
Are Lawyers’ Case Selection Decisions Biased?
A Field Experiment on Access to Justice

Jens Frankenreiter∗ Michael A. Livermore†

Accepted for publication by the
Journal of Legal Studies on September 27, 2022‡

Abstract

The lawyer-client relationship is pivotal in providing access to courts. This paper
presents results from a large-scale field experiment exploring how demographic infor-
mation (encoded in potential clients’ names) affects how attorneys respond to initial
inquiries in private injury cases. Based on prior literature, we hypothesized that race
would be a significant factor, but we also explore race and gender interactions. We find
that ostensibly Black or Hispanic senders receive fewer responses than ostensibly White
senders, a result largely driven by a preferential treatment of White female senders.
The racial disparities are larger than those previously documented in some contexts,
such as public services, but smaller than in others, such as employment. We also find
suggestive evidence that White attorneys are more likely than others to treat White
senders preferentially, implying that the differences in response rates are not merely a
reaction to jurisdiction-level factors affecting the expected payoff of lawsuits.
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1 Introduction

In the United States, access to justice often requires access to lawyers. Although, in principle,
litigants can represent themselves in court, as a practical matter pro se litigants face a variety
of challenges that make it difficult to vindicate their rights. In many criminal proceedings,
the U.S. Supreme Court has found that access to counsel is so basic that the Constitution
requires representation be provided to indigent defendants. The existence of a robust market
for legal services also provides evidence of the belief among consumers that competent legal
counsel is valuable. Where it has been studied, legal representation is oftentimes associated
with better outcomes (Eagly and Shafer 2015; Greiner, Pattanayak, and Hennessy 2013),
although this effect is not universal (Greiner and Pattanayak 2012).

The role and importance of counsel varies by litigation context, but access to lawyers
may be particularly consequential in legal areas where fees are paid on a contingent basis.
For these matters, lawyers provide not only counsel and advocacy, but also financing for
litigation costs. In many civil cases, whether or not a plaintiff is able to pursue litigation
at all will often depend on an attorney’s decision of whether to take up a case. This paper
presents results from a large-scale field experiment exploring how demographic information
(encoded in potential clients’ names) affects elements of attorneys intake decisions in private
injury claims. In line with studies in other fields such as employment and housing, we find
evidence suggesting that attorneys might disfavor members of racial/ethnic minorities in this
context.

There are a variety of factors that may influence attorneys’ intake decisions. A util-
ity maximizing attorney will seek out the cases that provide the largest expected benefit
at the lowest expected cost. Typically, “benefit” can be understood in terms of monetary
remuneration—the likelihood of a settlement or judgment times the anticipated amount,
discounted by the contigency fee percentage. There may also be reputational benefits as-
sociated with taking on certain high-profile cases, as well as non-pecuniary benefits akin to
the psychological “warm glow” that accompanies charitable giving (Andreoni 1990). Costs
are often, similarly, pecuniary in nature, but may also have reputational or psychological
dimensions.

The decision concerning whether to take a case is sequential in nature, as prospective
attorneys and clients gather and reveal information during their preliminary interactions.
There are important information asymmetries on both sides, as clients have access to pri-
vately held information about their case, and attorneys have experience in pursuing similar
matters. Once a matter is taken on, an attorney-client relationship attaches, with all of the
associated responsibilities and liabilities on the part of the attorney. Most important, the
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attorney-client relationship makes it difficult to abandon a client “mid-stream” in the course
of litigation, even if information is revealed that indicates that a case has a lower expected
payout than initially anticipated. This lock-in effect means that information collected prior
to creating an attorney-client relationship has particularly high value.

Even though intake decisions can be consequential, they nevertheless must be taken
on the basis of quite limited information. For valuable claims, attorneys are in potential
competition with each other, and delaying the decision to take up a case with the goal of
gathering more information may result in losing the client altogether. Protracted initial
deliberations, especially with unsophisticated clients, also raise the possibility of creating an
informal attorney-client relationship, with the attendant duties and liabilities. In this initial
stage, attorneys must carefully balance the costs and benefits of delay. Because attorneys
often have to make their intake decision based on a preliminary understanding of the facts
of a case, they may be influenced by guesses and hunches as much as reasoned analysis.

This study investigates the very beginning of attorney intake decisions—an initial request
for information on the part of a prospective client. Such a request represents the first gate-
keeping opportunity for a lawyer. By failing to respond or responding negatively to such a
request, an attorney can terminate any dialogue before it begins. This initial contact also
represents the lowest information point for the attorney, as a prospective client is reaching
out “cold,” and the attorney has access to only the information that the requestee has chosen
to reveal.

We are interested in how basic demographic factors that are revealed in a prospective
client’s name (most importantly, a sender’s membership in a racial/ethnic group) might affect
attorneys’ choices concerning whether to pursue additional information at this initial stage.
To investigate this question, we conduct a large-scale, email-based field experiment. Our
work builds on a robust social and behavioral science literature that examines how various
economic and political interactions are affected by race and gender, utilizing a name-based
experimental design. Leveraging the same basic methodology that has been developed in
this literature (Crabtree 2018; Gaddis 2018), we sent initial information requests to more
than 24,000 attorneys in jurisdictions across the United States, randomly assigning requestee
names that signal different demographic characteristics. Our research question is whether
the rates of responses that we receive to these requests are sensitive to these changes and
what geographic and attorney characteristics predict response rates.

Our primary finding is that perceived race/ethnicity is a factor in attorney responses to
initial inquiries concerning personal injury cases, with ostensibly Black or Hispanic senders
less likely to receive a response than ostensibly White senders.1 The existence of this effect

1. We note that identity markers are contested, and the discussion surrounding them is constantly evolving.
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is validated by a split sample approach we employed in designing this study. We constructed
the models used to test our hypotheses on the basis of an analysis of roughly half the available
data. After preregistering the resulting research plan, we used the second half of the data
to confirm that our results replicate.

In apparent contrast to similar studies in other fields, the preferential treatment of White
senders is mostly driven by higher response rates for senders with names suggestive of persons
who are White and female. While this effect can also be observed in both rounds of the study,
it is markedly more pronounced in the first round. In particular, the results from the first
round provided little indication that White male inquirers received more responses than male
inquirers in other racial/ethnic categories. By contrast, in the second round, attorneys were
more likely to respond to White male inquirers than to other male inquirers, although this
difference is not statistically significant.

We furthermore find that the treatment effect described above may vary depending on the
attorney’s location and personal characteristics. Most importantly, we find some evidence
that the preferential treatment of White senders is driven by certain subgroups of attorneys,
among them attorneys with names that are more common among the White population
in the United States. This result persists when we apply a matching procedure that seeks
to eliminate potential confounding effects of the environments in which attorneys operate.
We note that we were unable to replicate this result using the statistical test included in
our preregistration statement. However, an analysis of the combined data still suggests the
existence of such “in-group, out-group” effects, and we leave it to future research to confirm
that these results can be replicated. If supported in future studies, this finding would suggest
that the differential treatment of different groups cannot be explained solely as a response on
the part of attorneys to jurisdiction-level factors that affect the expected payoff of lawsuits.

The remainder of this paper is structured as follows. Section 2 provides more details on
the theory as well as an overview of the existing literature. Section 3 describes the design and
execution of the field experiment, Section 4 discusses the the data and provides descriptive
statistics. Section 5 presents the results of the study. Section 6 discusses the implications of
these results, Section 7 concludes.

As we explain in more detail in Section 3.3 below, we use the term Black to refer to senders whose names
are indicative of membership in the census category “Black or African-American” and the term Hispanic to
refer to senders whose names are indicative of membership in the census category “Hispanic or Latino.” We
use this label, as opposed to other candidate labels such as Latino/Latina/Latinx, for members of the census
category “Hispanic or Latino” because it tracks the usage in the papers from which we draw the information
for the sender names in our study (Gaddis 2017a, 2017b; Crabtree and Chykina 2018).
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2 Theory and Previous Literature

The primary aim of this study is to document whether lawyers in the United States respond
differently to initial inquiries based on perceived demographic characteristics of prospective
clients. We are particularly interested in documenting whether lawyers are less likely to
respond to inquiries by members of racial or ethnic minorities. We also document differences
in response rates to inquiries by senders with names suggesting different gender identities
and the interaction between race/ethnicity and gender. Randomization in the experimental
design allows us to investigate causal claims concerning the randomized variables, and the
extent and diversity of the data allows us to test these claims for various subgroups of
attorneys and in a variety of geographic settings. In other words, we can investigate whether
changing a client’s name causes differential attorney response rates, and we can estimate
how those causal effects vary based on attorney characteristics and attorney geography.

By contrast, this study is not intended to untangle the precise mechanisms that lead to
differences in attorney response rates. Differential access to legal remedies has important
social and economic consequences irrespective of its precise sources. At the same time, a
better understanding of the mechanism at play has implications for potential policy designs
to counter these effects. With this reality in mind, we attempt to shed at least some light
on the underlying mechanisms.

There are many behavioral processes that could affect how attorneys respond to initial
inquiries. First, differences in the treatment of sender groups could be caused by hostility
towards or an unwillingness to work with members of certain racial/ethnic groups (Becker
1971). For example, an attorney might enjoy the feeling of seeing her client win, but might
enjoy this feeling less for clients from other racial/ethnic groups. This type of discriminatory
behavior is sometimes described as “taste-based” (Moser 2012) or “animus-based” (Ayres
1991) discrimination in the economics literature. In the psychological literature, the term
“prejudice” is used to describe these types of negative attitudes towards members of certain
groups (Stangor 2009). From an economic perspective, an attorney engaging in such behavior
sacrifices profits to satisfy her prejudices.

Second, a differential treatment of members of different racial/ethnic groups can also be
the results of attorneys’ attempts to maximize profits. This is the case when attorneys hold
beliefs about members of different groups that influence the expected payoff of lawsuits in
which they act as plaintiff. There are various types of belief that could cause the expected
payoff of lawsuits to differ. Some of these beliefs are related to characteristics of the prospec-
tive client that are hidden from the attorney’s view. For example, an attorney might assume
that the income of a white inquirer is higher than the income of a member of a minority
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group, which can influence the size of the judgment. Other beliefs are related to the impact
that the a client’s group membership will have on the decisions of others. In the context of a
lawsuit, an attorney might for example anticipate that judges and juries will treat members
of different groups differently.

This second type of explanation is usually described as “statistical” discrimination by
economists (Phelps 1972). Psychologists use the term “stereotyping” to describe the related
idea that actors attribute to group members the traits that are typically associated with
members of this group. Compared to taste-based discrimination and prejudice, the con-
cepts of statistical discrimination and stereotyping are relatively vague. They comprise a
number of different cognitive, evaluative, and psychological influences on decision making
that can have different normative implications. In particular, most authors assume that
statistical discrimination can be based on honestly held beliefs, whether or not these beliefs
are well-informed (e.g., Ayres 1991). These authors tend to describe statistical discrimina-
tion as normatively problematic (e.g., Phelps 1972). This position also appears to prevail
in the psychological literature on stereotyping (Stangor 2009). On the other hand, statisti-
cal discrimination is described as efficiency-enhancing by some, especially in the economics
literature, partly based on a narrow description of statistical discrimination that excludes
misinformed beliefs (e.g., Posner 1989).

In this paper, we do not attempt to distinguish between taste-based and statistical dis-
crimination. Differentiating between the two forms of discrimination is usually elusive in the
context of a field experiment like ours. Furthermore, because of the lack of clarity surround-
ing the normative consequences of statistical discrimination, a finding that the disparate
treatment of members of different groups was caused by statistical discrimination on its own
would be of limited value.

Instead, we explore patterns suggesting that attorneys are more likely to respond to
inquiries by members of their own racial/ethnic group (see also Agan and Starr 2020; Block
et al. 2021; Libgober 2020). While the presence of these patterns is compatible with a
number of different explanations including animus against and ill-informed beliefs about
members of other groups, it seems incompatible with certain other versions of statistical
discrimination. In particular, such patterns appear incompatible with an explanation that
attributes the differential response rates to differences in the value of representing clients from
different racial/ethnic groups that are unrelated to the attorneys’ personal characteristics.
One example of such a factor is the expected downstream behavior by other actors (e.g.,
judges or juries) that influence the chances of a plaintiff to succeed in court. This question
is not only interesting from an academic perspective. The types of intervention that will or
will not be likely to succeed in facilitating more equal access to justice or addressing failures
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in the market for legal services are likely to depend, in part, on the underlying mechanisms
at work.

This study relates to various previous literatures. First, it builds on the literature on
so-called “audit studies” (Gaddis 2018), a stream of research that investigates whether the
identity of a person influences other persons’ decisions in various settings, including hir-
ing and responses to inquiries by public officials. Our study is most similar to those in
which researchers contact decision makers by mail or email sent under different names, some
of which suggest membership in a minority group (e.g., Agan and Starr 2018; Bertrand
and Mullainathan 2004). These studies, which are also known as “correspondence stud-
ies,” appear to have been most widely applied on labor discrimination (Gaddis 2018, 9–
21). Researchers have used this methodology to study decisions in various fields, including
short-term market transactions (Ayres 1991; Ayres and Siegelman 1995; Cotropia, Masur,
and Schwartz 2019) and interactions between public officials and citizens (Broockman 2013;
Butler and Broockman 2011; Einstein and Glick 2017; White, Nathan, and Faller 2015).

The results of these studies vary depending on treatment and setting. In most instances,
researchers were able to document pervasive differences in the response rates for applications
or inquiries sent by members of different racial/ethnic groups across various fields in the
United States (Bertrand and Duflo 2017; Block et al. 2021). This effect is strongest and least
ambiguous in the hiring context. Black inquirers also receive substantially fewer responses
than White inquirers in the rental housing context, while discrimination against Hispanic
senders appears to be less severe in this context. To a lesser extent, both Black and Hispanic
inquirers also face discrimination in accessing public services and other areas (Gaddis et
al. 2021).

With regard to gender, the available evidence is more mixed. In hiring decisions, for
example, gender discrimination seems to vary by occupational characteristics (Baert 2018).
Gender effects seem not to have been broadly studied in the context of access to local
politicians or street-level bureaucrats (e.g., Butler and Broockman 2011; White, Nathan,
and Faller 2015).

Our study joins the nascent stream of literature that employs this methodology to inves-
tigate the decisions of lawyers and their role in the legal system. An early example of work
in this field is Braucher, Cohen, and Lawless (2012), who use a study design that shares
many features of an audit study to document race-dependent differences in the recommen-
dations bankruptcy lawyers make to clients. Importantly, however, they do not study actual
attorney behavior but merely responses to a vignette.

The closest prior work to our study is Libgober (2020), who also uses an email audit study
to test for discrimination in intake behavior in various legal areas. In line with the findings

7



in other fields, this study finds evidence that lawyers do indeed discriminate on the basis of
race and that lawyers’ racial preferences might be driving this effect. Our study builds on
this work in several ways. First, our study is much larger in size, which allows us not only
to study the effects in question with more precision, but also to analyze the heterogeneity in
attorneys’ responses in ways that are unavailable to Libgober. Second, Libgober includes only
attorneys from two regions (California/Florida), and the differences in the results obtained
in both settings raises difficult questions about the interpretation of his results. By contrast,
our study is nationwide in scope. Finally, we expand the racial/ethnic classes that are studied
and use a much larger combination of names, which allows us to mitigate the influence of
potential effects that happen to be associated with particular names.

Our study is also related to work that documents the existence of discrimination in the
legal system using methods other than audit studies (e.g., Abrams, Bertrand, and Mul-
lainathan 2012; Alesina and La Ferrara 2014; Arnold, Dobbie, and Yang 2018; Miles 2012;
Shayo and Zussman 2011; Underhill 2019; Yang 2015). Finally, our paper shares common-
alities with other work that investigates the decision-making of legal actors using (field)
experiments (Baradaran et al. 2013; Baradaran et al. 2014; Spamann and Klöhn 2016).

3 Research Design

3.1 Basic approach

We set up this study as a field experiment with a between-subject design.2 We approach
lawyers by email and record whether and how they respond to these inquiries. We contact
each lawyer exactly once, randomly varying the name and email address of the purported
inquirer in a way that suggest membership in a particular racial/ethnic group and a specific
gender identity. Our main outcome variable is an indicator for whether attorneys responded
to an inquiry or not.

This setup allows us to investigate how the assignment of emails and sender names (the
treatment) affects the probability of a response. Drawing on the findings of most audit
studies in the fields of hiring and access to local politicians and bureaucrats, we expect
emails sent under names suggestive of a sender belonging to a racial/ethnic minority to
receive fewer responses as compared to inquiries sent by White senders. By contrast, the
available literature does not allow us to form any strong priors about the existence of a
gender effect or interaction effects between race/ethnicity and gender.

2. This research was approved by the University of Virginia Institutional Review Board for Social and
Behavioral Research.
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Of course, sender name and email are not the only variables that influence the probability
that an attorney will respond to an inquiry. It seems reasonable to assume that attorney
characteristics will play a major role as well. This does however not threaten the validity
of our results, for two related reasons. First, we are not interested in documenting absolute
differences in response rates for different types of attorneys (e.g., attorneys located in different
areas). Instead, we focus on whether attorneys differ in their likelihood to respond to an
inquiry depending on the identity of the purported inquirer. Second, and more importantly,
the random assignment of sender names and emails to attorneys ensures that there cannot be
any systematic relationship between the purported identity of the sender and any attorney
characteristic that might influence the response rate as well.

3.2 Attorney Data

As a basis for this study, we obtained lawyers’ contact information from a commercial legal
database. We focused on those lawyers for whom the database indicates that their practice
encompasses personal injury law. Overall, we obtained information for more than 89,000
lawyers from all 50 states and the District of Columbia.3 For slightly more than half of the
attorneys in the database (over 52,000), we obtained their email addresses.4

Naturally, we have limited means to verify whether the information provided in the
commercial database is accurate and complete, and whether the quality of the information
is the same for different geographical areas. However, because of our research design, such
factors (just like any other factors pertaining to the identity of an attorney) do not impair
the validity of our results.

3.3 Treatment and Randomization

As discussed above, the most important feature of this study is that the treatment (i.e., the
purported identity of the potential client) is randomly assigned to the attorneys we contact.
In order to achieve this, we took the following steps.

First, we selected the sample lawyers that would be contacted from the population of
lawyers for whom we obtained email addresses. We contacted each lawyer one time, at
maximum. Attorneys were chosen randomly from our population of attorneys for which
email addresses were available, subject to the constraint that only one lawyer per firm was
included in the sample. This decision implies that lawyers working in bigger firms with

3. In the remainder of this paper, references to “states” include the District of Columbia.
4. Table OA3 in the Online Appendix reports information on the number of attorneys in the database

whose practice includes personal injury law by state.
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more than one attorney appearing in our dataset tend to be undersampled in our study. We
sampled lawyers separately for each state, ensuring that the number of lawyers from each
state included in our study is proportional to the number of lawyers from this state for whom
we obtained email addresses.5 Overall, we obtained a sample of 25,680 attorneys who were
contacted during the course of the study.

Second, we settled on the names and email addresses of purported inquirers. U.S. govern-
ment guidance describes five categories for data on race—American Indian or Alaska Native,
Asian, Black or African American, Native Hawaiian or Other Pacific Islander, and White—
and two categories for data on ethnicity, “Hispanic or Latino” and “Not Hispanic or Latino.”6

We generate six name types, corresponding to all possible combinations of two gender groups
(male and female) and three race/ethnicity groups: Black or African-American; Hispanic or
Latino; and White.

To construct the names, we relied on information in Gaddis (2017a, 2017b) which em-
pirically validated racial/ethnic perceptions based on first names, and U.S. census data that
correlated last names with racial/ethnic categories (Crabtree and Chykina 2018). We used
six last names indicative of membership in the census categories Black or African American
and Not Hispanic or Latino, six last names indicative of membership in the (ethnic) cen-
sus category Hispanic or Latino, and six indicative of membership in the census categories
White and Not Hispanic or Latino.7 For each racial/ethnic group, we used 10 first names (5
indicative of a female sender, 5 indicative of a male sender) which we combine with the last
names in the same group to form a set of 60 different combinations of first and last names
per group, or 180 first-name-last-name combinations in total. Emails were sent from email
addresses that contain the last name of the purported inquirer, but not the first name. We
used one email address per last name, for a total of 18 email addresses.8

Third, we randomly assigned inquirer names (and, as a consequence, email addresses)
to individual attorneys. As a result, each attorney we contacted had a 16.67% chance of

5. The only state whose lawyers are underrepresented in our study is Arkansas. We did not contact any
lawyers from Arkansas during the first round of the study, because we had run a pilot study in this state
which did not leave us with enough lawyers to ensure the inclusion of a proportional number of lawyers in
both rounds of the study. In the second round of the study, we included a proportional number of attorneys
from Arkansas.

6. Office of Management and Budget, Revisions to the Standards for the Classification of Federal Data
on Race and Ethnicity (Fed. Reg. Oct. 20, 1997)

7. Gaddis (2017a), Gaddis (2017b) and Crabtree and Chykina (2018) do not explicitly distinguish between
all racial/ethnic category combinations (e.g. Black Hispanic versus Black non-Hispanic). Nonetheless, theses
papers provided sufficient information to create three categories: Hispanic; White alone (non-Hispanic);
Black alone (non-Hispanic). These categories are in keeping with Census practice in measuring racial and
ethic diversity (Jensen et al. 2021).

8. As described in note 13 below, we had to replace 4 last names and the corresponding email addresses
during the roll-out of the first round of the study due to technical issues.
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receiving an email from an inquirer belonging to one of the following groups: (1) Black
female, (2) Black male, (3) Hispanic female, (4) Hispanic male, (5) White female, and (6)
White male.

3.4 Contacting Attorneys

After assigning inquirer names to attorneys, we prepared for the emails to be sent out.
The text of the emails makes initial contact inquiring into whether an attorney handles a
particular kind of case, specifically a minor torts matter. In other words, each email is a
request for general information rather than a specific request to engage an attorney in a
matter. Other than the name of the sender, the text of the email is the same for all senders.
The subject matter line also is the same for all emails.

We used two slightly different versions of the text, whereby the second version was sent
only to a subsample consisting of 2,000 randomly selected attorneys contacted during the
first round of the study.9 The first version of the text contained a description of a simple
slip-and-fall case in an unnamed supermarket that resulted in a serious ankle injury, medical
bills, and several months of unemployment. The second version was similar to the first one
with the exception that it did not name several months of unemployment as a result of the
slip-and-fall. Instead, it suggested that the sender was a retired senior citizen. Both emails,
in addition to the description of the case, asked whether the attorney’s firm handled cases
of that sort.10

The last step consisted of sending out the emails, and recording responses. The study was
implemented using the mail merging tool YAMM.11 Email addresses were sorted in groups
of three (one from each racial/ethnic group) which were identical with the exception of the
last name of the purposed inquirer. All emails sent on each given day of the study were sent
from one group of three email addresses, with roughly different numbers of emails for each
of the three addresses. Emails were sent from all three email addresses in close succession,
and the order of the email addresses was changed each time emails from a certain group
were sent, ensuring that the results were not influenced by the time and date attorneys were
contacted.

9. See below Section 3.6.
10. See Section OA1 in the Online Appendix for the text of the emails.
11. https://yet-another-mail-merge.com/.
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3.5 Coding of Attorneys’ Responses

Of course, recording attorney’s responses is not trivial. Unlike many lab experiments in
which participants are required to perform a certain action that is directly quantifiable, the
responses we receive come in the form of text. For the purpose of our main analysis, we
register whether an attorney replied to a message. In other words, for each message we
receive, we use an algorithm to determine whether a response is an error message or not. If
the message is not identified as an error message, it is counted as a response by the attorney.
This approach potentially disregards useful information in favor of ensuring the replicability
of the results. Any attempt to determine whether a response is positive or not necessarily
entails at least some level of subjectivity.

In an alternative version of the analysis, we use an outcome measure that evaluates
whether a response indicated an attorney’s willingness to help the inquirer obtain legal
representation. We obtain this measure by hand-coding a randomly selected sample of 1,003
emails and using supervised machine learning to predict the nature of the remaining emails.
We report details on this alternative measure and corresponding results in Section OA2 in
the Online Appendix.

3.6 Multiple Rounds and Holdout Data

In this study, we explore heterogeneous treatment effects along multiple dimensions, implic-
itly testing a large number of hypotheses. Testing a large number of models on a finite
data set creates risks of generating spurious results. We implement a so-called split-sample
approach to ensure that results are valid and do not arise from overfitting model parameters
to the data (Egami et al. 2018; Fafchamps and Labonne 2017).

With the increasing use of high-dimensional datasets in social science research, consid-
erable efforts in data transformation and variable selection is often necessary to translate
research questions into testable hypothesis (Grimmer and Stewart 2013). Although, in some
contexts, theory can provide a unique mathematical model of a phenomenon under study,
frequently there are many different models that can be used. The exploration of a large num-
ber of variables of interest also leads to the implicit testing of many models, which interferes
with the ability to draw valid inferences from statistical constructs such as p-values. Flexibil-
ity in research design and data analysis raises problems of overfitting and the out-of-sample
validity of statistical results.

Over time, various solutions to this problem have been proposed. In addition to split-
sample approaches, such proposals include statistical corrections for multiple hypothesis
testing and the submission of pre-analysis plans (see Fafchamps and Labonne 2017). How-
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ever, these other solutions are often impracticable in studies that involve high-dimensional
and/or unstructured data. Pre-analysis plans, for example, require researchers to work out
in detail the operationalization of their research hypotheses before laying hands on the data.
This feature imposes severe restrictions on the use of computational methods such as ma-
chine learning, which need to be calibrated on the data in order to attain their desired
characteristics.

In recent years, the use of split samples has become particularly attractive, especially as
the cost of data acquisition has declined. Under a split-sample method, researchers divide
data into a training dataset and a testing dataset. The training dataset is used for exploration
and to refine the statistical model and analyses. The testing data are used to replicate and
validate the models constructed on the testing data. No changes to the specifications are
allowed once the testing dataset is available to researchers. This approach is particularly
popular in studies in which a sufficiently high number of observations is available to alleviate
concerns about negative effects on the statistical power of tests.

We implement a split-sample validation method similar to that in Kleinberg et al. (2018).
We constructed our two datasets during two experimental rounds that used roughly half of
the email addresses at our disposal in each round. In the first round of the study (which ran
between early June 2019 and mid-July 2019), we contacted 12,786 lawyers from all states but
one.12 Due to technical issues, we discarded 1,469 inquiries (of which 669 contained the al-
ternative version of the email text), leaving us with 11,317 observations.13 In a second round
(running between mid-August 2019 and late September 2019), we contacted an additional
set of 12,894 lawyers from all states. In this round of the study, no data was discarded. The
first round data was used to construct and test our statistical models, and the second round
is the held out data which we used to confirm our results. After completing the analysis
of the first round data, we preregistered the study with aspredicted.org, a preregistration
platform maintained by the Wharton Credibility Lab at the University of Pennsylvania.14

12. See above Section 3.3.
13. A number of times, our outreach seems to have triggered spam filters. In such a case, we discarded all

inquiries sent out on that day, ensuring that these incidents did not overly affect inquiries by senders from
one racial/ethnic group. Overall, we discarded 475 inquiries by Black senders, 499 inquiries by Hispanic
senders, and 495 inquiries by White senders (a χ2 test yields a p-value of .7134). In some cases, we also
discontinued the use of the email address that triggered the filter.

14. The preregistration statement can be found in Section OA8 in the Online Appendix.
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3.7 Limitations

While our study design allows us to measure differences in response rates for a nationwide
sample of attorneys, it comes with at least two major weaknesses, which it shares with many
other correspondence studies (see Bertrand and Duflo 2017).

One important limitation of our study is that it uses only a crude measure of legal repre-
sentation as the main outcome variable. Our study investigates the initial point of interaction
between attorneys and prospective clients, a setting that does not allow us to obtain direct
evidence on differences in legal representation. Notwithstanding these limitations, the find-
ings presented in this study still provide valuable insights about existing disparities in access
to justice. Unless attorneys are more likely to pursue representation of Black or Hispanic
clients once initial contact has been established, the differences documented here will trans-
late into differences in legal representation. To the extent that attorneys’ decisions at later
points of the decision-making process disfavor members of minorities in a similar way to
what we document here, these differences will be even more pronounced than the results
presented in this paper. Accordingly, it seems plausible to interpret our results as a lower
bound of the true extent of discrimination that members of racial/ethnic minorities face in
obtaining legal representation.

Second, while we choose the names used for purported senders to signal membership in a
certain racial/ethnic and gender groups, we cannot exclude the possibility that these names
send other signals as well. For example, the names we selected could be perceived as related
to socio-economic status, with the differential treatment we observe resulting from a reaction
to differences in socio-economic status of senders rather than race or gender.

4 Data and Descriptive Statistics

Our datasets treat each inquiry as a separate observation; in total, they contain 24,211 such
inquiries (11,317 from the first round, 12,894 from the second round). During the first round,
3,787 inquiries were sent using a Black name, 3,763 using a Hispanic name, and 3,767 using a
White name. We received responses for 2,757 of these inquiries, corresponding to a response
rate of 24.4%. In addition, for 3,314 emails, we received error messages indicating that the
emails could not be delivered to the recipient. During the second round, 4,298 inquiries were
sent using a name from each group, triggering a total of 3,136 responses (which corresponds
to a response rate of 24.3%). In the second round, we received error messages for 3,452
inquiries.15

15. Almost all these error messages seemed to be due to faulty email addresses. As should be expected,
such error messages were distributed more or less equally between different groups. In the first round, Black
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In addition to email addresses used in the inquiries, we obtained a number of personal
characteristics of the attorneys in our dataset from the commercial database we used to
construct our sample. This information included a lawyer’s name, the name of her firm, the
address of the lawyer’s offices, the number of attorneys working in the same firm and at the
same office (both in ranges), and the year that the attorney was admitted to practice in
different jurisdictions.

We used the attorneys’ names (in the case of race/ethnicity, together with information on
the racial/ethnic composition in the area in which an attorney’s office is located) to obtain
probability estimates for their race/ethnicity and gender. From this data, we create indicator
variables for attorney gender and attorney race/ethnicity.16 The names of the attorneys in
our dataset suggest that an overwhelming majority of them is White: For 87.7% of the
attorneys, our estimates indicate that there is a chance of >50% that an attorney belongs to
this group, and more than 80% surpass the somewhat higher threshold of 65% that we use
to construct ATT WHITE. The names also suggest that an almost equally overwhelming
majority of them is male: 85.2% of attorneys’ first names are more commonly used by male
individuals.17

We linked our data to NHGIS data reporting the demographic characteristics of all cen-
sus blocks in the U.S. (Manson et al. 2018), giving us information on the racial/ethnic
composition of the population in an area as well as basic economic information such as the
unemployment rate and the median household income. We also obtained county-level in-
formation from Manson et al. (2019). Finally, we linked our data to information about the
percentage of voters who voted for Donald Trump in the 2016 presidential election in the
counties in which our attorneys’ offices are located in MIT Election Data and Science Lab
(2018), and obtained a measures for the ideological leanings of individuals (“CFscores”) in
the Database on Ideology, Money in Politics, and Elections (DIME) (Bonica 2016).18

senders received 1,128 error messages, followed by White senders with 1,096 and Hispanic inquirers with 1,090
(a χ2 test yields a p-value of .7013). In the second round, Hispanic senders received the highest number of
error messages (1,161) followed by Black (1,156) and White inquirers (1,135) (p-value: .798). Figure OA11
panel (b) in the Online Appendix report how the rates of responses and blocked emails varies by state.

16. We set the indicator variable ATT MALE to be 1 if the estimated probability was greater than 0.5;
otherwise we set it to be 0. We set ATT WHITE to be 1 if the estimated probability was greater than .65;
otherwise the value was set at 0.

17. Note that our attorney sample does not constitute a random sample of all attorneys listed in the
database. There are two main reasons for this. First, we contact only attorneys who indicate that their
practice area includes the representation of plaintiffs in private injury lawsuits. Second, as explained in
Section 3.3 above, we oversample attorneys in small firms and solo practitioners in order to avoid contacting
multiple attorneys from the same firm. Figures OA4 and OA5 in the Online Appendix detail how the
characteristics of attorneys in our sample and the areas in which their offices are located differ from (a) the
full set of private injury attorneys (whose email is listed in the database) and (b) a random selection of all
attorneys with email addresses listed in the database from which we obtained our information.

18. CFscores capture the political preferences of individuals and organizations in a one-dimensional space
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Table OA8 in the Online Appendix reports summary statistics.

5 Results

5.1 The Impact of Sender Identity on Response Rates

We begin by reporting results for the question of whether attorneys in the aggregate treat
senders differently depending on their name. As explained above, we are primarily interested
in differences between response rates of senders belonging to different racial/ethnic groups.

In line with the hypothesis that lawyers are less likely to respond to inquiries by members
of racial/ethnic minorities, Black and Hispanic inquirers received fewer responses than White
senders. This result appears in both rounds of the study, and it is independent of whether
we choose as the base line all inquiries or only inquiries that did not yield an error message.19

The bar plots in Figure 1 show the response rates for different sender groups, with error bars
indicating 95% confidence intervals. The upper panels shows results for the first round data,
the lower panels results for the second round data. Panels on the left use all inquiries as the
base line, panels on the right all inquiries not flagged as error messages.

In absolute numbers, during the first round of the study, Black senders received 875
responses, Hispanic senders 892, and White senders 990. During the second round of the
study, Black senders received 1,016 responses, Hispanic senders 1,019, and White senders
1,101. Overall, using all inquiries as the baseline, these numbers translate into a 23.4%
response rate for Black senders, a 23.7% response rate for Hispanic senders, and a 25.9%
response rate for White senders. These results indicate that Black senders are ∼11% less
likely to receive a response to an inquiry than White senders. For Hispanic senders, this
number is ∼9%.

The difference between the response rates for White inquirers on the one hand and Black
and Hispanic inquirers on the other hand is statistically significant at the 1% level (a Fisher’s
Exact Test yields a p-value of .0008) in the first round and at the 5% level in the second

ranging from very liberal (highly negative) to very conservative (highly positive values). To obtain CFscores,
we replicated the steps outlined in Bonica, Chilton, and Sen (2016) and Bonica and Sen (2017) to create a
probabilistic algorithm that matches attorneys in our dataset to individuals in DIME based on their name,
occupation, employer, and location. As DIME contains CFscores only for individuals who contributed to
political campaigns, and as not all individuals contribute, we were unable to obtain ideology scores for a
substantial shares of attorneys in our dataset. The final version of our linkage algorithm identifies matching
observations in DIME for 45.3% of the attorneys in our dataset. This is comparably close to Bonica, Chilton,
and Sen (2016) and Bonica and Sen (2017), who were able to identify matching observations in DIME for
43.4% of the attorneys in the Martindale-Hubbell database.

19. See Section 3.5 above. Technically, one can view the analysis of data that includes bounced emails
as an intention-to-treat analysis and the analysis of data that excludes these observations as an as-treated
analysis.
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Figure 1: Response rates by gender and race/ethnicity group
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round (p-value: .0157).20 This result persists when bounced emails are excluded from the
analysis (p-values: .0005 and .0206).21

To illustrate the substantive size of the effects, we calculate the number of inquiries
senders from different groups need to send to obtain a certain number of responses. For
example, our results imply that White senders need an average of 11.6 inquiries to receive
three replies. For Black inquirers, this number is 12.8, for Hispanic senders, 12.7.

We also benchmark our results to the findings from similar studies in other fields. For

20. Here and in the following, we report conventional p-values. Our split sample design mitigates concerns
that the models that we registered and tested in the second round were over-fit to the data. The p-values
should be interpreted in light of the fact that each of the models were tested independently.

21. We obtain largely similar results when comparing White senders with senders from the two other groups
separately.
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this, we calculate response discrimination ratios (Gaddis et al. 2021) as the response rate
for White senders divided by the response rates for Black and Hispanic senders. Combining
the data from both rounds of the study, we obtain a discrimination ratio of 1.11 for Black
senders and a discrimination ratio of 1.09 for Hispanic senders.

When compared with the results from studies in the hiring, housing, public services,
education, and medical fields, our results fall right into the middle. As reported by a recent
meta-study (Gaddis et al. 2021), Black senders face comparably high levels of discrimination
(substantially higher than the ones we report here) in the hiring and rental housing con-
texts (discrimination ratios: 1.24-1.29 and 1.13-1.16). Hispanic senders also face substantial
discrimination in the hiring context (discrimination ratio: 1.25-1.31), while discrimination
against these senders in the rental housing context appears less severe (discrimination ra-
tio: 1.04-1.07). Discrimination ratios for both Black and Hispanic senders in the context
of public services, education, and healthcare all hover below 1.05, substantially lower than
the estimates we obtain here. Our results are comparable in size to those found in a recent
study examining differential response rates to Black and White senders within the general
population (Block et al. 2021). In sum, these comparisons suggest that discrimination is
more prevalent in attorneys’ case selection decisions than it is in some professional contexts,
but not as severe as in others.

Our study design also allows us to examine whether response rates varied depending
on senders’ gender identities. In both rounds of the study, female senders received more
responses than male senders. In the second round of the study, this difference was substantial
(1,658 for female as compared to 1,478 responses for male senders). However, because the
difference between both groups in the first round of the study was rather small (1,407 for
female as compared to 1,350 responses for male senders), we did not include gender effects
among the hypotheses we planned to test using our second round data. Accordingly, while
the data provides some support for the existence of a gender effect favoring females, we
cannot corroborate the existence of this effect within the framework of this study.

Finally, we also investigate the relationship between the intersection of race/ethnicity
and gender on the one hand and response rates on the other hand. Much of the differences
between response rates for different racial/ethnic groups are a function of a preferential
treatment of White female inquirers, a result that is notably absent from correspondence
studies in other areas. White female senders receive by far the highest number of responses
in both rounds of the study. The difference between responses for White female inquirers and
all Black and Hispanic inquirers is highly significant in both rounds of the study (p-values:
< .0001 and .0005), while the difference for White male inquirers is insignificant (p-values:
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.5847 and .8206).22 Note that this result is not driven by individual names: 4 out of 5 first
names used for White female senders show higher response rates than all first names used
for any other group.

All of the main results described in this section are robust to using an alternative outcome
measure that captures whether an attorney responded to an inquiry with an email showing
a willingness to help the inquirer obtain legal representation. Accordingly, we can rule out
the possibility that the observed differences in response rates for different groups are due to
certain groups receiving more responses declining legal representation than others. Detailed
information on how we constructed the alternative outcome measure and more information
on the results from this analysis can be found in Section OA2 in the Online Appendix.

Furthermore, all results are confirmed by regression analysis, the results of which we
report in Section OA4 in the Online Appendix.

5.2 Treatment Effects and Attorney Characteristics

The extent and diversity of our data allows us to investigate whether and how the effects
documented above vary based on attorney characteristics and attorney geography.

In a first step, we explore how the treatment of different senders varies between attorneys
located in different areas. We find that a preferential treatment of White senders can be
documented in a majority of U.S. states. At the same time, we find evidence of considerable
geographic heterogeneity, but not necessarily one that tracks intuitive regional categories.
We also investigate whether differences in the response rates for different groups vary system-
atically with geographic factors at the sub-state level, for example the economic well-being,
racial composition, and political leanings of residents in particular areas. However, this anal-
ysis fails to produce evidence suggesting the existence of any such relationships. Detailed
information on this analysis can be found in Section OA5 in the Online Appendix.

The remainder of this section presents the results of an investigation of how the treatment
of different sender types varies between attorneys with different personal characteristics. In
conducting this analysis, we attempt to shed at least some light on the underlying mecha-
nisms responsible for the differential treatment of senders in different racial/ethnic groups.

5.2.1 Descriptive Results

We start by reporting how the treatment of different groups varies by the attorneys’ own
predicted race. Figure 2 shows response rates for different groups of inquiries depending on

22. We obtain a similar result when comparing response rates for White female and White male senders
to response rates for other senders in the same gender category.
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the value of ATT WHITE, our indicator variable for attorney race. The Figure furthermore
differentiates between the data gathered in the two different rounds of the study. The upper
panels show results for the first round data, the lower panels results for the second round
data. Panels on the left show the responses to inquiries sent to non-White attorneys, panels
on the right those to inquiries sent to White attorneys.

Figure 2: Differences between treatment effects by predicted attorney race
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(b) White attorneys – 1st round
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(c) Non-White attorneys – 2nd round
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While White attorneys are less likely to respond to inquiries by Black and Hispanic
senders than their non-White counterparts, they respond more often to White inquirers
than the latter attorneys. On average, the chances of a White inquirer to receive a response
is about two percentage points higher when the recipient is a White attorney than otherwise.
This result holds for both rounds of the study.

However, there are some important differences between the data gathered in both rounds.
In the first round, White attorneys treated White female senders particularly preferential.
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In the second round, it was White male senders that were treated better by White attorneys
as compared to their non-White counterparts.

A similar preferential treatment of White inquirers can be observed for other groups of
attorneys, including male attorneys, attorneys who are solo practitioners, and older attor-
neys.23 By contrast, measures of attorney ideology do not exhibit a systematic relationship
with the treatment effect.24

5.2.2 Isolating the Effect of Attorney Characteristics

On its own, the results that White senders have a comparably higher probability of receiv-
ing a response when interacting with White attorneys does not demonstrate a preferential
treatment of members of the attorneys’ own groups. This is because the objective value
of representing clients from different racial/ethnic groups as well as the names of attorneys
might vary in different parts of the country. Maybe personal injury lawsuits brought by
White plaintiffs are treated favorably by the legal systems in some states, but not in others.
If our sample of attorneys from the first group of states contains a higher share of White at-
torneys than the sample of attorneys from other states, rational anticipation of the chances
of success of lawsuits in different states could yield results like the ones described above.
Technically, this problem can be described as a variation of omitted variable bias.

In order to evaluate whether the preferential treatment of White senders is more common
among White attorneys, one therefore has to compare the responses of White attorneys with
those of non-White attorneys from the same geographical area. In other words, what is
needed is a way to hold geography constant.

In this study, we explore two different strategies to achieve this goal. First, we run a
series of regressions that include, alongside the variables mentioned above, a range of different
variables capturing socio-economic characteristics of the area in which an attorney is based
as control variables.

However, this strategy (controlling for potential confoundering variables by way of includ-
ing them as additional right-hand variables in a regression) comes with significant downsides.
One is that it can only account for observable variables. Therefore, in the present context, it
is impossible to rule out that unobserved geographical variables are responsible for any ob-
served differences between attorneys from different racial/ethnic groups. Another problem is

23. Figures OA12—OA14 in the Online Appendix display information on these variables and their inter-
action with the treatment effect.

24. While the results from the second round of the study might suggest that attorneys whose campaign
donations indicate more conservative political leanings treat White inquirers comparably better than their
liberal counterparts, a similar effect could not be observed in the first round data. In that data, if anything,
the preferential treatment of White female senders appears stronger for attorneys whose campaign donations
indicate more liberal political leanings. For more information, see Figure OA15 in the Online Appendix.
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that multiple regressions rely on linear extrapolations to obtain estimates of the effect of the
variables of interest. This problem is particularly relevant if the distribution of covariates for
“treated” and “untreated” observations differs substantially (Imbens and Rubin 2015, Ch.
12).

For these reasons, we also carry out an analysis that uses matching on geography to
isolate the effects of personal attorney characteristics from potentially confounding effects
of geography. In this analysis, we construct a version of the data that consists of pairs of
attorneys (one with ATT WHITE = 0, the other with ATT WHITE = 1) who have their
offices in the same area. We then test whether the effect in Figure 2 Panel (a) persists
in this version of the dataset. Under the assumption that the objective value of lawsuits
brought by members of different groups is the same for attorneys based in the same area,
any remaining effect can be attributed to differences in the response behavior of different
attorneys. This does not mean that it would be possible to infer that the different response
rates are caused by the membership of an attorney in a racial/ethnic group. However, as our
goal is only to exclude explanations that attribute differential response rates to factors that
exist independently from the identity of attorneys participating in our study (and not to find
evidence in favor of a particular explanation), we do not need to draw such an inference.

To understand what our matching procedure achieves, consider the following. For each
pair of attorneys, because they are based in the same area, the expected, attorney-independent
value of representing clients from different groups must be the same. Any observed difference
in their behavior that cannot be explained as a result of chance therefore has to be related
to the attorneys’ personal characteristics (either the attorneys’ group membership itself or
another factor which is correlated with group membership). For the dataset as a whole,
this approach eradicates any correlation that might exist in the data between (observed and
unobserved) geographical variables and attorney name (see also Imbens and Rubin 2015, Ch.
18), which addresses concerns about omitted variable bias related to unobserved geographical
variables.25

To construct the matched dataset, we implement the following steps for all attorneys
with ATT WHITE = 0: First, we identify all attorneys with ATT WHITE = 1 and
offices in the same county as the first attorney that had not already been matched. If there
is more than one such candidate attorney in the dataset, we select the attorney whose office

25. This approach also ensures that geographic covariates for the treatment and control groups are more
balanced than in the original dataset, implying that only observations from areas that can provide some
information about the comparison between different types of attorneys are considered in the analysis. More
precisely, under the assumption that relevant geographic variables are identical for attorneys in the same area,
the matching strategy ensures that the distributions of (geographic) covariates for the different treatment
and control groups (ATT WHITE interacted with the type of sender) are identical in expectation.
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is closest to the first attorney. If there is no such candidate in the dataset, we obtain a
second list of candidates by identifying all attorneys that have their offices in the same state
and within 10 miles from the first attorney. In case of multiple candidates, we again match
based on physical proximity. If this second round does not yield a candidate, the observation
is removed from the analysis. Overall, we are able to obtain matches for 4,444 of the 4,482
attorneys with ATT WHITE = 0. Of these 4,444 pairs, 4,297 consist of attorneys who
have their offices in the same county.26

5.2.3 Original Hypothesis

As Figure 2 indicates, our analysis of the first round data suggested that the preferential
treatment of White senders by White attorneys profited mostly senders with a name com-
mon among White females. White female senders constitute the only group that enjoyed
higher response rates among White attorneys. By contrast, Black female (and, to a lesser ex-
tent, Hispanic male) senders had substantially lower response rates among White attorneys.
The other sender groups (including White male senders) obtained roughly similar rates of
responses from attorneys in both groups. Importantly, these results could also be observed
in the matched data, which we interpreted as evidence that they were not due to spurious
correlations with geographical variables. In addition, the results from regressions indicated
that these results were statistically significant. This result persisted when we included a
range of different variables capturing socio-economic characteristics of the area in which an
attorney is based as control variables.27

Based on these results, we included in our preregistration the hypothesis that White
attorneys are more likely to treat White female senders more favorably compared to other
senders than non-White attorneys. However, as we document above, in the second round of
the study, it was White male senders (and not White female ones) who were treated better
by White attorneys as compared to their non-White counterparts. Accordingly, we were
unable to confirm the original hypothesis with our second round data.

5.2.4 Further Exploration

While we were unable to replicate the results from the first round data using the second
round data, this result does not offer conclusive evidence against the hypothesis that White

26. Figure OA16 in the Online Appendix shows how the covariate distributions of both groups attorneys
change as a result of the matching procedure. While, for some variables, substantial differences can be
observed pre-matching, the matching procedure results in subpopulations of attorneys with almost identical
(geographical) covariate distributions.

27. Regression results are reported in Table OA9 in the Online Appendix.
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(female) senders are treated preferentially by White attorneys. Because there were only a
small number of attorneys who were not classified as White in our sample, the power of our
test is limited. This implies that we cannot rule out the possibility that we would have been
able to confirm our initial result if we had had more data available.

Furthermore, while we were unable to confirm our initial hypothesis that White female
senders are treated better by White attorneys, all White senders taken together did receive
a preferential treatment by White attorneys in the second round data as well. White senders
are the only racial/ethnic group who show a higher response rate for inquiries sent to White
as compared to non-White attorneys. All other racial/ethnic groups, by comparison, re-
ceive relatively more responses from non-White attorneys than they do from their White
counterparts.

Against this background, we use the combined data from both rounds of the study in
an attempt to generate a best guess as to the existence of a preferential treatment of White
senders by White attorneys. In our analysis, which we report in Section OA6 in the Online
Appendix, we find some support for the hypothesis that the observed differential treatment
of senders is at least partly driven by a tendency of White attorneys to respond preferentially
to inquiries by members of their own racial/ethnic group. These results suggest that the
differential treatment cannot be explained by objective differences in the expected value of
lawsuits brought by different client types. We stress that the results from this analysis were
not corroborated by our split sample design, and we leave it to future research to determine
whether these results can be replicated.28

6 Discussion

Providing a forum for the nonviolent resolution of disputes between private parties is a core
government function, and access to such a forum is a basic civil right. In the United States,
both public and private actors play a role in determining which disputes are translated
into legal claims that are ultimately heard (Felstiner, Abel, and Sarat 1980). Courts affect
legal claims through procedural and substantive rules as well as through their treatment
of individual matters. A variety of social processes might affect the types of disputes that
are litigated, but there are many reasons to believe that the relationship between clients
and lawyers is pivotal. In particular, the ability of a potential litigant to find adequate legal

28. In unreported regressions, we also test whether signals about the within race socioeconomic status of
senders as encoded in their first names (see Gaddis 2017a; Gaddis 2017b) are correlated with response rates.
These tests fail to detect a systematic relationship between two variables, which suggests that objective
differences in the expected value of lawsuits involving different clients might be of limited importance in
attorney’s decisions.
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representation is an important step in the litigation process, and for many cases may amount
to a sine qua non. Often, if no lawyer can be found, a claim simply cannot go forward.

This study examines the first point of contact between potential litigants and lawyers to
examine whether certain demographic factors—as encoded in names—affect the likelihood
that an attorney will pursue a relationship. In line with the findings of analogous studies in
fields such as employment discrimination and access to public officials, the findings discussed
above indicate that members of racial/ethnic minorities have a harder time establishing an
initial contact with an attorney than Whites. While this effect is smaller than the effects
documented in contexts such as hiring decisions, it is notably bigger than the discrimination
that senders from minorities face in access to public services, education, and healthcare.

At the same time, the results from our study also differ in important ways from previous
findings in other fields. Most importantly, we find evidence that the differences between
response rates for senders from different racial/ethnic groups are mostly driven by a prefer-
ential treatment of senders who are White and female, a result that is notably absent from
many correspondence studies in other fields. This result, which we had not anticipated in
designing the study, points to the possibility that the disparate treatment we document is
the result of other factors than the ones responsible for the discrimination observed in other
areas.

Although the setup of this study does not provide an opportunity to explain why the
preferential treatment of White senders is concentrated in White female senders, this result
points to possible inter-sectional race and gender dynamics, a factor that has so far been
largely ignored in correspondence studies. In other words, our results could indicate that
decision-makers such as attorneys react to the race/ethnicity of others differently depending
on the gender of the person they are interacting with. For example, some attorneys in our
study might be less sensitive to the race/ethnicity of their prospective male clients, while
they accord more weight to these factors in deciding whether to work with female clients. Or,
some of the attorneys in our sample (the majority of which are White and male) may receive
certain non-monetary benefits from interacting with senders who are White and female but
not others.

Insofar as correspondence studies in other fields have ignored this dimension, this omission
might be considered a shortcoming that researchers should address in future research.

In addition to our finding regarding differences in response rates for members of different
racial/ethnic groups, we also find tentative evidence of in-group/out-group bias: the effects
we document are heterogeneous based on the personal characteristics of the attorney, even
when comparing attorneys based in the same geographical area. The latter finding might
suggest that the observed differences in the treatment of different groups are not merely a
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reaction to anticipated differences in the expected payoff from lawsuits involving different
plaintiffs.

Our findings are subject to several important limitations. First, while we treat our (ten-
tative) finding that the preferential treatment of White senders is more pronounced among
White attorneys as evidence against certain forms of “rational” statistical discrimination,
other forms of rational behavior seem compatible with these patterns. Most importantly,
the objective value of lawsuits involving clients with specific characteristics might vary be-
tween attorneys, causing some attorneys to prefer cooperation with specific clients even
though other attorneys do not share the same preferences. This could be true, for example,
if attorneys received higher reputational benefits from successfully suing on behalf of mem-
bers of their own racial/ethnic group, or (conversely) if society in certain areas stigmatized
interactions between members of different groups. Another potential source of such a vari-
ation in value could be that the expected chance of succeeding would be higher for certain
attorney-client pairings than for others. However, there is no apparent reason to believe
that members of minorities had a better chance to succeed in court if minority attorneys
represented them or that white plaintiffs fared better in court when represented by white
attorneys.

Second, our study shows a differential treatment of senders in personal injury lawsuits
only. A notable feature of this context is that lawyers’ fees are often paid on a contingent
basis. We leave it to future research to explore whether our results replicate in areas such as
criminal law, in which attorneys usually demand up-front retainers.29 We also cannot rule
out the possibility that the attorneys contacted in this study constitute an unrepresentative
sample of the population of private injury attorneys in the United States, and that some or
all of the results presented in this analysis do not hold true for this population.

Differential access to legal representation could have a variety of social and economic
consequences. Perhaps most obviously, access to the courts to gain compensation from past
harm is a good with economic value, and if access is granted or denied based on demographic
characteristics, then that good will be unequally distributed. Such differential treatment
could exacerbate existing social and economic inequalities. In addition, the basic legitimacy
of the court system, and the rule of law more generally, may be undermined if certain groups
of people consistently find that their efforts to achieve judicial remedies for private harms
are stymied.

These consequences raise the question whether there are potential remedies available to

29. Results from a field experiment involving criminal defense attorneys in California (Libgober 2020)
suggest that members of minorities might face similar discrimination in these areas. However, it should be
noted that this study was unable to replicate these effects for attorneys in Florida.
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tackle this problem. Furnishing clients with a right to bring suit against an attorney whose
decision to decline representation because of the client’s racial/ethnic status will probably
be of little avail. This is because clients will usually not have the information needed to
establish whether an attorney exhibits a pattern of preferential treatment of members of
other groups. Establishing forms of legal aid that include the financing of lawsuits brought
by members of minorities that have a lower chance to obtain legal representation by an
attorney in principle seems more effective. However, it would require administrators to take
over the role of attorneys in screening cases for whether they have a chance to result in a
successful lawsuit or not. If administrators performed worse in this task than attorneys do, a
higher share of bogus claims would end up in court, wasting not only the resources allocated
to such a program, but also other court resources. A third way to tackle this problem would
be to strive for a more diverse bar. If there are enough attorneys from different racial/ethnic
groups in all parts of the country, the problem of differential access to legal representation
would be severely curtailed.

7 Conclusion

This paper reports results from a nationalwide study of the effects of demographic infor-
mation (as encoded in names) on attorney behavior at the initial inquiry stage of client
intake for personal injury claims. Our study implements an email audit including more than
24,000 attorneys from all across the United States and documents whether response rates
vary with sender names suggesting senders belonging to different racial/ethnic groups. We
find significant results suggesting a discriminatory effect preferring some members of the
majority race/ethnicity. We also find tentative evidence that these effects vary depending on
personal characteristics of the attorneys. The latter finding might suggest that the observed
differences in the treatment of different groups are not merely a reaction to anticipated dif-
ferences in the expected payoff from lawsuits involving different types of plaintiffs, but that
attorneys’ selection decisions are at least partly a function of their personal characteristics.
Mechanisms that could explain this latter effect include “taste-based” discrimination and
ill-informed beliefs about members of other groups.
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OA1 Text of Inquiries

This section reports the text of the email inquiries described in Section 3.4 of the paper.
The following text was used in 10,786 inquiries sent during the first round of the study and
in all inquiries sent during the second round.

Subject: Supermarket accident
Dear Ms./Mr. [ATTORNEYNAME] / Hello:
My name is [SENDERNAME]. I am contacting you to ask if your law firm han-
dles the case of a very serious ankle injury that included two surgeries, with a
plate and screws, and several months of incapacitation and rehabilitation. The
injury happened in a grocery store due to VERY unsafe conditions. In addition
to medical bills, there were several months of no employment because of this and
pain and lack of mobility still makes working difficult.
Thank you,
[SENDERNAME]

The following text was used in 2,000 inquiries sent during the first round of the study.
We did not use this version of the text during the second round.

Subject: Supermarket accident
Dear Ms./Mr. [ATTORNEYNAME] / Hello:
My name is [SENDERNAME]. I am contacting you to ask if your law firm han-
dles the case of a very serious ankle injury that included two surgeries, with a
plate and screws, and several months of incapacitation and rehabilitation. The
injury happened in a grocery store due to VERY unsafe conditions. Especially as
a retired senior citizen, pain and lack of mobility make it impossible to engage in
normal activities.
Thank you,
[SENDERNAME]
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OA2 Alternative Analysis Using Positive Responses as
the Outcome Measure

Our main analysis measures whether attorneys responded to outreach emails or not. In
doing so, we essentially treat every email received in response to our outreach as a positive
reaction on the attorney’s part. While ensuring easy replicability of our results and avoiding
the need for judgment calls about whether an email suggests a willingness on the part of an
attorney to represent the purported inquirer, this approach also discards potentially useful
information. Most importantly, if attorneys are more likely to send rejection emails to some
sender types than others (instead of not answering an email at all), this could explain at
least parts of the results reported in Section 5 of the paper.

In response to this issue, we repeat the analyses above using a different outcome measure
that evaluates whether a response indicated an attorney’s willingness to help the inquirer
obtain legal representation. Accordingly, this outcome measure treats “negative responses”
equivalent to instances in which the outreach email did not trigger a response at all.

OA2.1 Using Machine Learning to Predict Negative Responses
To obtain this alternative outcome measure, we hand-code 1,003 randomly selected emails
from among the emails that we received in response to inquiries sent during the first round
of the study and that were not flagged as error messages.30 For this, we use a coding scheme
that distinguished between whether a response indicates an attorney’s willingness to work
with a client (Category 1), a response referred the inquirer to another attorney (Category
2), the response indicates an attorney’s unwillingness to represent a client (Category 3), or
the response falls in none of these categories (Category 4).31

Table OA1 contains example emails from each category and indicates the frequency with
which each of these categories occur in the sample. The majority of responses (∼ 78%)
received indicates an attorney’s willingness to at least explore representing the inquirer,
while less than 7% contains a clear refusal to work with them.

In the following analysis, we treat responses as positive responses if they fall into Cate-
gories 1 or 2, and as negative responses otherwise.

For the remaining email responses, we use a machine learning algorithm to predict from
the vocabulary used in emails whether unlabeled emails contain negative responses or not.
We select and fine-tune the algorithm on the basis of results obtained from 10-fold cross
validation. We implement the following steps to obtain these predictions:

1. We convert all emails into vector representations using a simple “bag-of-words” ap-
proach. For this, we obtain dummy indicators for whether a word is featured in the
email or not, which we rescale using the “inverse document frequency” (IDF) algorithm
(see Frankenreiter and Livermore 2020).

30. See Section 3.5 of the paper.
31. One of the co-authors (Frankenreiter) did the manual coding in August 2019.

34



Table OA1: Response Categories.

Category Description Example email # in Treated
sample as

1 Indicates willingness to I shall discuss the case with you; 782 Positive
consider representing the give me a call at [PHONE NUMBER].
client [ATTORNEY SIGNATURE].

2 Refers the client to Dear Mr. Battle- I no longer o [sic] 74 Positive
another attorney Personal Injury cases. However, I

can get your details and refer you to
one of a few very good injury attorneys
in my circle of attorney friends. What
is your phone nimber [sic]?

3 Declines representation Dear Ms. Alston, 70 Negative
I do not handle these types of claims.
Thank you for contacting my office.
[ATTORNEY NAME].

4 None of the above I have received your message. I will be 77 Negative
preparing a Court of Appeals argument and
will be unable to respond to your message
until Thursday. Thank you for your
understanding. [ATTORNEY NAME].

2. We reduce the dimensionality of the ensuing dataset using principal component analysis
(PCA). We use the first 50 factor loadings as “features” in our classification algorithm.

3. We train a LASSO classifier (Tibshirani 1996) to predict whether the text of the email
indicates a negative response or not.

4. We use this algorithm to generate predictions for the unlabeled part of our dataset.

To evaluate the performance of this algorithm, consider Figure OA1. This figure contains
a so-called receiver operating characteristic (ROC) curve that describes the predictive accu-
racy of a binary classifier in dependence on the discrimination threshold used. A curve that
bends far to the left (like the one in the graph) is indicative of a strong predictive accuracy.

Because our dataset contains more positive than negative responses, we calibrate the final
version of the algorithm so that it classifies a number of emails as negative responses that
corresponds to the share of negative responses in the coded part of the dataset. Results from
our 10-fold cross validations confirm that the classification algorithm performs reasonably
well in this configuration. In 20 repetitions using different (random) sample splits, we achieve
an average accuracy of ∼ .927 and an average F-1 score of ∼ .752.32

32. These numbers imply that, on average, the algorithm correctly identifies 111 of the 147 negative re-
sponses in the labeled part of our dataset.
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Figure OA1: Performance of LASSO classifier predicting negative responses
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OA2.2 Results
OA2.2.1 Differences in Response Rates

Next, we repeat the analyses reported in Section 5 of the paper using this alternative outcome
measure. While some effects attenuate, all major results are robust to this change.

Figure OA2 replicates Figure 1. As can be seen from this figure, White inquirers receive
the highest share of positive responses (832 or 22.1% during the first round, 939 or 21.8%
during the second round), followed by Hispanic (772 or 20.5% and 897 or 20.9%, respectively)
and Black (749 or 19.8% and 840 or 19.5%) senders. A Fisher’s Exact test for differences
between response rates for Black and Hispanic senders on the one hand and White senders
on the other hand indicates that this difference is statistically significant in both rounds of
the study (p-values: .017 and .032). Like in the analysis reported in Section 5.1 of the paper,
almost all of this difference is driven by differences in responses to inquiries sent under female
identities.33

33. Fisher’s Exact tests comparing response rates for all Black and Hispanic inquirers with White female in-
quirers only yield highly significant results (p-values: .0008 and .0002), while the same test yields insignificant
results (p-values: .773 and .674) if White male senders are substituted for White female senders.
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Figure OA2: Response rates by gender and race/ethnicity group
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OA2.2.2 Evidence of In-Group Bias

In addition, we replicate the results reported in Section 5.2 of the paper to rule out the pos-
sibility that our findings there are solely a function of our choice of outcome variable. Figure
OA3 replicates Figure 2. Like in the previous analysis, it is apparent that the differential
treatment of senders from different racial/ethnic groups (and, in particular, the preferential
treatment of White female senders) are almost exclusively driven by attorneys with names
most common among White people.

We also repeat the various steps undertaken to rule out the potential confounding influ-
ence of geographical factors, including the matching strategy described in Section 5.2.2 of
the paper. The results from this analysis, which we report in Section OA6, provide addi-
tional evidence that the differential treatment of senders from different racial/ethnic groups
are almost exclusively driven by attorneys with names most common among White people
is independent from the choice of the outcome variable.

39



Figure OA3: Differences between treatment effects by attorney race
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OA3 Information on Attorney Sample

Table OA2: Information on personal injury lawyers by state.

Population Number Lawyers Number Percent.
estimate lawyers per 100k lawyers lawyers
for 2017 in data inhabitants w/ email w/ email

Alabama 4,874,747 1,916 39.30 1,154 60.23
Alaska 739,795 279 37.71 185 66.31
Arizona 7,016,270 1,444 20.58 817 56.58
Arkansas 3,004,279 867 28.86 445 51.33
California 39,536,653 7,045 17.82 3,115 44.22
Colorado 5,607,154 920 16.41 608 66.09
Connecticut 3,588,184 1,284 35.78 922 71.81
Delaware 961,939 263 27.34 179 68.06
District of Columbia 693,972 344 49.57 205 59.59
Florida 20,984,400 5,754 27.42 4,673 81.21
Georgia 10,429,379 2,709 25.97 2,041 75.34
Hawaii 1,427,538 373 26.13 279 74.80
Idaho 1,716,943 351 20.44 187 53.28
Illinois 12,802,023 4,430 34.60 2,359 53.25
Indiana 6,666,818 1,874 28.11 952 50.80
Iowa 3,145,711 800 25.43 429 53.62
Kansas 2,913,123 779 26.74 386 49.55
Kentucky 4,454,189 893 20.05 585 65.51
Louisiana 4,684,333 2,813 60.05 1,583 56.27
Maine 1,335,907 154 11.53 108 70.13
Maryland 6,052,177 843 13.93 594 70.46
Massachusetts 6,859,819 3,137 45.73 1,621 51.67
Michigan 9,962,311 2,104 21.12 1,526 72.53
Minnesota 5,576,606 1,602 28.73 1,075 67.10
Mississippi 2,984,100 1,039 34.82 583 56.11
Missouri 6,113,532 2,269 37.11 1,351 59.54
Montana 1,050,493 501 25.57 284 56.69
Nebraska 1,920,076 627 32.65 379 60.44
Nevada 2,998,039 675 22.51 404 59.85
New Hampshire 1,342,795 506 37.86 257 50.79
New Jersey 9,005,644 3,754 41.68 1,993 53.09
New Mexico 2,088,070 659 31.56 336 50.97
New York 19,849,399 6,874 34.63 3,663 53.29
North Carolina 10,273,419 1,181 11.50 902 76.38
North Dakota 755,393 184 24.36 134 72.83
Ohio 11,658,609 3,300 28.31 1,803 54.64
Oklahoma 3,930,864 1,430 36.38 806 56.36
Oregon 4,142,776 963 23.24 708 73.52
Pennsylvania 12,805,537 4,940 38.58 2,589 52.41
Rhode Island 1,059,639 577 54.45 324 56.15
South Carolina 5,024,369 851 16.94 611 71.80
South Dakota 869,666 444 51.05 260 58.56
Tennessee 6,715,984 1,754 26.12 1,121 63.91
Texas 28,304,596 6,611 23.36 3,758 56.84
Utah 3,101,833 511 16.47 349 68.30
Vermont 623,657 310 49.71 182 58.71
Virginia 8,470,020 1,912 22.57 1,129 59.05
Washington 7,405,743 2,208 29.81 1,262 57.16
West Virginia 1,815,857 851 46.86 478 56.17
Wisconsin 5,795,483 898 15.49 514 57.24
Wyoming 579,315 238 41.08 120 50.42

TOTAL 325,719,178 89,045 27.34 52,328 58.77
Notes. Population estimates obtained from U.S. Census Bureau, available online at https://www2.census.gov/

programssurveys/popest/tables/20102017/state/totals/nstest2017-01.xlsx (last accessed January 29, 2019).
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Figure OA4: Representativeness of attorney sample (1)
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Figure OA5: Representativeness of attorney sample (2)
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OA4 Regression Analysis
In this section, we report the results from a series of regressions aimed at confirming the ex-
istence of the main effect documented in this paper, namely the impact of senders’ purported
race/ethnicity and gender on response rates.

Table OA3 reports the results from a number of different logit regressions. In both
panels in Table OA3, Columns (1) and (2) report results of regressions using the first round
data, columns (3) and (4) results for the second round data, and columns (5) and (6)
results for the combined data from both rounds. The odd-numbered columns report results
using all inquiries, while the results reported in even-numbered columns were obtained from
regressions using only emails that did not result in an error message. All regressions include
state fixed effects. Standard errors are clustered at the state level.34

The regressions reported in Panel (a) compare the response rates for Black and Hispanic
senders with those for White senders. As can be seen from the table, the estimates for
both Black and Hispanic are negative and significant in all specifications. This confirms
that members of minority groups indeed have a harder time initiating a relationship with
attorneys. Furthermore, the negative effect for MALE confirms that attorneys preferentially
respond to female senders.

The introduction of separate variables for each combination of racial/ethnic group and
gender in the even-numbered columns confirms the finding that the difference in responses
between different groups is largely driven by differences in responses to female inquirers.

The size of the estimates is also substantially significant. For example, the point estimate
of -.227 for Black female senders in column (9) suggests that an attorney who responds with a
probability of 30% to senders using a name common among White females will only respond
to a sender writing under a name common with Black females with a probability of 25.4%.

Because of the random assignment of sender names to attorneys, our estimates for the
main treatment effects would be unbiased even in absence of controls for attorney charac-
teristics. Nevertheless, as described above, all regressions reported in Table OA3 include
state fixed effects. Under randomized assignment, the inclusion of these variables should not
substantially affect the size of the estimated coefficients. In a series of unreported regres-
sions, we confirm that the inclusion of fixed effects does not meaningfully alter the size of
our estimates, suggesting that our method of randomization worked as expected.

Substantially similar results can be obtained when using the alternative outcome variable
described in Section OA2 in lieu of our main outcome variable. Table OA4 reports the
results of regressions that mirror those reported in Table OA3, with the exception that we
use positive responses as the outcome variable. All estimates for differences between Black
senders and White or White female senders remain significant. The same is not true for
Hispanic senders, which suggests that attorneys are less likely to respond to inquiries by
perceived Black senders than to those by senders perceived to belong to other racial/ethnic
minorities.

34. Using “standard” Huber-White standard errors instead of clustered standard errors does not materially
affect the results.
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Table OA3: Logit Regressions.

(a) Aggregated Group Categories

1st Round 2nd Round Combined Data

(1) (2) (3) (4) (5) (6)

BLACK -.174*** -.194*** -.108* -.113* -.138*** -.146***
(.041) (.041) (.050) (.055) (.033) (.037)

HISPANIC -.139* -.165* -.104* -.107* -.120** -.131**
(.064) (.075) (.050) (.045) (.036) (.038)

MALE -.053 -.053 -.153*** -.160*** -.105*** -.112***
(.037) (.044) (.038) (.040) (.025) (.027)

Intercept -1.41*** -.467*** -1.31*** -1.01*** -1.35*** -.801***
(.107) (.126) (.065) (.072) (.082) (.088)

N 11,317 8,003 12,894 9,442 24,211 17,445

(b) Disaggregated Group Categories

1st Round 2nd Round Combined Data

(1) (2) (3) (4) (5) (6)

BLACK-FEMALE -.339*** -.330** -.134+ -.184** -.227*** -.247***
(.091) (.098) (.073) (.068) (.063) (.061)

BLACK-MALE -.245*** -.253*** -.259*** -.273** -.250*** -.262***
- (.061) (.070) (.072) (.085) (.046) (.053)

HISPANIC-FEMALE -.247* -.248** -.117+ -.148* -.182** -.193***
- (.085) (.095) (.071) (.066) (.051) (.051)

HISPANIC-MALE -.259** -.277** -.270*** -.300*** -.261*** -.287***
(.077) (.087) (.072) (.066) (.050) (.050)

WHITE-MALE -.242*** -.200** -.180** -.235*** -.207*** -.222***
(.068) (.071) (.068) (.065) (.048) (.047)

Intercept -1.38*** -.460*** -1.45*** -1.13*** -1.41*** -.863***
(.102) (.113) (.047) (.043) (.077) (.080)

N 11,317 8,003 12,894 9,442 24,211 17,445
Notes. Dependent variable: binary variable indicating whether a response was received. Odd-numbered
columns report results from regressions including bounced emails, even numbered columns results from
regressions excluding these emails. Standard errors clustered at the state level in parentheses. Controls for
different emails and state fixed effects included in all regressions. + p < 0.1, * p < 0.05, ** p < 0.01,
*** p < 0.001. Reference categories: Panel (a): WHITE. Panel (b): WHITE-FEMALE.
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Table OA4: Regression results.

(a) Aggregated Group Categories

1st Round 2nd Round Data Combined Data

(1) (2) (3) (4) (5) (6)

BLACK -.143*** -.154*** -.142** -.151** -.141*** -.147***
(.035) (.039) (.047) (.051) (.029) (.031)

HISPANIC -.095 -.110 -.059 -.056 -.075+ -.078+
(.067) (.078) (.059) (.055) (.039) (.041)

MALE -.033 -.029 -.169*** -.174*** -.105*** -.109***
(.043) (.049) (.044) (.047) (.028) (.031)

Intercept -1.93*** -1.09*** -1.68*** -1.40*** -1.79*** -1.28***
(.115) (.134) (.074) (.081) (.089) (.095)

StateF.E. Y Y Y Y Y Y
N 11,317 8,003 12,894 9,442 24,211 17,445

(b) Disaggregated Group Categories

1st Round 2nd Round Data Combined Data

(1) (2) (3) (4) (5) (6)

BLACK-FEMALE -.305*** -.286** -.199** -.250** -.246*** -.262***
(.078) (.086) (.075) (.073) (.059) (.058)

BLACK-MALE -.174* -.165* -.324*** -.340*** -.250*** -.256***
(.067) (.077) (.079) (.090) (.047) (.054)

HISPANIC-MALE -.179* -.152 -.112 -.138* -.142** -.143**
(.085) (.093) (.075) (.070) (.054) (.053)

HISPANIC-MALE -.202* -.208* -.245** -.265*** -.223*** -.238***
(.083) (.094) (.075) (.071) (.051) (.053)

WHITE-MALE -.195* -.144+ -.245*** -.298*** -.221*** -.230***
(.076) (.079) (.070) (.070) (.052) (.054)

Intercept -1.89*** -1.07*** -1.82*** -1.52*** -1.84*** -1.33***
(.110) (.119) (.048) (.044) (.085) (.086)

StateF.E. Y Y Y Y Y Y
N 11,317 8,003 12,894 9,442 24,211 17,445
Notes. Dependent variable: binary variable indicating whether a positive response was received. Odd-
numbered columns report results from regressions including bounced emails, even numbered columns results
fromregressions excluding these emails. Standard errors clustered at the state level in parentheses. Controls

for different emails and state fixed effects included in all regressions. + p < 0.1, * p < 0.05, ** p < 0.01,
*** p < 0.001. Reference categories: Panel (a): WHITE. Panel (b): WHITE-FEMALE.
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OA5 Geographic Variation
In this section, we explore how the treatment of different senders varies between attorneys
located in different areas. This analysis is motivated by the assumption that the relative
value of representing clients from different racial/ethnic groups might vary across the country,
most importantly because the legal system in some parts of the country might treat members
of certain groups more or less favorably than others. Here and in the following, we focus on
differences between the response rate for White senders and the response rate for Black and
Hispanic senders combined. The reason for this is the fact that the response rates for the
latter groups were similar in both rounds of the study.

As can be seen from Figure OA6, there is considerable geographical variation in differences
in response rates between states. The plots in this figure display differences in response rates
for purported inquirers who are members of different race/ethnicity groups by state. Each
state is represented by one squared “bin”, with the surface area of the bin equivalent to
the overall numbers of inquiries sent to attorneys located in this state. The color of the
bin and the direction of the lines in the bin indicate the gap between the response rates
for inquiries by purported White inquirers and the response rates for inquiries by various
groups of other inquirers, calculated in log odds ratios. A red bin (with downward-facing
lines) indicates a higher response rate for White inquirers, while a blue bin (with upward-
facing lines) indicates a higher response rate for other inquirers. Panel (a) shows differences in
response rates between White senders and the combined data for Black and Hispanic senders,
calculated on the basis of the data gathered during both rounds of the study. Because log
odds ratios defy a straightforward interpretation, we provide two examples to illustrate the
magnitude of these effects. The state of Michigan is depicted in medium red in the graph. Its
log odds ratio is .383, indicating a substantially higher response rates for White senders as
compared to the other groups combined. In fact, the response rates for White inquirers was
21.5%, while the response rates for the other groups was 15.7% on average. Pennsylvania, by
contrast is depicted in a lighter red, corresponding to a log odds ratio of 0.135 and response
rates of 29.1% and 26.4%, respectively.

Overall, the graphic suggests considerable geographic heterogeneity, but not necessarily
one that tracks intuitive regional categories. However, the preferential treatment of White
senders is not restricted to only a few localities: 27 out of 51 states show a difference in log
odds in favor of White senders of at least .15.35

Panels (b) and (c) show the same results separately for Black and Hispanic senders. The
geographic patterns of discrimination for both groups appear to be roughly similar.

Figure OA7 displays the differences in response rates between White female senders and
other senders. This graphic shows comparable geographic patterns to the ones in Figure
OA6, although the differences in response rates between White female and other senders are
generally higher than the differences in response rates between White senders on the one
hand side and Black and Hispanic senders on the other hand side.

We also investigate whether differences in the response rates for different groups vary
systematically with geographic factors at the sub-state level. We test variables indicative

35. Results for states with a small number of attorneys in the dataset (of which New Mexico is an example,
as can also be seen from the size of the bins in Figure OA6) should be taken with a grain of salt, as a small
number of inquiries of course increases the probability of more extreme result.
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Figure OA6: Differences between treatment effects by state
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(a) White vs. Black and Hispanic senders
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(b) White vs. Black senders
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(c) White vs. Hispanic senders
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Figure OA7: Differences between treatment effects by state
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(a) White female vs. Black and Hispanic senders
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(b) White female vs. Black senders
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(c) White female vs. Hispanic senders
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of the economic well-being of residents in particular areas (median income, poverty rates),
the composition of the population (percentage of Whites in a certain area) as well as the
economic fortunes of different groups of the population (the difference between the overall
rate of poverty and the poverty rates of non-Hispanic Whites in an area). Most variables
do not show a systematic relationship with the treatment of different groups. As Figure
OA8 shows, we discovered a relationship between the percentage of votes for presidential
candidate Donald Trump in the 2016 election in the county in which the attorney’s office
is located and the treatment of Black and Hispanic vs. White senders in the first round
data: Both White female and White male senders fared considerably better in areas with
high numbers of Trump voters. However, the same relationship did not exist in the second
round data.
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Figure OA8: Differences between treatment effects by % of Trump voters
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(b) More Trump voters – 1st round
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(c) Fewer Trump voters – 2nd round
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(d) More Trump voters – 2nd round
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OA6 Exploratory Analysis of Attorney Race Effects
In this section, we document the results from an analysis using the combined data from both
rounds of the study to generate a best guess as to the existence of a preferential treatment
of White senders by White attorneys. We stress that the results in this section were not
corroborated by our split sample design, and we leave it to future research to determine
whether these results can be replicated.

Figure OA9 panels (a) and (b) display response rates for all inquiries sent to non-White
and White attorneys in both rounds of the study. This graph confirms the finding in Section
5.2.1 in the paper that White senders receive a comparably higher share of responses from
White attorneys. When we combine the data from both rounds of the study, this effect can
be observed for both White female and White male senders.

In a first step, we use regression analysis to confirm that the difference in the treatment
of White senders by attorneys from different groups is statistically significant. For this, we
replicate the regressions in Table OA3 panel (b) columns (5) and (6), using ATT WHITE as
well as an interactions between ATT WHITE and an indicator for White sender as additional
independent variables. The interaction term between ATT WHITE and WHITE is the main
variable of interest in these regressions.

The results from these regressions are reported in columns (1) and (4) in Table OA5. The
coefficients for the interaction term ATT WHITE*WHITE is positive and (at least weakly)
significant. The point estimates of .154 and .181 also confirm that this effect is substantial.
For example, the regression model in column (1) predicts that, if a White sender receives
an average of 30% responses from non-White attorneys in a particular state, the probability
of receiving a response from a White attorney is 32.3%. By comparison, for senders from
other groups, the probability of receiving a response from a White attorney is lower than
the probability of receiving a response from a non-White attorney.

In Table OA6, we report the results from a series of regressions that include other attorney
characteristics as well as interactions between these attorney characteristics and WHITE as
additional control variables. It can be seen that the inclusion of most of these variables does
not meaningfully alter the size of the estimated coefficient for ATT WHITE*WHITE. The
only attorney characteristic whose inclusion affects this estimate is attorney age. This result
suggests that the estimated effect for ATT WHITE*WHITE as reported in Table OA5 might
partly capture the fact that older attorneys (who also mostly have names more common
among Whites) treat White inquirers preferentially. However, as we are not postulating a
causal relationship between attorney race and the treatment of different sender groups, this
finding does not threaten the validity of our results.

This result persists when we use our matching strategy to isolate the effects of personal
attorney characteristics from potentially confounding effects of geography. Following the
steps described in Section 5.2.2, we assemble a dataset that consists of 4,444 non-White
attorneys and 4,444 White attorneys who have their offices in the same geographic area.
Figure OA9 panels (c) and (d) display response rates for different different sender types for
these two groups. The differences in the treatment of White senders that could be observed
in panels (a) and (b) persists despite the considerable drop in observations.

Columns (7) and (8) in Table OA5 report the results of regressions using the data obtained
from the matching procedure. In these regressions, the point estimates for WHITE*ATT WHITE
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Figure OA9: Differences between treatment effects by predicted attorney race (combined
data)
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are larger than in the ones that use the unmatched data. Also, despite the reduction of the
size of the dataset, the effects are significant.

Table OA5: Logit Regressions.

Full Dataset (Combined Data) Matched Data

Including Bounced Emails Excluding Bounced Emails

(1) (2) (3) (4) (5) (6) (7) (8)

BLACK-FEMALE -.102 -.141 -.248 -.100 -.114 -.002 -.096 -.107
(.087) (.270) (.640) (.090) (.238) (.672) (.101) (.108)

BLACK-MALE -.123 -.162 -.263 -.113 -.126 -.005 -.040 -.069
(.089) (.267) (.643) (.092) (.234) (.675) (.105) (.108)

HISPANIC-FEMALE -.057 -.096 -.204 -.046 -.060 -.050 -.043 -.004
(.092) (.270) (.644) (.095) (.239) (.676) (.109) (.114)

HISPANIC-MALE -.132 -.171 -.251 -.136 -.150 -.005 -.128 -.117
(.083) (.267) (.643) (.086) (.236) (.676) (.102) (.105)

WHITE-MALE -.208*** -.208*** -.214** * -.223*** -.226*** -.222*** -.145+ -.157+
(.048) (.048) (.050) (.051) (.051) (.053) (.080) (.082)

ATT WHITE -.043 -.039 -.047 -.028 -.021 -.043 -.087 -.083
(.051) (.051) (.055) (.051) (.051) (.543) (.060) (.064)

WHITE* .154+ .143+ .091 .181* .168+ .113 .233* .243*
ATT WHITE (.083) (.082) (.082) (.088) (.088) (.089) (.109) (.118)

Intercept -1.27*** -1.25*** -1.11* -.721** -.710** -.054 -1.06*** -.624***
(.164) (.232) (.486) (.164) (.214) (.077) (.150) (.163)

Controls include interactions between WHITE and

- State F.E. N Y Y N Y Y N N
- Geographical characteristics N N Y N N Y N N

N 24,128 24,128 22,896 17,392 17,392 16,491 8,888 6,471
Notes. Dependent variable: binary variable indicating whether a response was received. Standard errors clustered at the county level in
parentheses. Controls for different emails and state fixed effects included in all regressions (state fixed effects only in (1)–(6)). +p < 0.1,
* p < 0.05, ** p < 0.01, *** p < 0.001.

When controlling for geographical characteristics by way of regression analysis, this result
appears attenuated in some specifications. Columns (2) and (5) report results for regres-
sions that include interactions between state fixed effects and WHITE. The inclusion of the
variables controls for geographic factors that influence differential response rates at the state
level. As can be seen, the estimates are almost identical to those reported in columns (1)
and (4). This is true both for the point estimates and the estimated standard errors.

However, when we include additional control variables capturing socio-economic char-
acteristics of the area in which an attorney is based (columns (3) and (6)), the effect ap-
pears substantially attenuated. This attenuation also results in p-values above all com-
mon thresholds for statistical significance. At the same time, the fact that our preferred
matching strategy (which “controls” for the same variables) yields different results points
to the possibility that these regressions might underestimate the true relationship between
ATT WHITE*WHITE and the probability of a response.
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Note that our results are robust to using the alternative outcome variable described in
Section OA2 in lieu of our main outcome variable. Figure OA10 and Table OA7 replicate
the analyses presented and Figure OA9 and Table OA5, with substantially similar results.

Overall, the results presented in this section lend support to the hypothesis that the
observed differential treatment of senders is at least partly driven by a tendency of White
attorneys to respond preferentially to inquiries by members of their own racial/ethnic group.
In other words, these results suggest that the differential treatment cannot be explained by
objective differences in the expected value of lawsuits brought by different client types.
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Table OA6: Logit Regressions.

Full Dataset (Combined Data)

Including Bounced Emails Excluding Bounced Emails

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

BLACK-FEMALE -.102 -.021 -.045 -.138 -.007 -.030 -.100 -.015 -.049 -.134 -.065 -.015
(.087) (.131) (.090) (.095) (.134) (.197) (.090) (.138) (.092) (.097) (.141) (.210)

BLACK-MALE -.123 -.060 -.065 -.166+ -.016 -.056 -.113 -.047 -.063 -.150 -.035 -.008
(.089) (.129) (.129) (.097) (.138) (.201) (.092) (.135) (.093) (.100) (.145) (.213)

HISPANIC-FEMALE -.057 .016 .002 -.113 .054 .049 -.046 .035 .004 -.104 .010 .072
(.092) (.133) (.094) (.101) (.140) (.205) (.095) (.139) (.097) (.104) (.149) (.220)

HISPANIC-MALE -.132 -.062 -.074 -.180+ -.058 -.086 -.136 -.063 -.085 -.176+ -.102 -.056
(.083) (.126) (.087) (.092) (.143) (.205) (.086) (.133) (.091) (.093) (.149) (.221)

WHITE-MALE -.208*** -.204*** -.209*** -.235*** -.257*** -.279*** -.223*** -.221*** -.229*** -.244*** -.237** -.258**
(.048) (.049) (.048) (.051) (.067) (.075) (.051) (.051) (.051) (.056) (.074) (.084)

ATT WHITE -.043 -.056 -.044 -.030 -.058 -.045 -.028 -.035 -.028 -.025 -.075 -.076
(.051) (.050) (.051) (.055) (.070) (.075) (.051) (.050) (.051) (.055) (.074) (.079)

WHITE* .154+ .145+ .156+ .112 .199+ .149 .181* .177* .184* .147 .247+ .204
ATT WHITE (.083) (.084) (.083) (.091) (.118) (.128) (.088) (.089) (.088) (.095) (.126) (.136)

ATT MALE - .168*** - - - .175+ - .166** - - - .141
(.054) (.093) (.057) (.096)

WHITE* - .086 - - - -.052 - .086 - - - .028
ATT MALE (.103) (.172) (.108) (.181)

ATT SOLOPRACTITIONER - - -.056 - - -.066 - - .060 - - .025
(.038) (.061) (.039) (.064)

WHITE* - - .138* - - .183+ - - .125+ - - .150
ATT SOLOPRACTITIONER (.066) (.100) (.070) (.111)

ATT OLDER - - - -1.11*** - -.941*** - - - -.901*** - -.804***
(.097) (.122) (.101) (.127)

WHITE* - - - .357* - .228 - - - .308* - .248
ATT OLDER (.144) (.178) (.149) (.183)

ATT CONSERVATIVE - - - - -.170** -.143* - - - - -.120* -.101
(.057) (.061) (.058) (.063)

WHITE* - - - - .124 .142 - - - - .004 .031
ATT CONSERVATIVE (.095) (.102) (.102) (.108)

Intercept -1.27*** -1.49*** -1.31*** -1.21*** -1.44*** -1.44*** -.721** -.958*** -.789*** -.650*** -.882** -.893**
(.164) (.178) (.164) (.188) (.253) (.307) (.164) (.183) (.164) (.187) (.254) (.311)

N 24,128 23,677 24,128 20,533 10,841 9,390 17,392 17,069 17,392 14,530 8,079 6,898
Notes. Dependent variable: binary variable indicating whether a response was received. Standard errors clustered at the county level in parentheses. Controls for
different emails and state fixed effects included in all regressions. Additional variables are defined as follows: ATT WHITE = 1(ATT PROBMALE > .5);
ATT OLDER = 1(FIRSTADMITTED ≤ 1970); ATT CONSERV ATIV E = 1(ATT CFSCORE > −.665) . +p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.

56



Figure OA10: Differences between treatment effects by attorney race (combined data)
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(a) Non-White attorneys – all data
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(b) White attorneys – all data
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(c) Non-White attorneys – matched data
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Table OA7: Logit Regressions.

Full Dataset (Combined Data) Matched Data

Including Bounced Emails Excluding Bounced Emails

(1) (2) (3) (4) (5) (6) (7) (8)

BLACK-FEMALE -.094 .088 -.147 -.090 -.136 .100 -.131 -.141
(.095) (.295) (.642) (.098) (.260) (.666) (.110) (.115)

BLACK-MALE -.098 -.084 -.143 -.084 -.143 .118 -.014 -.036
(.093) (.291) (.642) (.096) (.255) (.664) (.107) (.110)

HISPANIC-FEMALE .010 .192 -.049 -.029 -.255 .214 .064 .114
(.099) (.294) (.645) (.102) (.259) (.666) (.114) (.117)

HISPANIC-MALE -.068 .114 -.096 -.063 -.164 .159 -.040 -.017
(.090) (.292) (.644) (.092) (.256) (.668) (.105) (.107)

WHITE-MALE -.221*** -.221*** -.228*** -.231*** -.233*** -.228*** -.138+ -.145+
(.052) (.052) (.054) (.054) (.054) (.057) (.081) (.083)

ATT WHITE -.024 -.021 -.036 -.007 -.002 -.033 -.077 -.070
(.060) (.060) (.064) (.061) (.061) (.063) (.071) (.077)

WHITE* .185+ .175+ .117 .211* .197+ .139 .225+ .227+
ATT WHITE (.095) (.094) (.091) (.100) (.101) (.097) (.119) (.129)

Intercept -1.57*** -1.69*** -1.51** -1.05*** -1.20*** -1.13+ -1.39*** -.994***
(.165) (.263) (.553) (.165) (.244) (.582) (.160) (.171)

Controls include interactions between WHITE and

- State F.E. N Y Y N Y Y N N
- Geographical characteristics N N Y N N Y N N

N 24,128 24,128 22,896 17,392 17,392 16,491 8,888 6,471
Notes. Dependent variable: binary variable indicating whether a positive response was received. Standard errors clustered at the county
level in parentheses. Controls for different emails and state fixed effects included in all regressions (state fixed effects only in (1)–(6)).
+p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.
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OA7 Additional Tables and Graphics

Table OA8: Summary statistics

Obs. Mean Std. Dev. Min 25th Perc. Median 75th Perc. Max

Features of the inquiry

BLACK 24,211 .334 .472 0 0 0 1 1
HISPANIC 24,211 .333 .471 0 0 0 1 1
WHITE 24,211 .333 .471 0 0 0 1 1
MALE 24,211 .500 .500 0 0 0 1 1
SCENARIO2 24,211 .055 .228 0 0 0 0 1

Demographic characteristics

CENSUSBLOCK MEDIANINCOME 23,299 64,747 39,557 5,174 36,103 56,597 83,018 250,001
CENSUSBLOCK WHITEPOP 24,154 .731 .206 0 .611 .778 .890 1
CENSUSBLOCK UNEMPLOYED 24,138 .066 .064 0 .024 .051 .088 1
COUNTY MEDIANINCOME 24,128 58,413 15,153 18,972 48,104 55,277 66,529 125,672
COUNTY WHITEPOP 24,128 .605 .200 .008 .455 .622 .764 .985
COUNTY UNEMPLOYED 24,128 .074 .019 .006 .061 .070 .085 .211
COUNTY POVERTYLEVEL 23,842 .127 .058 .022 .085 .123 .157 .600
COUNTY POVERTYDIFFERENCES 23,842 .045 .042 -.016 .013 .035 .065 .391
COUNTY FOREIGNBORN 24,128 .137 .105 .002 .056 .107 .211 .522
COUNTY TRUMPVOTER 24,128 .419 .163 .041 .314 .416 .528 .895

Attorney characteristics

ATT FIRSTADMITTED 20,606 1985 12.0 1922 1977 1985 1993 2018
ATT SOLOPRACTITIONER 24,211 .410 .492 0 0 0 1 1
ATT PROBMALE 23,760 .847 .346 0 .992 .996 .997 1
ATT PROBWHITE 24,211 .810 .239 0 .740 .917 .972 1
ATT CFSCORE 10,891 -.424 .810 -3.81 -1.03 -.655 .129 2.698
ATT WHITE 24,211 .815 .388 0 1 1 1 1
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Table OA9: Logit Regressions.

Full Dataset (First Round Data) Matched Data

Including Bounced Emails Excluding Bounced Emails

(1) (2) (3) (4) (5) (6) (7) (8)

WHITE-MALE .060 -.215 -.315 .109 -.461 -2.01 .048 .066
(.149) (.351) (1.14) (.156) (.358) (1.34) (.159) (.172)

MINORITY1-FEMALE -.034 -.310 -.406 -.018 -.591 -2.13 -.064 -.023
(.155) (.352) (1.14) (.164) (.359) (1.34) (.151) (.164)

MINORITY1-MALE .060 -.216 -.335 .063 -.508 -2.073 .073 .036
(.155) (.354) (1.14) (.164) (.360) (1.34) (.186) (.195)

MINORITY2-FEMALE .047 -.229 -.355 .067 -.503 -2.072 -.005 .081
(.161) (.356) (1.14) (.169) (.361) (1.35) (.171) (.180)

MINORITY2-MALE .054 -.222 -.312 .040 -.531 -2.058 .030 .064
(.145) (.348) (1.14) (.147) (.352) (1.34) (.148) (.153)

ATT WHITE -.036 -.036 -.067 -.005 -.004 -.053 -.042 -.039
(.060) (.060) (.067) (.065) (.066) (.073) (.075) (.083)

WHITE-FEMALE* .371* .378* .290+ .381* .390* .305+ .364+ .406+
ATT WHITE (.154) (.155) (.156) (.165) (.173) (.176) (.193) (.212)

Intercept -1.43*** -1.20** -.994 -.793*** -.321 1.26 -1.29*** -.825***
(.231) (.372) (1.06) (.223) (.357) (1.25) (.198) (.222)

Controls include interactions between WHITE-FEMALE and

- State F.E. N Y Y N Y Y N N
- Geographical characteristics N N Y N N Y N N

N 11,278 11,272 10,696 7,984 7,983 7,572 4,212 3,027
Notes. Dependent variable: binary variable indicating whether a response was received. Standard errors clustered at the county level
in parentheses. Controls for different emails and state fixed effects included in all regressions. +p < 0.1, * p < 0.05, ** p < 0.01,
*** p < 0.001.
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Figure OA11: Response rates and rates of bounced emails by states
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Figure OA12: Differences between treatment effects by attorney gender
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(a) Female attorneys – 1st round
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(b) Male attorneys – 1st round
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Figure OA13: Differences between treatment effects by firm size
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Figure OA14: Differences between treatment effects by attorney age
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Figure OA15: Differences between treatment effects by attorney ideology
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Figure OA16: Covariate distributions pre and post matching
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OA8 Preregistration Statement

CONFIDENTIAL - FOR PEER-REVIEW ONLY
Are Lawyers' Case Selection Decisions Biased? (#66602)

Created: 05/23/2021 08:44 AM (PT)

Shared:   05/23/2021 09:05 AM (PT)

This pre-registration is not yet public. This anonymized copy (without author names) was created by the author(s) to use during peer-review.
A non-anonymized version (containing author names) will become publicly available only if an author makes it public. Until that happens the contents of
this pre-registration are confidential.

1) Have any data been collected for this study already?

It's complicated. We have already collected some data but explain in Question 8 why readers may consider this a valid pre-registration nevertheless.

2) What's the main question being asked or hypothesis being tested in this study?

This is a field experiment (conducted via email) exploring how demographic information (as encoded in the names of potential clients) affects how

attorneys respond to initial inquiries by clients. Our main research question is the following: (1) Are attorneys more likely to respond to inquiries from

(perceived) White potential clients than to inquiries from (perceived) Black or Hispanic clients? In addition, we explore two research questions related to

the mechanism behind this effect: (2) Is this effect mostly driven by a favorable treatment of White female clients, as opposed to White male clients? (3)

Are attorneys who are statistically likely to be White (based on their names) more likely to treat White (female) clients more favorably compared to other

clients than other attorneys?

3) Describe the key dependent variable(s) specifying how they will be measured.

Dummy variable indicating whether we receive an email in response to our outreach that was not flagged (by an algorithm written by us in python) as an

error message

4) How many and which conditions will participants be assigned to?

Six conditions: WHITE-FEMALE, WHITE-MALE, MINORITY1-FEMALE, MINORITY1-MALE, MINORITY2-FEMALE, MINORITY2-MALE (MINORITY1 indicates a

sender name more common among Black persons, MINORITY2 a sender name more common among Hispanic persons).

5) Specify exactly which analyses you will conduct to examine the main question/hypothesis.

Main research question: Fisher's Exact Test comparing the response rates for all WHITE senders with the response rates for all MINORITY1 and MINORITY2

senders.

Research question (2): Fisher's Exact Test comparing the response rates for WHITE-FEMALE senders with the response rates for all MINORITY1 and

MINORITY2 senders and Fisher's Exact Test comparing the response rates for WHITE-MALE senders with the response rates for all MINORITY1 and

MINORITY2 senders (based on our exploratory study, we expect the second test not to yield a significant result).

Research question (3): Logit regression including, as independent variables: (i) dummies for treatment group, (ii) dummy for whether attorney has name

that is more common among White people (ATT_WHITE), (iii) interaction between ATT_WHITE and WHITE-FEMALE. Our main variable of interest is the

interaction term described under (iii).

6) Describe exactly how outliers will be defined and handled, and your precise rule(s) for excluding observations.

n/a (no observations will be excluded in the analysis of the second round data)

7) How many observations will be collected or what will determine sample size? No need to justify decision, but be precise about exactly how the

number will be determined.

13,044 email inquiries / observations (see also below under 8)

8) Anything else you would like to pre-register? (e.g., secondary analyses, variables collected for exploratory purposes, unusual analyses planned?)

We implement a split-sample validation method. We constructed our two datasets during two experimental rounds that used roughly half of the email

addresses at our disposal in each round. 

The first round of the study ran between early June 2019 and mid-July 2019. The first round data (which includes 11,317 observations) was used in an

exploratory analysis to construct and test our statistical models.

In a second round (running between mid-August 2019 and late September 2019), we contacted 13,044 lawyers. Data gathered in the second round has to

date not been analyzed in any way. This dataset is the dataset for which we preregister the study.

Available at https://aspredicted.org/blind.php?x=8hn5ps 
Version of AsPredicted Questions: 2.00
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