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Abstract

In this paper, we propose a new test for identifying racial bias in the context of bail. We begin
with a model of bail setting in the spirit of Becker (1957) that predicts that the marginal white
and black defendant have the same probability of pre-trial misconduct in the absence of racial
prejudice. In contrast, the marginal white defendant has a higher probability of misconduct than
the marginal black defendant if judges are racially prejudiced against black defendants. To test
the model, we develop a new estimator that identifies the probability of pre-trial misconduct for
marginal white and marginal black defendants using the release tendencies of quasi-randomly
assigned judges. Estimates fromMiami and Philadelphia show that bail judges are biased against
black defendants, with larger racial bias among both inexperienced and part-time judges. These
results are consistent with a model of on-the-job learning where racial bias decreases as judges
learn the correct predictive weight to place on observables such as race.
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Racial disparities exist at every stage of the criminal justice process. Compared to whites,
blacks are more likely to be searched for contraband (Antonovics and Knight 2009), more likely to
experience police use of force (Fryer 2016), more likely to be charged with a severe offense (Starr and
Rehavi 2014), more likely to be convicted by all-white juries (Anwar, Bayer, and Hjalmarrson 2012),
and more likely to be incarcerated (Abrams, Bertrand, and Mullainathan 2012). Racial disparities
are particularly prominent in the setting of bail: black defendants are 7.4 percentage points more
likely to be assigned monetary bail than white defendants and, conditional on receiving monetary
bail, are assigned bail amounts that are $15,840 greater than whites.1 However, determining whether
these racial disparities are due to racial prejudice or statistical discrimination remains an empirical
challenge.

To distinguish between racial prejudice and statistical discrimination, Becker (1957) proposed
a method for testing for bias known broadly as the “outcome” test. In our setting, Becker’s model
predicts that racial prejudice against blacks should result in the probability of pre-trial misconduct
for marginally released black defendants being lower than the probability for marginally released
white defendants. If, on the other hand, racial gaps are due to statistical discrimination, there should
be no difference in the misconduct rates for marginal black and white defendants. Importantly,
Becker’s test relies on comparing outcomes for the marginal black and white defendants, not the
average black and white defendants. In practice, however, researchers cannot generally observe
which defendants are on the margin of release (e.g. Ayres 2002).

In recent years, two seminal papers have developed novel tests of racial prejudice that address
this infra-marginality problem. In the first paper, Knowles, Persico, and Todd (2001) show that if
motorists respond to the race-specific probability of being searched, then all motorists of a given
race will carry contraband with equal probability. In this scenario, the marginal and average return
of a police search are identical and there is no infra-marginality problem. In practice, Knowles et
al. (2001) find no difference in the average success rate of police searches by defendant race in
their data, leading them to conclude that there is no racial prejudice in their setting. In a second
important paper, Anwar and Fang (2006) develop a test for relative racial prejudice in motor vehicle
searches that relies on much weaker assumptions. In their model, the race of motorists should not
affect the ranking of search rates and search success rates over officer races when there is no racial
prejudice. This empirical test has the advantage of allowing for infra-marginality problems, but at
the cost of only being able to detect relative, and not absolute, racial prejudice. Anwar and Fang
(2006) also find no evidence of racial prejudice in their data.2

In this paper, we build on this prior literature and propose a new test for identifying absolute

1Authors’ calculation. Racial disparities in bail setting are also observed in other bail data. For example, among
felony defendants in state court, black defendants are nine percentage points more likely to be detained pre-trial
compared to white defendants (McIntyre and Baradaran 2013).

2We replicate the Knowles et al. (2001) and Anwar and Fang (2006) tests in our data, finding no evidence of
racial bias. The difference between our preferred approach and the Knowles et al. (2001) and Anwar and Fang (2006)
tests is that we identify treatment effects for marginal defendants rather than the average defendants and we identify
absolute rather than relative prejudice. See Section III.B for additional details on why these tests yield different
results.
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racial prejudice when infra-marginality problems exist. We begin with a simple model of bail
setting that builds on Becker’s outcome test. In the model, bail judges form an expectation of the
probability of pre-trial misconduct and release all defendants with a probability of misconduct below
a judge-specific threshold that we allow to vary by defendant race. For the marginal defendant, the
expected probability of pre-trial misconduct is equal to the judge’s race-specific threshold. A judge
is defined as racially biased if his threshold is different for black and white defendants. The key
empirical prediction from the model is that we can infer the average judge-by-race threshold from
the pre-trial misconduct rate of marginal white and marginal black defendants.

To test the model, we develop a new estimator that identifies the rate of pre-trial misconduct for
the marginal white and black defendants using the release tendencies of quasi-randomly assigned
judges. The core idea of our empirical strategy is to use the local nature of instrumental variables
(IV) estimators to identify treatment effects for individuals on the margin of release, the parameter
required by the Becker outcome test.3 We show that the local average treatment effect (LATE)
identified by our empirical strategy is exactly equal to the average treatment effect of marginal
defendants if the treatment effect is constant among the complier population. We then loosen this
assumption and provide a formula for the upper bound of the bias between our IV estimate for
racial bias and the true level of racial bias. We show that this bias shrinks as the number of judges
increases and as the heterogeneity in treatment effects among compliers shrinks. In practice, we find
that under the assumption of no racial prejudice, the maximum potential difference in treatment
effects for marginal white and black defendants identified under our empirical test could be no larger
than 0.5 percentage points.

The application of this test to data from Miami and Philadelphia reveals significant racial bias
in bail setting. Marginally released white defendants are approximately 15 percentage points more
likely to be rearrested prior to disposition than marginally released black defendants. Among drug
offenders, marginally released white defendants are 45 percentage points more likely to be rearrested
compared to marginally released black defendants. Our estimates are nearly identical if we account
for other observable crime and defendant differences by race, implying that our results cannot be
explained by black-white differences in certain types of crimes (e.g., felony versus misdemeanor) or
the black-white differences in defendant characteristics (e.g. prior offense versus no prior offense).

We then explore one potential mechanism for racial bias: the relative inexperience of most bail
judges. Bail judges must make quick judgments about the riskiness of defendants on the basis
of limited information, vast discretion, and virtually no training. Moreover, bail judges in many
jurisdictions are part-time generalists that assist with bail hearings only a few days a year. It
is possible that these relatively inexperienced bail judges may be more likely to rely on incorrect
inferences of risk based on defendant race, leading to the over-detention of relatively low-risk black

3There is a large literature on using instrumental variables to estimate local average treatment effects (e.g.
Imbens and Angrist 1994, Angrist, Imbens, and Rubin 1996) and marginal treatment effects (e.g. Heckman and
Vyltacil 2005, and Heckman, Urzua, and Vyltacil 2006) in the presence of heterogenous treatment effects. Though
the LATE interpretation is often criticized for the local nature of the estimate, our model relies precisely on identifying
treatment effects for the population on the margin of release.
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offenders (e.g. Fryer and Jackson 2008, Bordalo et al. 2016). Inexperienced bail judges may also
have limited experience interacting with black defendants, leading them to value the freedom of
black defendants less than the freedom of observably similar white defendants.

We document three facts consistent with the lack of on-the-job experience explaining racial bias
in bail setting. First, we find that the relationship between pre-trial release and the predicted risk
of misconduct is different between experienced judges and inexperienced judges, suggesting that
experience leads judges to place different weight on easily observable characteristics such as race.
Second, we find that racial bias is larger in Miami, where the bail judges in our sample are part-time
generalists that assist with bail hearings only on weekends, compared to Philadelphia, where judges
are full-time specialists that exclusively handle bail hearings seven days a week. Third, we find that
racial bias is significantly larger among inexperienced judges in Miami compared to experienced
judges in Miami. These results suggest that on-the-job learning may play an important role in
decreasing racial bias, although we cannot identify the precise mechanisms explaining this result.

Our results contribute to an important literature testing for racial bias in the criminal justice
process, in particular analyzing the stop and search decisions of police. As discussed above, Knowles
et al. (2001) and Anwar and Fang (2006) are seminal works in this area. Subsequent work by
Antonovics and Knight (2009) finds that police officers in Boston are more likely to conduct a
search if the race of the officer differs from the race of the driver, which they interpret as evidence of
racial prejudice. Also related is work by Ayres and Waldfogel (1994) showing that bail bond dealers
in New Haven charge lower rates to minorities, leading them to conclude that bail judges are biased
against minorities. Most recently, Bushway and Gelbach (2011) use a parametric framework that
accounts for unobserved heterogeneity across defendants to show that bail judges are biased against
black defendants. To date, however, the literature has been unable to develop a test for absolute
racial bias that does not depend on strong modeling assumptions.

Our paper is also related to an emerging literature documenting the costs of pre-trial detention
using the quasi-random assignment of cases to bail judges (e.g. Dobbie, Goldin, and Yang 2016,
Gupta, Hansman, and Frenchman 2016, Leslie and Pope 2016, and Stevenson 2016). Pre-trial deten-
tion increases the probability of pleading guilty before trial and decreases formal sector employment
and the receipt of employment- and tax-related government benefits (Dobbie et al. 2016). A partial
cost-benefit analysis that accounts for administrative jail expenses, the costs of apprehending de-
fendants, the costs of future crime, and the economic impacts on defendants suggests that the net
cost of pre-detention is between $37,031 and $40,048 per defendant, largely due to the significant
collateral consequences of having a criminal conviction on labor market outcomes and the relatively
low costs of apprehending defendants who fail to appear in court (Dobbie et al. 2016).

The remainder of the paper is structured as follows. Section I develops the theoretical model
underlying our analysis and proposes an empirical test based on the theoretical predictions of
the model. Section II provides background on bail decisions in our setting and describes our data.
Section III presents the results, Section IV explores the role of experience and learning, and Section V
concludes. An online appendix provides additional results and detailed information on the outcomes
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and setting of our analysis.

I. An Empirical Test of Racial Bias

In this section, we develop an empirical test for racial bias in bail setting. Our theoretical framework
closely follows the previous literature on the outcome test in the criminal justice system (e.g. Becker
1957, Knowles et al. 2001, Anwar and Fang 2006, Antonovics and Knight 2009). Consistent with
the prior literature, we show that we can test for racial bias by comparing treatment effects for the
marginal black and marginal white defendant. We then develop an estimator that identifies these
race-specific treatment effects using an instrumental variables approach that exploits the quasi-
random assignment of cases to judges.

A. Overview of the Bail System

In the United States, bail judges are granted considerable discretion to determine which defendants
should be released before trial. Bail judges are meant to balance two competing objectives when
deciding whether to detain or release a defendant before trial. First, bail judges are directed to
release all but the most dangerous defendants before trial to reduce jail expenses and increase
defendant well-being. Second, bail judges are instructed to minimize the risk of pre-trial misconduct
by setting the appropriate conditions for release.

These bail conditions are set at a bail hearing held within 24 to 48 hours of a defendant’s arrest.
In most jurisdictions, bail hearings last only a few minutes and are held through a video-conference
to the detention center. During the bail hearing, the assigned bail judge considers factors such
as the nature of the alleged offense, the weight of the evidence against the defendant, the nature
and probability of danger that the defendant’s release poses to the community, and any record of
prior flight or bail violations, among other factors (Foote 1954). Because bail judges are granted
considerable discretion in setting the appropriate bail conditions, there are substantial differences
across judges in the same jurisdiction (e.g. Dobbie et al. 2016, Gupta et al. 2016, Leslie and Pope
2016, Stevenson 2016).

The assigned bail judge has a number of potential options when setting a defendant’s bail
conditions. For example, the bail judge can release low-risk defendants on a promise to return for
all court appearances, known as release on recognizance (ROR). For defendants who pose a higher
risk of flight or new crime, the bail judge can allow release but impose non-monetary conditions
such as electronic monitoring or periodic reporting to pre-trial services. The judge can also require
defendants to post a monetary amount to secure release, typically 10 percent of the total bail
amount. If the defendant fails to appear at the required court appearances or commits a new crime
while out on bail, either he or the bail surety forfeits the 10 percent payment and is liable for the
remaining 90 percent of the total bail amount. In practice, the median bail amount is $5,000 in
our sample, and only 35 percent of defendants are able to meet the required monetary conditions
to secure release. Bail may also be denied altogether for defendants who commit the most serious

4



crimes such as first- or second-degree murder.
One important difference between jurisdictions is the degree to which bail judges specialize

in conducting bail hearings. For example, in our setting, Philadelphia bail judges are full-time
specialists who are tasked with setting bail 24 hours a day, seven days a week. In contrast, the bail
judges we study in Miami are part-time nonspecialists who assist the bail court by serving weekend
shifts. These weekend bail judges spend their weekdays as trial court judges. We will return to this
distinction as a possible source of racial bias in Section IV.

B. Model of Judge Behavior

This section develops a theoretical framework that allows us to define an outcome-based test of racial
bias in bail setting. Bail setting is a uniquely appropriate setting to test for racial bias because the
legal objective of bail judges is narrow, straightforward, and measurable. In contrast, testing for
racial bias in sentencing using an outcome test is difficult because the appropriate criminal sentence
may reflect multiple hard-to-measure objectives, such as retribution and mercy.

Let i denote defendants and Vi denote all case and defendant characteristics considered by the
bail judge. The expected cost of release for defendant i conditional on observable characteristics Vi

is equal to the expected probability of pre-trial misconduct, E[αi|Vi], times the cost of misconduct,
C. For simplicity, we normalize C = 1 so that the expected cost of release conditional on observables
is equal to E[αi|Vi]. In what follows, we simplify our notation and let the expected cost of release
conditional on observables be expressed as E[αi].

In what follows, it will also be helpful to express the expected cost of release E[αi] in the potential
outcomes framework as:

E[αi] = E[Yi(1)− Yi(0)]

where Yi(1) is the probability of pre-trial misconduct for defendant i if released before trial and Yi(0)

is the probability of pre-trial misconduct for defendant i if detained before trial. We will return to
this potential outcomes notation when we map our model to an empirical framework.

The benefit to release for defendant i assigned to judge j is tjr(Vi), where we explicitly allow
for the benefits to be a function of observable case and defendant characteristics Vi. The benefit
of release tjr(Vi) includes cost savings from reduced jail time and private gains to defendants such
as an improved bargaining position with the prosecutor and increased labor force participation.
Importantly, we allow the benefit of release tjr(Vi) to vary by race r ∈ W,B to allow for judge
preferences to vary for white and black defendants.

Definition 1. Following Becker (1957), we define judge j as racially prejudiced against black defen-
dants if tjW (Vi) > tjB(Vi). Thus, racially prejudiced judges attribute a higher benefit to releasing
white defendants than black defendants conditional on other observable characteristics.

Finally, we assume that bail judges are risk neutral and maximize the net benefit of pre-trial
release. Thus, bail judge j will release defendant i if and only if the benefit of pre-trial release is

5



greater than the expected cost of release:

E[αi] ≤ tjr(Vi) (1)

For simplicity, we assume that the expected cost and benefit functions cross exactly once, resulting
in a unique threshold for each judge-defendant race pair. Under this assumption, judge j adopts
a threshold-crossing rule, releasing all defendants with an expected cost of release (or treatment
effects) below their individual benefit of release parameter tjr(Vi). Given this threshold-crossing
rule, the marginal defendant for judge j is the defendant i for whom the benefit to release is exactly
equal to the expected cost of release (αj

i = tji (Vi)). See Appendix B for additional discussion on
the interpretation of our estimates if the single-crossing assumption is relaxed.

Based on the above framework and Definition 1, we obtain the familiar outcome-based test for
racial bias from Becker (1957):

Proposition 1. Judge j is racially prejudiced against black defendants if αj
W>αj

B, where α
j
W is the

expected cost of release for the marginal white defendant assigned to judge j (αj
W = tjW (Vi)), and α

j
B

is the expected cost of release for the marginal black defendant assigned to judge j (αj
B = tjB(Vi)).

Proposition 1 predicts that the marginal white and black defendant should have the same probability
of pre-trial misconduct if judge j is racially unbiased, but that the marginal white defendant should
have a higher probability of misconduct than the marginal black defendant if judge j is racially
biased against black defendants.

We can also use Proposition 1 to define the average level of racial bias across all judges in a
court:

D = E[αj
W ]− E[αj

B] (2)

where D captures the average difference in treatment effects for marginal white defendants and
marginal black defendants across all judges within a court. D > 0 indicates that the bail system is,
on average, racially prejudiced against black defendants and D < 0 indicates that the bail system
is, on average, racially prejudiced against white defendants.

C. Empirical Test of Racial Bias in Bail Setting

The goal of our analysis to formally establish the conditions under which we can identify the rate of
pre-trial misconduct for the marginal white and marginal black defendant. Defendant i’s probability
of pre-trial misconduct, Yi, is given by the following relationship:

Yi = αWReleasedi ·Whitei + αBReleasedi ·Blacki + βXi + θi + εi (3)

where Releasedi is an indicator for being released before trial,Whitei and Blacki are race indicators,
Xi denotes characteristics of the defendant observed by both the econometrician and bail judge, and
θi denotes characteristics observed by the bail judge but not the econometrician. In practice, Xi
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includes variables such age, gender, type of crime, and prior offenses, while θi include characteristics
such as the defendant’s physical appearance and any information conveyed during the bail hearing.
εi is idiosyncratic defendant-level variation that is unobserved by both the econometrician and the
judge.

OLS estimates of αW and αB from Equation (3) will typically not recover unbiased estimates of
the causal rate of pre-trial misconduct for marginal black and marginal white defendants, E[αj

B] and
E[αj

W ], for two reasons. First, characteristics observable to the judge but not the econometrician,
θi, may be correlated with Releasedi, resulting in omitted variable bias. For example, bail judges
may be more likely to release defendants who both appear to be less dangerous during the bail
hearing and who are, in fact, less likely to have an incident of pre-trial misconduct. In this scenario,
OLS estimates of Equation (3) will be downwards biased from the true causal effect. The second
reason OLS estimates may not recover unbiased estimates of E[αj

B] and E[αj
W ] is that OLS estimates

yield pre-trial misconduct rates for black and white defendants on average, but not for the marginal
black and marginal white defendants (e.g. Ayres 2002). The resulting bias can go in either direction,
making it impossible to bound estimates of racial bias without strong prior assumptions.

In this paper, we identify racial prejudice in the presence of both omitted variables and infra-
marginality issues using the local nature of instrumental variables estimators to estimate causal
treatment effects for individuals exactly on the margin of release, the parameter required by the
outcome-based test described above. As we will show below, the local average treatment effect iden-
tified by our empirical strategy is exactly equal to the treatment effect of the marginal defendant
if the treatment effect is constant among the complier population. We then loosen this assumption
and provide a formula for the upper bound of the bias between our IV estimator for racial bias and
the level of racial bias. We show that this bias shrinks as the number of judges increases and as the
heterogeneity in treatment effects among compliers shrinks.

To build intuition for why an IV estimator can be used to test for racial bias under reasonable
assumptions, consider a simple setting where there are only two bail judges (j = 2). Let bail judge
1’s and bail judge 2’s preferences for release be given by t1r(Vi) and t2r(Vi) with t1r(Vi) < t2r(Vi),
such that judge 2 is more lenient to defendants of the same race compared to judge 1.

Using judge-specific leniency measures that proxy for judge preferences, Zi, as instrumental
variables for pre-trial release in Equation (3), we can express the resulting estimates of αW and αB

as follows:

αW = E
[
αi|Ri,W (Zi = Z2)−Ri,W (Zi = Z1) = 1] (4)

αB = E
[
αi|Ri,B(Zi = Z2)−Ri,B(Zi = Z1) = 1]

where Ri,r(Zi = Zj) equals 1 if defendant i of race r is released if assigned to judge j. Specifically,
αr is the expected treatment effect for compliers of race r, that is, defendants who would have
been released if assigned to judge 2 but detained if assigned to judge 1. Returning to the potential
outcomes framework, αr can be expressed as E

[
Yi(1)− Yi(0)|Ri,r(Zi = Z2)−Ri,r(Zi = Z1) = 1].
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Given that judge j releases defendant i of race r if E[αi] ≤ tjr(Vi), compliers in this scenario are
defendants of race r for whom t1r(Vi) < E[αi] ≤ t2r(Vi). In other words, the complier population
is comprised of defendants whose expected cost of release falls between judge 1 and judge 2’s
threshold for release. In contrast, recall that the marginal defendant of race r for judge j is αj

r

where αj
r = tjr(Vi) (Proposition 1).

We now identify the conditions under which the LATE identified by our IV estimator (αr)
recovers the treatment effect of the marginal defendant (E[αj

r]). If we assume the treatment effect,
E[αi], is constant among the complier population, our LATE is equivalent to the treatment effect
of the marginal defendant. Specifically, if E[αi] = ᾱ for all defendants i for whom t1r(Vi) < E[αi]

≤ t2r(Vi), the local average treatment effect for these compliers is precisely equal to the average
treatment effect of the marginal defendants (ᾱ = αr = E[αj

r]). If this condition holds, we are able to
precisely identify the treatment effects for marginal white and marginal black defendants as required
by our outcome test.

If, however, the treatment effect among compliers is not homogeneous, IV estimates of Equation
(3) may be biased. It is easy to see that as the differences in the preferences of the two judges
decreases, t1r(Vi)→ t2r(Vi), the IV estimate converges to the race-specific benefit of release because
the local average treatment effect for compilers converges to the treatment effect for the marginal
defendant, αr → E[αj

r]. Therefore, any potential bias in our estimator shrinks as a result of either (1)
decreased distance in leniency between any two judges and (2) reduced heterogeneity in treatment
effects among compliers.

The intuition behind our estimator can be easily expanded to the more general case with many
judges. Suppose for instance that there are J + 1 judges in the bail system and that we can rank
judge preferences {t0r(Vi), ..., t

J
r (Vi)} in order of leniency toward pre-trial release where t0r(Vi) is the

strictest judge and tJr (Vi) is the most lenient judge. Again, we use judge-specific leniency measures,
Zi, as instrumental variables for pre-trial release. Under this more general case, our estimators αW

and αB are comprised of a weighted sum of pairwise local average treatment effects where each
pairwise treatment effect is the treatment effect of compliers whose pre-trial release status is altered
by assignment to judge j versus j − 1. Specifically, each pairwise estimate can be characterized as:

αj,j−1
W = E[αi|Ri,W (Zi = Zj)−Ri,W (Zi = Zj−1) = 1] (5)

αj,j−1
B = E[αi|Ri,B(Zi = Zj)−Ri,B(Zi = Zj−1) = 1]

where Ri,r(Zi = Zj) equals 1 if defendant i of race r is released if assigned to judge j. Returning
again to the potential outcomes framework, αj,j−1

r can be expressed as E
[
Yi(1) − Yi(0)|Ri,r(Zi =

Zj)−Ri,r(Zi = Zj−1) = 1].
Under the same logic as before, if we assume that the treatment effect is constant among the

complier population, our LATE precisely identifies the treatment effects for the marginal white and
marginal black defendants. In the absence of this assumption, any potential bias in our estimator
decreases as tj−1r (Vi)→ tjr(Vi) for all j − 1,j and as the heterogeneity in treatment effects among
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compliers shrinks.

Identifying Assumptions: Building on the above example, we can now formally define the assump-
tions underlying our IV estimator. Let Zi be a measure of the assigned judge’s propensity for
pre-trial release that will serve as our instrumental variable for pre-trial release. We detail the
construction of our judge leniency measure in Section II.B, but for illustrative purposes assume for
the moment that Zi takes on values ordered {Z0, ..., ZJ} where J + 1 is the number of total judges
in the bail system.

We begin with the three standard assumptions for the identification of a well-defined LATE
using an instrumental variables approach (Angrist and Imbens 1994):

Assumption 1. [Existence]. Pre-trial release is a nontrivial function of Zi such that a first stage
exists:

Cov(Releasedi, Zi) 6= 0

Assumption 1 ensures that there is a first stage relationship between our instrument Zi and the
probability of pre-trial release.

Assumption 2. [Exclusion Restriction]. Zi is uncorrelated with unobserved determinants of
Yi:

Cov(Zi, vi) = 0

where vi = θi + εi. Assumption 2 ensures that our instrument Zi is orthogonal to characteristics
unobserved by the econometrician, vi.

Assumption 3. [Monotonicity]. The impact of judge assignment on the probability of pre-trial
release is monotonic:

P (Releasedi = 1|Zi = Z0) ≤ P (Releasedi = 1|(Zi = Z1).... ≤ P (Releasedi = 1|Zi = ZJ)

Assumption 3 implies that any defendant released by a strict judge would also be released by a
more lenient judge, and any defendant detained by a lenient judge would also be detained by a
strict judge.

Following Angrist and Imbens (1994), our IV estimator is valid and well-defined under Assump-
tions 1-3. Specifically, our race-specific estimators utilizing a multi-valued instrument are:

αr =

J∑
j=1

λjr · α
Zj ,Zj−1
r (6)

where λjr are non-negative weights which sum to one and α
Zj ,Zj−1
r = E[Yi(1) − Yi(0)|Ri,r(Zj) −

Ri,r(Zj−1) = 1]. See Imbens and Angrist (1994) for additional details.
The weights λjr depend on the size of the subpopulation whose treatment status is altered by

changing the value of the instrument from Zj to Zj−1, as well as the probability of being assigned
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a particular judge, denoted πj . For example, in a case with three judges, if judge 1 is much stricter
than judge 2, while judge 3 is only slightly stricter than judge 2, then the IV estimator will attribute
more weight to the pairwise LATE α2,1

r than the pairwise LATE α3,2
r .

Our estimator for racial bias D is given by:

D = αW − αB (7)

Potential Bias: As discussed previously, if we assume that the treatment effect is constant among
the complier population, our IV estimate D exactly identifies the treatment effects for marginal
white and marginal black defendants, the parameter required by our outcome test. We now loosen
this assumption and characterize the maximum bias of our estimator. For tractability, we make the
following linearity assumption:

Assumption 4. [Linear First Stage]. The first stage relationship between pre-trial release and
Zi is given by a linear probability model of the form:

Releasedi = γ0 + γ1Zi ·Whitei + γ2Zi ·Blacki + πXi + θi + εi (8)

Assumption 4 allows us to calculate a simple closed-form formula for the maximum bias between
our IV estimate of racial prejudice and the true amount of racial prejudice. We show below that a
linear first stage is also consistent with our data (see Figure 1).

Proposition 2. If Assumptions 1-4 are satisfied, the maximum bias of our IV estimator D is given
by max

j
(λj)(αmax − αmin) under the assumption of no racial prejudice, where αmax is the largest

treatment effect among compliers, αmin is the smallest treatment effect among compliers, and λj is
given by:

λj =
(Zj − Zj−1) ·

∑J
l=jπ

l(Zl − E[Z])∑J
m=1(Zj − Zj−1) ·

∑J
l=mπ

l(Zl − E[Z])
(9)

where πj is the probability of being assigned to judge j.

Proof. See Appendix B.
Proposition 2 formalizes the intuition behind the potential bias of our estimator. The maximum

bias of our estimator decreases with both (1) the distance in leniency between any two judges and (2)
the heterogeneity in treatment effects among compliers decreases. Intuitively, the distance between
any two leniency measures decreases as the number of judges increases, therefore decreasing the
weight attributed to any particular pairwise LATE. Similarly, the bias in our estimator, holding
fixed the distance between the judge leniency measures, decreases as the heterogeneity in treatment
effects among compliers decreases.

In Appendix B, we calculate the bias in our preferred estimates by plugging in the empirical
counterparts into the formula given by Equation (9). We estimate that under the null of no racial
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prejudice, the difference in treatment effects between marginal white and marginal black defendants
could be no larger than 0.5 percentage points.

D. Discussion and Extensions

In this section, we discuss some important assumptions underlying our model, possible extensions,
and how they affect the interpretation of our results.

Racial Differences in Arrest Probability: The outcome-based test developed above requires that any
measurement error in the outcome is uncorrelated with race. Thus, we assume that the probability
of pre-trial misconduct, as proxied for by the probability of rearrest prior to case disposition, is
measured similarly for white and black defendants on the margin of release.

This assumption would be violated if the police are more likely to rearrest black defendants
who commit a new crime compared to white defendants who commit a new crime. In this scenario,
our outcome-test would incorporate the potential prejudice of the police. If the police are racially
prejudiced against black defendants, we will overestimate the probability of pre-trial misconduct
of black versus white defendants, biasing our outcome-based test towards a finding of no racial
prejudice towards blacks. Our estimates of racial bias D are therefore likely to represent a lower
bound of the true level of racial bias in bail setting.

Judge Preferences for Non-Race Characteristics: Judge behavior may also vary across non-race
characteristics such as crime type, i.e. tjr(Vi) can vary with race or non-race defendant character-
istics. For example, some judges may have a lower benefit to release for defendants charged with
violent offenses, leading to fewer violent offenders being released in equilibrium for those judges. As
a result, released violent offenders for these judges will have lower expected probabilities of pre-trial
misconduct. If black defendants are also more likely to be charged with violent offenses, then our
outcome-based test will capture the combined effect of racial bias and this “offense type” bias.

This issue suggests two conceptually distinct outcome-based tests. Our preferred test for racial
bias incorporates both direct racial prejudice and any indirect prejudice that results from harsher
treatment of black defendants, on average, through different treatment of offenders based on char-
acteristics such as crime type that are nonetheless correlated with race. We consider both direct
and indirect forms of prejudice to be racial bias because differences in release thresholds by crime
type might themselves be racially motivated, i.e. the treatment of drug possession versus DUIs.

A second form of the outcome-based test isolates only the direct racial prejudice holding fixed
any non-race characteristics such as crime type. We control for differences in observable character-
istics following the approach developed by Barsky et al. (2002) and Chandra and Staiger (2010).
Specifically, we re-weight our data such that black and white defendants have the same average char-
acteristics. To account for unobserved differences between black and white defendants, we assume
that judge preferences vary only by observable characteristics:

Assumption 5. [Threshold Independence of Unobservables]. tjr(Vi) = tjr(Xi)
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Assumption 5 asserts that any unobservable heterogeneity which enters judges’ preferences is in-
dependent of race. If there is an unobserved characteristic which is correlated with race and this
characteristic results in a specific release threshold, then the assumption is violated.

These weighted estimates allow us to test for direct racial prejudice among black and white
defendants with the same distribution of observable characteristics:

Proposition 3. Let αω
r be the instrumental variables estimate of the effect of pre-trial release on

pre-trial misconduct for defendants of race r on the re-weighted sample. If Assumption 5 is satisfied,
then the average level of taste-based bias is given by:

Dω = αω
W − αω

B (10)

Proof. See Appendix B.
Under this re-weighting procedure, we can interpret any differences in expected outcomes for the

marginal black and marginal white defendant as due to taste-based racial bias on the part of judges.
Alternatively, the re-weighted results may be interpreted as a partial correction for differences in
other characteristics by defendant race. For instance, these re-weighted estimates will eliminate any
treatment effect differences due to differences in crime types by race.

However, we emphasize that this procedure may lead to an underestimate of the true level of
racial bias in the bail setting in some plausible scenarios. For example, if drug cases are held to
stricter standards than property cases due to implicit racial prejudice, then re-weighting the data
will eliminate this implicit source of racial prejudice.

II. Data and Instrument Construction

This section summarizes the most relevant information regarding our administrative court data from
Philadelphia and Miami-Dade and the construction of our judge leniency measure. Further details
on the cleaning and coding of variables are contained in Appendix C.

A. Data Sources and Descriptive Statistics

Philadelphia court records are available for all defendants arrested and charged between 2010-2014
and Miami-Dade court records are available for all defendants arrested and charged between 2006-
2014. For both jurisdictions, the court data contain information on defendant’s name, gender,
race, date of birth, and zip code of residence. Because our ethnicity identifier does not distinguish
between non-Hispanic white and Hispanic white, we match the surnames in our dataset to census
genealogical records of surnames. If the probability a given surname is Hispanic is greater than 80
percent, we label this individual as Hispanic. In our main analysis, we omit Hispanics and compare
outcomes for marginal black and marginal non-Hispanic white defendants.4

4Appendix Table 1 presents results for marginal Hispanic defendants compared to non-Hispanic white defendants.
Perhaps because of measurement error in our coding of Hispanic ethnicity, we find no evidence of racial bias against
Hispanics.
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The court data also include information on the original arrest charge, the filing charge, and the
final disposition charge. We also have information on the severity of each charge based on state-
specific offense grades, the outcome for each charge, and the punishment for each guilty charge.
Finally, the case-level data include information on attorney type, arrest date, and the date of and
judge presiding over each court appearance from arraignment to sentencing. Importantly, the case-
level data also include information on bail type, bail amount when monetary bail is set, and whether
bail was met. Because the data contain defendant identifiers, we can measure whether a defendant
committed pre-trial misconduct by whether the defendant was subsequently arrested for a new crime
before the case was resolved.

We make three restrictions to the court data to isolate cases that are quasi-randomly assigned
to judges. First, we drop a small set of cases with missing bail judge information. Second, we drop
the 30 percent of defendants in Miami-Dade who never have a bail hearing because they post bail
immediately following the arrest; below we show that the characteristics of defendants who have a
bail hearing are uncorrelated with our judge leniency measure. Third, we drop all weekday cases
in Miami-Dade because, as explained below, bail judges in Miami-Dade are assigned on a quasi-
random basis only on the weekends. The final sample contains 193,431 cases from 116,617 unique
defendants in Philadelphia and 93,358 cases from 65,770 unique defendants in Miami-Dade.

Table 1 reports summary statistics for our estimation sample separately by race and pre-trial
release status measured at three days of the bail hearing, as recent policy initiatives focus on this
time period. On average, black defendants are more 7.4 percentage points more likely to be assigned
monetary bail compared to white defendants and receive bail amounts that are $15,840 greater than
white defendants. Compared to white defendants, released black defendants are also 2.7 percentage
points more likely to be rearrested for a new crime before case disposition.

B. Construction of the Instrumental Variable

We estimate the causal impact of pre-trial release for the marginal defendant using a measure of the
tendency of a quasi-randomly-assigned bail judge to release a defendant pre-trial as an instrument
for release. In both Philadelphia and Miami-Dade, there are multiple bail judges serving at each
point in time in both jurisdictions, allowing us to utilize variation in bail setting across judges. Both
jurisdictions also assign cases to bail judges in a quasi-random fashion in order to balance caseloads:
Philadelphia utilizes a rotation system where three judges work together in five day shifts, with
one judge working an eight-hour morning shift (7:30AM-3:30PM), another judge working the eight-
hour afternoon shift (3:30PM-11:30PM), and the final judge working the eight-hour evening shift
(11:30PM-7:30AM). Similarly, bail judges in Miami-Dade rotate through the weekend felony and
misdemeanor bail hearings. Additional details on the setting can be found in Appendix D.

We construct our instrument using a residualized, leave-out judge leniency measure that ac-
counts for case selection following Dahl et al. (2014) and Dobbie et al. (2016). Because the judge
assignment procedures in Philadelphia and Miami-Dade are not truly random as in other settings,
selection may impact our estimates if we used a simple leave-out mean to measure judge leniency
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following the previous literature (e.g. Kling 2006, Aizer and Doyle 2015). For example, bail hearings
following DUI arrests disproportionately occur in the evenings and on particular days of the week,
leading to case selection. If certain bail judges are more likely to work evening or weekend shifts
due to shift substitutions, the simple leave-out mean will be biased.

Given the rotation systems in both counties, we account for court-by-bail year-by-bail day of
week fixed effects and court-by-bail month-by-bail day of week fixed effects. In Philadelphia, we
add additional bail-day of week-by-bail shift fixed effects. Including these exhaustive court-by-
time effects effectively limits the comparison to defendants at risk of being assigned to the same
set of judges. With the inclusion of these controls, we can interpret the within-cell variation in
the instrument as variation in the propensity of a quasi-randomly assigned bail judge to release a
defendant relative to the other cases seen in the same shift and/or same day of the week.

Let the residual pre-trial release decision after removing the effect of these court-by-time fixed
effects be denoted by:

Released∗ict = Releasedic − γXict = Zctj + vict (11)

whereXict includes the respective court-by-time fixed effects. The residual release decision, Released∗ict,
includes our measure of judge leniency Zctj , as well as unobserved defendant level variation vict.

For each case, we then use these residual bail release decisions to construct the leave-out mean
decision of the assigned judge within a bail year:

Zctj =

(
1

ntj − 1

)( ntj∑
k=0

(Released∗ikt)−Released∗ict

)
(12)

where ntj is the number of cases seen by judge j in year t. We calculate the instrument across all
case types (i.e. both felonies and misdemeanors), but allow the instrument to vary across years. In
robustness checks, we allow judge tendencies to vary by defendant race.

The leave-out judge measure given by Equation (12) is the release rate for the first assigned
judge after accounting for the court-by-time fixed effects. This leave-out measure is important for
our analysis because regressing outcomes for defendant i on our judge leniency measure without
leaving out the data from defendant i would introduce the same estimation errors on both the
left- and right-hand side of the regression and produce biased estimates of the causal impact of
being released pre-trial. In our two-stage least-squares results, we use our predicted judge leniency
measure, Zctj , as an instrumental variable for whether the defendant is released pre-trial.

Figure 1 presents the distribution of our residualized judge leniency measure for pre-trial release
at the judge-by-year level for all defendants, white defendants, and black defendants. Our sam-
ple includes seven total bail judges in Philadelphia and 170 total bail judges in Miami-Dade. In
Philadelphia, the average number of cases per judge is 27,633 during the sample period of 2010-2014,
with the typical judge-by-year cell including 6,239 cases. In Miami-Dade, the average number of
cases per judge is 573 during the sample period of 2006-2014, with the typical judge-by-year cell
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including 187 cases. Controlling for our vector of court-by-time effects, the judge release measure
ranges from -0.156 to 0.175 with a standard deviation of 0.030. In other words, moving from the
least to most lenient judge increases the probability of pre-trial release by 33.1 percentage points, a
59.1 percent change from the mean three-day release rate of 56.0 percentage points.

In practice, variation in our judge leniency measure comes from a combination of different bail
decisions. Dobbie et al. (2016) show that defendants assigned to judges who are more likely to use
conditional non-monetary bail are more likely to be released before trial. Conversely, defendants
assigned to judges who are more likely to use monetary bail and assign higher monetary bail amounts
are less likely to be released pre-trial. In contrast, there is no significant relationship between the
residualized judge leniency measure for ROR and the probability of pre-trial release. In combination,
these results suggest that defendants on the margin of pre-trial release are those for whom judges
disagree about the appropriateness of conditional non-monetary bail versus monetary bail, not those
for whom judges disagree about the appropriateness of ROR versus other bail decisions.

One question might be why judges differ in their bail decisions. While interesting for thinking
about the design of the bail determination process, it is not critical to our analysis to know precisely
why some judges are more lenient than others. What is critical is that some judges are systematically
more lenient than others, that cases are randomly assigned to judges conditional on our court-by-
time fixed effects, and that defendants released by a strict judge would also be released by a lenient
one. We consider below whether each of these conditions holds in our data.

Another question is how many and what types of defendants are compilers in our setting. In
Dobbie et al. (2016), we find that 13 percent of defendants in our sample are “compliers,” meaning
that they would have received a different bail outcome had their case been assigned to the most
lenient judge instead of the most strict judge. In comparison, 53 percent of our sample are “never
takers,” meaning that they would be detained by all judges, and 34 percent are “always takers,”
meaning that they would be released pre-trial regardless of the judge assigned to the case. In
Appendix Table 2, we describe the characteristics of compliers in our sample following the approach
developed by Abadie (2003) and extended by Dahl et al. (2014). Compliers in our sample are 12
percentage points more likely to be charged with a misdemeanor and 17 percentage points more
likely to be charged with non-violent offenses compared to the average defendant. Compliers are
not systematically different from the average defendant by race or prior criminal history, however.

C. Instrument Validity

Existence and Linearity of First Stage: To examine the first stage relationship between bail judge
leniency and whether a defendant is released pre-trial (Released), we estimate the following equation
for individual i and case c, assigned to judge j at time t using a linear probability model:

Releasedictj = γ0 + γ1Zctj ·Whitei + γ2Zctj ·Blacki + πXict + vict (13)
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where the vectorXict includes court-by-time fixed effects. The error term vict = θi+εict is composed
of characteristics unobserved by the econometrician but observed by the judge, θi, and idiosyncratic
variation, εict. As described previously, Zctj are leave-out (jackknife) measures of judge leniency
that are allowed to vary across years. Robust standard errors are two-way clustered at the individual
and judge-by-shift level.

Figure 1 provides graphical representations of the first stage relationship, pooled and separately
by race, between our residualized measure of judge leniency and the probability of pre-trial release
controlling for our exhaustive set of court-by-time fixed effects, overlaid over the distribution of
judge leniency. The graphs are a flexible analog to Equation (13), where we plot a local linear
regression of actual individual pre-trial release against judge leniency. The individual rate of pre-
trial release is monotonically increasing for both races, and approximately linearly, increasing in our
leniency measure.

Table 2 presents formal first stage results from Equation (13) for all defendants, white defendants,
and black defendants. Columns 1, 3, and 5 begin by reporting results only with court-by-time fixed
effects. Columns 2, 4, and 6 add our baseline crime and defendant controls: race, gender, age,
whether the defendant had a prior offense in the past year, the number of charged offenses, indicators
for crime type (drug, DUI, property, violent, other) and crime severity (felony or misdemeanor),
and indicators for missing characteristics.

We find that our residualized judge instrument is highly predictive of whether a defendant is
released pre-trial, with an F-statistic for the instrument of 797.5. Our results show that a defendant
assigned to a bail judge that is 10 percentage points more likely to release a defendant pre-trial is
6.9 percentage points more likely to be released pre-trial. Judge leniency is also highly predictive
of pre-trial release for both white and black defendants. A white defendant assigned to a bail judge
that is 10 percentage points more likely to release a defendant pre-trial is 7.5 percentage points more
likely to be released pre-trial and a black defendant assigned to a bail judge that is 10 percentage
points more likely to release a defendant pre-trial is 6.8 percentage points more likely to be released
pre-trial.

Exclusion Restriction: Table 3 verifies that assignment of cases to bail judges is random after we
condition on our court-by-time fixed effects. Columns 1, 3, and 5 of Table 3 uses a linear probability
model to test whether case and defendant characteristics are predictive of pre-trial release. These
estimates capture both differences in the bail conditions set by the bail judges and differences in
these defendants’ ability to meet the bail conditions. We control for court-by-time fixed effects and
two-way cluster standard errors at the individual and judge-by-shift level. For example, we find
that black male defendants are 12.5 percentage points less likely to be released pre-trial compared
to similar female defendants, while white male defendants are 9.6 percentage points less likely to
be released pre-trial compared to similar female defendants. White defendants with a prior offense
in the past year are 19.5 percentage points less likely to be released compared to defendants with
no prior offense, while black defendants with a prior offense in the past year are 14.6 percentage
points less likely to be released compared to defendants with no prior offense. Columns 2, 4, and
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6 assess whether these same case and defendant characteristics are predictive of our judge leniency
measure using an identical specification. We find that judges with differing leniencies are assigned
cases with very similar defendants.

Even with random assignment, the exclusion restriction could be violated if bail judge assignment
impacts the probability of pre-trial misconduct through channels other than pre-trial release. The
assumption that judges only systematically affect defendant outcomes through pre-trial release is
fundamentally untestable, and our estimates should be interpreted with this potential caveat in
mind. However, we argue that the exclusion restriction assumption is reasonable in our setting.
Bail judges exclusively handle one decision, limiting the potential channels through which they
could affect defendants. In addition, we are specifically interested in short-term outcomes (pre-trial
misconduct) which occur prior to disposition, further limiting the role of alternative channels that
could affect longer-term outcomes.

Monotonicity: The final condition needed to interpret our estimates as the LATE of pre-trial release
is that the impact of judge assignment on the probability of pre-trial release is monotonic across
defendants. In our setting, the monotonicity assumption requires that individuals released by a strict
judge would also be released by a more lenient judge and that individuals detained by a lenient judge
would also be detained by a stricter judge. If the monotonicity assumption is violated, our two-stage
least squares estimates would still be a weighted average of pairwise local average treatment effects,
but the weights would not sum to one (Angrist et al. 1996, Heckman and Vytlacil 2005). The
monotonicity assumption is therefore necessary to interpret our estimates as a well-defined LATE.

An implication of the monotonicity assumption is that the first stage estimates should be non-
negative for all subsamples. Appendix Table 3 present these first stage results using the full sample
of cases to calculate our measure of judge leniency. We find that our residualized measure of judge
leniency is consistently non-negative and sizable in all subsamples, in line with the monotonicity
assumption. Appendix Figure 1 further explores how judges treat cases of observably different
defendants by plotting our residualized judge leniency measures calculated separately by offense
type, offense severity, and prior criminal history. Each plot reports the coefficient and standard error
from an OLS regression relating each measure of judge leniency. Consistent with our monotonicity
assumption, we find that the slopes relating the relationship between judge leniency in one group
and judge leniency in another group are non-negative, suggesting that judge tendencies are similar
across observably different defendants and cases.

III. Results

In this section, we present our main results applying our empirical test for racial prejudice. We then
compare the results from our empirical test with the alternative outcome-based tests developed by
Knowles et al. (2001) and Anwar and Fang (2006).
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A. Empirical Tests for Racial Prejudice

We apply our proposed method to estimate the probability of pre-trial misconduct for white and
black defendants on the margin of release. Specifically, we estimate the following two-stage least-
squares specification for individual i and case c, assigned to judge j at time t:

Yict = β0 + αWReleasedic ·Whitei + αBReleasedic ·Blacki + β1Xict + vict (14)

where the vector Xict includes court-by-time fixed effects and defendant gender, age, whether the
defendant had a prior offense in the past year, the number of charged offenses, indicators for crime
type (drug, DUI, property, violent, or other), crime severity (felony or misdemeanor), and indicators
for any missing characteristics. The error term vict = θi + εict consists of characteristics unobserved
by the econometrician but observed by the judge, θi, and idiosyncratic variation unobserved by both
the econometrician and judge, εict. As described previously, we instrument for pre-trial release with
the interaction of defendant race and our measure of judge leniency, Zctj . Robust standard errors
are two-way clustered at the individual and judge-by-shift level.

Table 4 presents estimates of Equation (14). Columns 1-2 reports two-stage least squares es-
timates of the causal effect of release on the probability of rearrest prior to case disposition for
marginal white defendants, αW , and marginal black defendants, αB, respectively. Column 3 reports
the difference between αW and αB. Panel A presents results for the probability of rearrest for any
crime prior to case disposition, while Panel B presents results for rearrest rates for drug, prop-
erty, and violent offenses separately. In total, 20.8 percent of defendants are rearrested for a new
crime prior to disposition, with 9.1 percent of rearrests occurring for drug offenses and 5.9 percent
occurring for property offenses.

We find convincing evidence of racial prejudice against black defendants. In Panel A, we find
that marginally released white defendants are 11.5 percentage points more likely to be rearrested
for any crime compared to marginally detained white defendants (column 1). In contrast, the
effect of pre-trial release on rearrest rates for the marginally released black defendants is a statis-
tically insignificant -3.2 percentage points (column 2). Taken together, these estimates imply that
marginally released white defendants are 14.7 percentage points more likely to be rearrested prior
to disposition than marginally released black defendants (column 3), consistent with racial bias
against blacks. Importantly, we can reject the null hypothesis of no racial bias even assuming the
maximum potential bias in our IV estimator (see Appendix B).

In Panel B, we find suggestive evidence of racial prejudice against black defendants across all
crime types, although the point estimates are too imprecise to make definitive conclusions. Most
strikingly, we find that marginally released white defendants are 11.7 percentage points more likely
to be rearrested for a drug crime prior than marginally released black defendants (p-value = 0.024).
Marginally released white defendants are also 7.7 percentage points more likely to be rearrested for a
property crime compared to marginally released black defendants (p-value = 0.116), and marginally
released whites are about 4.0 percentage points more likely to be rearrested for a violent crime prior
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to disposition than marginally released blacks (p-value = 0.293).5 Overall, these results indicate
significant racial bias against black defendants, driven largely by differences in the probability of
committing a new drug crime for marginal white and marginal black defendants.

In Appendix Table 4, we present results comparing outcomes for marginal non-black (white
and Hispanic) and marginal black defendants. We find very similar results consistent with racial
prejudice against black defendants. In Appendix Table 5, we find that our main results are driven
by the differential treatment of white and black defendants originally charged with a drug offense.
Among drug offenders, marginally released white defendants are 44.6 percentage points more likely
to be rearrested prior to case disposition than marginally released black defendants (p-value =
0.012). In contrast, we find limited evidence of racial bias among defendants arrested for all other
non-drug crimes (p-value = 0.724).

Our main results are robust to a number of alternative specifications. In Appendix Table 6,
we present analogous re-weighted two-stage least squares with the weights chosen to match the
distribution of observable characteristics by race (see Proposition 3). We find that marginally
released white defendants are 11.6 percentage points more likely to be rearrested prior to case
disposition than marginally released black defendants, although our point estimates are less precise
(p-value = 0.147). These results indicate that even accounting for differences in other observable
characteristics by defendant race, bail judges appear to be directly racially prejudiced against black
defendants. In Appendix Table 7, we reestimate the main results by constructing the instrument
separately for non-black and black defendants. We continue to find that marginally released white
defendants are more likely to be rearrested prior to disposition than marginally released black
defendants (p-value = 0.060).

B. Comparison to Other Outcome Tests

In this section, we replicate the outcome tests from the seminal papers of Knowles et al. (2001) and
Anwar and Fang (2006). In our context, the test of Knowles et al. (2001) relies on the prediction
that under the null hypothesis of no racial prejudice, the average pre-trial misconduct rate does not
depend on defendant race. The test of Anwar and Fang (2006) relies on the prediction that under
the null hypothesis of no relative racial bias, the relative treatment of white defendants relative to
black defendants does not depend on judge race.

Appendix Table 8 replicates the Knowles et al. (2001) test for absolute racial prejudice. To
implement this test, we estimate an OLS regression of pre-trial release on the probability of rearrest
for black and white defendants in our full sample. In contrast to our preferred IV test, the OLS
results indicate that judges are not racially prejudiced against black defendants (p-value = 0.424),
implying that either there are omitted variables biasing the OLS estimates or that the marginal

5Our violent arrest results are driven by marginally released black defendants being somewhat less likely to be
rearrested for violent crimes than those who are detained. This pattern can occur if defendants who are initially
detained are eventually released and are subsequently arrested for violent crimes at a higher rate than those who are
initially released. These results could be explained by the criminogenic effects of pre-trial detention (Dobbie et al.
2016, Gupta et al. 2016).
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effect of pre-trial detention is not equal to the average effect of pre-trial detention. While it is not
possible to distinguish between these explanations using our data, these results suggest that the
Knowles et al. (2001) test is invalid in our setting.

Appendix Tables 9-10 replicate the Anwar and Fang (2006) test for relative racial prejudice.
We are unable to use data from Philadelphia for this test, as all seven judges in our sample are
white, making it impossible to detect relative racial prejudice. We therefore restrict the sample to
defendants in Miami where we have both white and non-white judges in our sample. Appendix
Table 9 presents both release rates and rearrest rates conditional on release by both judge and
defendant race. Appendix Table 10 presents bootstrapped p-values to test whether white judges
are more lenient on white defendants than black defendants and minority judges are more lenient
on minority defendants than white defendants, against the null hypothesis of no reversal in relative
treatment by judge race.

Consistent with Anwar and Fang (2006), we find evidence of non-monolithic judge behavior.
For example, Panel A of Appendix Table 9 indicates that 32.2 percent of white defendants are
released by white judges, 31.6 percent are released by black judges and 33.4 percent are released
by Hispanic judges. However, we find no evidence of relative prejudice using the Anwar and Fang
(2006) test (Appendix Table 10). In sharp contrast to our preferred IV results, we cannot reject
the null hypothesis of no relative prejudice using the method proposed by Anwar and Fang (2006).
These results suggest that both minority and non-minority judges are racially biased. In results
available upon request, we find that our IV estimate of racial bias is similar among white and
non-white judges in Miami, although large standard errors make definitive conclusions impossible.

There are three explanations for why the results from our IV approach differ from the outcome
tests proposed by Knowles et al. (2001) and Anwar and Fang (2006). First, our IV estimator
uses the quasi-random variation in the assignment of defendants to bail judges to identify causal
treatment effects that are not biased by selection, while past work has been relied on a strong
selection on observables assumption. Second, our IV estimator specifically identifies treatment
effects for marginal defendants rather than the average defendant, while past work has again had to
rely on a strong homogenous treatment effects assumption. Finally, our estimator is able to detect
absolute rather than relative prejudice and is therefore applicable in settings in which both minority
and non-minority judges are similarly prejudiced.

IV. Learning and Racial Bias

In this section, we explore whether the relative inexperience of many bail judges is a potential
mechanism for racial bias. There are at least two reasons why inexperience may influence racial
bias in bail setting. First, it is possible that inexperienced bail judges rely on a biased inference of
risk based on defendant race and therefore over-detain relatively low-risk black offenders. Unlike
other stages of the criminal justice process, the qualifications and training for becoming a bail judge
are extremely limited, leading some to call bail judges the “amateur link in the criminal justice
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chain.”6 Bail judges must also make on-the-spot judgments about the riskiness of defendants on the
basis of limited information, creating an environment where inexperienced judges are likely to rely
on the kind of simple heuristics or categorical decision-making that are most prone to racial bias.

Consistent with this explanation, Bordalo et al. (2016) show how the use of heuristics in prob-
ability judgments can lead to stereotypes that amplify systematic differences between groups even
when these differences are very small, e.g. the risk of pre-trial misconduct for black and white
defendants. Similarly, Fryer and Jackson (2008) show how categorical decision-making can lead to
biased decisions even when there is no “taste” for bias. This kind of decision-making is likely to
decrease with on-the-job learning, however, as information on whether a defendant commits a new
crime before case disposition is salient and generally known to the bail judge.7 If on-the-job learning
decreases the use of simple race-based heuristic or categorical decision-making by bail judges, then
this on-the-job experience could also decrease racial bias among those judges.

A second reason that the relative inexperience of many bail judges may influence racial bias is
that the judges’ “tastes” for bias may change with increased exposure to black defendants. There
is a large literature suggesting that intergroup contact may increase tolerance towards minority
groups. For example, Van Laar et al. (2005) and Boisjoly et al. (2006) show that living with
a minority group increases tolerance among white college students, Dobbie and Fryer (2013) show
that teaching in a school with mostly minority children increases racial tolerance, and Clingingsmith
et al. (2009) show that winning a lottery to participate in the Hajj pilgrimage to Mecca increases
belief in equality and harmony of ethnic groups. These studies suggest that the exposure to black
defendants that comes with on-the-job experience may decrease any taste-based bias in bail setting.

We explore the combined importance of both kinds of on-the-job learning in three ways: (1) by
examining how experienced and inexperienced judges use observable characteristics, (2) by exam-
ining racial prejudice among bail judges who do and do not specialize in bail setting, and (3) by
examining racial prejudice among more and less experienced judges who are all non-specialists.

Use of Observables in Bail Decisions: To explore the potential role of learning, we begin by assessing
whether judges make different bail decisions on the basis of observables as they gain more on-the-job
experience. Figure 1 begins by providing graphical representations of the relationship between the
probability of pre-trial release and the predicted risk of pre-trial misconduct based on the full set
of observables, overlaid over the predicted risk distribution. The relationship is estimated using

6For example, in some jurisdictions, bail judges are not required to have any legal education or certification
and can be on the job after one day’s training. See https://bangordailynews.com/2011/03/22/business/maine’
s-bail-system-a-19th-century-holdoverpart-1-of-4people-who-set-bail-in-maine-have-almost-no-legal-training/
?ref=series. Recent reforms include increased training for bail judges and mandatory re-
view of all bail determinations by a second judge. See http://www.nytimes.com/2015/10/02/
nyregion/jonathan-lippman-bail-incarceration-new-york-state-chief-judge.html?_r=0. Other jurisdic-
tions encourage new bail judges to shadow experienced ones. See http://pinetreewatchdog.org/
maines-bail-system-best-state-can-afford-or-a-threat-to-due-process/.

7Consistent with this kind of on-the-job learning, there is evidence that new bail judges rely heavily on external
information when making bail decisions while more experienced judges primarily rely on their own judgment with
greater experience. As one bail judge told ProPublica, “the [risk] scores were helpful when he was a new judge,
but now that he has experience he prefers to rely on his own judgment.” See https://www.propublica.org/article/
machine-bias-risk-assessments-in-criminal-sentencing.
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a local linear regression of pre-trial release against predicted risk. Predicted risk is estimated by
regressing the probability of rearrest on the full set of observables for defendants who are released
before trial. Panel A presents the relationship for all defendants, Panel B presents the relationship
for white defendants, and Panel C presents the relationship for black defendants. In general, there is
an expected negative relationship between predicted risk and the probability of release, but in most
of the risk distribution, black defendants are less likely to be released compared to white defendants.

In Figure 2, we plot the relationship between predicted risk and release separately for experienced
and inexperienced judges, splitting based on median years of experience on the job. For both
white and black defendants, the relationship is different by experience, suggesting that the role of
observables changes with experience. In particular, the risk-release relationship is shifted up for more
experienced judges, indicating that conditional on observables, the same defendant is more likely
to be released prior to trial by an experienced judge compared to an inexperienced judge.8 These
results are consistent with judges placing different weight on observables to make bail decisions as
they gain experience, potentially due to on-the-job learning.

Specialist versus Generalist Judges: We next assess the lack of experience among bail judges in
explaining racial bias in bail setting. We take advantage of an institutional difference between
Philadelphia and Miami-Dade. In Philadelphia, bail judges are full-time judges who serve on a
court that specializes in setting bail 24 hours a day, seven days a week. In Miami, the bail judges in
our sample are part-time generalists who work as trial court judges on the weekdays. These Miami
judges help out the bail court on weekends only. As a result, judges in these jurisdictions may have
different levels of on-the-job training. For instance, the average Philadelphia bail judge hears 6,239
cases per year compared to 187 cases for the average judge in Miami. Even holding fixed caseload,
Philadelphia bail judges may acquire more on-the-job learning than Miami judges if specialization
limits the amount of new skills that need to be learned. If inexperience plays a role in explaining
racial bias, the degree of racial bias as estimated under our test should be different across the two
jurisdictions.

Columns 1-3 of Table 5 presents estimates by court. Column 1 reports the difference in pre-trial
misconduct rates for marginal white and marginal black defendants in Miami, column 2 reports
the difference in pre-trial misconduct rates for marginal white and marginal black defendants in
Philadelphia, and column 3 reports the difference between the two jurisdictions. We find sugges-
tive evidence that racial bias is larger in Miami than Philadelphia (p-value = 0.180). In Miami,
marginally released white defendants are 25.2 percentage points more likely to be rearrested com-
pared to marginally released black defendants (p-value = 0.089). In Philadelphia, we find no sta-
tistically significant evidence of racial bias. These results suggest that specialized judges are less
racially biased than generalist judges, potentially due to greater on-the-job learning.

8Note that differences in the pre-trial release tendencies of inexperienced versus experienced judges do not nec-
essarily lead to a violation of the monotonicity assumption required for our IV estimator. So long as individuals
released by a strict judge would also be released by a more lenient judge, and that individuals detained by a lenient
judge would also be detained by a stricter judge, the monotonicity assumption is valid.
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Inexperienced versus Experienced Judges: Finally, we further explore the role of learning by ex-
ploiting variation in judge experience within the same court. In Miami, where there is substantial
variation in the experience profiles of weekend bail judges, we compare experienced and inexpe-
rienced judges splitting on median years of experience. Experienced judges have on average 9.5
years of experience compared to 2.5 years among inexperienced judges. Columns 4 through 6 of
Table 5 present these results. We find evidence that inexperienced judges are more racially biased
than experienced judges (p-value = 0.075). Among inexperienced judges, marginally released white
defendants are 59.9 percentage points more likely to be rearrested compared to marginally released
black defendants (p-value = 0.030). Among experienced judges, marginally released white defen-
dants are a statistically insignificant 0.4 percentage points more likely to be rearrested compared to
marginally released black defendants.

Taken together, these results are consistent with a model of on-the-job learning where racial
bias decreases as judges learn the correct predictive weight to place on observables such as race.
Recall that there are several potentially relevant channels for this on-the-job learning that we cannot
examine with our current data, including that experienced judges are able to obtain more accurate
predictions of risk that do not rely on inaccurate stereotypes and that bail judges become less
racially prejudiced over time as they are exposed to more black defendants. Unfortunately, we are
unable to directly measure bail judges’ racial prejudice or risk assessments using our data. The
precise mechanisms for these results therefore remain unclear, and may include a combination of
these factors.

V. Conclusion

In this paper, we test for racial prejudice in bail setting using a variant of the outcome test pioneered
by Becker (1957). The core idea of our empirical strategy is to use the local nature of instrumental
variables estimators to identify treatment effects for individuals on the margin of release, the pa-
rameter required by the Becker outcome test. The local average treatment effect identified by our
empirical strategy is approximately equal to the average treatment effect of marginal defendants,
with minimal estimation bias under reasonable assumptions.

The application of this test to data from Miami and Philadelphia shows that bail judges are
biased against black defendants. Marginally released white defendants are about 15 percentage
points more likely to be rearrested prior to disposition than marginally released black defendants,
with the largest disparities for drug offenses. Our estimates are nearly identical if we account
for other observable crime and defendant differences by race, implying that our results cannot be
explained by black-white differences in the probability of being arrested for certain types of crimes
(e.g., felony versus misdemeanor) or black-white differences in defendant characteristics (e.g. prior
offense versus no prior offense).

We then document three facts that suggest a lack of on-the-job experience can explain racial
bias among bail judges in our setting. First, we find that the relationship between pre-trial release
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and the predicted risk of misconduct is different between experienced judges and inexperienced bail
judges, suggesting that judges place different weight on easily observable characteristics with more
training. Second, we find that racial bias is larger in Miami, where judges in our sample are part-
time generalists that assist with bail hearings only on weekends, than in Philadelphia, where judges
are full-time specialists that exclusively handle bail hearings seven days a week. Third, we find that
racial bias is significantly larger among inexperienced judges compared to experienced judges within
Miami. These results suggest that on-the-job learning may play an important role in decreasing
racial bias, although we cannot identify the precise mechanisms explaining these findings.

The empirical test developed in this paper can be use to test for bias in a variety of other settings.
Specifically, our estimator is likely appropriate whenever there is quasi-random assignment of judges
or interviewers and the objective of the judges or interviewers is both known and well-measured.
Our test can therefore help to explore prejudice in settings as varied as parole board decisions,
Disability Insurance applications, bankruptcy filings, and the provision of hospital care.
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Table 1: Descriptive Statistics
All Defendants White Black

Detained Released Detained Released Detained Released
Panel A: Bail Type (1) (2) (3) (4) (5) (6)
Release on Recognizance 0.024 0.369 0.027 0.392 0.021 0.353
Non-Monetary Bail 0.052 0.227 0.058 0.254 0.049 0.247
Monetary Bail 0.925 0.404 0.916 0.354 0.930 0.400
Bail Amount (in thousands) 53.262 15.162 33.127 11.606 60.066 12.150

Panel B: Subsequent Bail Outcomes
Bail Modification Petition 0.463 0.056 0.461 0.071 0.466 0.064
Released in 14 days 0.079 1.000 0.082 1.000 0.074 1.000
Released before Trial 0.376 1.000 0.349 1.000 0.376 1.000

Panel C: Defendant Characteristics
Male 0.875 0.775 0.835 0.728 0.880 0.801
Age at Bail Decision 34.357 33.987 36.377 34.492 33.893 34.020
Prior Offense in Past Year 0.385 0.220 0.403 0.227 0.392 0.251

Panel D: Charge Characteristics
Number of Offenses 3.349 2.402 2.755 2.293 3.638 2.381
Felony Offense 0.627 0.344 0.528 0.276 0.656 0.376
Misdemeanor Only 0.373 0.656 0.472 0.724 0.344 0.624
Any Drug Offense 0.287 0.407 0.239 0.390 0.295 0.443
Any DUI Offense 0.023 0.112 0.030 0.114 0.021 0.100
Any Violent Offense 0.264 0.200 0.197 0.179 0.294 0.184
Any Property Offense 0.351 0.193 0.402 0.202 0.346 0.197

Panel E: Outcomes
Rearrest Prior to Disposition 0.190 0.202 0.180 0.210 0.200 0.236
Drug 0.068 0.102 0.054 0.090 0.073 0.124
Property 0.068 0.042 0.073 0.051 0.068 0.047
Violent 0.047 0.022 0.037 0.018 0.054 0.026

Observations 141,689 145,314 16,551 18,917 81,772 67,636

Note: This table reports descriptive statistics for the sample of defendants from Philadelphia and Miami-Dade
counties. The sample consists of bail hearings that were quasi-randomly assigned from Philadelphia between 2010-
2014 and from Miami-Dade between 2006-2014. We define pre-trial release based on whether a defendant was released
within the first three days after the bail hearing. Information on race, gender, age, and criminal outcomes is derived
from court records. See Appendix C for additional details on the sample and variable construction.
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Table 2: Judge Leniency and Pre-Trial Release
All Defendants White Black
(1) (2) (3) (4) (5) (6)

Pre-trial Release 0.630∗∗∗ 0.638∗∗∗ 0.788∗∗∗ 0.746∗∗∗ 0.664∗∗∗ 0.684∗∗∗

(0.034) (0.032) (0.076) (0.070) (0.043) (0.041)
[0.506] [0.506] [0.533] [0.533] [0.453] [0.453]

Court x Year FE Yes Yes Yes Yes Yes Yes
Crime Controls No Yes No Yes No Yes
Observations 287,003 287,003 35,468 35,468 149,408 149,408

Note: This table reports first stage results. The regressions are estimated on the sample as described in the notes to
Table 1. Judge leniency is estimated using data from other cases assigned to a bail judge in the same year following
the procedure described in Section II.B. Columns 1, 3, and 5 begin by reporting results only with court-by-time fixed
effects. Columns 2, 4, and 6 add the demographic and crime controls discussed in Section II.C. Robust standard
errors two-way clustered at the individual and judge-by-shift level are reported in parentheses. *** = significant at
1 percent level, ** = significant at 5 percent level, * = significant at 10 percent level.
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Table 4: Pre-trial Release and Criminal Outcomes
White Black Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.115∗ −0.032 0.147∗

(0.069) (0.053) (0.082)
[0.196] [0.216] –

Panel B: Rearrest by Crime Type
Drug Crime 0.090∗∗ −0.027 0.117∗∗

(0.043) (0.034) (0.052)
[0.073] [0.096] –

Property Crime 0.060 −0.016 0.077
(0.041) (0.030) (0.049)
[0.061] [0.059] –

Violent Crime −0.004 −0.045∗ 0.040
(0.030) (0.025) (0.038)
[0.027] [0.042] –

Observations 35,468 149,408 –

This table reports two-stage least squares results of the impact of pre-trial release on the probability of pre-trial
misconduct separately by race. The regressions are estimated on the sample as described in the notes to Table 1.
The dependent variable is listed in each row. Robust standard errors two-way clustered at the individual and judge-
by-shift level are reported in parentheses in columns 1-3. The sample means of the dependent variables are reported
in brackets. All specifications control for court-by-time fixed effects as well as the demographic and crime controls
discussed in Section II.C. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at
10 percent level.
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Figure 1: Distribution of Judge Leniency and First Stage
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Note: This figure reports the distribution of the judge leniency measure that is estimated using data from other
cases assigned to a bail judge in the same year following the procedure described in Section II.B. Panel A pools all
defendants. Panel B restricts the sample to white defendants. Panel C restricts the sample to black defendants.
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Figure 2: Probability of Pre-trial Misconduct and Detention Status
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Note: This figure reports the distribution of the predicted probability of pre-trial misconduct and the relationship
between pre-trial release and the predicted probability of pre-trial misconduct, estimated by local linear regression,
separately by defendant race. The probability of pre-trial misconduct is computed by estimating a linear regression
of the probability of rearrest prior to case disposition conditional on release on the crime and demographic controls
discussed in Section II.C.
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Figure 3: Probability of Pre-trial Misconduct and Detention Status by Experience
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Note: This figure reports the relationship between pre-trial release and the predicted probability of pre-trial miscon-
duct, estimated by local linear regression, separately by defendant race and judge experience as defined in Section IV.
The probability of pre-trial misconduct is computed by estimating a linear regression of the probability of rearrest
prior to case disposition conditional on release on the crime and demographic controls discussed in Section II.C.
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Appendix A: Additional Results

Appendix Table 1: White-Hispanic Results
White Hispanic Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.120∗ 0.125 −0.005

(0.069) (0.091) (0.112)
[0.196] [0.191] –

Panel B: Rearrest by Crime Type
Drug Crime 0.093∗∗ 0.044 0.049

(0.042) (0.047) (0.063)
[0.073] [0.096] –

Property Crime 0.060 −0.076 0.135∗

(0.041) (0.063) (0.075)
[0.061] [0.059] –

Violent Crime 0.001 0.086∗∗ −0.086∗

(0.030) (0.041) (0.050)
[0.027] [0.042] –

Observations 35,468 78,554 –

This table reports two-stage least squares results of the impact of pre-trial release on the probability of pre-trial
misconduct separately by race. The regressions are estimated on the sample as described in the notes to Table 1.
The dependent variable is listed in each row. Robust standard errors two-way clustered at the individual and judge-
by-shift level are reported in parentheses in columns 1-3. The sample means of the dependent variables are reported
in brackets. All specifications control for court-by-time fixed effects as well as the demographic and crime controls
discussed in Section II.C. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at
10 percent level.
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Appendix Table 3: First Stage Results by Case Characteristics
Crime Severity Crime Type Defendant Type
Misd. Felony Property Drug Violent Prior No Prior
(1) (2) (3) (4) (5) (6) (7)

Pre-trial Release 0.821∗∗∗ 0.455∗∗∗ 0.831∗∗∗ 0.642∗∗∗ 0.091 0.745∗∗∗ 0.588∗∗∗

(0.045) (0.042) (0.054) (0.052) (0.057) (0.049) (0.038)
[0.643] [0.360] [0.371] [0.598] [0.475] [0.369] [0.566]

Court x Year FE Yes Yes Yes Yes Yes Yes Yes
Crime Controls Yes Yes Yes Yes Yes Yes Yes
Observations 148,269 138,734 95,012 71,113 56,791 86,552 200,451

Note: This table reports first stage subsample results. The regressions are estimated on the sample as described in
the notes to Table 1. Judge leniency is estimated using data from other cases assigned to a bail judge in the same
year following the procedure described in Section II.B. All specifications control for court-by-time fixed effects as well
as the demographic and crime controls discussed in Section II.C. Robust standard errors two-way clustered at the
individual and judge-by-shift level are reported in parentheses. *** = significant at 1 percent level, ** = significant
at 5 percent level, * = significant at 10 percent level.
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Appendix Table 4: Pre-trial Release and Criminal Outcomes
Non-Black Black Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.109∗ −0.031 0.141∗

(0.056) (0.053) (0.075)
[0.174] [0.216] –

Panel B: Rearrest by Crime Type
Drug Crime 0.066∗∗ −0.027 0.093∗∗

(0.030) (0.034) (0.044)
[0.073] [0.096] –

Property Crime −0.020 −0.017 −0.003
(0.037) (0.030) (0.046)
[0.051] [0.059] –

Violent Crime 0.038 −0.044∗ 0.082∗∗

(0.025) (0.025) (0.035)
[0.026] [0.042] –

Observations 137,595 149,408 –

This table reports two-stage least squares results of the impact of pre-trial release on the probability of pre-trial
misconduct separately for blacks and non-blacks. The regressions are estimated on the sample as described in the
notes to Table 1. The dependent variable is listed in each row. Robust standard errors two-way clustered at the
individual and judge-by-shift level are reported in parentheses in columns 1-3. The sample means of the dependent
variables are reported in brackets. All specifications control for court-by-time fixed effects as well as the demographic
and crime controls discussed in Section II.C. *** = significant at 1 percent level, ** = significant at 5 percent level,
* = significant at 10 percent level.
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Appendix Table 5: Results for Drug Offenders vs. Other Crimes
Drug Other Crime

White Black Difference White Black Difference
Panel A: Rearrest for All Crimes (1) (2) (3) (4) (5) (6)
Rearrest Prior to Disposition 0.331∗∗ −0.115 0.446∗∗ 0.042 0.006 0.035

(0.156) (0.112) (0.178) (0.080) (0.057) (0.099)
[0.229] [0.268] – [0.181] [0.189] –

Panel B: Rearrest by Crime Type
Drug Crime 0.327∗∗ −0.112 0.439∗∗ 0.007 0.002 0.005

(0.155) (0.112) (0.178) (0.013) (0.009) (0.015)
[0.229] [0.267] – [0.004] [0.005] –

Property Crime 0.013 −0.001 0.014 0.081 −0.015 0.096
(0.018) (0.010) (0.019) (0.057) (0.042) (0.069)
[0.001] [0.001] – [0.088] [0.089] –

Violent Crime 0.006 −0.001 0.008 −0.006 −0.062∗ 0.056
(0.008) (0.006) (0.009) (0.042) (0.035) (0.054)
[0.001] [0.001] – [0.038] [0.063] –

Observations 10,907 51,955 – 24,561 97,453 –

Note: This table reports two-stage least squares results of the impact of pre-trial release on the probability of pre-trial
misconduct separately by crime type. The regressions are estimated on the sample as described in the notes to Table
1. The dependent variable is listed in each row. Robust standard errors two-way clustered at the individual and
judge-by-shift level are reported in parentheses. Subgroup-specific means of the dependent variables are reported
in brackets. All specifications control for court-by-time fixed effects as well as the demographic and crime controls
discussed in Section II.C. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at
10 percent level.
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Appendix Table 6: Results Weighting by Case and Defendant Characteristics
White Black Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.117∗ 0.001 0.116

(0.069) (0.045) (0.080)
[0.196] [0.216] –

Panel B: Rearrest by Crime Type
Drug Crime 0.091∗∗ −0.030 0.121∗∗

(0.043) (0.024) (0.047)
[0.073] [0.096] –

Property Crime 0.060 −0.002 0.063
(0.041) (0.028) (0.048)
[0.061] [0.059] –

Violent Crime −0.004 −0.026 0.022
(0.030) (0.018) (0.035)
[0.027] [0.042] –

Observations 35,468 149,408 –

Note: This table reports weighted two-stage least squares results of the impact of pre-trial release on the probability
of pre-trial misconduct separately by race. Results are re-weighted with the weights chosen to match the match the
distribution of observable characteristics by race. The regressions are estimated on the sample as described in the
notes to Table 1. The dependent variable is listed in each row. Robust standard errors two-way clustered at the
individual and judge-by-shift level are reported in parentheses in columns 1-3. The sample means of the dependent
variables are reported in brackets. All specifications control for court-by-time fixed effects as well as the demographic
and crime controls discussed in Section II.C. *** = significant at 1 percent level, ** = significant at 5 percent level,
* = significant at 10 percent level.
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Appendix Table 7: Robustness to Race-Specific Judge Leniency Measures
White Black Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.103 −0.084 0.187∗

(0.085) (0.059) (0.099)
[0.196] [0.216] –

Panel B: Rearrest by Crime Type
Drug Crime 0.099∗ −0.056 0.154∗∗

(0.054) (0.038) (0.064)
[0.073] [0.096] –

Property Crime 0.051 −0.030 0.081
(0.051) (0.033) (0.058)
[0.061] [0.059] –

Violent Crime −0.035 −0.052∗∗ 0.017
(0.038) (0.026) (0.045)
[0.027] [0.042] –

Observations 35,468 149,408 –

Note: This table reports two-stage least squares results of the impact of pre-trial release on the probability of pre-trial
misconduct separately by race, with our measure of judge leniency computed separately for non-blacks and blacks.
The regressions are estimated on the sample reported in Table 1. The dependent variable is listed in each row.
Robust standard errors two-way clustered at the individual and judge-by-shift level are reported in parentheses in
columns 1-3. The sample means of the dependent variables are reported in brackets. All specifications control for
court-by-time fixed effects as well as the demographic and crime controls discussed in Section II.C. *** = significant
at 1 percent level, ** = significant at 5 percent level, * = significant at 10 percent level.

42



Appendix Table 8: OLS Results
White Black Difference

Panel A: Rearrest for All Crimes (1) (2) (3)
Rearrest Prior to Disposition 0.047∗∗∗ 0.042∗∗∗ 0.004

(0.004) (0.003) (0.005)
[0.196] [0.216] –

Panel B: Rearrest by Crime Type
Drug Crimes 0.015∗∗∗ 0.029∗∗∗ −0.014∗∗∗

(0.003) (0.002) (0.003)
[0.073] [0.096] –

Property Crimes 0.014∗∗∗ 0.002 0.011∗∗∗

(0.003) (0.001) (0.003)
[0.061] [0.059] –

Violent Crimes −0.008∗∗∗ −0.009∗∗∗ 0.001
(0.002) (0.001) (0.002)
[0.027] [0.042] –

Observations 35,468 149,408 –

Note: This table replicates the Knowles et al. (2001) test. The table reports OLS results of the impact of pre-trial
release on the probability of pre-trial misconduct separately by race. The regressions are estimated on the sample
as described in the notes to Table 1. The dependent variable is listed in each row. Robust standard errors two-way
clustered at the individual and judge-by-shift level are reported in parentheses in columns 1-3. The sample means of
the dependent variables are reported in brackets. All specifications control for court-by-time fixed effects as well as
the demographic and crime controls discussed in Section II.C. *** = significant at 1 percent level, ** = significant
at 5 percent level, * = significant at 10 percent level.
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Appendix Table 9: Pre-Trial Release and Pre-Trial Misconduct by Judge and Defendant Race
Race of Judge

White Black Hispanic
Panel A: Release Rates (1) (2) (3)
White 0.322 0.316 0.334

(0.467) (0.465) (0.472)
Black 0.311 0.319 0.313

(0.463) (0.466) (0.464)
Hispanic 0.352 0.357 0.366

(0.478) (0.479) (0.482)

Panel B: Pre-Trial Misconduct Rates
White 0.162 0.183 0.196

(0.369) (0.387) (0.397)
Black 0.252 0.278 0.260

(0.434) (0.448) (0.439)
Hispanic 0.176 0.172 0.176

(0.381) (0.378) (0.381)

Note: This table presents average rates of pre-trial release and pre-trial misconduct conditional on release by defendant
and judge race in Miami. The means are calculated using the Miami sample reported in Table 1. See text for additional
details.
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Appendix Table 10: p-values from Tests of Relative Racial Prejudice
Form of Bias

White-Black White-Hispanic
(1) (2)

Pre-Trial Release 0.368 0.609
Pre-Trial Misconduct 0.715 0.785

Note: This table replicates the Anwar and Fang (2006) test for pre-trial release rates and pre-trial misconduct rates.
This table presents bootstrapped p-values testing for relative racial prejudice. The null hypothesis is rejected if white
judges are more lenient on white defendants, and minority judges are more lenient on minority defendants.
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Appendix Figure 1: Judge Leniency by Defendant and Case Characteristics
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Note: These figures show the correlation between our residualized measure of judge leniency for different groups of
defendants. We take the average leniency for each group over all available years of data. The solid line shows the
best linear fit estimated using OLS relating each judge leniency measure.
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Appendix B: Proofs of Propositions

Proof of Proposition 2 : In this proposition, we assume there is no racial prejudice and bound
the maximum size of prejudice (difference in the treatment effect for marginal white and marginal
black defendants) that could theoretically be estimated by our IV estimator. The direction of the
bias is ambiguous and so for illustrative purposes we bound the maximum prejudice against black
defendants. The proof is exactly analogous for bounding the maximum prejudice against white
defendants.

As noted in the text, Imbens and Angrist (1994) show that the IV estimator converges to:

αr =

J∑
j=1

λjrα
Zj ,Zj−1
r (1)

where αZj ,Zj−1
r = E[Yi(1) − Yi(0)|Ri,r(Zj) − Ri,r(Zj−1) = 1] and the weights, λjr, are non-negative

and sum up to one. Our estimator for racial bias is given by:

D = αW − αB (2)

If D > 0, then we conclude there is racial bias against black defendants in the judicial system.
In general, our empirical test may identify racial bias against blacks for two reasons. First,

our estimator for racial bias may identify bias against blacks if the weights, λjr, vary by defendant
race. Second, our estimator for racial bias may identify bias if treatment effects among the complier
population, αZj ,Zj−1

r , vary by defendant race. Both of these reasons could arise due to differences
in the underlying distribution of treatment effects by defendant race.

Specifically, Imbens and Angrist (1994) show that the weights in the IV estimator are given by
the formula:

λjr =
(P (Released = 1|Zj , r)− P (Released = 1|Zj−1, r)) ·

∑J
l=j π

l
r(g(Zl)− E[g(Z)])∑J

m=1(P (Released = 1|Zm, r)− P (Released = 1|Zm−1, r)) ·
∑J

l=m π
l
r(g(Zl)− E[g(Z)])

(3)

where g(Zl) is the instrumental variable and πjr is the probability of being assigned judge j for
defendant race r. In our setting, we use our measure of judge leniency as the instrument, such that
g(Zl) = Zl. Given the linear specification for the first stage equation (Assumption 4), the following
statement can be re-expressed as:

P (Released = 1|Zj , r)− P (Released = 1|Zj−1, r) = γr(Zj − Zj−1)

Plugging this statement back into the formula for our IV estimator and simplifying yields:

λjr =
Zj − Zj−1 ·

∑J
l=j π

l
r(Zl − E[Z])∑J

m=1(Zm − Zm−1) ·
∑J

l=m π
l
r(Zl − E[Z])

(4)

47



Under this expression, it is straightforward to see that if the probability of being assigned to
judge j does not differ by race, such that πjB = πjW for all j, these weights λjr will be equal for
black defendants and white defendants under the null of no racial prejudice. Under the exclusion
restriction (Assumption 2), the probability of being assigned to any particular judge should not
differ by defendant race. Therefore, for illustrative purposes, we drop the r subscript on the weights
λj .

Recall that in our setting, αZj ,Zj−1
r is the average treatment effect for all individuals who are

released if assigned to judge j but detained if assigned to judge j − 1, in other words compliers.
Specifically, compliers in this scenario are defendants of race r for whom tj−1r (Vi) < E[αi] ≤ tjr(Vi).
Let the smallest treatment effect in this interval be given by αj,j−1

min and the largest treatment effect
be given by αj,j−1

max . Given that judges make release decision based on the expected treatment effect,
the largest treatment effect in the interval is the treatment effect of the individual marginal to the
more lenient judge j, while the smallest treatment effect is the treatment effect of the first individual
detained by the stricter judge j−1. Under the null of no racial bias, our empirical test will be most
biased towards finding racial bias against black defendants if we assume that:

α
Zj ,Zj−1

W = αj,j−1
max

α
Zj ,Zj−1

B = αj,j−1
min

(5)

In other words, for every interval between judge j and j − 1, our estimator is most biased if we
assume that the treatment effect for all white defendants is equal to the maximum treatment effect
in the interval, and we assume that the treatment effect for all black defendants is equal to the
minimum treatment effect in the interval. This assumption implies:

D ≤
J∑

j=1

λj · αj,j−1
max −

J∑
j=1

λj · αj,j−1
min (6)

Also, note that:
αj,j−1
max < αj+1,j

min (7)

Given that αj,j−1
max is the treatment effect for the individual marginal to judge j, any defendant

released by judge j + 1, but detained by judge j must have a larger treatment effect than the
defendant marginal to judge j. Therefore, replacing αj,j−1

max with αj+1,j
min in equation (6) allows us to

bound the level of racial prejudice by:

D <
J∑

j=1

λj · αj+1,j
min −

J∑
j=1

λj · αj,j−1
min (8)
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Relabeling αj,j−1
min = αj−1 for simplicity and rearranging yields:

D <

J∑
j=1

λj · (αj − αj−1) (9)

Now consider the first two elements of the above sum:

λ1(α1 − α0) + λ2(α2 − α1)

Note that in our model αj+1−αj > 0 for all j (the more lenient the judge the higher the threshold
for release and therefore the larger the treatment effect). Without loss of generality, assume λ1 ≥ λ2.
Then:

λ1(α1 − α0) + λ2(α2 − α1) ≤ λ1(α2 − α0)

Without loss of generality, assume λ1 ≥ λj for all j. Noting that α0 = αmin (the smallest treatment
effect is associated with the most strict judge) and αJ = αmax (the largest treatment effect is
associated with the most lenient judge), then:

D < λ1(αmax − αmin) (10)

Therefore, under the null of no racial bias, the maximum potential bias against blacks that our
estimator could generate is bounded by max

j
(λj)(αmax − αmin).

Estimating Maximum Bias under Null of No Racial Prejudice
We now illustrate how we empirically estimate the maximum potential bias of our IV estimator

under the null of no racial prejudice by using the formula in Proposition 2. Because we cannot
observe αmax − αmin, we take the most conservative approach and assume that this value is equal
to 1. In other words, we assume that there are defendants who are rearrested with probability 1
if released but never rearrested if detained such that αmax = 1, and also that there are defendants
whose rearrest probability is unaffected by release status such that αmin = 0.

We then calculate the weights using the following formula:

λj =
Zj − Zj−1 ·

∑J
l=j π

l(Zl − E[Z])∑J
m=1(Zm − Zm−1) ·

∑J
l=m π

l(Zl − E[Z])
(11)

We replace πj and E[Z] with their empirical counterparts:

π̂j =

N∑
i=1

1{Zi = Zj}
N

(12)

E[Z] =
1

N

N∑
i=1

Zi (13)
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Plugging these quantities into the formula for the weights yields an estimate of the weight attached
to each pairwise LATE. We then take the maximum of our weights, multiply it by αmax − αmin

which we conservatively assume to be 1, and interpret this result as the maximum bias that our IV
estimator could yield under the null of no racial bias.

This procedure yields a maximum bias of .005. Therefore, under the null of no racial prejudice,
the estimated difference between the causal effect of pre-trial release on rearrest between marginal
white and marginal black defendants could be no larger than 0.5 percentage points. We also take a
more conservative approach and split our instrument into 100 quantiles, greatly reducing the number
of distinct values the instrument takes on. With this alternative specification, the maximum bias
our estimator could yield is approximately 1.5 percentage points.

Proof of Proposition 3 : Let the weights for all white defendants be equal to 1. We construct the
weights for a black defendant with observables equal to Xi as:

Ψ(Xi) =
Pr(W |Xi)Pr(B)

Pr(B|Xi)Pr(W )
(14)

Where Pr(W |Xi) is the probability of being white given observablesXi, Pr(B|Xi) is the probability
of being black given observablesXi, and Pr(B) is the unconditional probability of being black. Next,
we show that under the null of no racial prejudice, the instrumental variables estimates of the effect
of pre-trial release on misconduct will be equal between races.

For illustrative purposes, assume that the pairwise LATES are equal by race and so we drop the
race subscripts on αZj ,Zj−1

r and λjr. For the re-weighted sample, our IV estimate for black defendants
will converge to:

αω
B =

∑
x∈X

J∑
j=1

λj(x)αZj ,Zj−1(x)Pr(Xi = x|B)Ψ(x) (15)

The pairwise LATEs now depend on x due to the threshold of release varying by other observables.
As discussed in the text, this may cause the estimated treatment effects to differ by race due to the
composition of crimes, rather than direct racial prejudice.

Note that Bayes rule implies:

Pr(Xi = x|B) =
Pr(B|Xi = x)Pr(Xi = x)

Pr(B)
(16)

Expanding the weights and simplifying yields:

αω
B =

∑
x∈X

J∑
j=1

λj(x)αZj ,Zj−1(x)Pr(Xi = x|W ) = αω
W (17)

given that the weights for all white defendants are equal to 1.
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Appendix C: Data Appendix

A. Judge Leniency

Judge Leniency: We calculate judge leniency as the leave-one-out mean residualized pre-trial release
decisions of the assigned judge within a bail year. We use the residual pre-trial release decision after
removing court-by-time fixed effects. In our main results, we define pre-trial release based on
whether a defendant was released within the first three days after the bail hearing.

B. Bail Type

Release on Recognizance: An indicator for whether the defendant was released on recognizance
(ROR), where the defendant secures release on the promise to return to court for his next scheduled
hearing. ROR is used for offenders who show minimal risk of flight, no history of failure to appear
for court proceedings, and pose no apparent threat of harm to the public.

Non-Monetary Bail: An indicator for whether the defendant was released on non-monetary bail, also
known as conditional release. Non-monetary conditions include monitoring, supervision, halfway
houses, and treatments of various sorts, among other options.

Monetary Bail: An indicator for whether the defendant was assigned monetary bail. Under mon-
etary bail, a defendant is generally required to post a bail payment to secure release, typically 10
percent of the bail amount, which can be posted directly by the defendant or by sureties such as
bail bondsman.

Bail Amount: Assigned monetary bail amount in thousands, set equal to missing for defendants
who receive non-monetary bail or ROR.

C. Defendant Characteristics

Race: Information on defendant race is missing for the Philadelphia data prior to 2010.

Hispanic: We match the surnames in our data to census genealogical records of surnames. If
the probability a given surname is Hispanic is greater than 80 percent, we label the defendant as
Hispanic.

Prior Offense in Past Year: An indicator for whether the defendant had been charged for a prior
offense in the past year of the bail hearing within the same county, set to missing for defendants
who we cannot observe for a full year prior to their bail hearing.

D. Charge Characteristics

Number of Offenses: Total number of charged offenses.
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Felony Offense: An indicator for whether the defendant is charged with a felony offense.

Misdemeanor Offense: An indicator for whether the defendant is charged with only misdemeanor
offenses.

E. Rearrest Outcomes

Rearrest: An indicator for whether the defendant was rearrested for a new crime prior to case
disposition.

F. Judge Characteristics

Race: We collect information on judge race from court directories and conversations with court
officials. All judges in Philadelphia are white. Information on judge race in Miami is missing for
two of the 171 judges in our sample.

Experience: We use historical court records back to 1999 to compute experience, which we define
as the difference between bail year and start year (earliest 1999). In our sample, years of experience
range from zero to 15 years.
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Appendix D: Institutional Details Appendix

Philadelphia County: Immediately following arrest in Philadelphia County, defendants are brought
to one of six police stations around the city where they are interviewed by the city’s Pre-Trial
Services Bail Unit. The Bail Unit operates 24 hours a day, seven days a week, and interviews all
adults charged with offenses in Philadelphia through videoconference, collecting information on the
arrested individual’s charge severity, personal and financial history, family or community ties, and
criminal history. The Bail Unit then uses this information to calculate a release recommendation
based on a four-by-ten grid of bail guidelines that is presented to the bail judge. However, these
bail guidelines are only followed by the bail judge about half the time, with judges often imposing
monetary bail instead of the recommended non-monetary options (Shubik-Richards and Stemen
2010).

After the Pre-Trial Services interview is completed and the charges are approved by the Philadel-
phia District Attorney’s Office, the defendant is brought in for a bail hearing. Since the mid-1990s,
bail hearings have been conducted through videoconference by the bail judge on duty, with represen-
tatives from the district attorney and local public defender’s offices (or private defense counsel) also
present. However, while a defense lawyer is present at the bail hearing, there is no real opportunity
for defendants to speak with the attorney prior to the hearing. At the hearing itself, the bail judge
reads the charges against the defendant, informs the defendant of his right to counsel, sets bail after
hearing from representatives from the prosecutor’s office and the defendant’s counsel, and schedules
the next court date. After the bail hearing, the defendant has an opportunity to post bail, secure
counsel, and notify others of the arrest. If the defendant is unable to post bail, he is detained but
has the opportunity to petition for bail modification in subsequent court proceedings.

Miami-Dade County: The Miami-Dade bail system follows a similar procedure, with one important
exception. As opposed to Philadelphia where all defendants are required to have a bail hearing,
most defendants in Miami-Dade can avoid a bail hearing and be immediately released following
arrest and booking by posting an amount designated by a standard bail schedule. The bail schedule
ranks offenses according to their seriousness and assigns an amount of bond that must be posted
to permit a defendant’s release. Critics have argued that this kind of standardized bail schedule
discriminates against poor defendants by setting a fixed price for release according to the charged
offense rather than taking into account a defendant’s ability to pay, or propensity to flee or commit
a new crime. Approximately 30 percent of all defendants in Miami-Dade are released prior to a bail
hearing, with the other 70 percent attending a bail hearing (Goldkamp and Gottfredson 1988).

If a defendant is unable to post bail immediately in Miami-Dade, there is a bail hearing within
24 hours of arrest where defendants can argue for a reduced bail amount. Miami-Dade conducts
separate daily hearings for felony and misdemeanor cases through videoconference by the bail judge
on duty. At the bail hearing, the court will determine whether or not there is sufficient probable
cause to detain the arrestee and if so, the appropriate bail conditions. The bail amount may be
lowered, raised, or remain the same as the scheduled bail amount depending on the case situation
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and the arguments made by defense counsel and the prosecutor. While monetary bail amounts at
this stage often follow the standard bail schedule, the choice between monetary versus non-monetary
bail conditions varies widely across judges in Miami-Dade (Goldkamp and Gottfredson 1988).

Institutional Features Relevant to Empirical Design: Our empirical strategy exploits variation in
the pre-trial release tendencies of the assigned bail judge. There are three features of the Philadel-
phia and Miami-Dade bail systems that make them an appropriate setting for our research design.
First, there are multiple bail judges serving simultaneously, allowing us to measure variation in bail
decisions across judges. At any point in time, Philadelphia has six bail judges that only make bail
decisions. In Miami-Dade, weekday cases are handled by a single bail judge, but weekend cases are
handled by approximately 60 different judges on a rotating basis. These weekend bail judges are
trial court judges from the misdemeanor and felony courts in Miami-Dade that assist the bail court
with weekend cases.

Second, the assignment of judges is based on rotation systems, providing quasi-random variation
in which bail judge a defendant is assigned to. In Philadelphia, the six bail judges serve rotating
eight-hour shifts in order to balance caseloads. Three judges serve together every five days, with
one bail judge serving the morning shift (7:30AM-3:30PM), another serving the afternoon shift
(3:30PM-11:30PM), and the final judge serving the night shift (11:30PM-7:30AM). While it may
be endogenous whether a defendant is arrested in the morning or at night or on a specific day
of the week, the fact that these six bail judges rotate through all shifts and all days of the week
allows us to isolate the independent effect of the judge from day-of-week and time-of-day effects. In
Miami-Dade, the weekend bail judges rotate through the felony and misdemeanor bail hearings each
weekend to ensure balanced caseloads during the year. Every Saturday and Sunday beginning at
9:00AM, one judge works the misdemeanor shift and another judge works the felony shift. Because
of the large number of judges in Miami-Dade, any given judge works a bail shift approximately once
or twice a year.

Third, there is very limited scope for influencing which bail judge will hear the case, as most
individuals are brought for a bail hearing shortly following the arrest. In Philadelphia, all adults
arrested and charged with a felony or misdemeanor appear before a bail judge for a formal bail
hearing, which is usually scheduled within 24 hours of arrest. A defendant is automatically assigned
to the bail judge on duty. There is also limited room for influencing which bail judge will hear
the case in Miami-Dade, as arrested felony and misdemeanor defendants are brought in for their
hearing within 24 hours following arrest to the bail judge on duty. However, given that defendants
can post bail immediately following arrest in Miami-Dade without having a bail hearing, there is the
possibility that defendants may selectively post bail depending on the identity of the assigned bail
judge. It is also theoretically possible that a defendant may self-surrender to the police in order to
strategically time their bail hearing to a particular bail judge. As a partial check on this important
assumption of random assignment, we test the relationship between observable characteristics and
bail judge assignment.
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