Table 1.A.5 we perform the same analysis of column (2) comparing the No Censoring and
Warning 1 treatments, obtaining similar results.

22 A possible explanation is that, given that the Warning 2 scenario censors many ratings, it creates a larger
number of markets with no scores at all.
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1.6.3 Discussion

In the preceding discussion, we analyze the impact of the treatment effects administered
in our survey experiment. The main takeaway of our results is that we are not able to
stimulate a statistically meaningful reaction from consumers with respect to expert scores
censorship through information messages. Several factors may be responsible for our
findings, for which we discuss potential causes and their implications below.

Our first concern is that respondents did not read or understand our information treat-
ment, that they were not concerned about it, or simply that the treatment was not strong
enough. We cannot rule out any of these possibilities, although we took steps to make
these events less likely.

We made efforts to design our treatment in a clear, informative, and visually salient
way following the standards of the emerging information provision literature (Haaland,
Roth and Wohlfart, 2022), and tried to ensure the quality of our data. In particular, we
screened out respondents who were not spending enough time on the instruction and
treatment pages. As reported in Appendix Table 1.C.9, close to 35 percent of eligible re-
spondents were screened out for rushing through instructions; moreover, more than 75
percent of the subjects who completed the survey self-reported having put “a lot of effort”
into responding, and more than 95 percent put at least “some effort” into their responses.
Finally, close to 20 percent of the respondents decided to leave an optional comment at
the end of the survey, with an average length of about 60 characters. In addition, our
results are consistent with an established literature that documents how consumers can
be inattentive when making decisions (Eyster and Rabin, 2005; Brown, Camerer and Lo-
vallo, 2012, 2013; Luca, 2016; Dai and Luca, 2020), and may neglect information disclosure
(Hirshleifer, Lim and Teoh, 2004; Smirnov and Starkov, 2021).

As the analysis in Section 1.6.1 demonstrates, expert scores play an important role in

consumer demand, by increasing the value of a wine in the eyes of the consumers. In Sec-
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tion 1.6.2, we failed to reject the null hypotheses that consumers behave differently when
provided information about censorship, as highlighted in Section 1.5.2. More specifically,
we found that uninformed consumers are similar to individuals who are aware that scores
come from a full distribution. Consistent with the literature, this result may provide evi-
dence that consumers are in fact naive, in the sense that they do not take censorship into
consideration when making a purchase. Another possible interpretation that we cannot
rule out is the opposite: that consumers are not naive and are aware of censorship, and so
their behavior was not affected by our information disclosure. Finally, it as also plausible
that our respondents did not read or care about our information message.

We also did not witness any differential behavior when comparing the Control and
Full Information groups to the Warning 2 group. As previously mentioned, we can in-
terpret this result in different ways. First, we can take this as evidence that consumers
are not only naive, but also persistent in their naivete, such that they do not react to
plausible information treatments. If this were the case, a strategic seller might extract ad-
ditional surplus by engaging in selective disclosure and censorship. Understanding their
pricing strategy would be critical in accurately measuring the associated welfare costs for
consumers. Alternatively, we can interpret the same result as evidence that consumers
are already aware of censorship, or that the censored information is irrelevant for them,
such that disclosing censorship does not affect their preferences. Finally, we still cannot
exclude that respondents did not read, understand or take into consideration the infor-

mation message we provided.

1.7 CONCLUSION

Wine is a notorious example of an experience good, whose quality is difficult to ascertain
before purchase and consumption. Consumers can benefit from the availability of pre-
purchase information, including expert and crowd-based ratings that are made available

by the sellers on their online retail platforms. In this paper we study sellers’ and con-
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sumers’ attitudes towards experts ratings, and the ways in which censorship can affect
said attitudes.

First, we construct a unique dataset of expert ratings that contains data from a major
wine retailer and an independent source, and use it to show that the seller engages in
substantial censorship of information by omitting scores below a certain threshold and
publishing most scores above 90 points.

Given the seller’s behavior, it becomes relevant to understand whether consumers do
in fact value the information provided, and whether they are aware that it can be strate-
gically censored. To do so, we design and implement an online survey, combining an
information treatment and a discrete choice experiment. Respondents were asked multi-
ple times to select a wine from a virtual shelf. Individuals in the treatment group were
provided with either a warning message, informing them that sellers censor lower scores
(Warning 1 and Warning 2), or a message stating that the source of the scores was com-
plete (Full Information). In addition, respondents observed wine scores from different
distributions based on their treatment assignment: some (Control and Warning 2) saw
scores from a censored distribution, while others (Warning 1, No Censoring and Full In-
formation) saw scores from a complete distribution.

Our results show that consumers do care about expert ratings, since wines with higher
scores are more likely to be selected than are comparable wines with lower scores. Our
information treatment did not stimulate a significant change in consumers’ behavior with
respect to expert ratings. We discuss three possible interpretations for our findings: first,
it is possible that consumers are naive in the sense that they always act as if they observe
ratings from a complete distribution. Alternatively, consumers might be sophisticated
enough that they are not surprised to learn about the seller’s behavior. Finally, we cannot
the possibility that participants in our the experiment did not read or understand our

information treatments, or that they were not concerned about the treatment.
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1.8 TABLES AND FIGURES

1.8.1 Figures

FiGURE 1.1. EXPERT SCORES REPORTED BY THE SELLER BY VALUE
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Notes: Each point indicates the fraction of expert scores reported by the seller by score
value, with the 95 percent confidence interval for the mean (left axis). On the right axis,
gray bars display the number of observations for each rating. For the sake of clarity, we
dropped 4 observations below 80 points that are not reported by the seller.
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FIGURE 1.2. BAsic INSTRUCTIONS

Instructions

Please read carefully the following instructions.
In this survey we would like to understand how consumers make decisions about wine purchase.

We are going to show you a list of wines from a virtual wine store, together with the information online sellers usually provide in their
websites. Here's an example;

Option 1 Option 2 Option 3 Option 4 Option 5 Option 6

. - Domaine Clos des I wouldn't buy
Calera, 2019 Hess Select, 2019 Andis, 2019 Sebastiani, 2018

Rocs, 20719 any of those.

Chardonnay Sauvignon Blanc Sauvignon Blanc Chardonnay Chardonnay
California California California California France
$21.99 $13.99 $21.99 $13.99 $34.99
Expert Scores Expert Scores Expert Scores Expert Scores Expert Scores

Crowd Reviews Crowd Reviews Crowd Reviews Crowd Reviews Crowd Reviews
40 40 35 30 30
91 reviews 104 reviews 106 reviews 108 reviews 107 reviews

Please make sure you can see 6 columns: 5 wines and an option to buy none of them.
Information includes: name, year, variety, origin, price, expert reviews (wine publications, critics) and crowd based reviews (wine apps)
Here's a brief explanation of what these scores mean, and how to compare expert and crowd based scores:

EXPERT SCORES:

95-100 Classic: a great wine

90-94 Outstanding: a wine of superior character
85-89 Very good: a wine with special qualities
80-84 Good: asolid, well-made wine

75-79 Mediocre: a drinkable wine with minor flaws
50-74 Not recommended

CROWD REVIEWS vs EXPERT SCORES:

45-5  93-100
4.0-45 90-93
3.6-40 88-90
<3.6 <88

For each selection of wines, we ask you to select the wine you would purchase in that hypotethical scenario, with the option of
chosing none. Please read and answer the questions carefully, as we implement sophisticated measures to ensure the quality of the
data provided.

Please make a selection in the example and click to the "Next" button to begin the survey.

Notes: The figure displays a screenshot of the initial instruction page displayed to every
respondent.
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FIGURE 1.3. INFORMATION TREATMENTS

(a) Warning 1 and Warning 2 Information Message

Instructions (continued)

Before you start, we would like to focus your attention on this fact:

Sellers are not required to show all the available expert scores . They can selectively
disclose or hide the infor ion provided to cc s, based on their goals.

Our analysis of a leading online wine store shows that this is exactly the case. We studied the scores
reported on 125,000 wines over time and here is what we found:

e Scores below 85 are never reported.
e Less than 1in 4 scores between 85 and 90 is reported.
* Most scores above 90 are reported.

SELLER REPORTING EXPERT SCORES:
95-100
90-94
85-89
80-84
75-79 NEVER REPORTED
50-74

ALWAYS REPORTED

Please proceed to the next page.

(b) Full Information Message

Instructions (continued)

Before you start, we would like to focus your attention on this fact:

Sellers are not required to show all the available expert scores . They can selectively
disclose or hide the information provided to costumers, based on their goals.

Our analysis of a leading online wine store shows that this is exactly the case. We studied the scores
reported on 125,000 wines over time and here is what we found:

e Scores below 85 are never reported.
e Less than 1in 4 scores between 85 and 90 is reported.
* Most scores above 90 are reported.

However, for the purpose of this study, we are going to show you all the available expert
reports from a comprehensive database.

Please proceed to the next page.

Notes: The figure in panel (a) displays a screenshot of the warning message shown to
the Warning 1 and Warning 2 individuals. The figure in panel (b) presents the message
displayed to respondents in the Full Information treatment.
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Fi1GURE 1.4. SURVEY DESIGN

Screening
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Consent Form
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FIGURE 1.5. DESCRIPTIVE FIGURES

(a) Wine Selection and Expert Scores
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Notes: Figures show the collapsed mean of a dummy variable equal to 1 if the wine was
selected for different values of expert scores (Panel a) and crowd-based scores (Panel b).
Crowd sizes have been perturbed by adding random noise drawn uniformly from the set
of integers in the interval [-11, 10]. Sample is restricted to individuals in the control and
No Censoring groups.
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FIGURE 1.6. IMPACT OF EXPERT SCORES ON DEMAND
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(a) Expert Scores and Wine Purchases
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(b) Expert Scores and Price Premium
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Notes: Figures are based on the estimates contained in column (1) of Table 1.4. In Panel
(a) we plot the impact of expert ratings on the probability that a wine is chosen. The
baseline probability reported at the bottom is computed for a wine with no expert scores
available, and an average crowd-based score of 3.5. In Panel (b) we use the price coefficient
from Table 1.4 to compute the average price increase required to equalize the purchase
probability for a wine without scores and a comparable wine with one or more expert
ratings. The baseline average price is computed for a wine with no expert scores available
and an average crowd-based score of 3.5.
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FIGURE 1.7. WINE SELECTION BY TREATMENT TYPE

(a) No Censoring vs Full Information
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Notes: Figures show the collapsed mean of a dummy variable equal to 1 if the wine was se-
lected, for different maximum values of the expert score, by treatment assignment. Panel
(a) compares the impact of expert scores in the control and Full Information settings.
Panel (b) compares their effect in the control, Warning 1 and Warning 2 treatments. The
algorithm that censors scores in the Warning 2 scenario is described in Section 1.4.2.
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1.8.2 Tables

TABLE 1.1
ExXPERT RATINGS — DESCRIPTIVE STATISTICS

Variable N Mean Sd Min Max
Wine Data

Price 36051 42.49351 39.68468 2.99 249.99
Max Exper Score 36052 90.62302 2.950233 70 100
Number of Scores 36052 1.678492 .8930554 1 7
Average Score 36052 90.08433 2.707763 70 100
Crowd Score Value 9429  4.06164 .4107764 2.1 5

Crowd Sample Size 36052 6.801897 28.61349 0 1305

Expert Score Data
Reported by Seller 60513 .4606448 .4984529 0 1
Expert Score Value 60513 90.44371 2.861151 70 100

Notes: Table contains summary statistics on wines (top panel) and expert scores
(bottom panel) from the independent database. The variable Reported by Seller
takes a value equal to 1 if the score appears on the seller’s website, and 0 otherwise.
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TABLE 1.2

ExXPERT RATINGS — REGRESSION ANALYSIS

(1) (2) (3)
Expert Scores (baseline: score is below 89 points)
89 points 0.180**  0.205***  0.119**
(0.0510)  (0.0252)  (0.0405)
90 points or more 0.643***  0.567™**  0.587"""
(0.101)  (0.0562)  (0.0822)
Price ($100) -0.00109 0.000707
(0.0213)  (0.0226)
Scores is Highest Available 0.0311
(0.0190)
Highest Score * 89 points 0.133**
(0.0415)
Highest Score * 90 points or more -0.0361
(0.0413)
Mean of Dependent Variable for baseline  0.0199
Observations 60,513 60,017 60,017
R 0.331 0.513 0.516
Controls - X X
Expert FE - X X
Vintage FE - X X

Notes: Standard errors clustered at the expert source level are reported in parenthesis. Sig-
nificance level: ***<0.01, **<0.05, *<0.1. Dependent variable is a dummy that takes a value of
one if the score is reported by the seller. Expert rating is reported as a categorical variable,
base level is a score below 89 points. Controls are added in columns (2) and (3) and include
price, wine type dummy, varietal dummy, and country of origin dummy in addition to ex-
pert and vintage fixed effects. In column (3) we allow for heterogeneity based on whether

a score is the highest available for a given wine.
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TABLE 1.3
SURVEY EXPERIMENT — DESCRIPTIVE STATISTICS

Treatment Assignment

Full  No Censoring - No Censoring - Control - ) .
Warning 1 Warning 2

Info Full Info Warning1 Warning?2
Observations 37,200 47,100 26,550 23,850 22,650 18,600
Share of Red Wines 0.51 0.49 0.50 0.51 0.50 0.51
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Share of French Wines ~ 0.47 0.47 0.48 0.47 0.47 0.48
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Price 23.85 23.86 23.90 23.91 23.81 23.88
(8.66) (8.63) (8.67) (8.65) (8.70) (8.67)
N. Expert Scores 1.00 1.00 1.00 0.46 1.00 0.47
(0.96) (0.96) (0.96) (0.67) (0.96) (0.67)
Expert Score Avg. 87.62 87.61 87.61 90.50 87.64 90.50
(3.46) (3.48) (3.47) (2.32) (3.46) (2.31)
Crowd Score Avg. 3.50 3.50 3.50 3.50 3.50 3.50
(0.71) (0.71) (0.71) (0.71) (0.71) (0.71)
Crowd Sample Size 373 375 370 372 369 371
(446.11) (446.52) (445.09) (445.73)  (444.96)  (445.88)

Notes: Table contains the means of wine attribute variables for each treatment assignment. Standard deviations are reported in
parentheses.
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TABLE 1.4
IMPACT OF EXPERT SCORES — REGRESSION RESULTS

(1) )
Price -0.00732***  -0.00635***
(0.00179)  (0.00136)
Number of Expert Scores 0.0198™** 0.0139***

(0.00506)  (0.00374)

Expert Scores (baseline: no score)

80 points -0.00806 -0.0128
(0.0263) (0.0195)
82 points -0.00912 -0.00913
(0.0225) (0.0168)
85 points 0.0351* 0.0271%
(0.0209) (0.0157)
88 points 0.0404™* 0.0331**
(0.0191) (0.0141)
89 points 0.0426™* 0.0325**
(0.0176) (0.0134)
90 points 0.0916™** 0.0663***
(0.0195) (0.0147)
91 points 0.0785™** 0.0646™**
(0.0186) (0.0140)
93 points 0.132*** 0.108"**
(0.0248) (0.0185)
95 points 0.102*** 0.0811***

(0.0299) (0.0221)

Crowd Based Scores (baseline: 3.5)

Avg. Score below 3.5 -0.0455"*  -0.0344***
(0.00708)  (0.00514)
Avg. Score above 3.5 0.107*** 0.0885™**

(0.00874)  (0.00667)

Crowd Sample Size (100 votes)  0.00439***  0.00372***
(0.000547)  (0.000408)

Wine Controls X X
Demographic Controls - X
Market FE X -
Observations 48,750 48,750
R? 0.194 0.120

Notes: Standard errors clustered at the individual level are reported in
parentheses. Significance level: ***<0.01, **<0.05, *<0.1. Dependent vari-
able is a dummy that takes a value of 1 if the wine is selected. Expert
scores is represented by the maximum value available for each wine, and
is reported as a categorical variable (baseline is no score available). The
average crowd-based score is treated as a categorical variable (baseline
score equal to 3.5). We include interaction terms between expert and
crowd-based scores, coefficients (none of which are statistically signifi-
cant) are omitted. Column (1) includes market fixed effect to control for
the quality of alternative wines in addition to the wine specific controls:
wine varietal, country of origin, vintage, and name. Column (2) includes
respondents demographic controls: age, gender, education, income, self
reported effort, and wine apps usage.
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APPENDIX
1.A ADDITIONAL FIGURES AND TABLES

1.A.1 Additional Figures

FiGURE 1.A.1. EXPERT SCORES DISTRIBUTION BY PRICE

100%
9000
L 75% o
S 60004 g
<
% [ 50% ;5
: :
=y
3000 1 8
259
04 0%
0 50 100 150 200 250
Price

Note: The figure shows a histogram of all the available scores for wines below 250 dollars.
Absolute frequency is reported on the primary axis. The cumulative distribution, in red,
is plotted on the secondary axis.
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FIGURE 1.A.2. EXPERT SCORES REPORTED BY THE SELLER — SAMPLE COMPARISON
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Note: Each point indicates the fraction of expert scores reported by the seller, for all the
possible values, with the 95 percent confidence interval for the mean (left axis). The blue
dots aggregate values over the full sample of expert sources, the red dots include only
expert sources with an average reporting rate above 30 percent. On the right axis, gray
bars indicate the number of scores available.
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FIGURE 1.A.3. EXPERT SCORES AND CENSORSHIP

Expert Scores Distribution

0.25 1 @ No Censoring

Control (censored distribution) 9.

0.20 1 w
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0.101

NA 80 82 85 88 89 90 91 93 95
Expert Score Value

Note: The figure shows the collapsed mean of a dummy variable equal to 1 if a wine was
selected, over maximum values of the expert scores, for the the control and No Censoring
groups.
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FIGURE 1.A.4. WINE SELECTION BY TREATMENT TYPE — ORIGINAL SCORES

Treatment Type
2 0.251 Full Information
g Warning 1 (full distribution)
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Note: The figure shows the collapsed mean of a dummy variable equal to 1 if a wine was
selected, over maximum values of the expert scores, by treatment assignment. For the
Warning 2 treatment group, we use the original maximum score available for each wine,
independently on whether it was censored or not. The algorithm used to censor scores in
the Warning 2 scenario is described in Section 1.4.2.
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1.A.2 Additional Tables

TaBLE 1.A.1
DESCRIPTION OF POPULAR EXPERT RATING SCALES

Score Desciprition

Wine Spectator

95-100 Classic; a great wine

90-94  Outstanding; superior character and style

80-89  Good to very good; wine with special qualities
70-79  Average; drinkable wine that may have minor flaws
60-69 Below average; drinkable but not recommended
50-59 Poor; undrinkable, not recommended

The Wine Advocate

96-100  An extraordinary wine of profound and complex character displaying
all the attributes expected of a classic wine of its variety. Wines of this
caliber are worth a special effort to find, purchase and consume.

90-95  An outstanding wine of exceptional complexity and character. In short,
these are terrific wines.

80-89 A barely above average to very good wine displaying various degrees
of finesse and flavor as well as character with no noticeable flaws.

70-79  An average wine with little distinction except that it is a soundly made.
In essence, a straightforward, innocuous wine.

60-69 A below average wine containing noticeable deficiencies, such as exces-
sive acidity and/or tannin, an absence of flavor or possibly dirty aromas
or flavors.

50-59 A wine deemed to be unacceptable.

Wine Enthusiast

98-100 Classic. The pinnacle of quality

94-97  Superb. A great achievement

90-93  Excellent. Highly recommended

87-89  Very Good. Often good value; well recommended

83-86  Good. Suitable for everyday consumption; often good value

80-82  Acceptable. Can be employed in casual, less-critical circumstances

Sources. Wine Spectator scale is available here. The Wine Advocate scale is available here. The Wine
Enthusiast scale is available here.
Note. Wine Enthusiast does not report scores below 80 points.
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TaBLE 1.A.2
EXPERT RATINGS — SELECTED EXPERT SOURCES

(1) (2) (3)
Expert Scores (baseline: score is below 89 points)
89 points 0.231**  0.209*** 0.0870
(0.0584)  (0.0385)  (0.0410)
90 points or more 0.741***  0.628™*  0.676™"

(0.0782)  (0.0238)  (0.0287)

Price ($100) 0.000909  -0.00108
(0.0282)  (0.0279)

Scores is Highest Available 0.0419**
(0.0127)

Highest Score * 89 points 0.184™**
(0.00533)

Highest Score * 90 points or more -0.0733***
(0.0149)

Mean of Dependent Variable for baseline  0.0222

Observations 50,884 50,409 50,409
R? 0.447 0.522 0.527
Controls - X X
Expert FE - X X
Vintage FE - X X

Notes: Standard errors clustered at the expert source level are reported in parenthesis. Sig-
nificance level: ***<0.01, **<0.05, *<0.1. Dependent variable is a dummy that takes a value
of 1 if the score is reported by the seller. Expert rating is reported as a categorical variable,
base level is a score below 89 points. Controls are added in columns (2) and (3) and include
price, wine type dummy, varietal dummy, and country of origin dummy in addition to expert
and vintage fixed effects. In column (3) we allow for heterogeneity based on on whether a
score is the highest available for a given wine. The sample is restricted to expert sources from
which the seller reports at least 30 percent of the scores available on the independent rating
aggregator.
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TABLE 1.A.3
No CENSORING AND CONTROL COMPARISON — REGRESSION RESULTS

(1) (2)

Expert Scores Interaction Terms

80 points -0.00127 - -
(0.00926) - -

82 points -0.000531 - -
(0.00827) - -

85 points 0.0278** 85 ponts * Censored Sample  -0.0251
(0.00868) (0.0195)

88 points 0.0201** 88 ponts * Censored Sample  -0.0153
(0.00841) (0.0215)

89 points 0.0334*** 89 ponts * Censored Sample  -0.0280
(0.00901) (0.0185)

90 points 0.0679*** 90 ponts * Censored Sample 0.000412
(0.00913) (0.0163)

91 points 0.0495** 91 ponts * Censored Sample 0.00925
(0.0100) (0.0147)

93 points 0.0815"** 93 ponts * Censored Sample 0.0174
(0.0106) (0.0190)

95 points 0.0953*** 95 ponts * Censored Sample -0.0204
(0.0130) (0.0257)

Censored Sample Dummy 0.0141***
(0.00466)

F-Stat Interaction Terms 1.066

P-value for the F-test 0.384

Observations 48,750

R 0.112

Notes: Standard errors clustered at the individual level are reported in parentheses. Significance level:
***<0.01, **<0.05, *<0.1. Table reports coefficients for the estimation of equation 1.2 with a dummy
equal to 1 if the ratings come from the control group. Expert scores in the control group omit values
below 85, and 75 percent of values between 85 and 89. Dependent variable is a dummy that takes a
value of 1 if a wine is selected. Expert scores is represented by the maximum value available for each
wine, and is reported as a categorical variable (baseline is no score available). The regression includes
market fixed effects. The coefficients of control variables are omitted and include: crowd-based scores,
wine varietal, country of origin, vintage, and name. We test the joint hypothesis that all the interaction
terms are equal to 0. The F-statistic and associated p-value are reported at the bottom of the table.
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TaBLE 1.A.4
IMPACT OF EXPERT SCORES — HETEROGENEITY

1) 2
Price -0.00724***
(0.00180)
Number of Expert Scores 0.0193***
(0.00507)
Score is highest in the market 0.0704
(0.0572)
Expert Scores (baseline: no score) Interaction Terms
80 points 0.000462 -0.0900
(0.0132) (0.102)
82 points -0.00413 -
(0.0117) -
85 points 0.0301** -0.0287
(0.0117) (0.0691)
88 points 0.0255** -0.0517
(0.0114) (0.0628)
89 points 0.0344™** -0.0317
(0.0120) (0.0597)
90 points 0.0819*** -0.0467
(0.0132) (0.0602)
91 points 0.0640™* -0.0536
(0.0147) (0.0584)
93 points 0.0859*** -0.0361
(0.0245) (0.0640)
95 points 0.0450 -
(0.0594) -
Crowd Based Scores (baseline: 3.5)
Avg. Score below 3.5 -0.0537***
(0.00556)
Avg. Score above 3.5 0.113***
(0.00769)
Crowd Sample Size 0.00440™**
(0.000548)
F-stat Interaction Terms 0.295
P-value for the F-test 0.956
Observations 48,750
R? 0.194

Notes: Standard errors clustered at the individual level are reported in parenthe-
ses. Significance level: ***<0.01, **<0.05, *<0.1. Dependent variable is a dummy
that takes a value of one if the wine is selected. Expert scores are represented
by the maximum value available for each wine, and are reported as a categorical
variable (baseline is no score available). The interaction term for a score of 92 is
omitted because of multicollinearity. A maximum score of 95 is always the high-
est level in the market. The average crowd-based score is treated as categorical
variable (baseline score equal to 3.5). The variable labeled “Score is highest in the
market” takes a value of one if the score is the highest available among the alter-
native wines. Interaction terms with expert score values are reported in column
(2). The specification includes market fixed effects to control for the quality of
alternative wines in addition to wine specific controls: wine varietal, country of
origin, vintage, and name. We test the joint hypothesis that all the interaction
terms are equal to 0. The F-statistic and associated p-value are reported at the
bottom of the table.
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TABLE 1.A.5
EXPERT SCORES AND TREATMENT ASSIGNMENT

(1)
No Censoring vs Warning 1
Price -0.00710™**
(0.00103)
Number of Expert Scores 0.0160***
(0.00300)
Treatment Dummy 0.00548
(0.00461)
Expert Scores Baseline Coeff. Interaction Terms
80 points -0.00284 -0.0132
(0.00909) (0.0124)
82 points -0.00259 0.00516
(0.00800) (0.0108)
85 points 0.0281*** -0.0299***
(0.00844) (0.0103)
88 points 0.0202** -0.00707
(0.00786) (0.0100)
89 points 0.0329** -0.0105
(0.00855) (0.0106)
90 points 0.0659*** -0.0124
(0.00872) (0.0119)
91 points 0.0495"** 0.0171
(0.00942) (0.0117)
93 points 0.0812*** -0.0218
(0.0103) (0.0133)
95 points 0.0952*** -0.0209
(0.0126) (0.0169)
Crowd Based Scores (baseline: 3.5)
Avg. Score below 3.5 -0.0418***
(0.00348)
Avg. Score above 3.5 0.0941%**
(0.00559)
Crowd Sample Size (in 100s)  0.00422***
(0.000397)
F-stat Interaction Terms 2.537
P-value for the F-test 0.00728
Observations 72,750
R 0.106

Notes: Standard errors clustered at the individual level are reported in parentheses.
Significance level: ***<0.01, **<0.05, *<0.1. Dependent variable is a dummy that takes
a value of 1 if the wine is selected. Expert scores is represented by the maximum
value available for each wine, and is reported as a categorical variable (baseline is
no score available). The average crowd-based score is treated as categorical variable
(baseline score equal to 3.5). The regression includes market fixed effects and wine
characteristics: wine varietal, country of origin, vintage, and name. We test the joint
hypothesis that all the interaction terms are equal to 0. The F-statistic and associated
p-value are reported at the bottom of the table.
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1.B WINE RATINGS DATA

1.B.1 Dataset Construction

The wine ratings data collection was performed in three steps, using the seller’s website as
the starting point. First, we collected all wines available from the seller’s virtual shelf, in-
cluding wines listed as unavailable, obtaining 340,540 observations. Second, we searched
each of those wine strings in the comprehensive database, pairing with the original prod-
uct only if a unique result was returned. Multiple results suggested that one or more wine
attributes were not identified correctly (e.g. wrong vintage). We were able to match 29.54
percent of the original observations. Finally, we performed a search on the Vivino app.
The subset of wines for which all three sources are available is 66,434, roughly 20 percent
of the original sample. Appendix Table 1.B.7 reports summary statistics of the collection
process.

TABLE 1.B.7
DATtA COLLECTION RESULTS

Description N Percent
Wine from Seller’s Website 340,540

Wines matched to Scores Dataset 100,581 29.54%
Wines matched to Vivino 66,434 19.51%

1.B.2 Simulation Exercise

With these simulations we investigate what scores are reported when no censorship is
involved, to rule-out that the results we observe could be generated by chance.

Seller Choosing Randomly. For each wine w, let N,, be the number of expert ratings
reported from the seller. We keep only wines with N,, > 0. We then draw (without
replacement) N,, ratings at random from the comprehensive database.

Appendix Figure 1.B.5 plots the two distributions, showing that the observed data is
clearly skewed to the right with respect to the simulated distribution.
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Fi1GURE 1.B.5. SIMULATING A SELLER THAT CHOOSE RANDOM SCORES
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Notes: The blue bars display the score distribution observed on the seller’s website. The
red bars are generated by simulating a seller that chooses at random from the full sample.

Seller Reporting Maximum Scores. For each wine w, let M,, be the highest rating
reported by the seller. For each expert r of wine w on the comprehensive database, let
Srw be the score value. Compute the difference (S,,, — M,,), i.e. the gap between the score
of expert r and the highest rating reported. If the seller only reports the best rating, the
histogram (S,,, — M,,) is right-truncated at 0 across all wines and raters.

Comparing the actual and simulated distribution in Appendix Figure 1.B.6, we can
clearly observe that sellers are very likely to report only the maximum score available,
compared to a simulated seller that chooses randomly from the available scores.
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FiGURE 1.B.6. TESTING IF THE SELLER DISCLOSES MAXIMUM VALUES
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Notes: The blue bars display the score distribution observed on the seller’s website. The
red bars are generated by simulating a seller that chooses at random from the full sample.
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1.C SurRVEY DATA DESCRIPTION

This section contains a detailed description of the survey design.

1.C.1 Survey Questionnaire

Consent Form

You are invited to take part in a Brown University research study. Your participation is
voluntary.

RESEARCHER: Igor Cerasa, MSc (xxx)xxx-xxxx with faculty advisor John Fried-
man, PhD (xxx)xxx-Xxxx

PURPOSE: This study is about learning on people’s attitude towards wine purchase
decisions. You are being asked to be in this study because you are above the age
of 21, reside in the United States of America, and purchase wine at least once per
month from either on-trade or off-trade businesses.

PROCEDURES: You will be asked to complete a brief online survey. To complete it,
you will need an internet connection and a suitable desktop or mobile device. The
survey will ask question about your backgrounds, and will ask you to choose wines
in a virtual retail environment.

TIME INVOLVED: The study will take about 25 minutes of your time.

COMPENSATION: You will receive compensation from Respondi for your time. You
will not receive money directly from Brown University or the research team. Com-
pensation received as a client of Respondi is not associated with Brown University
Research.

RISKS: Some of the questions may make you feel uncomfortable. You may skip
any questions you prefer not to answer or do not feel comfortable answering. This
survey can be stopped at any time.

BENEFITS: There are no direct benefits to you if you agree to be in this research
study.

CONFIDENTIALITY: To maintain confidentiality, we will assign all your data a nu-
merical code. Your responses will not be connected to your identity. We will not
collect your personal data, but only your anonymous responses. Your anonymous
responses may be used for scientific purposes or shared, with other researchers for
future research, teaching, or publication. In addition, any identifiable information
that Respondi may have collected about you will not be shared with the research
team. Likewise, none of the data we collect will be shared with Respondi. In order
to protect your own privacy, we strongly recommend that you complete this survey
in a private location and closing your browser window when complete.
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« VOLUNTARY: You do not have to be in this study if you do not want to be. Even if
you decide to be in this study, you can change your mind and stop at any time.

+ CONTACT INFORMATION: If you have any questions about your participation in
this study, you can call Igor Cerasa, MSc at (xxx)xxx-xxxX, or email igor_cerasa@brown.edu.
You can also contact his advisor John Friedman, PhD at (xxx)xxx-xxxx or email
john_friedman@brown.edu.

« YOUR RIGHTS: If you have questions about your rights as a research participant,
you can contact Brown University’s Human Research Protection Program at (xxx)xxx-
xxxx or email them at IRB@Brown.edu.

« CONSENT TO PARTICIPATE: Clicking the next button confirms that you have read
and understood the information in this document, are 21 years old or older and that
you agree to volunteer as a research participant for this study. You can print a copy
of this form.

Screening Questions

Please answer the following questions:

1. What type of device are you using?
[Phone/Tablet/Mobile Device; Laptop/Desktop; Other]

2. What is your age?
[Numerical Input]

3. What is your country of residence?
[France; Germany; UK; Unites States of America; None of the Above]

4. How often do you perform sport activities?
[Less than once per week; 1-2 times per week; 3 or more times per week]|

5. How much wine have you purchased within the past 30 days?
[None; 1-2 bottle; 3 or more bottles]

6. How often do you use food delivery apps (UberEats, GrubHub, etc.)?
[Less than once per week; 1-2 times per week; 3 or more times per week]

Background Questions

1. How do you identify yourself?
[Fluid/Genderfluid; Gender Non-Conforming/Genderqueer; Man; Non-Binary; Trans-
gender Man/Trans Man; Transgender Woman/Trans Woman; Woman; Not Listed/Prefer
to self describe; Prefer not to answer]

2. Self-described gender (if you selected "Prefer to self-describe" in the previous ques-
tion)
[String Input]
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3. What is the highest school degree you earned?
[High-school or less; Some college credits; Bachelor’s degree; Master’s degree or more;
Prefer not to answer|

4. In which ZIP code do you live?
[Numerical Input]

5. What is your best estimate of your annual household income?
[Less than 20,000; $20,001 - $50,000; $50,001 - $100,000; More than $100,000; Prefer not
to answer]

6. What is your occupation?
[Employed; Self-Employed; Unemployed; Retired; Student; Other; Prefer not to answer]|

7. How often do you drink wine?
[Regularly (more than twice per week); Occasionally (more than once per month);
Rarely (less than once per month); Prefer not to answer]|

8. How often do you purchase wine?
[Less than 1 bottle per week; 1-2 bottles per week; 3 or more bottles per week; Prefer not
to answer]

9. When making a decision on which wine to buy, what characteristics do you usually
consider? (select all that apply)
[Alcohol Level; Brand; Country; Label; Medals; Organic Wines; Price; Ratings; Region
(Appelation); Varietal; Vintage]

10. Where do you usually buy wine? (select all that apply)
[Liquor/Wine Store; Online Store; Supermarket; Wine Club; Other]

11. How often do you consult independent reviews (magazines, wine apps, blogs) before
purchasing a wine?
[Never; Sometimes; Often; Always; Prefer not to answer]

Completion Page

1. It is crucial for the quality of our research that we only include responses from
people who devoted their full attention to this study. Otherwise, years of effort
could be wasted. The answer to this question will not affect your compensation,
however, please indicate how much effort you put forth in completing this survey.
[No or almost no effort; Little Effort; Some Effort; A lot of effort; Prefer not to answer]|

2. Please add any comment or suggestion you would like to make in the text-box.
[String Input]
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1.C.2 Discrete Choice Exercise

Figure 1.C.7 provides an example for the discrete choice page.

Ficure 1.C.7. DiscRETE CHOICE INTERFACE

If these were the only options available, which wine would you choose?

Option 1 Option 2 Option 3 Option 4 Option 5 Option 6
Domaine | wouldn't
Aquinas, 2019 | Dubreuil Jean Balmont, Predator, 2018 Joseph buy any of
inas, i ; .
a uored 2018 Drouhin, 2019 | " Y
Fontaine, 2019 those.

Cabernet . . Cabernet Cabernet . .
. Pinot Noir . . Pinot Noir
Sauvignon Sauvignon Sauvignon
. . France . . France
California France California
$39.99 $19.99
$19.99 $24.99 $16.99

Expert Scores

Expert Scores

Expert Scores

Expert Scores

Expert Scores

20 95
Crowd Crowd Crowd Crowd Crowd
Reviews Reviews Reviews Reviews Reviews
3.5 4.0 4.5 3.5 4.0
5 reviews 93 reviews 107 reviews 106 reviews 993 reviews

Notes: The figure displays a screenshot of the virtual market in which individuals perform
the discrete choice experiment.

1.C.3 Definition of Wine Attributes

In this section we describe the procedure used to generate the wines available on the
virtual shelf.
Attributes are divided in two blocks: wine characteristics, and wine reviews.

Wine Characteristics. We obtained wine characteristics primarily from the scraped
wine seller data, which include name, year (vintage), color, varietal, origin, price. We se-
lected 200 wines, and for each of them we maintain this set of attributes constant through-
out the experiment. The algorithm used to make the selection followed several steps:
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1. We restricted the wine seller data as follows:

Vintage between 2016 and 2020
« Origin is either France or California
« Color is either red or white.

« Variety is either Cabernet Sauvignon (red), Pinot Noir (red), Chardonnay (white),
or Sauvignon Blanc (white)

« Price is between 10.00 and 40.00 dollars.
2. We randomly selected 25 wines for each variety X origin category.

3. We randomly assigned years to be either 2018, or 2019, with equal proportions by
variety.

4. We removed from the wine name any indication that may signal quality (e.g. “Gold
Collection”, “Special Selection”, etc.).

Wine Reviews. To maximize the variation of wine reviews, we drew them randomly,
in a way that resembles the distribution of the complete dataset. Table 1.C.8 shows the
value sets and the probability weights used. In addition, the sample size of crowd-based
reviews was perturbed by adding some noise, drawn uniformly from the set of integers
in the interval [-11, 10].

TaBLE 1.C.8
WINE REVIEWS

Attribute Values Set Probability Weights
Expert Scores Number {0,1,2,3} [4,4,2,1]
Expert Names {WS, JS,WE,RP,VI,DE, JD} [1,1,1,1,1,1,1]
Expert Values {80, 82, 85, 88, 89, 90, 91, 93,95} [2,3,4,4,4,3,3,2,1]
Crowd Based Score {2.5,3,3.5,4,4.5} [1,1,1,1,1]
Crowd Based Size {15,100, 1000} [1,1,1]

Markets. Each market was obtained in three steps:
1. We randomly drew a wine color, with equal probabilities.
2. We randomly drew five wines in the chosen color category.

3. We independently assigned wine reviews to each of the five wines.
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1.C.4 Survey Statistics and Quality Checks

Table 1.C.9 contains a summary of the survey completion codes. Table 1.C.10 shows a
balance table of the respondents demographics.

TaBLE 1.C.9
SURVEY COMPLETION SUMMARY

Survey Outcome Frequency Percent Cum. Percentage

Completed 1,173 43 43
Screened out 697 26 69
Quality fail 470 17 86
Incomplete 389 14 100
Total 2,729 100 100
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TaBLE 1.C.10
RESPONDENT DEMOGRAPHICS BY TREATMENT ASSIGNMENT

Treatment Assignment

No Censoring - No Censoring - Control - Full Information =~ Warning 1 Warning 2
Full Info Warning1 Warning?2

Observations 314 177 159 248 151 124
Female Share 061  (049) 051  (0.50) 047 (0.50) 0.59 049) 056 (0.50) 0.61  (0.49)
Age 56.49  (14.92) 57.16  (15.48) 57.77 (15.39) 5675  (14.85) 56.19 (14.63) 57.39 (14.70)
College Degree 064  (048) 058  (0.50) 058 (0.49) 0.62 0.49)  0.68 (0.47) 0.60  (0.49)
Household Income
Income below 20k$ 005  (0.21) 005  (0.22) 0.08 (0.27) 0.04 0.20)  0.04 (0.20) 0.06 (0.23)
Income between 20k$ and 50k$ 022  (041) 024  (043) 025 (044) 025 (043) 025 (043) 012 (0.33)
Income between 50k$ and 100k$ 0.41 (0.49) 0.40 (0.49) 034 (0.48) 0.38 (0.49) 039 (0.49) 050  (0.50)
Income above 100k$ 029 (045 030  (0.46) 029 (0.45) 0.30 (0.46) 030 (0.46) 030  (0.46)
Employment Status
Employed 040  (049) 045  (0.50) 0.42  (0.50) 0.42 0.49) 049  (0.50) 050  (0.50)
Self-Employed 010  (0.30) 0.05  (0.22) 0.0 (0.30) 0.09 0.29)  0.09 (0.28) 0.09 (0.29)
Unemployed 006  (0.23) 005  (0.22) 0.06 (0.23) 0.5 0.22) 005 (0.21) 0.05 (0.22)
Retired 038  (049) 041  (049) 036 (0.48) 038 0.49) 035 (048) 034 (0.48)
Student 000  (0.06) 0.02  (0.13) 001 (0.08) 0.01 (0.11)  0.00  (0.00) 0.01  (0.09)
Other 004  (0.21) 001  (0.11) 0.04 (0.21) 0.5 0.22) 002 (0.14) 0.02 (0.13)
Wine Consumption
Regularly (more than twice per week) 0.54 (0.50)  0.55 (0.50) 0.57 (0.50) 0.57 (0.50) 0.58 (0.50) 0.60 (0.49)
Occasionally (more than once per month)  0.44 (0.50) 0.44 (0.50) 0.40 (0.49) 0.40 (0.49) 039 (0.49) 036 (0.48)
Rarely (less than once per month) 0.02 (0.15)  0.02 (0.13)  0.03 (0.16) 0.03 (0.17)  0.03 (0.16) 0.02 (0.15)
Wine Purchase
Less than one bottle per week 0.55 (0.50)  0.51 (0.50) 0.48 (0.50) 0.48 (0.50) 0.50 (0.50) 0.48  (0.50)
1-2 bottles per week 033  (047) 034  (047) 037 (048) 038 (0.49) 036 (048) 033 (0.47)
3 or more bottles per week 010  (0.30) 0.3  (0.34) 013 (0.34) 0.14 (034) 014 (035 0.18 (0.38)
Wine App Utilization
Never 044  (0.50) 044  (0.50) 045 (0.50) 0.44 (0.50) 036 (0.48) 0.40  (0.49)
Sometimes 044  (0.50) 047  (0.50) 045 (0.50) 0.44 (0.50) 048 (0.50) 0.48  (0.50)
Often 007  (0.26) 007  (0.26) 0.07 (0.25) 0.08 (0.27) 013  (033) 010 (0.31)
Always 004  (0.21) 002 (015 003 (0.18) 0.3 (017) 002 (0.14) 001  (0.09)
Effort in Survey Completion
No or almost no effort 0.03 (0.18)  0.01 (0.11)  0.01  (0.08) 0.01 (0.09) 0.03 (0.18) 0.04 (0.20)
Little Effort 004  (0.18) 001  (0.08) 001 (0.11) 0.2 (0.14) 003 (0.16) 0.02 (0.13)
Some Effort 022  (041) 022  (042) 020 (0.40) 0.7 038) 022 (041) 017 (0.38)
A lot of effort 070  (0.46) 076  (043) 077 (0.42) 0.80 0.40) 072 (045) 077  (0.43)

Notes: Table contains the mean and standard deviation (in parentheses) of the demographic variables collected during the survey, by treatment assignment.
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CHAPTER 2

YOUR LI1FE, YOUR MONEY, OR YOUR
VOTE? TRAFFIC ENFORCEMENT, ROAD
SAFETY AND LocAL BUDGETS

2.1 INTRODUCTION

Injuries related to road accidents are the world’s leading cause of death for children and
young adults, and the eighth overall cause of death (World Health Organization, 2018).
Casualties are particularly severe in low and middle income countries, where the use of
motorized vehicles is increasing over time without adequate traffic regulation. This issue
is also critical in advanced countries: the National Highway Traffic Safety Administration
(NHTSA) reports that in 2010 the total cost of motor vehicle crashes in the United States
was $242 billion, and as high as $836 billion when adjusting for quality-of-life valuations
(Blincoe et al., 2015).

Among existing remedies, safety measures and traffic enforcement are important tools
available to policy makers as a way to mitigate this problem. A well established literature
details the effectiveness of various safety measures including the use of seat belts (Cohen
and Einav, 2003), implementation of point-system driving licenses (Bourgeon and Picard,
2007; De Paola, Scoppa and Falcone, 2013), texting bans (Abouk and Adams, 2013), and
policies on drinking and driving (Levitt and Porter, 2001b; Adams and Cotti, 2008). How-
ever, despite a vast body of anecdotal evidence and media reports, the causal literature on

the relation between traffic enforcement and road safety is rather scarce and scattered. A
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few papers have analyzed developing countries (Law, Noland and Evans, 2009), investigat-
ing the role of political institutions and corruption (Anbarci, Escaleras and Register, 2006;
Albalate and Yarygina, 2017). In the United States, traffic enforcement has been studied
in only a handful of states and in very specific contexts, due to the limitations that the
heterogeneous regulations impose on across-states comparisons. Moreover, evident en-
dogeneity concerns warrant against a mere cross-sectional comparison to identify causal
relations, given that stricter traffic enforcement can easily arise as a reaction to worsening
road safety conditions. A first attempt to circumvent the problem, by Garrett and Wagner
(2009), relies on panel data from North Carolina counties, and shows that counties tend to
increase traffic tickets in years following a decline in revenues, but not the opposite. Using
data from Massachusetts, Makowsky and Stratmann (2009) demonstrate that officers are
more likely to impose traffic fines in municipalities where voters rejected a referendum to
temporarily increase the property tax, although their results seem to be valid only when
the driver is from out of town. In a subsequent paper, they show that more fines lead to
reduced crashes (Makowsky and Stratmann, 2011). More recently, DeAngelo and Hansen
(2014) exploit a mass layoff of Oregon State Police, and find that the subsequent decrease
in traffic enforcement was associated with a significant increase in injuries and fatalities.

The aim of this paper is to study the interaction between local government and road
safety policies within a homogeneous institutional framework. While politicians seek
votes from both safe and reckless drivers, they also prefer a safe traffic environment,
therefore generating a tradeoff on at least two levels. First, a strict enforcement can be
costly in electoral times, which is in contrast with career concerns. On the other hand,
demonstrating a stronger commitment to road safety might be desirable to voters, sug-
gesting an increase —rather than a decrease— in enforcement during elections. Second,
tools that are effective in saving lives may not necessarily be the same that raise revenues
efficiently and in a profitable way, repaying the fixed costs incurred to introduce them.

An ideal policy —under perfect compliance— would reduce accident casualties without im-
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posing traffic fines. However, revenues raised through them are a non-trivial component
of local budgets, and an important one, given the difficulties that local governments have
in financing a deficit. Policy makers may therefore rely on additional fines in order to
compensate for unexpected financial shortfalls.

I make use of two separate quasi-natural experiments in Italy to address potential
endogeneity problems and provide evidence that both a political and a budget motive
play distinct roles in shaping traffic enforcement policies. I show two sets of results: first
—consistent with the findings of Garrett and Wagner (2009) and Makowsky and Stratmann
(2009)- mayors increase traffic fines to make up for reduced revenues. Second, I present
evidence that mayors reduce enforcement in electoral years, which is consistent with the
notion that strict enforcement is costly in electoral times.

In the first exercise, I exploit a large fiscal consolidation in Italy after the 2010 sovereign
debt crisis which resulted in a substantial reduction of transfers from the central govern-
ment to local entities (a 15 percent reduction in 2013), placing budgets under strong fiscal
pressure. Using a regression discontinuity approach I provide evidence that municipali-
ties reacted by increasing traffic fines in order to maintain the same level of expenditures.
Estimates show that affected towns raised revenues from fines by more than 4 euros per
capita in 2013, roughly a 35 percent increase, corresponding to approximately one third
of the reduction in transfers. Moreover, the results are larger for municipalities that had
high local taxes to begin with, making it difficult to increase them further.

Contrary to the previous literature (e.g. Makowsky and Stratmann, 2011) I find very
weak evidence that additional traffic fines had a positive impact on road safety. While the
estimates are not very precise, I find an imprecisely estimated increase in the injury rate
in years 2013 and 2014, although I cannot exclude that this is due to a spurious correlation,
mean reversion or a lack of power of this experiment. Still, the lack of significant results
is consistent with the idea that, in that circumstance, improving safety conditions was not

a major motivation of increasing traffic enforcement.
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In the second exercise, I exploit variation in municipal election dates for the period
2002-2013 and provide evidence that there exists an electoral cycle of traffic enforcement.
Estimates show that, during electoral years, traffic fines imposed are roughly 60 cents
lower, a 5 percent reduction relative to non electoral years, and that actual money col-
lection is likewise less efficient, with more than 6 percent reduction. In addition, reduced
form estimates show a significant worsening of road safety, with an increase in both acci-
dents and injured people. Election years are associated with 0.04 more accidents per one
thousand inhabitants and 0.05 more injured, a 1.9 and 1.6 percent increase respectively,
while no significant effect is observed on the number of casualties. While justifying an
exclusion restriction in this context is not an immediate task, I also provide some arguably
causal estimates on the impact of traffic fines on road safety. Conservative estimates, ro-
bust to weak instrument bias, show that doubling traffic fines (an increase of about ten
dollars) would reduce the accident rate by 0.3 per one thousand inhabitants, a 16 percent
reduction. Unfortunately, data availability does not allow me to directly investigate what
type of fines are used, and so I cannot investigate which enforcement tools are likely to
be most effective in reducing accidents.

My paper relates to several strands of literature on the interaction between central and
local governments in funding public expenditures and the determinants of traffic fines.
To the best of my knowledge, this is the first paper establishing a budget motive in the
context of a European country. Related to my work is the study by Marattin, Nannicini and
Porcelli (2019), who investigate the same fiscal consolidation and show that a reduction
in transfers to local governments resulted in an increase in taxes and fees rather than a
reduction in expenditures. In addition, my study of a political motive investigates the role
of strategic behavior of politicians in an electoral cycle. As pointed out by Dubois (2016)
in his extensive review of the literature, nearly any public policy topic has been analyzed
under the lens of a political business cycle, following Nordhaus (1975)’s seminal work on

the subject. This work is no exception, and it is closely linked to a previous study by
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Bracco (2018), who uses a panel of Italian budget data to show that traffic fines are lower
in municipalities during an election campaign, to which my results are comparable. This
paper is also linked to a recent study byBertoli and Grembi (2018), who investigate the
impact of elections on traffic fines and road safety in two Italian regions: Lombardia and
Veneto. Their analysis benefits from more detailed data on the type of fines, but comes
at the cost of reducing geographical variation. In particular, the sample they analyze
focuses on two of the richest regions in the North, with large social capital (Nannicini
etal., 2013). Not surprisingly, my results show a larger reduction of traffic fines in electoral
years, indicating that the electoral cycle is stronger in areas of the country more prone to
political clientelism and corruption.

The remainder of this paper is as follows: Section 2.2 describes the institutional back-
ground and the relevant policy, in Section 2.3 I introduce the data, Section 2.4 presents

the main empirical model, Section 2.5 reports the main results and Section 2.6 concludes.

2.2 INSTITUTIONAL BACKGROUND

The focus of my analysis are municipalities in Italy. Italy is historically a country char-
acterized by great administrative fragmentation, and is divided into 20 different regions,
107 provinces and metropolitan cities, and 7,904 comuni. The municipality (comune) is the
smallest autonomous unit, and provides essential services including nurseries, childcare,
education-related services (such as meal provision and transportation), waste manage-
ment, social services to elderly and disabled persons, local police and public order, main-
tenance of local roads and traffic enforcement, town planning, culture, recreation, and
economic development. Municipalities manage roughly 6.8% of current public expendi-
tures and raise revenues from different sources. Until 2014, about half of their current
expenditures were financed by horizontal equalization grants, which are allocated using
a historical expenditure system, and the remaining expenditures were financed through a

system of local taxes and fees. A residual source of funding exists in the form of specific
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earmarked grants that target municipality-specific needs. Among the broad category of
fees is a unique subcategory which includes traffic fines. Public safety within the bor-
ders of the municipality is mainly provided by the municipal police (polizia municipale),
who are responsible for the enforcement of traffic laws and public order. Additional sup-
port, mostly in larger cities, is entrusted to national police bodies, and revenues from
fines are collected by the central government, therefore they do not appear in my data.
Revenues collected from fines contribute to the total budget, although a provision exists
which requires half of these revenues be devoted to specific goals (e.g. road maintenance
or improvement). This could provide an alternative channel that may explain why an
increase in enforcement may improve road safety.

According to the Italian Constitution, all local governments are subject to a balanced-
budget rule and a “Domestic Stability Pact” (DSP), which imposes a ceiling on the size of
fiscal gap. Towns below 5,000 inhabitants were exempted from the DSP until 2013. This
policy — time-invariant for most of the period I study— may present as an additional con-
founding element in the analysis of the 2014 budget, hence it will be discussed to a greater
extent in Section 2.4. While some regions enjoy a special type of legislative autonomy, I
will center my attention the the normal-statute ones, the majority of which are regulated
by the national law and account for 83 percent of the municipalities, or 85 percent of
the total population. Administrative fragmentation is paired with town size heterogene-
ity, with an average population of 7,345 inhabitants according to the latest census (ISTAT,
2011), and about half of the population living in municipalities with less than 20,000 inhab-
itants. Most of the municipalities, about 85 percent, have a population smaller than 10,000
inhabitants, and only six have more than 500,000 inhabitants. Population is an important
characteristics as several policies change discontinuously at given thresholds, such as the
size of elective bodies, the aforementioned DSP and a number of policies concerning local
governments that I will outline in Section 2.2.2. This feature has been widely exploited

in the literature (see Eggers et al., 2018) and will be the main source of identification to
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understand the impact of the fiscal consolidation.

2.2.1 Fiscal Consolidation

The main identification strategy to investigate a budget motive comes from a substan-
tial fiscal consolidation that the central government undertook in the 2010-2015 period,
after the spread of a sovereign debt crisis in several European countries. A series of con-
tractionary measures were taken to slow down the increase in debt-to-GDP ratio, call-
ing for a deficit reduction from 5.3% of the GDP in 2009 to 2.1% in 2018. This was done
through a series of interventions, sometimes more than once per year. About one third of
the reduction in expenditures (€8.6 billion out of the total €25.1 billion) was obtained by
cutting transfers to municipal governments.! This policy, combined with the balanced-
budget constraint, placed local governments under financial pressure: on average, cuts
represented a 16 percent reduction in current expenditures and a 33 percent decrease of
capital investments. Importantly, municipalities below 5,000 inhabitants were exempted
from one important round of cuts, a €2.5 billion reduction enacted in 2010 (Law Decree
78/2010) and implemented over the following years. Additionally, towns affected by the
earthquakes benefited from some exemptions. The discontinuity at 5,000 inhabitants will
provide a strong identification strategy for the local effect, with a few caveats discussed in
Section 2.4. Overall —as shown in Marattin, Nannicini and Porcelli (2019)- the downward
trend followed by government grants was much steeper than the contraction in expendi-
tures, suggesting that the fiscal adjustment involved an increase in alternative sources of

revenues.

'Tt is beyond the scope of this paper to provide a detailed description of each law establishing transfers
cuts, given that in our data we only observe the amount of transfers at the end of each year. Generally,
these type of intervention indicates a total amount of budget reduction, to be distributed proportionally
between municipalities based on their population. Marattin, Nannicini and Porcelli (2019) identify six
rounds of transfer cuts, affecting years 2009 to 2015.
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2.2.2 Local Government

Italian municipalities are governed by three bodies: a mayor (sindaco), an executive com-
mittee (giunta comunale) and a city council (consiglio comunale). The executive committee,
composed of 2 to 12 members depending on population, is appointed by the mayor and
conducts the everyday business of the municipality, making decisions under a simple ma-
jority rule. The mayor, with the help of the executive committee, directs and oversees the
activities of the local police, whose members are employed by the municipality. Neither
the mayor nor the executive committee has any degree of influence on other police forces,
such as the national police force. This is an important feature, given that the strictness of
enforcement can be varied quickly as conditions change. The city council (10 to 64 mem-
bers) is mainly responsible for the approval of the yearly budget, and it convenes only a
few times a year in small municipalities.

Since 1993, mayors are directly elected and serve for a 5-year term (since 2001, it was
4-year before), facing a 2-term limit, increased to 3 for towns below 3,000 inhabitants.
Depending on the population, the electoral law may prescribe a single-round plurality
(below 15,000) or a runoff system. In both cases, the winning candidate obtains a major-
ity in the council that should allow for a frictionless governing body. Despite a standard
term of 5 years, local government may come to an early dissolution for a variety of rea-
sons (death, resignation, criminal convictions, among the others), and in that case new
elections are held, most often between April and June. For this reason, elections are held

in a staggered way, with only a fraction of the municipalities having elections each year.

2.3 DAta

I gather together data at the municipality level from a variety of administrative sources.
For the fiscal consolidation analysis, I restrict the sample to municipalities between 1,000

and 10,000 inhabitants, to ensure comparability between the treatment and control group.
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I also exclude towns in the five special autonomy regions, and those affected by the 2009
and 2012 earthquakes (which were exempt from several cuts). This leaves 6,504 observa-
tion each year. Summary statistics of the main variables used in the analysis are contained
in Table 2.1. For each variable I keep all the non missing observations, which means the
sample will be slightly unbalanced depending on the specification, given the different

availability of data from different sources.

Budget Data. Information on municipal finances come from the official budget ac-
counts, submitted every year to the Italian Ministry of the Interior. Coverage spans be-
tween 2009 and 2014, the period immediately before and after the policy implementation
and when other confounding policies are generally constant over time. These official bud-
get accounts include data on both revenues and expenditures, disaggregated by source
and accounting basis; in particular, it contains the accrual amount (amount issued in each
year) and the cased amount (the sum actually obtained). The main focus of attention is a
specific type of fee, that falls under the heading “Local Police — Fines related to the Road
Traffic Act”, and track all sorts of traffic related fines, including speeding fines, red light
cameras and restricted zone violations. Unfortunately, the data do not provide more spe-
cific information on the type of fine, and this would require collecting it individually. On
average, municipalities raise about 11 euros per capita in traffic fines, slightly less that
1 percent of the total revenues. Of this amount, almost 80 percent is also cashed every
year. I show in Section 2.5.2 that the collection ratio — calculated as fines cashed over fines

imposed - is another dimension on which the electoral cycle has an impact.

Car Accidents Data. To provide measures of road safety, I obtained data on the uni-
verse of severe car accidents, collected from the main Italian statistical authority, the Na-
tional Institute of Statistics (ISTAT-Eurostat), and aggregated at the municipality level.
It provides the dates and locations of accidents with at least one injured individual, and

thus represents only a subset of all the accidents occurring in Italy in the covered period
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(2002-2014), but also the most relevant to our analysis.2 From that, I construct three main
outcomes of interest: the accident rate (number of accidents per 1,000 inhabitants), the in-
jury rate and a death rate, both of which are constructed in a similar way to the accident
rate. Additional information, such as the type of accidents, are not always available, es-
pecially at the beginning of the period, and would result in the loss of most observations,
therefore I will not employ them. Over the years considered, there are on average 1.9
severe accidents for every 1,000 inhabitants, with a significant decreasing time trend for
all the measures considered, as depicted in Figure 2.1. In particular, the death rate almost

halved in the 10 years between 2002 and 2012.

Electoral Data. Political and electoral data were collected from the Italian Ministry of
the Interior and contains information about election years, results and individual charac-
teristics of the elected mayor, including ideology and the victory margin of the election.
As shown in the last rows of Table 2.1, political ideology plays a weaker role in small
municipalities, where most candidates, despite being backed by large parties, participate
in the competition under personal lists. The main explanatory variable in the electoral
motive is a dummy equal to one if a local election is held in a specific municipality. The
margin of victory is an important control variable, as it is a strong predictor of electoral

competition, hence an increase in the incentives to please voters.

Additional Data at the Municipality Level. I complement the previous data with
additional information at the municipality level, which comes from the National Institute
of Statistics. Some of them are time invariant, mostly geographical variables; some vary
over time, such as the age structure of the population, average income and average house
market value. These variables will be used as controls in order to improve precision and

as a robustness check, although they are not strictly required for identification in the

?Based on their sample, Bertoli and Grembi (2018) claim that accidents with no injuries account for 44%
of the total accidents happening in one year, although their estimates are likely to overlook even smaller
crashes that go unreported.
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regression discontinuity design.

2.4 EMPIRICAL STRATEGY

The goal of this paper is twofold: to providence evidence that both a budgetary and
an electoral motive affect traffic enforcement, which is done by exploiting two different

econometric designs, best suitable to circumvent the relevant endogeneity issues.

2.4.1 Budget Motive

As briefly discussed in Section 2.2.1, some of the laws establishing transfer cuts present
a sharp discontinuity, completely exempting municipalities below 5,000 inhabitants. This
creates the perfect environment for a regression discontinuity design.> Using population
thresholds as an identification tool has undeniable benefits, and has been widely used
in the literature to estimate the impact of a multitude of policies,* but it necessitates a
careful design to address potential pitfalls (Eggers et al., 2018). The main assumptions for
a sharp cross-sectional regression discontinuity to provide unbiased causal estimates are:
(1) that the conditional distribution functions are continuous around the threshold; (2)
the absence of contemporaneous policy changes; and (3) that municipalities are not able
to manipulate the threshold. In particular, assumption (2) is not satisfied in this context,
since the fiscal consolidation is not the only policy changing at the threshold, but so does
the salary of the mayor and — until 2013 - the absence of a Domestic Stability Pact. Both
factors have the potential to affect traffic fines and road safety, given that a higher salary
may attract better politicians (Gagliarducci and Nannicini, 2013a) and the DSP represents
an additional fiscal constraint by removing the possibility to run a budget deficit. I address

the potential bias in several ways using two main approaches.

3See Thistlethwaite and Campbell (19604) for a pioneering paper, and Imbens and Lemieux (2008b) for a
comprehensive theoretical and practical review of the methodology.

*These include evaluating gender quotas Casas-Arce and Saiz (2015); Campa and Bagues (2017), electoral
rules Fujiwara et al. (2011); Hopkins (2011a), fiscal transfers Brollo et al. (2013a); Eggers et al. (2018).
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RD over time. The budget data spans over the period before and after the fiscal contrac-
tion is implemented, and the confounding policies are constant over the period 2009-2013.
By observing the cross-sectional discontinuity over time we can easily detect whether any
confounding factor is present absent the policy of interest. I will show that the impact
of confounders is negligible, hence cross-sectional discontinuitiy estimates can be inter-
preted causally. Adding year 2014 in the estimation requires a discussion of the effect that
the introduction of the DSP has on small municipalities, because this is a confounding
treatment that is not taken care of by the panel structure of the data. However, it repre-
sents a budget tightening in the control group, which would induce —if any— a downward
bias in my estimate, by providing non treated municipalities an additional incentive to
raise revenues through traffic fines. I therefore argue that RD estimates for year 2014
provide a lower bound of the causal effect of the policy.

Practically, estimation is conducted following Fan and Gijbels (1996a) and Imbens and
Lemieux (2008a), using local polynomial regressions. The sample is restricted to mu-
nicipalities between 1,000 and 10,000 inhabitants, to ensure comparability, and the ob-
servations are further limited using the MSE optimal bandwidth selector proposed by
Calonico, Cattaneo and Titiunik (2014b). For an optimally chosen neighborhood h around
the threshold, on each year t € [2009, 2014], I estimate the following equation:

p p
Yie = At + Z (ﬁktﬁlkt) + T Z (thﬁl-];) + S;Xit + € (2.1)
k=0 k=0

where Yj; denotes the outcome (e.g. traffic fines issued, road accidents), T;; is a dummy
equal to 1 for municipalities above 5,000 inhabitants, P is the municipality population
normalized at the threshold, A; is a time fixed effect (a constant for each year), €;; is the
error term, and Yy, is the coefficient of interest, representing the impact of a tighter bud-
get. X, a vector of controls, is not required for identification but can help in reducing
small sample bias and improve the precision of the estimates. It is also used to provide

robustness checks on the baseline results.
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Difference in Discontinuity. To provide a more formal control for unobserved and
confounding factors, I also adopt a difference-in-discontinuities approach (Grembi, Nan-
nicini and Troiano, 2016a) that provides a neat treatment of time-invariant differences
in a two-period setting. Under the assumption that: (1) the confounding discontinuity is
constant over time, and (2) it is the same with and without treatment (i.e. the local par-
allel trends assumption in Eggers et al., 2018 is met), the average treatment effect at the
threshold can be estimated with the following equation:

p p
f’it =M+ Z (ﬁktﬁlkt) + T Z (}’ktﬁikt) + 6; Xit + €3t (2.2)
k=0 k=0
where Y;; = Y;; — Y;-, and t* denotes a baseline year in the pre-policy period. In the two-
period scenario this is unique, but in my case several periods are observed before policy
implementation. For robustness, I use years 2009, 2010, 2011 and the 2009-2010 average
as alternative baseline measures in the subsequent analysis, although results are largely

unaffected by the baseline choice, given the negligible impact of confounding policies.

Validity Tests. In both approaches, the regression discontinuity and the difference in
discontinuity, I will present a variety of validity tests to provide a stronger case for causal
interpretation. Specifically, I report in the Appendix results from a standard event study
analysis in a suitable restricted sample, and evaluate the sensitivity of results to different
bandwidths. In Section 2.5.3, I present a local balance table for observable characteristics
of the municipalities, and test for manipulation of the running variable following Mc-

Crary, 2008a.

2.4.2 Political Motive

In the second part of this paper, I exploit the variation in local election dates to provide
evidence on the existence of a political motive in traffic enforcement. Figure 2.2 shows

the number of elections held every year. with a clear concentration on specific years. It
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is important to stress — though - that the reason why some municipalities had them on
different dates can have several explanations. Sometimes they date back to the very first
democratic election held in 1946, or are just the legacy of random events from the past.
Therefore, it is very unlikely they are systematically different with respect to unobservable
characteristics.

My estimation strategy follows the standard approach in the literature, that is an OLS
model with fixed effects and an election year dummy (Levitt, 1997; Shi and Svensson, 2006;
Cole, 2009; Baskaran, Min and Uppal, 2015; Bee and Moulton, 2015a; Alesina and Paradisi,
2017; Bracco, 2018)

where each observation is a municipality, A; a year fixed effect, @), a province fixed effect,
EYiy; is a dummy for an election year and Yj; is the outcome of interest. The strategy is
similar to that used by Bertoli and Grembi (2018) for a sample of municipalities in two
Italian regions. I also provide a two stage least square estimation where measures of road
safety are regressed on the amount of traffic fines, instrumented using the election year
dummy. In order for the instrumental variable approach to provide meaningful results,
relevance of the instrument and the exclusion restriction have to be satisfied. As to the
relevance of my instrument, I provide results from the first stage, and compute the weak-
instrument robust confidence interval following (Andrews, Stock and Sun, 2019). As to
the exclusion restriction, the instrument would be invalid if elections affect road safety in
ways different than traffic enforcement, for example through a reduction in infrastructure
maintenance. However, during an electoral campaign, incumbent mayors are more, not
less, likely to invest in public safety (Levitt, 1997). I find therefore that the only reason why
electoral campaigns may negatively affect safety, is through unforeseen and unwanted
consequences of policy aimed at pleasing voters, and that the exclusion restriction is likely

to be satisfied given this context.
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2.5 REsuULTS

In this section I provide the main results and a discussion of them in two separate sub-
sections, the first regarding the fiscal consolidation, and the second focusing on election

years.

2.5.1 Fiscal Consolidation

Figure 2.3 provides a description of the policy variable, that is the amount of grants trans-
ferred each year from the central government to the municipalities. Values are larger, in
per capita terms, for small towns reflecting the presence of fixed costs and economies of
scale, but are in general flat as population increases. Another noteworthy feature is the
substantial heterogeneity between municipalities with similar populations. This happens
because the total amount observed in the budget data represent the sum from all sources of
revenues, including earmarked funds. Nevertheless, it can be clearly seen that, starting in
2011, a discontinuity arises between observations below and above the relevant threshold.
Appendix Figure 2.A.1 reports the same graphs, using variables that differ with respect
to 2010 values. It shows that while grants went down for every municipality, the effect is

larger for the treated municipalities starting in 2011.

Government Transfers. Figure 2.4 contains the first stage result of the fiscal consolida-
tion, a measure of the discontinuity in government transfers over time. Figure 2.4a reports
the cross section RD coefficients at the 5,000 inhabitant threshold over time. Figures 2.4b
to 2.4d graph the difference-in-discontinuity coefficient. It is evident that municipalities
right above the threshold receive less money starting in 2011, and that the difference is
highly significant in 2013. However, the result is not as sharp as we would have imagined
by looking at the design of the policy. In particular, it appears that several treated towns

had the opportunity to, at least partially, compensate the budget contraction with alter-
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native grants. This reduces the power of my instrument, although it is still significant.
Table 2.2 lists the coeflicients for each specification, showing that treated municipalities
had an additional transfer reduction of about 25 euro per capita in 2012, and 30 euro in
2013 terms, a 13 percent decrease in both cases. Comparing the four different estima-
tion procedures, difference-in-discontinuity estimates are never significantly different for
cross-sectional results, although the point estimates are larger. This suggests that unob-
served cross-sectional differences, while introducing noise to the data, do not induce a
substantial bias in the results.

The appendix reports some robustness checks, with the implementation of alterna-
tive estimation strategies. Appendix Table 2.A.2 provides detailed estimates for several
specifications, and coefficients are pictured in Appendix Figure 2.A.2. Appendix Figures
2.A.4a and 2.A.4b contain difference-in-difference estimates, restricting the sample to a
symmetric bandwidth of 1,000 inhabitants. Appendix Figures 2.A.4c and 2.A.4d display
results from a local polynomial regression on the same subsample estimated using 2.1. It
fits a second degree polynomial in population on both sides of the threshold. Results used
for the graphs are presented in Appendix Table 2.A.1. As an additional robustness check,
Appendix Figure 2.A.3 provides a measure of the sensitivity of the estimates as the band-
width varies, for the diff-in-diff and LPR specifications. Overall, results are consistent and

not too sensitive to small changes in the sample.’

Traffic Fines. Having established that the policy provides a significant first stage, I
now turn to the reduced form analysis of its impact on traffic fines. Figure 2.5 contains
a graphical representation of the main results, and more details are reported in Table 2.3.
First, it is fair to say that precision is sometimes an issue, and despite similar pre-trend
coefficients, the cross-sectional RD presents larger point estimates than the difference-

in-discontinuity approach. Nevertheless, there is a clear increasing trend after the fiscal

>Due to the availability period of some variables, 2014 is omitted from the specifications with additional
controls.
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consolidation is implemented, and the difference between treatment and control munici-
palities becomes significant in 2013 and 2014. Diff-in-discontinuity results are about half
the size of the cross-sectional coefficients, roughly 4 euro per capita in 2013, and 6.5 euro
per capita in 2014. This represents an almost 50 and 80 percent increase, respectively,
over the control group mean. Put it in a different way, the average increase in traffic fines
in treated municipalities was roughly 10 percent of the budget reduction in 2013, and 60
percent in 2014.

Appendix Figure 2.A.4 provides results for alternative specifications, as does Appendix
Table 2.A.2. Estimates from the difference-in-difference estimator show no sign of discon-
tinuity, suggesting that the effect is indeed local, and that controlling for the distance from
the threshold is crucial for identification. In the appendix, I also look at the intensity of
money collection, evaluating the impact of fiscal contraction on the collection ratio vari-
able. Results are displayed in Appendix Figure 2.A.5, and reported in Appendix Table
2.A.3. Tt appears that the policy did not induce any significant change in the collection
policy of the municipalities, and that most of the additional revenues came from newly
issued fines.

The imprecise effect measured in some of the specifications may have several explana-
tions. One possibility is the weakness of the instrument, which was previously discussed
in the preceding paragraph, but it may also mask significant heterogeneity between mu-
nicipalities. In particular, I show some suggestive evidence that traffic fine are used as a
residual source of revenues to maintain the pre-policy level of current expenditure. Figure
2.6, and Table 2.4 present discontinuity estimates on the total current expenditures, show-
ing an increase in per capita expenditures after the policy implementation. This could, in
principle, be a consequence of the budget contraction. In fact, politicians may have some
incentive to introduce additional sources of revenues (such as fines or increases in taxa-
tion), but when they are forced to do that because of the exogenous budget contraction,

they also collect more money than expected. It would be especially true if the increase in
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funds comes from fixed investments, like the introduction of new speed cameras or red
light cameras. In addition to small changes in expenditures, municipalities with similar
population differ quite a bit in terms of local taxation, in particular with respect to the
Income Tax Surcharge Rate, that varies from 0 to 0.8 percent, the maximum allowed by
law. Figure 2.7 provides a distribution of the Surcharge Rate in 2010, for municipalities
between 1,000 and 10,000 inhabitants. It shows that a quarter of the municipalities had a
0 local surcharge rate, but more than half were already above 0.4. Having a large Income
Tax Rate in the pre-policy period means being constrained on that particular instrument,
and having to rely on alternative tools in the aftermath of the fiscal consolidation. In
Figure 2.8 I display estimates from the discontinuity design for subgroups of municipali-
ties based on the pre-policy tax rate, and report details in Table 2.5. Towns with a value
larger than 0.5 in 2010 are in the top 25 percent, 0.6 in the top 20 percent, and 0.7 in the
top 10 percent. Despite the reduced precision due to sample size, it is evident that fis-
cally constrained towns relied more heavily on additional traffic fines, especially in 2014,
where towns in the top 20 percent of the surcharge distribution raised fines by 50 euro
per capita, a 6-fold increase with respect to comparable control group towns.® Overall,
this result provides additional evidence that traffic fines are indeed intended as a residual

source of revenues when other tools are not feasible.

Road Safety. The subsequent step is to evaluate the reduced form impact of the pol-
icy on road safety measures. Graphical results are presented in Figure 2.9, with addi-
tional details in Table 2.6. These results present regression discontinuity and difference-
in-discontinuity estimates for the accident rate (per 1,000 inhabitants), the injury rate and
the death rate. The effects estimated are very noisy, with large standard errors and shifting

signs between 2012 and 2013. In particular, a spike in the death rate in 2012 is particu-

A word of caution on this results is needed. The optimal bandwidth estimator for the top 20 and 10 percent
restrict sample size to a very narrow neighborhood around the threshold, meaning that the coefficient
is very sensitive to outliers. Expanding the band a little further bring the point estimate down to values
comparable to 2013.
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larly difficult to explain. Overall, it is troublesome to interpret the reduced form results,
and we do not observe the significant and robust positive effects reported, for example,
in Makowsky and Stratmann (2011). On the contrary, results from the reduced form are
not encouraging and they seem to show that increasing traffic fines had a negative ef-
fect on road safety. This is true if, for example, tools that are more efficient in raising
revenues (e.g. red light or speed cameras) have also drawbacks such as drivers breaking
abruptly to avoid the fine.” Insofar as compliance to regulation is imperfect, we can use
treatment status to isolate an exogenous variation in traffic fines, and estimate its impact
on road safety. One possible concern is that the fiscal consolidation violates the exclusion
restriction, that is it has an impact on accidents through channels different from traffic
fines, e.g. by reducing the fiscal capacity of the municipality, hence investment in the
road infrastructure. However, as I have already shown in Figure 2.6, there is no evidence
of changes in overall spending after the policy implementation. A second concern is the
strength of the instrument, in particular with respect to the staggered phase in of the pol-
icy described in Figure 2.4. As Figure 2.5 shows, the impact of the fiscal consolidation on
traffic fine is gradual and never very strong, making the instrumental variable approach
very prone to bias. I performed weak instrument robust inference using the Anderson
and Rubin (1949) test presented in Andrews, Stock and Sun (2019), and could not reject a

confidence interval equal to the real line. Results were therefore omitted.

2.5.2 Electoral Cycle

The second experiment of my analysis investigates the presence and effect of an electoral
cycle in traffic enforcement. Table 2.7 provides results from equation (2.3) on two differ-

ent sets of outcomes. In Panel A the dependent variables are measures related to traffic

7 A summary made by Li, Graham and Majumdar (2013) suggests this is not true, and that on average speed
camera tend to reduce car crashes. However, endogeneity of the location is likely to play a substantial
role, possibly overlooked by the literature, a have a strong interaction with the policy makers interests.
Depending on the main short run goals, cameras can be placed in areas where they save most lives or in
areas where they raises most revenues.
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enforcement: traffic fines imposed, traffic fines cashed and the collection ratio. The full
specification of column (3) shows that in an electoral year there is a 0.6 euro reduction in
traffic fines per capita imposed, equivalent to about a 5 percent decrease with respect to
the average during non election years. A similar picture is present in column (6) where
the effect is measured with respect to the money actually collected. It shows a 6 per-
cent reduction, similar to the reduction in column (9), where the ratio between the two
is used. It seems that the collection channel is more significant, in line with the results
in Bracco (2018) and Bertoli and Grembi (2018), and that non cashed fines play a major
role in driving down revenues. In Panel B, I study the reduced form impact of elections
on accident rates and injuries, finding again meaningful and significant results. In elec-
toral years there are about 0.04 more accidents per 1,000 inhabitants, that is a 1.9 percent
increase in the accident rate, and a 1.6 percent increase in the injury rate. On the other
hand, no effect on the number of deaths, or the death rate, is detected.

A likely interpretation of these results is that a generalized mitigation of traffic en-
forcement, justified by political reasons, can induce welfare costs in terms of road safety.
It is beyond the scope of this paper to investigate what is the optimal level of enforce-
ment, but this paper does attempt to provide a measure of how it affects road safety. As
discussed in Section 2.5.1, a suitable instrument for a change in traffic fines can be useful
in this context, and I am confident that a dummy for local elections can be such an instru-
ment. Panel A of Table 2.8 displays results for several two stage least squares estimation,
where the amount of traffic fines is instrumented using the election year dummy. In Panel
B, I also report some first stage diagnostics, in particular the Kleibergen and Paap (2006)
and Montiel Olea and Pflueger (2013) robust F-tests to detect weak instruments. Given
the low values, I also compute the Anderson and Rubin (1949) weak-instrument robust
confidence intervals as suggested in Andrews, Stock and Sun (2019). Robust estimates
reduce the amount of information that we can get, but confirm the sign of the effect in

most specifications, without ruling out the possibility that magnitudes are even larger. A
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conservative lower bound of the magnitude, for both accident and injury rate, show that
a euro per capita decrease in the fines imposed increases the accidents and injury rate by
at least 0.035 per 1,000 inhabitants, representing a 16 percent increase. This result is quite
substantial, although we should be cautious in extrapolation because these types of effects
are very likely to be non-linear. In addition, the interpretation is made more difficult by
the fact that we do not observe what type of fines are lowered during electoral years, nor
can we compare this experiment to the fiscal consolidation presented before. Neverthe-
less, we can at least speculate that the different effects on road safety can be attributed to
different enforcement tools that are affected, and that obtaining this data could provide a

valuable addition to the analysis presented in this paper.

2.5.3 Validity Tests

Although the assumptions associated with the validity of a regression discontinuity ap-
proach cannot be directly tested, I can provide some justification on why I believe they
are satisfied. Table 2.9 presents the RD equivalent of a balance table, where I evaluate the
presence of a discontinuity in a number of control variables. However, note that under
the assumptions of the difference-in-discontinuity we do not require the absence of a dis-
continuity, but it is enough that they are constant over the period analyzed. This is what
happens in Table 2.9, where the point estimate is roughly equal over the different years
examined.

An additional assumption, is that municipalities are not able to sort themselves on a
particular side of the threshold, generating a discontinuity in the distribution. First of
all, it is important to stress that the relevant population variable is the so-called legal
population, the official count performed every 10 year with the official census. Variation
to this number can happen only in very specific cases, for example the splitting or merging
of different municipalities. Due to the time a census requires before finalizing data, the

2001 legal population was in force until the end of 2012. It is therefore immediate to see
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why mayors could not have affected it strategically. As a robustness check, Figure 2.10
provides the results from a McCrary (2008a) test, showing the absence of a discontinuity

in both the 2001 and 2011 legal population.

2.6 CONCLUSION

Traffic enforcement is a potentially effective tool to mitigate road casualties, with the
additional benefit of being used as a tool to raise revenues for local governments. An
ideal policy would only have accident minimization as its goal, but policymakers face
contrasting incentives. In this paper I provided evidence that both a budgetary and an
electoral motive shape the amount of traffic fines raised in Italian municipalities.

In the first part of my analysis, I evaluated the impact of a large fiscal consolidation
that happened in Italy between 2010 and 2014, and resulted in large transfer cuts from
the central government to local municipalities. Towns with less than 5,000 inhabitants
were largely exempted from the policy, generating a discontinuity in treatment. Using a
series of regression discontinuities and differences-in-discontinuities, I quantify the extent
of a revenue motive in traffic enforcement, showing that municipalities affected by the
cuts increased fine collection to cover roughly 10 percent of the reduced revenues. This
represents a 40 percent raise compared to 2010, the last year before policy implementation.
A stricter enforcement, motivated by budget considerations, did not lead to a long lasting
increase in road safety, measured in terms of both the accident rate and the injury rate,
and I cannot exclude that it actually worsened road safety. This result has an important
implication on income inequality. In most countries, traffic fines are set as a lump sum
amount, without regards to the individual’s income, and the rationale is that larger sums
should dissuade people from committing the most serious infractions. However, as we
have shown, there is a taxation component in traffic fines, and, if we take this into account,
an income-based system of sanctions could be fairer from a distributional standpoint.

This argument would reinforce the other claim that the incidence of fines is regressive
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in nature, especially if richer and poorer individuals have the same tendency to violate
traffic laws.

In the second part of the paper, I provided some evidence that fine collection may also
be motivated by an electoral motive. Using local elections in Italian municipalities, I esti-
mate that the total amount of traffic fines raised is reduced by 5 percent during an electoral
year, and this is associated with a 3 percent increase in car accidents and injuries, with
no effect on casualties. An instrumental variable analysis shows that weakening traffic
enforcement can have a substantial negative effect on road safety. Unfortunately, data
limitation on the type of fines prevented a better understanding of what types of viola-
tions are more likely to be ignored and cause the increase in accidents. Overall, these
results should suggest a deeper reflection on how political incentives may affect the deci-
sions of elected officials, and caution against delegating to them road safety competencies,

without substantial counter balances from politically independent institutions.
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2.7 FIGURES AND TABLES

2.7.1 Figures

FIGURE 2.1. ACCIDENTS AND DEATHS OVER TIME
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Note. Panels (a) to (f) plot the amount of grants received by each municipality in per
capita terms. Sample is restricted to municipalities between 1,000 and 10,000 inhabitants.
Darker dots represent bin scatters.
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FIGURE 2.4. D1SCONTINUITY ESTIMATES OF GOVERNMENT TRANSFERS

(a) Regression Discontinuity

Government Transfers
Cross Sectional RD

(b) Diff-in-disc (2009)

Government Transfers
Diff-in-Disc (baseline: 2009)

Euro per capita

2009

2010 2011 2012
Year

(c) Diff-in-disc (2010)

Government Transfers
Diff-in-Disc (baseline: 2010)

2014

2009

2010 2011 2012 2013
Year

(d) Diff-in-disc (average)

Government Transfers
Diff-in-Disc (baseline: pre—policy average)

2014

o
5
[}

Euro per capita
]

Euro per capita
.

40

2009 2000 2011 2012 2013 2014 2009 2010 2011 2012 2013 2014
Year Year

Note. Panels (A) to (D) plot the discontinuity coefficients from equations (2.1) and (2.2)
using central government transfers as the dependent variable. Sample is restricted to
municipalities between 1,000 and 10,000 inhabitants, bandwidth is estimated separately
on each year following Calonico, Cattaneo and Titiunik (2014).
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FIGURE 2.5. DISCONTINUITY ESTIMATES OF TRAFFIC FINES
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Note. Panels (A) to (D) plot the discontinuity coefficients from equations (2.1) and (2.2)
using imposed traffic fines as the dependent variable. Sample is restricted to municipalities
between 1,000 and 10,000 inhabitants, bandwidth is estimated separately on each year
following Calonico, Cattaneo and Titiunik (2014b).
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FIGURE 2.6. DiSCONTINUITY ESTIMATES OF TOTAL EXPENDITURES

(a) Regression Discontinuity
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Note. Panels (a) to (d) plot the discontinuity coefficients from equations (2.1) and (2.2)
using total expenditures as the dependent variable. Sample is restricted to municipalities
between 1,000 and 10,000 inhabitants, bandwidth is estimated separately on each year
following Calonico, Cattaneo and Titiunik (2014b).
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FIGURE 2.8. TRAFFIC FINES AND TAXES
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Note. The graph plots cross-sectional RD estimates as in (2.5) for different subgroups
depending on the pre-policy Income Tax Surcharge Rate. Sample is restricted to munici-
palities between 1,000 and 10,000 inhabitants, bandwidth is estimated separately on each
year following Calonico, Cattaneo and Titiunik (2014b).
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FIGURE 2.9. DISCONTINUITY ESTIMATES ON ROAD SAFETY

(a) Accidents - RD (b) Accidents - Diff-in-disc (2010)
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Note. Panels (A) and (B) plot the discontinuity coefficients from equations (2.1) and (2.2)
using the rate of car accidents per 1,000 inhabitants as the dependent variable. Panels
(C) and (D) use the injury rate as the dependent variable, while panels (E) and (F) use
the death rate as the dependent variable. Sample is restricted to municipalities between
1,000 and 10,000 inhabitants, bandwidth is estimated separately on each year following
Calonico, Cattaneo and Titiunik (2014b).
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FIGURE 2.10. THRESHOLD MANIPULATION TEST
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Note. The graph represent the distribution of legal population based on the 2001 and 2011
census, and report p-value for a manipulation test following McCrary (2008a).
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2.7.2 Tables

TABLE 2.1

SUMMARY STATISTICS

Variable Mean  Std. Dev. N
Budget Variables
Current Transfer from Gov’t, euros per capita  183.685 115.774 56841
Total Current Transfer, euros per capita 245.084 229.047 62754
Total Revenues, euros per capita 1373.68  1422.281 56840
Fines Data
Traffic Fines Imposed, euros per capita 10.99 51.495 56840
Traffic Fines Collected, euros per capita 7.049 28.95 56840
Traffic Fines Ratio (collected/imposed) 0.793 0.31 56840
Traffic Fines Share of Revenues 0.008 0.023 56838
Accidents Data
Accidents (per 1k inhabitants) 1.926 1.988 62067
Injured in car accidents (per 1k inhabitants) 2.93 3.187 62067
Deaths in car accidents (per 1k inhabitants) 0.099 0.243 62067
Political variables
Average Income, euros 11161.484 3224.965 57618
Female Mayor 0.102 0.303 52647
Margin of Victory at previous election 18.292 15.466 50429
Mayor Party Left 0.148 0.355 52493
Mayor Party Right 0.087 0.282 52493
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TABLE 2.2
DiscoNTINUITY ESTIMATES ON GOVERNMENT TRANSFERS

Dependent Variable: Government Transfers (euro per capita)

Specification 2009 2010 2011 2012 2013 2014

Cross-Section RD -3.34 7.03 -12.07 -11.31 -28.75 -8.42
(10.34) (9.56) (13.89) (13.67) (13.99) (12.25)

h 1820 1840 1868 1563 1789 1911

N 827 839 853 667 785 772

Diff-in-Disc (2009) ; 2011 -19.26 -24.02 -37.58 11.22
~ (610) (1250) (11.44) (12.35) (14.26)

h ; 1636 1906 1809 1934 1705

N ; 720 878 810 871 658
Diff-in-Disc (2010) 9.93 - 22006 -2331  -39.69 -13.85
(691) -  (12.28) (11.07) (12.48) (12.45)

h 1510 ] 1695 1585 1843 1866

N 650 ; 746 672 807 737
Diff-in-Disc (2009-2010 avg) ~ 4.96  -0.05 -20.46 -2458  -38.6 -12.34
(3.46) (3.05 (11.89) (10.90) (12.06) (13.04)

h 1510 1636 1842 1734 1945 1786

N 650 720 837 761 869 696

Note. Table reports discontinuity coefficients from equations (2.1) and (2.2) with robust standard errors in paren-
theses. Sample is restricted to municipalities between 1,000 and 10,000 inhabitants, bandwidth h is estimated
separately on each year following Calonico, Cattaneo and Titiunik (2014b), N represents the number of observa-
tions used.
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DiscoNTINUITY ESTIMATES ON TRAFFIC FINES

TABLE 2.3

Dependent Variable: Traffic Fines (accrual, euro per capita)

Specification 2009 2010 2011 2012 2013 2014
Cross-Section RD 0.91 039 -2.24 2.9 8.67 9.75
(3.65) (4.16) (3.21) (3.91) (4.04) (4.55)

h 1653 1982 1882 1400 1604 1950

N 727 928 864 594 689 785

Diff-in-Disc (2009) - 088 -376 18 411 6.62
~ (3.11) (294) (334) (2.99) (4.52)

h - 1870 1714 1653 1603 1645

N ; 851 762 726 685 633

Diff-in-Disc (2010) 077 - 201 -183 275 9.58
(336) - (250) (4.68) (3.24) (4.24)

h 1900 - 1492 1389 1995 1986

N 876 ] 643 585 902 797

Diff-in-Disc (2009-2010 avg) 2.6 201 0  -136 4.67 7.69
(3.35) (250) (0.00) (3.50) (1.93) (3.25)

h 1726 1492 0 1100 1641 1741

N 775 643 0 439 708 674

Note. Table reports discontinuity coefficients from equations (2.1) and (2.2) with robust standard errors in
parentheses. Sample is restricted to municipalities between 1,000 and 10,000 inhabitants, bandwidth A is esti-
mated separately on each year following Calonico, Cattaneo and Titiunik (2014b), N represents the number of
observations used.
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TABLE 2.4
DiscoNTINUITY ESTIMATES ON TOTAL EXPENDITURES

) ) Dependent Variable: Total Current Expenditures
Specification 2009 2010 2011 2012 2013 2014

Cross-Section RD ~ -181.66 -224.46 -40.97  11.28  130.07  56.22
(137.50) (127.89) (116.72) (114.92) (95.07) (139.17)

h 1552 1234 1095 1911 1924 1397
N 680 518 452 869 865 522
Diff-in-Disc (2010)  125.47 - 12519 28675 12477  153.06
(92.13) - (82.68) (138.30) (95.21) (125.18)
h 1249 - 1828 1150 1763 1712
N 522 - 832 467 761 659
DiD - 2476 -037 3271 14475  59.55
- (60.68)  (60.61)  (60.54) (60.78)  (62.58)
h 1000
N 3979
Yearly LPR -109.51 -10455 -788  -51.87  69.81  128.99
(90.05)  (78.59)  (70.91)  (81.83)  (99.68)  (92.98)
h 1000 1000 1000 1000 1000 1000
N 682 677 679 675 667 599

Note. Table reports discontinuity coefficients from equations (2.1) and (2.2), and results from diff-
in-diff and LPR of a second degree. Robust standard errors in parentheses. Sample is restricted to
municipalities between 1,000 and 10,000 inhabitants, bandwidth h is estimated separately on each
year following Calonico, Cattaneo and Titiunik (2014b), or set equal to 1,000. N represents the
number of observations used.

109



TABLE 2.5
TRAFFIC FINES AND TAXES

o Dependent Variable: Traffic Fines
Sample Restriction o459 9919 2011 2012 2013 2014

Top 25% Tax 372 161 037 1151 1614 2276
(5.38) (848) (6.13) (6.76) (7.80) (10.44)

h 2130 1509 1511 1569 1457 1958

N 390 256 257 265 244 288

Top 20% Tax 018 -191 049 204 3258  59.07
(10.09) (10.91) (11.14) (15.12) (16.57) (23.28)

h 1930 1403 1385 1332 1286 1379

N 171 111 109 103 99 96

Top 10% Tax 372 1081 649 2419 2421 58.44
(10.28) (12.43) (10.44) (25.71) (19.74) (44.15)

h 1861 1354 1979 1471 1908 1487

N 75 51 80 58 71 48

Note. Table reports regression discontinuity coefficients from equations (2.1) and (2.2) with
robust standard errors in parentheses. Subgroups are based on the 2010 distribution of the
local Income Tax Surcharge Rate. Sample is restricted to municipalities between 1,000 and
10,000 inhabitants, bandwidth h is estimated separately on each year following Calonico,
Cattaneo and Titiunik (2014b), N represents the number of observations used.
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TABLE 2.6

DiscoNTINUITY ESTIMATES ON ROAD SAFETY

Specification

Diff-in-Disc (2010)

Years
2010 2011 2012 2013

Panel A. Dependent Variable: Accidents Rate (per 1,000 inhabitants)
Cross-Section RD

0.02 -04 -0.35 0.34
(0.24) (0.25) (0.28) (0.21)
2185 1715 1442 2012
1040 756 607 923
- 04 -0.28 0.06
- (0.18) (0.21) (0.17)
- 1686 1614 2060
- 738 694 947

Panel B. Dependent Variable: Injury Rate (per 1,000 inhabitants)

Cross-Section RD

Diff-in-Disc (2010)

Panel C. Dependent Variable:
Cross-Section RD

Diff-in-Disc (2010)

-0.06 -0.76 -0.34 0.71
(0.37) (0.38) (0.44) (0.32)
2175 1827 1451 2006
1035 825 610 919
- 0.7  -0.35 0.34
- (0.30) (0.37) (0.30)
- 1719 1509 2039
- 758 633 934

Death Rate (per 1,000 inhabitants)

-0.02 001  0.05 0
(0.03) (0.02) (0.03) (0.02)
1732 1664 2174 1922
775 727 1018 870
- 0.03  0.09 0.03
- (0.03) (0.03) (0.03)
- 1597 2168 2171
- 689 1015 1016

Note. Table reports discontinuity coefficients from equations (2.1) and (2.2) with robust
standard errors in parentheses. Sample is restricted to municipalities between 1,000 and
10,000 inhabitants, bandwidth h is estimated separately on each year following Calonico,

Cattaneo and Titiunik (2014b), N represents the number of observations used.
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TABLE 2.9
BAarANCE TABLE

Year
Dependent Variable 2009 2010 2011 2012 2013
Income -70.4 -828.06 -811.48 -1281.32 -907.71
(654.42) (555.11) (584.59) (485.34) (478.54)
p-value 0.91 0.14 0.17 0.01 0.06
Female Mayor 0.01 -0.13 -0.1 -0.07 -0.13
(0.05)  (0.04)  (0.05)  (0.06)  (0.05)
p-value 0.88 0 0.04 0.25 0.01
Victory Margin -1.6 -0.69 0.06 -2.26 0.1
(3.13)  (250)  (2.38)  (256)  (2.42)
p-value 0.61 0.78 0.98 0.38 0.97
Mayor Left Party -0.04 -0.04 -0.01 0.07 0.06
(0.05)  (0.04)  (0.03)  (0.03)  (0.03)
p-value 0.36 0.29 0.67 0.04 0.04
Mayor Right Party ~ 0.05 0.05 0.01 -0.02 0.1
(0.06)  (0.06)  (0.06)  (0.06)  (0.06)
p-value 0.42 0.42 0.83 0.76 0.1

Note. Table reports RD coefficients from equation (2.1) with robust standard errors in
parentheses. Sample is restricted to municipalities between 1,000 and 10,000 inhabitants,
bandwidth h is estimated separately on each year following Calonico, Cattaneo and Titiu-
nik (2014b). The p-value tests difference at the 95% confidence level.
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Euro per capita

2.A APPENDIX

Additional Figures

FIGURE 2.A.1. DIFFERENCE IN GOVERNMENT TRANSFERS (2009-2014)

(a) 2009

Government Transfers
2009, change from 2010

(b) 2010

Government Transfers
2010, change from 2010

100

Note. Panels (a) to (f) plot the difference between grants received by each municipality
in each year and the 2010 value. Sample is restricted to municipalities between 1,000 and
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FIGURE 2.A.2. GOVERNMENT TRANSFERS — ALTERNATIVE SPECIFICATIONS

(a) Difference in Difference (b) Difference in Difference with Controls
Government Transfers Government Transfers
Diff-in-Diff, h = 1000 Diff-in-Diff with controls, h = 1000
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Note. Panels (a) and (b) plot Diff-in-Diff coefficients from Table (2.A.1), Panels (c) and
(d) results from a second degree Local Polynomial Regression with. Bandwidth is 1,000
inhabitants on both sides. Controls include population, population squared, per capita
income, gender of the mayor, victory margin, party of the mayor.
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FIGURE 2.A.3. GOVERNMENT TRANSFERS — BANDWIDTH SENSITIVITY

(a) Difference in Difference
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Note. Figure plots Diff-in-Diff and LPR coefficients constructed as in Figure (2.A.4), al-
lowing for multiple values of the bandwidth.

117



FIGURE 2.A.4. TRAFFIC FINES — ALTERNATIVE SPECIFICATIONS

(a) Difference in Difference (b) Difference in Difference with Controls
Traffic Fines Traffic Fines
Diff-in-Diff, h = 1000 Diff-in-Diff with controls, h = 1000
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Note. Panels (a) and (b) plot Diff-in-Diff coefficients from Table (2.A.2), Panels (c) and
(d) results from a second degree Local Polynomial Regression with. Bandwidth is 1,000
inhabitants on both sides. Controls include population, population squared, per capita
income, gender of the mayor, victory margin, party of the mayor.
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0.00

Ficure 2.A.5. TrRAFFIC FINES — COLLECTION RaTIO

(a) Regression Discontinuity

Collection Ratio
Cross Sectional RD

(b) Diff-in-disc (2010)

Collection Ratio
Diff-in-Disc (baseline: 2010)
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(c) Difference in Difference
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(d) Local Polynomial Regression

Collection Ratio
Yearly LPR
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Note. Panels (a) and (b) plot Diff-in-Diff coefficients from Table (2.A.3), Panels (c) and
(d) results from a second degree Local Polynomial Regression with. Bandwidth is 1,000
inhabitants on both sides. Controls include population, population squared, per capita
income, gender of the mayor, victory margin, party of the mayor.
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2.A.2 Additional Tables

TABLE 2.A.1
GOVERNMENT TRANSFERS — ALTERNATIVE SPECIFICATIONS

Dependent Variable: Government Transfers (accrual, euro per capita)

Specification 2009 2010 2011 2012 2013 2014
Difference in Difference - 509 -13.11 -21.08 -23.76 -15.48
- (7.68) (7.67) (7.66) (7.69) (7.92)
h 1000
N 3979
DiD w/ controls - 3.59 -15.67 -2459 -27.23 -
- (733) (7.33) (731) (7.35) -
h 1000
N 3318
Yearly LPR -0.04 7.07 -13.03 -18.84 -36.38 -14
(8.18) (8.20) (12.03) (11.46) (12.75) (11.86)
h 1000 1000 1000 1000 1000 1000
N 682 677 679 675 667 599
Yearly LPR w/ controls ~ -1.93 123  -23.38 -27.56 -37.24 -
(7.61) (7.46) (11.27) (10.95) (12.99) -
h 1000 1000 1000 1000 1000 -
N 666 665 668 666 653 -

Note. Robust standard errors in parenthesis. Bandwidth A is equal to 1,000 inhabitants on both sides of the threshold.
N represents the observation used in the estimation. Local Polynomial Regressions include a second degree polynomial
in population with intereaction. Additional controls include: per capita income, gender of the mayor, victory margin,
party of the mayor.
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TABLE 2.A.2
TRrRAFFIC FINES — ALTERNATIVE SPECIFICATIONS

Dependent Variable: Traffic Fines (accrual, euro per capita)

Specification 2009 2010 2011 2012 2013 2014
Diffrence in Difference - -3.8  -3.85 -1.01 -2.73 -2.04
- (3.14) (3.13) (3.13) (3.19) (3.24)
h - 1000 1000 1000 1000 1000
N - 3979 3979 3979 3979 3979
DiD w/ controls - -4.04 -3.97 -0.78 -2.64 -
- (3200 (3.20) (3.19) (3.21) -
h 1000
N 3318
Yearly LPR 0.02 -0.45 -1.15 4.09 6.1 7.61
(3.72) (4.94) (5.32) (3.57) (4.56) (4.35)
h 1000 1000 1000 1000 1000 1000
N 682 677 679 675 667 599
Yearly LPR w/ controls  0.64 -0.37 -0.39 5 6.88 -
(3.80) (5.05) (5.42) (3.59) (4.64) -
h 1000 1000 1000 1000 1000
N 666 665 668 666 653

Note. Robust standard errors in parenthesis. Bandwidth & is equal to 1,000 inhabitants on both sides
of the threshold. N represents the observation used in the estimation. Local Polynomial Regressions
include a second degree polynomial in population with intereaction. Additional controls include: per
capita income, gender of the mayor, victory margin, party of the mayor.
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TABLE 2.A.3
Trarric FINEs — COLLECTION RATIO

Dependent Variable: Fines Collection Ratio

Specification

2009 2010 2011 2012 2013 2014
Cross-Section RD 0.09 0.04 0.06 0 0.04 0.05
(0.06) (0.07) (0.05) (0.05) (0.06) (0.05)
h 1476 1761 1695 2205 1586 2029
N 634 797 748 1055 672 821
Diff-in-Disc (2010) 0.11 - 0.03 -0.12 -0.08 -0.04
(0.06) -  (0.07) (0.11) (0.11) (0.11)
h 1277 - 1550 2354 2203 2465
N 539 - 667 1143 1025 1082
DiD - 0.04 0.02 -0.02 0 0
- (0.04) (0.04) (0.04) (0.04) (0.04)
h 1000
N 3979
Yearly LPR 0.07 0.06 0.05 -0.01 0.04 0.05
(0.05) (0.07) (0.04) (0.04) (0.04) (0.05)
h 1000 1000 1000 1000 1000 1000
N 682 677 679 675 667 599

Note. Table reports regression discontinuity coefficients from equations (2.1) and
(2.2) with robust standard errors in parentheses, diff-in-diff estimates and a Local
Polynomial Regression of a second degree. Sample is restricted to municipalities
between 1,000 and 10,000 inhabitants, bandwidth A is estimated separately on each
year following Calonico, Cattaneo and Titiunik (2014b), or set equal to 1,000. N

represents the number of observations used.
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