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Abstract

In the United States, thirty-four percent of all felony defendants are detained pre-
trial until case disposition. Governments have recently begun providing judges with
risk assessment scores in an effort to increase pretrial release without also increasing
pretrial crime. Despite this, there is little evidence on how risk assessment scores al-
ter criminal outcomes. Using administrative data from a large county in Texas, we
estimate the effect of a risk assessment score policy on judge bond decisions, defen-
dant pretrial detention, pretrial crime, and conviction. We identify short-term effects
by exploiting a large, sudden policy change using a regression discontinuity design.
This approach effectively compares defendants booked just before and after the policy
change. Results show that adopting a risk assessment score leads to small increases in
non-financial bonds and decreases pretrial detention. These results appear to be driven
by indigent defendants, do not worsen existing racial disparities, and deteriorate with
time. Additionally, we find risk assessment scores did not increase violent pretrial
crime. However, there is some suggestive evidence of small increases in non-violent
pretrial crime. We also estimate decreases in conviction.
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1 Introduction

In the United States (US), the Eighth Amendment and most state constitutions guarantee

the right to non-excessive bail. However, 34 percent of all felony defendants are detained

until case disposition (Bureau of Justice Statistics, 2013). Further, 90 percent of those

pretrial detained are incarcerated because of their inability to post monetary bail (Bureau

of Justice Statistics, 2013). In response to the overcrowding of prisons and a perception

that the existing bail system disproportionately harms poor and low-risk defendants, many

jurisdictions have shifted from monetary bail to a risk-based system, where defendants are

released according to their risk of pretrial crime instead of their ability to pay bail or secure

a bond. Supporters of risk assessment scores argue that assessing individuals based on their

risk rather than income could lead to less pretrial detention, allowing low-income defendants

to keep their jobs and imposing near-zero costs on the criminal justice system if defendants

do not commit new crimes pretrial. Opponents claim that increasing pretrial release could

increase pretrial crime due to the reduced expected penalty of future crime. It is also

possible that risk assessment scores could exacerbate existing racial disparities, as these

scores often include components, such as employment or criminal history, that are correlated

with defendant race.1 The purpose of this paper is to assess whether risk assessment reduces

pretrial detention without increasing violent crime and whether it reduces conviction rates

or increases racial disparities.

Although the use of risk assessment scores is rapidly expanding across the United States,

there is little to no research on their causal effects on release patterns and defendant out-

1Academics and journalists express varying degrees of concern about potential racial biases in risk assessment
scores (e.g., Angwin et al., 2019; Doleac et al., 2017).
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comes. There are two primary difficulties with estimating the effect of risk assessment scores.

First, most jurisdictions do not keep detailed records on defendants from arrest until case

disposition, including recording whether they were assessed using a risk assessment score.

Second, some jurisdictions only use scores for certain defendant types, often those charged

with less serious crimes. Any resulting cross-sectional comparisons would be biased as those

with scores are observably, and likely unobservably, different across many attributes.

We estimate the effect of risk assessment in Texas using data from Travis County, home

to the state capital, Austin, and a large county with a population of over 1.2 million (United

States Census Bureau, 2017). On January 14th, 2013, Travis County abruptly changed

from not using a research-based risk assessment score at all to assigning one to nearly every

inmate. Importantly, Travis County’s implementation of the risk assessment score policy

was immediate, and the exact policy change date was not announced publicly. There was

no slow roll-out of the policy—one day the county assigned no risk assessment scores, and

the following day it assigned scores to over 80 percent of defendants. We use this sudden

change to identify local effects through a regression discontinuity design. Using the timing

of the policy change, we are able to compare defendants booked just before and after the

policy change. The identifying assumption is that all determinants of defendant outcomes

aside from the policy change vary smoothly through the policy change. Put another way,

we assume that defendants who choose to commit crimes on January 12th and 13th versus

January 14th and 15th are not meaningfully different except that those on the later dates

received a risk assessment score. We also show empirical tests using exogenous covariates

that support this assumption.
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We show using a risk assessment score increases release on non-financial bail by 4.5-

6.5% and decreases pretrial detention by 8.5-10.5%. We also provide evidence that results

are driven by low-income defendants and do not worsen existing racial disparities. Second,

we find no effect on violent pretrial crime and are able to rule out meaningful increases.

These results are robust to multiple inference and several robustness checks. There is some

suggestive evidence that non-violent pretrial crime may increase; however, these results are

not robust. In addition, we provide evidence that the adoption of risk assessments reduced

conviction by 3-6.5% percent. It also appears judges returned to their old release patterns

about three months after the policy change.

To our knowledge, this paper provides some of the first causal evidence on the effects

of pretrial risk assessment scores. As a result, our work contributes to multiple important

existing literatures. First, we contribute to a small but growing literature on risk assessment

scores in general. The majority of this literature has focused on the validity of risk assessment

instruments rather than a policy’s overall effect (Almond et al., 2017; Flores et al., 2017;

New Jersey Courts, 2018; Meredith et al., 2007; Schmidt et al., 2017). For example, many

states have validated their risk assessment score use by documenting that higher scores

are correlated with higher recidivism (DeMichele et al., 2018; Latessa et al., 2010; Turner

et al., 2009; Zhang et al., 2014 ). Others have focused on comparing human decisions with

actuarial predictions (Chanenson and Hyatt, 2016; Dressel and Farid, 2018; Grove et al.,

2000). Perhaps the most rigorous paper in this field, Kleinberg et al. (2017), used machine

learning to determine what crime rates would have been if release decisions were made solely

based on a risk assessment algorithm. They found that if the same number of inmates were
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released, but were chosen according to their algorithmic risk scores, crime rates would fall.

Conversely, there are few serious independent evaluations of risk assessment score imple-

mentation. This paper is most similar in spirit to Stevenson (2018b). She evaluates multiple

pretrial risk assessment score policy changes in Kentucky using an event study framework.

Stevenson (2018b) provided rigorous pre- and post-comparisons, concluding that the use of

risk assessment scores alters bail-setting behavior and leads to increases in failures-to-appear

and no decrease in pretrial crime. Importantly our risk assessment policy change is markedly

different than the two used in Stevenson (2018b). Stevenson (2018b) first identifies effects for

a policy change (Kentucky House Bill 463), which required judges to consider a previously

implemented risk assessment score in bond decisions. Second, Stevenson (2018b) estimates

the effect of a later policy change where Kentucky switched from its original checklist-style

risk assessment, similar to the risk assessment tool used in Travis County, to a slightly more

complex tool called the Public Safety Assessment. This paper is unique because it estimates

the effect of a changing from no risk assessment to a checklist-style tool in an environment

where judges were not required to use the risk assessment tool. These distinctions are impor-

tant given the recent debates about and few rigorous evaluations of risk assessment scores.

Although it appears many jurisdictions may feel comfortable adopting a research-based risk

assessment tool, they may not be ready to mandate its consideration in all bond decisions.

Finally, we can also investigate the effects of risk assessment scores on conviction, a very

significant outcome for defendants.

Our paper also relates to a number of papers on the effects of pretrial detention on

defendant outcomes. In general, these papers have found that pretrial detention leads to an
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increased likelihood of conviction (Didwania, 2018; Dobbie et al., 2018; Heaton et al., 2017;

Leslie and Pope, 2016; Stevenson, 2018a). Others have considered the effect of nonmonetary

bail on outcomes, finding that nonmonetary bail decreases conviction rates (Gupta et al.,

2016).

The results of this paper have important implications for criminal justice actors and

defendants. First, our finding that risk assessment scores increase non-financial bail and

decrease pretrial detention suggests that this policy can be used to lower costs, at least in

the short term. These savings could be substantial as the estimated annual cost of pretrial

detention in the US is $13.4 billion (Wagner and Rabuy, 2017). Significantly, we also show

that this reduction in pretrial detention and increase in non-financial bail releases could be

possible without increases in violent pretrial crime.

Second, the use of risk assessment scores is important to defendants because it relieves

low-income and minority defendants of the potentially disproportionate burden of financial

bail and, therefore, pretrial detention. Perhaps most importantly, decreases in pretrial de-

tention are also associated with greater job stability, less reliance on government assistance,

and less separation from family (Dobbie et al., 2018; Stevenson, 2018a). In Travis County,

risk assessment scores also decrease conviction rates and, therefore, criminal records for de-

fendants. This is particularly significant given the poor labor market outcomes attributed

to convictions (Finlay, 2008; Mueller-Smith and Schnepel, 2017; Pager, 2003).

To the extent that our results apply in other settings, these findings indicate that risk

assessment score policies may be an effective tool for decreasing the income-based disparity in

pretrial detention and improving the lives of defendants, at least in the short term. Notably,
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these decreases in pretrial detention are not associated with increases in violent pretrial

crime, implying minimal risk and costs to society. However, policymakers must be careful to

weigh these potential benefits with the possibility for some increases in non-violent pretrial

crime. They should also recognize the benefits of risk assessment scores may be short-lived

and are not likely to overhaul an existing bail system completely.

2 Overview of the Travis County System

With a population of over 1.2 million, Travis County is one of the largest and fastest-

growing counties in the nation (United States Census Bureau, 2018). It is also known as

one of the first Texas counties to focus on reducing pretrial detention (Craver, 2017; Smith,

2012). In early 2013, research-based risk assessment scores were implemented by Travis

County Pretrial Services for the first time. Travis County chose to implement the Ohio Risk

Assessment System-Pretrial Assessment Tool (ORAS-PAT) for its risk assessment scoring.

The ORAS-PAT is a relatively new risk assessment tool, developed in 2009 and validated by

the University of Cincinnati.

After a defendant is arrested and booked in Travis County, they are interviewed by a

pretrial services officer. Relying on information collected during the pretrial interview and

facts from a defendant’s criminal history, the pretrial services officer calculates a defendant’s

risk assessment score. The form used by Pretrial Services to calculate a defendant’s score is

presented in Figure 1. Specifically, the ORAS-PAT considers age at arrest, number of past

failures to appear, prior jail incarcerations, employment status at arrest, residential stability,

and drug abuse as inputs. Next, the pretrial services officer adds up the points assigned to
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each input, yielding a risk score. This score is used to group a defendant into one of three

different categories of pretrial crime risk: low, moderate, or high. Pretrial officers often also

make a recommendation to release or detain defendants pretrial based on the risk assessment

score and category assigned to the defendant. If pretrial services recommends release, the

recommendation is passed onto a judge.

After considering the recommendation, judges have three options at a bail hearing. First,

they can award a non-financial bond, meaning the defendant is not detained pretrial and is

free to return home after the hearing with no financial obligation. Second, the judge can

award a financial bond, in which case the defendant must post bail (pay the amount of bail

in its entirety) or pay a portion of the bail amount upfront to a bail bondsman in order to

be released pretrial. In the case of financial bail, the judge does not directly determine the

pretrial detention status for the defendant. Third, the judge can deny non-financial bond or

financial bond, forcing the defendant to be detained pretrial.

Importantly, because judicial approval is still required for pretrial release (i.e., a defen-

dant’s bail and release decisions do not rely entirely on the recommendation from their risk

assessment score), it is natural to wonder if judges even utilize risk assessment scores. While

it is impossible to say definitively that all judges seriously consider risk assessment scores,

55 percent of Texas pretrial judges surveyed in Carmichael et al. (2017) stated that lack

of validated risk assessment tools are a barrier to informed release decisions. Moreover, 80

percent of Texas pretrial professionals and 70 percent of judges support or do not oppose

adopting pretrial risk assessment scores. Finally, according to Carmichael et al. (2017), the

ORAS-PAT is considered an important source for determining non-financial bond.
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After the judge’s decision, a defendant is released from jail if they are awarded non-

financial bail or if they pay for release2, but they are expected to show up for all future

court proceedings. If a defendant is arrested for a new crime, we say that this defendant

has committed a new pretrial crime. This defendant is then likely returned to jail until the

final disposition of their case. For all defendants, we say a defendant is convicted if they are

found guilty by trial or accept a plea deal.

3 Data

We use individual-level administrative data from Travis County on all criminal cases disposed

between 2011 and 2014. Our data come from two different sources within Travis County.

First, Travis County Pretrial Services provides data on defendant characteristics, booking,

risk assessment score interviews, and bond outcomes. Importantly, these also include the

exact booking date for a defendant, which is essential to determining a defendant’s treat-

ment status. We combine these data with information from a second source: data on the

disposition of cases and pretrial crime from the Travis County Court System.

We identify five outcomes of interest: release on non-financial bond, pretrial detention,

conviction, non-violent pretrial crime and violent pretrial crime.3 Unfortunately, information

on non-financial bonds is missing for roughly 11 percent (15,183) of defendants. Travis

County Pretrial Services believes the missing data to be the result of recording oversights

and is not related to the policy change or a particular type of defendant. Even so, we discuss

2A defendant can either pay their bail in full or a bail bondsman can post bail instead.
3It might also be natural to consider failure to appear. Unfortunately, Travis County does not keep accurate
data on this outcome. In fact, in most Texas counties, failure to appear is not measured accurately or
tracked.
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this limitation in greater depth in section 5.6.

Non-financial bond is equal to one if a judge assigns a defendant a non-financial bond

and zero for those denied bail or those assigned monetary bail. If a defendant is released

on non-financial bond, they can leave jail immediately and need only promise to return to

court at a later date. Pretrial detention takes on a value of one if a defendant is kept in

jail for more than two days before their disposition not including time served after potential

subsequent arrests.4 Conviction is recorded as a one if a defendant is convicted of the crime

they were originally arrested for, and zero otherwise. Pretrial crime is measured for all

defendants, regardless of their pretrial bond or detention status. Severity of crime is defined

by the Texas Office of Court Administration. Non-violent pretrial crime takes on a value

of one for all defendants who, before their trial, are arrested for a new non-violent crime.

Violent pretrial crime takes on a value of one for all defendants who are arrested for a new

violent pretrial crime.

Table 1 presents descriptive statistics for all defendants booked in Travis County from

2011 through 2014. Most defendants are minorities (non-white or Hispanic), male, and

US citizens: 58, 76, and 89 percent respectively.5 Eighty eight percent of defendants are

not flagged by the mental health assessment at booking. Just over half the defendants (51

percent) are also categorized as indigent. Defendants are considered indigent if they have

low income, rely on certain forms of government assistance, or reside in a public mental

health facility.6 For the entire time period, 33 percent of defendants have a risk assessment

4Our results are similar in significance and magnitude if we define pretrial detention as being in jail for more
than one or three days.

5Travis County records the race and ethnicity of each defendant. Defendants are white if they are white and
not Hispanic. Minority defendants are either non-white or Hispanic.

6This is the definition of indigence from Travis County Criminal Courts (2012).
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score recorded, although 77 percent of defendants have a risk assessment score after January

2013.

4 Methods

4.1 Identification Strategy

For this paper, we exploit a sharp policy change that occurred in Travis County on January

14, 2013. On this date, the county fully implemented a new risk assessment score practice,

shifting from not using risk assessment scores for defendants to calculating a risk assessment

score for over 80 percent of defendants. This is an ideal setting for applying our regression

discontinuity design to estimate the short term causal effect of a risk assessment score policy

on defendant outcomes. The identifying assumption is that all determinants of defendant

outcomes vary smoothly through the policy change threshold. Intuitively, we compare defen-

dants booked just before and just after the policy change, assuming that the timing of their

booking around the policy change threshold is as good as random. Given the institutional

details of the policy change, it is difficult to believe that precise manipulation of the time

of a crime is feasible. For manipulation to occur, a defendant must have been aware of the

exact start date of the policy—which was not readily advertised to the public—and have

shifted the timing of their crime accordingly. Because treatment is also determined by the

defendant’s booking date and not the bail hearing date, it is unlikely that a judge would be

able to alter the treatment status of a defendant.

Formally, we estimate the following individual-level OLS model following the standard
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Regression Discontinuity equation:

Outcomeit = α + βI[policyenacted ≥ 0]t + γdaysfromcutofft+

δI[policyenacted ≥ 0]daysfromcutofft + λi + πc + ρd + εit

(1)

Here, i indexes individual defendants and t the date of booking. Policyenactedt takes

on a value of one if a defendant was booked on or after the day of the policy enactment

and is zero otherwise. The running variable, daysfromcutofft, is defined as days from

the date of policy enactment, or dateofbookingt − policyenactmentdatet. By interacting

I[policyenacted] with daysfromcutofft, we allow the slopes of our fitted lines to differ on

either side of the policy change. Our coefficient of interest, β, captures the intent-to-treat

effect of the risk assessment score policy. λi contains individual-level controls that could

alter the precision of our estimates, but should not drastically change our estimates of β

if our identifying assumption holds. πc is court-specific fixed effects, and ρd is day-of-week

fixed effects, which capture any time-invariant court tendencies or differences across days of

the week, respectively. Finally, the error term, εit, measures any unobservable factors that

could also alter outcomes.

Our preferred specification employs the mean square error (MSE) optimal bandwidth

suggested by Calonico et al. (2017). As is standard in the regression discontinuity literature,

we report results for various other bandwidths and show that our main results are not sen-

sitive to bandwidth choice. Our preferred specification has a linear functional form because

it enforces the least functional form assumptions on the data. Finally, we report robust
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standard errors calculated as suggested in Calonico et al. (2017).7

4.2 Tests of Identification

Given the nature of the policy change noted before and the late implementation of the policy

(i.e., not on January 1), we believe it to be unlikely that defendants or judges could have

manipulated the assignment of treatment in a manner that would discredit our research

design. Even so, we provide empirical evidence that our identifying assumption is valid by

demonstrating that the number of defendants booked, as well as observable defendant and

case characteristics, do not vary discontinuously through the policy change threshold. Figure

2 shows the distribution of the running variable, days from the cutoff. If manipulation were

possible, we would expect to see a spike or fall in the number of defendants booked, but this

is not the case.

Next we investigate if specific case and defendant characteristics are smooth through

the policy change threshold. If our identifying assumption is valid, defendant and case

characteristics will vary similarly on both sides of the policy change threshold. If defendants

or judges could have exactly manipulated the timing of booking, we would expect to find

differences in case and defendant characteristics through the policy enactment threshold. To

test this threat to identification, we estimate equation (1) using race, age, gender, criminal

history, indigent status, severity of arrest (misdemeanor or felony), mental health status, US

7Although we do not believe release decisions or pretrial crime should be correlated for defendants booked on
the same day, we also estimate our results clustering on booking date. For non-financial bond and pretrial
detention our results have similar significance. Specifically, for non-financial bond the significance level
remains the same for 4 of the 6 estimates presented in Table 2. One estimate is significant at the 5% level
instead of the 1% and one is significant at the 10% level instead of the 5% due to clustering. For pretrial
detention, three of the six estimates in Table 2 retain their significance level with clustering. Two estimates
are significant at the 5% level instead of the 1% and one is significant at the 10% level instead of the 5%
due to clustering.

13



citizenship status, and specific court separately as outcome variables. Figure 3 and Table

A1 show the results for this test. There is only one small visible jump in defendant and

case characteristics in the graphs presented (Defendant Age). Of the 20 estimates presented

in Appendix Table 1, only two are statistically significant at conventional levels, although

with coefficients close to zero, which is consistent with findings due to chance. These results

indicate that case and defendant characteristics are not discontinuous through the policy

change threshold.

We also present another test of the identifying assumption using all the covariates we

observe about a defendant and case that are determined before defendants are assigned a

risk assessment score. Instead of considering the covariates individually, we use them in

combination along with a court and day-of-week fixed effect to predict the likelihood of each

potential outcome (release on non-financial bond, pretrial detention, non-violent pretrial

crime, violent pretrial crime, and conviction) for every defendant. This allows us to create

a weighted average where the characteristics that contribute more to a specific outcome

are considered with greater weight. Here we can estimate the underlying probability of an

outcome using everything we know about them except the use of a risk assessment score. If

each predicted outcome is smooth through the policy change threshold, then we can attribute

any treatment effect we later estimate to the policy change, not underlying differences in

defendants booked just before and after the policy change.

Figure 4 and Table A2 show the results for the predicted outcomes. The regression

discontinuity estimates for each predicted outcome are statistically insignificant and are

close to zero. This further indicates little evidence of underlying differences in defendants
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across the policy change threshold—proving further that our identifying assumption holds.

5 Results

5.1 Effects of Risk Assessment Score Policy on Score Usage

To determine the effects of a risk assessment score policy, we first need to document that

Travis County’s enactment of its risk assessment score policy led to a sudden and dramatic

increase in the number of defendants assessed and assigned a risk assessment score. To do

so, we estimate equation (1) using the assignment of a risk assessment score as the outcome

variable. Figure 5 presents our graphical results. This graph and the graphs that follow

plot the mean of the outcome variable in 45-day bins. In all figures, the running variable is

normalized to zero (the date of policy enactment is zero days after the policy change).

Figure 5 shows clearly that we estimate a large (about 80 percent) increase in risk as-

sessment score assignment across the policy change threshold.8 This indicates that about

80 percent of defendants booked after the policy enactment were assigned a risk assessment

score. We note that this is not a sharp discontinuity (i.e., 100 percent take-up), which

motivates our use of intent-to-treat estimates throughout the rest of the paper. There are

multiple reasons why a defendant may not have been recorded with a risk assessment score.

First, the Pretrial Services data we use are not perfect. It may be the case that some scores

simply were not recorded. Furthermore, some defendants are much less likely to receive a

risk assessment score, such as those who have an active defense attorney to convince Pretrial

8Risk assessment usage was greater than zero for a few months before January 2013 because Travis County
elected to run a pilot study.
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Services not to conduct a pretrial risk assessment score or those with a parole violation.

Regardless, our intent-to-treat effects allow us to estimate the unbiased intent-to-treat effect

of the risk assessment score policy.

5.2 Effects of a Risk Assessment Score Policy on Non-financial

Bond and Pretrial Release

The primary intent of the risk assessment adoption was to increase the number of defendants

released on non-financial bond. This decision is made by judges with access to risk assessment

scores, so this is the first outcome we consider. Next, we consider pretrial detention. If a

defendant is released on non-financial bond, they are not detained pretrial; but if a judge

offers financial bond to a defendant, their pretrial detention status is determined by their

ability to pay the bond. Therefore, it is of separate interest to determine the effects of a risk

assessment score on pretrial detention.

We first show the effects of a risk assessment score on non-financial bonds and pretrial

detention in Figure 6. Formally, we estimate equation (1) with the probability of release on

non-financial bond and pretrial detention as outcome variables. Figure 6 shows the mean

of release on non-financial bond and pretrial detention in 45-day bins. This figure provides

visual evidence that implementing risk assessment scores increases the likelihood of release

on non-financial bond and decreases pretrial detention. It also appears these effects fade

with time. While it is challenging to determine exactly why our results decrease with time,

we will discuss possible reasons later in this section.

Table 2 presents corresponding point estimates, with each column representing a sepa-
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rate regression. Odd columns present our baseline regression discontinuity results with no

controls. Even numbered columns include controls for days since the policy change, case

specific controls, and fixed effects for the court and day of booking. Specifically each column

has case-level controls for defendant race, age, gender, citizenship, mental health flag and

indigent status, along with controls for the severity of the crime (misdemeanor or not). Each

specification allows the running variable, days from the policy enactment, to vary linearly

on each side of the cutoff. Columns (1)-(2) present results for double the MSE optimal

bandwidth, columns (3)-(4) 1.5 times the MSE optimal bandwidth, and columns (5)-(6) the

optimal bandwidth. If our identifying assumption holds, we would expect that our coefficient

of interest would remain similar in magnitude. Across all eight columns, our estimates remain

statistically significant at conventional levels and are of similar magnitudes for non-financial

bond and pretrial detention. 9

Our estimates for non-financial bond range from 0.0271 to 0.043. These results indicate

that the implementation of a risk assessment score policy increases the likelihood of release

on non-financial bond by about 3-5 percentage points (4.5-6.5%). For pretrial detention, our

estimates range from -0.0273 to -0.0348, showing the risk assessment score policy decreases

the chance of pretrial detention by about 3 percentage points (8.5-10.5%).

Because our results include four different outcomes, we also include false discovery rate

(FDR)–adjusted q-values for the estimates presented in Table 2. We compute the FDR-

adjusted q-values using the method proposed by Anderson (2008), adjusting for our five

different outcomes. The FDR q-values can be interpreted as adjusted p-values. The FDR

9Our results are similar in significance and magnitude if we define pretrial detention as being in jail for more
than one or three days.
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q-values for each outcome are statistically significant at least the five percent level for all but

one of the specifications which is significant at the ten percent level. Therefore, we conclude

that the effects we find are large enough not to be attributable to chance.

Now we will demonstrate that our results for pretrial detainment and non-financial bond

are robust to various specifications. A standard concern with regression discontinuity esti-

mates is that results are valid only for a specific bandwidth selection or are the result of

misfitting the data. To address these concerns, we present several specifications and show

that our results are robust to bandwidth selections. First, we estimate equation (1) with

inclusion of the controls and allow the bandwidth to vary from 20 to 660 days in 10-day in-

crements using a linear specification. Figure A1 Panels (a) and (b) show the coefficients and

standard errors from each model for non-financial bond and pretrial detention. The dashed

lines represent the optimal MSE bandwidth. The estimated coefficients remain consistent

across the different bandwidths. Estimates for non-financial bond and pretrial detention are

also statistically significant for the vast majority of estimates, illustrating that our results

are robust to alternative specifications of bandwidth.

We also conduct a permutation test in the spirit of Abadie et al. (2010) to support our

claim that Travis County’s risk assessment score policy drives our results. This test also

addresses a specific concern about the time-series nature of our data. Specifically, that our

errors terms are serially correlated, potentially leading to incorrect standard errors. To do

so, we estimate equation (1) reassigning the policy threshold to be a day before the true

policy change occurred. Because we only have data beginning in 2011, we estimate equation

(1) 910 times using every possible date that occurred before the true policy change, a linear
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specification, optimal bandwidth, and the controls included in Table 2. The distribution

of placebo estimates for release on non-financial bond and pretrial detention are shown in

Figure A2. Nearly all placebo coefficients (98%) are less than the reported estimates in Table

2 for release on non-financial bond. Our pretrial detention estimate in Table 2 is less than

96 percent of our placebo estimates. These simulations imply our estimates are not simply

due to chance.

5.3 Effects of a Risk Assessment Score Policy on Pretrial Crime

and Conviction

If it is the case that the new type of individuals released pretrial through non-financial bond

disproportionately commit crimes before their trial, there would be an increase in pretrial

crime. Results for non-violent and violent pretrial crime are shown in Figure 7. All graphs

in Figure 7 show the mean of the outcome variable in 45-day bins. Figure 7(a) and Figure

7(b) presents some suggestive evidence of a small increase in non-violent recidivism and no

change in violent recidivism. Table 3 presents the corresponding estimates. Similar to Table

2, even columns add controls for defendant race, age, gender, citizenship, mental health

status, and indigent status, as well as the severity of the crime (misdemeanor or not). Each

specification allows the running variable to vary linearly. Fixed effects for the assigned court

and booking day of the week are also included. Importantly, our estimates for non-violent

and violent pretrial crime are of similar magnitudes across all six columns. For non-violent

pretrial crime, estimates range from 0.0095 to 0.01 (9-10.5%) across the table. Only four

estimates are significant at the ten percent level. Although there appears to be some evidence
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of meaningful increases in non-violent pretrial crime, our results are not robust to alternative

specifications.

Next we consider violent pretrial crime . Across all columns our estimates remain stable,

ranging from -0.002 to -0.005. We are also able to rule out any increase in violent pretrial

crime when using the larger sample size from twice the optimal bandwidth.10 We also report

FDR q-values for pretrial crime outcomes.11 The FDR q-values are also not consistently

significant for any outcome.

We can also show our pretrial crime results are robust to alternative bandwidths and

functional forms. As we did for non-financial bond and pretrial detention, we estimate

equation (1) using non-violent and violent pretrial crime as outcomes, with the inclusion of

the controls and allow the bandwidth to vary from 20 to 660 days in 10-day increments.

Figure A1 shows the coefficients and standard errors from each model for non-violent and

violent pretrial crime in Panels (c) and (d). The dashed lines represent the optimal MSE

bandwidth. The estimated coefficients remain consistent across the different bandwidths

for violent pretrial crime. However, results are noisy at small bandwidths for non-violent

pretrial crime. Together these results indicate that risk assessment scores do not increase

violent pretrial crime. We also find some evidence, although not robust, of increases in

nonviolent pretrial crime.

Finally, we consider conviction. Given the existing literature on the effects of pretrial

detention on conviction, risk assessment scores could also alter conviction (Dobbie et al.,

2018; Stevenson, 2018a). Figure 7(c) shows our results for conviction. Here we show evidence

10 -.000353 is the top of the 95% confidence interval from this specification.
11Again, we correct for 5 categories.
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of a decrease in conviction after the adoption of a risk assessment score. Corresponding

estimates are found in Table 3. All six coefficients are negative and show that risk assessment

scores decreased the odds of conviction for defendants. The magnitude of the coefficient

remains similar across specifications, ranging from -0.032 to -0.016, translating to decreases

in conviction of 3-6.5 %. However, the estimate in the specification with the least observations

is not significant at conventional levels. All but one FDR q-value is significant at conventional

levels, suggesting our findings are not due to chance. The distribution of placebo estimates

for conviction is shown in Figure A2. In line with the p-value for our estimate in Table

3 column 5, our placebo estimate shows 11% percent of estimates are smaller than our

original. Figure A1(e) shows consistent results for different bandwidths. Together, these

results document decreases in conviction for defendants, which is consistent with findings

in Dobbie et al. (2018) and Stevenson (2018a) that pretrial detention increases conviction

rates.

5.4 Indigent Defendants

Since one stated aim of the risk assessment score policy was to improve outcomes for low-

income defendants, we also present results for indigent versus non-indigent defendants. As

indigent defendants were more likely to be unable to post their bond before the policy

change, we would expect effects for release on non-financial bond and pretrial detention to

be stronger for indigent defendants compared to non-indigent defendants. Our graphical

results are shown in Figure 8. Entire sample results are replicated in Panel (a) and (d)

for release on non-financial bond and pretrial detention. Panels (b) and (e) present results
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for indigent defendants, while Panels (c) and (f) show results for non-indigent defendants.

For both outcomes the discontinuity for indigent defendants is visibly larger than for non-

indigent defendants. There is also some evidence of an increase in release on non-financial

bond and a small decrease in pretrial detention for non-indigent defendants. Corresponding

estimates are shown in Table A3.

In Table A3, Panel A presents results for non-indigent defendants and Panel B shows

results for indigent defendants. Similar to earlier result tables, even columns include con-

trols. All columns are a linear specification. Across each specification the coefficient for

non-financial bond and pretrial detention for indigent defendants has a greater magnitude,

roughly two to three times larger, than for non-indigent defendants, although we cannot rule

out that the estimates are statistically equivalent. As we would expect given the aim of the

policy, these subgroup results suggest that our release on non-financial bond and pretrial

detention results are likely driven by low-income defendants.

We also explore results by indigent status for pretrial crime. As indigent defendants are

the most likely to be released pretrial, it is possible that changes in their pretrial crime

behavior are masked in the entire sample results. Results for non-violent and violent pretrial

crime are shown in Figure 9. Panels (a), (d) and (g) repeat the entire sample results for

comparison. Indigent results are shown in Panels (b), (e) and (h), while Panels (c), (f) and

(i) report results for non-indigent defendants. For non-violent pretrial crime, there is some

evidence of a larger increase in pretrial crime for indigent defendants and no increase for non-

indigent defendants. For violent pretrial crime, however, there appears to be no increase for

indigent or non-indigent defendants. Conviction results also appear similar for indigent and

22



non-indigent defendants.

Table A4 shows pretrial crime and conviction estimates. For non-violent pretrial crime,

the coefficients for indigent defendants are larger in magnitude than for non-indigent defen-

dants. For violent pretrial crime there are no meaningful differences in the coefficients for

indigent and non-indigent defendants. For each subgroup the coefficient for violent pretrial

crime is negative, again suggesting there are no increases in violent pretrial crime across

either group. Finally, for conviction the results for indigent and non-indigent defendants are

more similar.

In summary, our results for indigent versus non-indigent defendants show that lower

income defendants are the most likely to be awarded non-financial bond and released pretrial.

We also find some suggestive evidence that non-violent pretrial crime may increase for lower

income defendants, who are most likely to be released. Violent pretrial crime does not

increase for either group and decreases in conviction seem to be driven by both indigent and

non-indigent defendants.

5.5 Minority Defendants

There is growing concern that risk assessment scores may exacerbate existing racial dispar-

ities. For example, before the adoption of risk assessment scores, minority defendants were

10 percent less likely to be released on non-financial bond and 40 percent more likely to

be pretrial detained than non-minorities.12 Components of the ORAS-PAT such as employ-

ment, prior incarcerations and drug use may be correlated with race. This means that even

though the ORAS-PAT does not directly consider race, it could lead to different outcomes

12In this setting minority defendants are non-white and Hispanic. White defendants are only white.
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for minority versus white defendants. Graphical non-financial bond and pretrial detention

results for white and minority defendants are shown in Figure 10. Entire sample results

are replicated in Panel (a) and (d) for release on non-financial bond and pretrial detention.

Panels (b) and (e) present results for white defendants, while Panels (c) and (f) show results

for minority defendants. For both outcomes the discontinuity for minorities is potentially

larger than for white defendants. Corresponding estimates are shown in Table A5. For non-

financial bail and pretrial detention, in each specification, the magnitude of our estimate is

larger (nearly double in each specification for non-financial bond) for minority defendants

than white defendants.

We also consider pretrial crime for minority and white defendants in Figure 11. Results

for non-violent and violent pretrial crime and conviction are shown in Figure 11. Panels

(a), (d), and (g) repeat the entire sample results for comparison. White defendant results

are show in Panels (b), (e) and (h) while Panels (c) (f) and (i) report results for minority

defendants. For non-violent crime, there is some evidence of a larger increase in pretrial

crime for minority defendants and no increase for white defendants. For violent pretrial

crime and conviction, however, there appears to be similar changes for white and minority

defendants.

Table A6 shows pretrial crime and conviction estimates. For non-violent pretrial crime,

the coefficients for minority defendants are larger in magnitude than for white defendants.

For violent pretrial crime, however, there are no meaningful differences in the coefficients

for minority and white defendants. For each subgroup the coefficient for violent pretrial

crime is negative, again suggesting there are no increases in violent pretrial crime across
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either group. Finally, conviction results appear to be driven by white defendants at large

bandwidths, although results are not robust to different bandwidths.

Taken together these results show that our results for non-financial bail and pretrial

detention are in part driven by minority defendants. There is no evidence that the adoption of

risk assessment scores increased pre-existing racial disparities in non-financial bail or pretrial

detention. If anything, the magnitude of our coefficients suggests that risk assessment score

may have decreased racial disparities at least for non-financial bonds and pretrial detention.

5.6 Missing Values

One limitation of this study is that we are missing one outcome variable (non-financial

bond) for 10 percent of our defendants. Although our institutional details, namely that

Travis County Pretrial Services believes that some records are simply missing by chance,

indicate that missing outcomes is not correlated with treatment, we also provide empirical

evidence that the likelihood of missing the probability of release on non-financial bond is not

discontinuous through the threshold. Results of this test are shown in Figure A3. Here we

estimate equation (1) using the probability of missing data for release on non-financial bond

as the outcome variable. There is no striking visual evidence that the probability of missing

data changes through the policy change threshold.

We provide corresponding point estimates in Table A7. Even columns allow the running

variable to vary quadratically and odd columns are linear. Columns (1)-(6) use the optimal

bandwidth determined in Table 2 for release on non-financial bond. Columns (7)-(8) use

the optimal bandwidth for the probability of missing data. Across all eight columns, the
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coefficient remains close to zero. Only one estimate is marginally statistically significant.

Together these results indicate that the probability of missing data does not vary with

treatment.

One might remain concerned that there are changes in the composition of defendants’

missing data that coincide with treatment. For example, it could be the case that we are

missing data for defendants who are likely to be released on non-financial bond to the left

of the threshold and are missing data for defendants who are not likely to be released on

non-financial bond to the right of the threshold. Although we cannot assess this directly, we

can use the case and defendant information we do observe about all defendants to predict the

likelihood of release on non-financial bond for defendants who are missing this outcome. We

then estimate equation (1) using predicted probability of release on non-financial bond as

the outcome just for defendants who are missing data. Figure A4 shows these results. There

is no visual evidence of underlying differences in defendants who are missing data across the

threshold. Taken together, these results indicate that it is unlikely that the defendants with

outcomes missing from our dataset are sufficiently different to alter our results for release on

non-financial bond.

5.7 Long Term Effects

We now turn to the reasons why we only observe short-term effects that fade over time.

Because our regression discontinuity estimates only allow us to obtain local average treatment

effects—or, in other words, we can only establish the causal effects of the risk assessment

score policy just around the time of the policy change—we cannot credibly identify long-
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term effects of the policy change. However, we can provide suggestive evidence related to

the timing of when the effects of the policy begin to fade. To do so, we conduct event study

analysis with results presented in Figure A5.13 Visually, it is clear that the effect of risk

assessment scores lasts for only the first two months after the policy change and that the

rate of release on non-financial bonds, pretrial detention, and conviction returns to previous

levels afterwards. It is natural to wonder why we see such a short-lived effect from the risk

assessment scores.

First, we note that Stevenson (2018b) also provided some evidence that the effects of

risk assessment scores fade with time, so this is not an uncommon pattern. Travis County

Pretrial Services also noted that judges and pretrial service employees did receive training

on the ORAS-PAT near its implementation, and that potential enthusiasm surrounding

the policy could have led to short term effects. For example, judges could have paid closer

attention to the scores right after the training, but stopped as time passed. It is also possible

that judges began to disregard the scores after the novelty of the policy change wore off.

Regardless of why the results diminish with time, the short term-nature of effects high-

lights an important aspect of risk assessment scores. In practice most risk assessment scores

are implemented within a pre-existing pretrial system and judges are not required to ad-

here to their recommendation. Inherently, any effect risk assessment scores could have on

outcomes depends on how judges and pretrial services use them in their decision making

process. Policy-makers must be careful to consider not only if they want to implement risk

13Formally we regress probability of release on non-financial bond, pretrial detention and conviction on
indicators months before and after the policy change in two-month bins. Our regression also controls
for race, age, gender, citizenship, mental health status, and indigent status of the defendant, along with
controls for the severity of the crime (misdemeanor or not) and fixed effects for the assigned court and
booking day of the week. Finally, we add a court-specific time trend.
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assessment scores, but also how they will be used in practice.

6 Conclusion

This paper estimates the effects of a risk assessment score policy by using a regression

discontinuity design. We compare defendants booked barely before and after a policy change

in a large county in Texas. Our results indicate that implementing risk assessment scores

leads to an increased likelihood of release on non-financial bond and a decreased probability

of pretrial detention. Precisely, we estimate that the implementation of risk assessment

scores led to an 4.5-6.5% increase in non-financial bonds and a 8.5-10.5% decrease in pretrial

detention. We also find decreases in conviction and no increases in violent pretrial crime..

We recognize that our results are only for one county in Texas and that the extent to

which they apply to other contexts outside of Texas, where existing pretrial systems may be

different, is unknown. Further, it is possible that effects are only short-lived. Even with this

qualification, we believe that this study is an important contribution to nearly nonexistent

literature on risk assessment scores in practice. Our results indicate that risk assessment

scores have the potential to decrease costs to society and the disproportionate burden of

financial bail for low-income defendants, while not increasing violent pretrial crime or racial

disparities and lowering convictions. However, policy makers must be careful to weigh these

potential benefits against the chance of increases in non-violent pretrial crime.
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Figures and Tables

Figure 1: Ohio Risk Assessment Score in Travis County

Notes: This figure shows the risk assessment tool used in Travis County, Texas.
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Figure 2: Frequency of Running Variable

Notes: This figure shows the distribution of running variable observations near the adoption of risk
assessment scores. Each bin is 2 days. The dashed line marks the day of the policy change.
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Figure 3: Smoothness of Baseline Covariates

(a) White Defendant (b) Minority Defendant

(c) Defendant Age (d) Defendant Gender

(e) No Priors (f) Indigent Status

(g) Misdemeanor or Felony Case (h) United States Citizen

(i) Mental Health Flag

Notes: These figures plot tests of the regression discontinuity design. Each figure plots means of the outcome
variable in 45-day bins.
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Figure 4: Regression Discontinuity Results for Predicted Values

(a) Predicted Probability of Release on Non-financial Bond (b) Predicted Probability of Pretrial Detention

(c) Predicted Probability of Non-Violent Pretrial Crime (d) Predicted Probability of Violent Pretrial Crime

(e) Predicted Probability of Conviction

Notes: These figures plot tests of the regression discontinuity design. Each figure plots means of the outcome
variable in 45-day bins. Outcome variables are predicted using observable case and defendant characteristics.
Specifically, we use race, age, gender, criminal history, indigent status, severity of arrest, mental health status,
and US citizenship status, along with a court and day-of-week fixed effects. A bandwidth of 360 days is shown.
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Figure 5: Regression Discontinuity Results for the Probability of Receiving a Risk Assessment Score

Notes: This figure shows the regression discontinuity estimate of the effect of implementing a risk assessment score
policy on score usage by plotting the mean of risk assessment score take-up in 45-day bins. The outcome variable
takes on a value of one if a defendant has a risk assessment score and zero if she does not. A bandwidth of 360
days is shown. There was a small pilot study run about a year before the policy change.

38



Figure 6: Regression Discontinuity Results for Non-financial Bond and Pretrial Detention

(a) Non-financial Bond

(b) Pretrial Detention

Notes: This figure shows the regression discontinuity estimate of the effect of implementing a risk assessment score
policy on non-financial bond or pretrial detention by plotting the mean non-financial bond or pretrial detention
in 45-day bins. A bandwidth of 360 days is shown.
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Figure 7: Regression Discontinuity Results for Conviction and Pretrial Crime

(a) Probability of Non-Violent Pretrial Crime

(b) Probability of Violent Pretrial Crime

(c) Probability of Conviction

Notes: This figure shows the regression discontinuity estimate of the effect of implementing a risk assessment score
policy on conviction, non-violent and violent pretrial crime by plotting the mean of the outcome variable in 45-day
bins. A bandwidth of 360 days is shown.
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Table 1: Summary Statistics

Mean Standard Deviation Number of Observations

Case and Defendant Characteristics
White Defendant 0.42 0.49 143,077
Minority Defendant 0.5766 0.494 143,077
Misdemeanor 0.6772 0.468 143,077
Defendant Age 32.5307 11.220 143,077
US Citizen 0.8941 0.308 143,077
Male 0.7578 0.428 143,077
Indigent 0.5124 0.500 143,077
No Priors 0.7638 0.425 143,077
Mental Health Flag 0.1238 0.329 143,077

Outcomes
Non-financial Release 0.63 0.48 127,894
Pretrial Detention 0.3532 0.478 143,077
Violent Pretrial Crime 0.0154 0.123 143,077
Non-violent Pretrial Crime 0.1056 0.307 143,077
Conviction 0.4904 0.500 143,077

Notes: Each observation is a separate case. Data are from Travis County Courts and
Travis County Pretrial Services for the years 2011-2014. Travis County records the race
and ethnicity of each defendant. Minority defendants are either non-white or Hispanic
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Table 2: Release Regression Discontinuity Results

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Outcome: Non-financial Bail
RD Estimate 0.0271∗∗ 0.0285∗∗∗ 0.0396∗∗∗ 0.0406∗∗∗ 0.0419∗∗ 0.0430∗∗∗

(0.0116) (0.0101) (0.0133) (0.0117) (0.0163) (0.0143)
Observations 25742 25742 19244 19136 12572 12572
Outcome Mean 0.645 0.645 0.651 0.652 0.663 0.663
FDR q-value 0.033 0.009 0.008 0.002 0.052 0.014
Bandwidth 185.6 185.0 139.2 138.8 92.78 92.51

Outcome: Pretrial Detention
RD Estimate -0.0295∗∗∗ -0.0292∗∗∗ -0.0348∗∗∗ -0.0307∗∗∗ -0.0303∗∗ -0.0273∗∗∗

(0.00961) (0.00731) (0.0111) (0.00844) (0.0135) (0.0103)
Observations 37202 39354 27320 28734 17992 18862
Outcome Mean 0.336 0.338 0.328 0.329 0.320 0.321
FDR q-value 0.011 0.001 0.008 0.002 0.064 0.021
Bandwidth 235.0 247.5 176.2 185.6 117.5 123.7

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell shows results for a separate regression. Each panel shows results for a different dependent
variable and the key independent variable is an indicator for policy enactment. Robust standard errors are in
parentheses. All specifications control for the distance from policy enactment. The optimal (MSE) bandwidth
is used to determine the sample for each separate regression. We compute the FDR-adjusted q-values using the
method proposed by Anderson (2008), adjusting for our five different outcomes.
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Table 3: Pretrial Crime and Conviction Regression Discontinuity Results

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Outcome: Non-Violent Pretrial Crime
RD Estimate 0.00942∗ 0.00957∗ 0.0103∗ 0.00979∗ 0.0117 0.0101

(0.00539) (0.00507) (0.00620) (0.00586) (0.00762) (0.00720)
Observations 53606 58646 40600 44142 26456 28924
Outcome Mean 0.106 0.106 0.106 0.105 0.109 0.109
FDR q-value 0.081 0.043 0.051 0.356 0.432 0.342
Bandwidth 340.5 372.1 255.4 279.1 170.3 186.0

Outcome: Violent Pretrial Crime
RD Estimate -0.00374∗ -0.00474∗∗ -0.00511∗∗ -0.00239 -0.00229 -0.00305

(0.00202) (0.00224) (0.00236) (0.00259) (0.00291) (0.00321)
Observations 59604 47280 44828 35572 29454 23258
Outcome Mean 0.0153 0.0153 0.0153 0.0153 0.0154 0.0153
FDR q-value 0.081 0.06 0.096 0.119 0.207 0.203
Bandwidth 379.1 300.6 284.3 225.4 189.5 150.3

Outcome: Conviction
RD Estimate -0.0246∗∗∗ -0.0322∗∗∗ -0.0183∗ -0.0289∗∗∗ -0.0161 -0.0203∗

(0.00930) (0.00761) (0.0107) (0.00879) (0.0131) (0.0107)
Observations 45894 59880 34362 44996 22494 29616
Outcome Mean 0.487 0.485 0.482 0.487 0.480 0.480
FDR q-value 0.021 0.001 0.096 0.002 0.275 0.099
Bandwidth 291.5 381.0 218.7 285.8 145.8 190.5

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell shows results for a separate regression. Each Panel shows results for a different dependent
variable and the key independent variable is an indicator for policy enactment. Robust standard errors are in
parentheses. All specifications control for the distance from policy enactment. The optimal (MSE) bandwidth
is used to determine the sample for each separate regression. We compute the FDR-adjusted q-values using the
method proposed by Anderson (2008), adjusting for our five different outcomes.
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Figure A3: Regression Discontinuity Results for the Probability of Missing Outcome Data

Notes: This figure shows the regression discontinuity estimate of the effect of implementing a risk assessment score
policy on the likelihood of missing data by plotting the mean of the probability of missing in 45-day bins with
linear fits. A bandwidth of 360 days is shown.
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Figure A4: Regression Discontinuity Results for Predicted Probability of Release on Non-financial Bond for
Defendants with Missing Outcome Data

Notes: This figure plots an additional test of the regression discontinuity design. This graph includes means of
the predicted probability of release on non-financial bond in 45-day bins. Outcome variables are predicted using
observable case and defendant characteristics. A bandwidth of 360 days is shown. The RD is calculated only using
observations from defendants who are missing data on non-financial bond.
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Figure A5: Dynamic Effects of Risk Assessment Scores

(a) Non-financial Release

(b) Pretrial Detention

(c) Conviction

Notes: This figure plots the coefficients from the regression of non-financial bond, pretrial detention, and conviction
on indicators for months before or after risk assessment adoption. Individual level controls for race, age, gender,
citizenship and indigent status of the defendant along with controls for the severity of the crime (misdemeanor
or not) as well as fixed effects for the court assigned and day-of-week of booking are used. A court-specific time
trend is also included.
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Table A2: Regression Discontinuity Results for Predicted Outcomes

Optimal Bandwidth

(1)

Outcome: Predicted Non-financial Bail
RD Estimate -0.00153

(0.00673)
Observations 19604
Outcome Mean 0.607
Bandwidth 128.3

Outcome: Predicted Pretrial Detention
RD Estimate -0.000287

(0.00839)
Observations 19604
Outcome Mean 0.350
Bandwidth 128.2

Outcome: Predicted Non-Violent Pretrial Crime
RD Estimate 0.00113

(0.00152)
Observations 20440
Outcome Mean 0.106
Bandwidth 133.7

Outcome: Predicted Violent Pretrial Crime
RD Estimate -0.00101

(0.000630)
Observations 23070
Outcome Mean 0.0155
Bandwidth 149.7

Outcome: Predicted
RD Estimate 0.00376

(0.00487)
Observations 20266
Outcome Mean 0.490
Bandwidth 132.9

Running Variable Control Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell represents results for a separate regression where the key independent variable is an indicator
for policy enactment. Robust standard errors are in parentheses. All specifications control for the distance from
policy enactment. The optimal (MSE) bandwidth is used to determine the sample for each separate regression.
Outcome variables are predicted using observable case and defendant characteristics. Specifically, we use race,
age, gender, criminal history, indigent status, severity of arrest, mental health status, and US citizenship status,
along with a court and day-of-week fixed effect. A linear functional form is used.
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Table A3: Release Regression Discontinuity Results for Indigent and Non-Indigent Defendants

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Panel A: Non-indigent Defendants
Outcome: Non-financial Bail
RD Estimate 0.0134 0.0137 0.0275∗ 0.0188 0.0237∗ 0.0220

(0.0103) (0.0103) (0.0145) (0.0117) (0.0143) (0.0143)
Observations 21200 20254 10274 15112 10474 9940
Outcome Mean 0.815 0.816 0.823 0.820 0.823 0.823
Bandwidth 285.1 270.4 139.2 202.8 142.6 135.2

Outcome: Pretrial Crime
RD Estimate -0.0149∗ -0.0154∗∗ -0.0222∗∗ -0.0268∗∗∗ -0.0140 -0.0149

(0.00762) (0.00725) (0.00929) (0.00831) (0.0105) (0.0102)
Observations 21208 20392 13634 15118 10338 9896
Outcome Mean 0.0941 0.0930 0.0890 0.0903 0.0856 0.0863
Bandwidth 271.5 261.2 176.2 195.9 135.7 130.6

Panel B: Indigent Defendants
Outcome: Non-financial Bail
RD Estimate 0.0351∗∗ 0.0326∗∗ 0.0601∗∗∗ 0.0599∗∗∗ 0.0603∗∗∗ 0.0695∗∗∗

(0.0160) (0.0159) (0.0207) (0.0184) (0.0228) (0.0226)
Observations 15608 12870 8970 9494 7366 6168
Outcome Mean 0.438 0.443 0.455 0.454 0.460 0.465
Bandwidth 233.1 196.1 139.2 147.1 116.5 98.04

Outcome: Pretrial Detention
RD Estimate -0.0530∗∗∗ -0.0335∗∗∗ -0.0444∗∗∗ -0.0297∗∗ -0.0505∗∗ -0.0426∗∗

(0.0140) (0.0121) (0.0169) (0.0141) (0.0199) (0.0173)
Observations 20378 20630 13686 14994 9708 9784
Outcome Mean 0.578 0.578 0.564 0.568 0.557 0.558
Bandwidth 252.1 255.2 176.2 191.4 126.0 127.6

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell represents results for a separate regression where the key independent variable is an indicator
of policy enactment. Robust standard errors are in parentheses. All specifications control for the distance from
policy enactment. The optimal (MSE) bandwidth is used to determine the sample for each separate regression.
Panel A and B present results for non-indigent and indigent subgroups respectively.
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Table A4: Pretrial Crime Regression Discontinuity Results for Indigent and Non-Indigent Defendants

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Panel A: Non-indigent Defendants
Outcome: Non-violent Pretrial Crime
RD Estimate -0.00144 -0.00143 -0.000499 0.000564 0.00663 0.00342

(0.00752) (0.00756) (0.00894) (0.00870) (0.0106) (0.0106)
Observations 28500 27180 19970 20392 14106 13534
Outcome Mean 0.117 0.117 0.118 0.118 0.120 0.119
Bandwidth 365.1 348.3 255.4 261.2 182.6 174.1

Outcome: Violent Pretrial Crime
RD Estimate -0.00375 -0.00601∗ -0.00653∗ -0.00400 -0.00407 -0.00428

(0.00297) (0.00325) (0.00358) (0.00375) (0.00425) (0.00465)
Observations 31444 24540 22032 18580 15716 12300
Outcome Mean 0.0179 0.0182 0.0184 0.0182 0.0184 0.0181
Bandwidth 405.3 316.1 284.3 237.1 202.7 158.0

Outcome: Convicted
RD Estimate -0.0293∗∗∗ -0.0382∗∗∗ -0.0236 -0.0356∗∗∗ -0.0252∗ -0.0263∗

(0.00985) (0.0102) (0.0144) (0.0118) (0.0139) (0.0143)
Observations 36108 32472 17014 24490 18452 16394
Outcome Mean 0.357 0.358 0.356 0.359 0.360 0.356
Bandwidth 472.0 421.3 218.7 316.0 236.0 210.7

Panel B: Indigent Defendants
Outcome: Non-violent Pretrial Crime
RD Estimate 0.0218∗∗∗ 0.0198∗∗ 0.0220∗∗ 0.0134 0.0174 0.0146

(0.00808) (0.00794) (0.00858) (0.00923) (0.0116) (0.0114)
Observations 23178 23178 20630 17184 11170 11170
Outcome Mean 0.0932 0.0932 0.0938 0.0963 0.102 0.102
Bandwidth 289.6 289.3 255.4 217.0 144.8 144.7

Outcome: Violent Pretrial Crime
RD Estimate -0.00208 -0.00193 -0.00356 -0.00309 -0.000659 -0.000204

(0.00249) (0.00260) (0.00306) (0.00304) (0.00362) (0.00371)
Observations 32120 29722 22796 22508 16118 14632
Outcome Mean 0.0124 0.0127 0.0123 0.0123 0.0123 0.0122
Bandwidth 409.0 374.5 284.3 280.9 204.5 187.3

Outcome: Conviction
RD Estimate -0.0264∗∗ -0.0230∗ -0.0134 -0.0107 -0.0129 -0.00834

(0.0120) (0.0118) (0.0149) (0.0135) (0.0171) (0.0167)
Observations 26898 25096 17348 19042 13072 12172
Outcome Mean 0.611 0.610 0.606 0.609 0.603 0.603
Bandwidth 337.5 314.8 218.7 236.1 168.7 157.4

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell shows results for a separate regression. Each Panel shows results for a different dependent
variable and the key independent variable is an indicator for policy enactment. Robust standard errors are in
parentheses. All specifications control for the distance from policy enactment. The optimal (MSE) bandwidth is
used to determine the sample for each separate regression. Panel A and B present results for non-indigent and
indigent subgroups respectively.

57



Table A5: Release Regression Discontinuity Results for White and Minority Defendants

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Panel A: White Defendants
Outcome: Non-financial Bail
RD Estimate 0.0155 0.0181 0.0258 0.0145 0.0351∗ 0.0286

(0.0149) (0.0126) (0.0195) (0.0146) (0.0210) (0.0178)
Observations 15534 15946 8778 11694 7514 7818
Outcome Mean 0.657 0.658 0.669 0.664 0.673 0.673
Bandwidth 243.5 250.5 139.2 187.8 121.8 125.2

Outcome: Pretrial Detention
RD Estimate -0.0180 -0.0202∗∗ -0.0191 -0.0234∗∗ -0.0206 -0.0259∗

(0.0134) (0.00981) (0.0159) (0.0112) (0.0188) (0.0138)
Observations 17166 18118 11788 13384 8364 8878
Outcome Mean 0.282 0.283 0.275 0.277 0.269 0.271
Bandwidth 251.3 266.5 176.2 199.8 125.6 133.2

Panel B: Minority Defendants
Outcome: Non-financial Bail
RD Estimate 0.0329∗∗ 0.0316∗∗ 0.0515∗∗∗ 0.0540∗∗∗ 0.0541∗∗∗ 0.0526∗∗∗

(0.0146) (0.0128) (0.0181) (0.0147) (0.0206) (0.0181)
Observations 16776 17240 10466 12610 7980 8240
Outcome Mean 0.625 0.624 0.636 0.634 0.641 0.641
Bandwidth 215.3 221.3 139.2 165.9 107.7 110.6

Outcome: Pretrial Detention
RD Estimate -0.0414∗∗∗ -0.0336∗∗∗ -0.0493∗∗∗ -0.0354∗∗∗ -0.0392∗∗ -0.0306∗∗

(0.0126) (0.0102) (0.0151) (0.0118) (0.0179) (0.0144)
Observations 23036 22662 15532 16476 10924 10746
Outcome Mean 0.381 0.380 0.367 0.370 0.360 0.360
Bandwidth 253.4 249.2 176.2 186.9 126.7 124.6

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell represents results for a separate regression where the key independent variable is an indicator
of policy enactment. Robust standard errors are in parentheses. All specifications control for the distance from
policy enactment. The optimal (MSE) bandwidth is used to determine the sample for each separate regression.
Panel A and B present results for white and minority defendants respectively.
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Table A6: Pretrial Crime Regression Discontinuity Results for White and Minority Defendants

2x Optimal Bandwidth 1.5x Optimal Bandwidth Optimal Bandwidth

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

Panel A: White Defendants
Outcome: Non-violent Pretrial Crime
RD Estimate 0.00420 0.00315 -0.000217 0.000673 0.00114 0.00195

(0.00611) (0.00597) (0.00878) (0.00694) (0.00875) (0.00856)
Observations 34128 35164 17388 26790 17538 18052
Outcome Mean 0.0843 0.0844 0.0865 0.0852 0.0866 0.0868
Bandwidth 514.6 530.6 255.4 398.0 257.3 265.3

Outcome: Violent Pretrial Crime
RD Estimate -0.00357 -0.00362 -0.00395 0.000665 -0.00613 -0.00556

(0.00329) (0.00307) (0.00328) (0.00354) (0.00473) (0.00466)
Observations 19018 20734 19198 15640 12756 12526
Outcome Mean 0.0131 0.0130 0.0131 0.0133 0.0168 0.0168
Bandwidth 281.4 306.7 284.3 230.0 146.8 144.3

Outcome: Convicted
RD Estimate -0.0456∗∗∗ -0.0432∗∗∗ -0.0396∗∗ -0.00775 -0.00609 -0.00937

(0.0132) (0.00996) (0.0163) (0.0119) (0.0165) (0.0145)
Observations 22640 34264 14796 24606 14146 16042
Outcome Mean 0.474 0.471 0.469 0.496 0.485 0.487
Bandwidth 334.3 516.7 218.7 271.9 161.9 181.3

Panel B: Minority Defendants
Outcome: Non-violent Pretrial Crime
RD Estimate 0.0142∗ 0.0135∗ 0.0177∗∗ 0.0134 0.0197∗ 0.0160

(0.00758) (0.00737) (0.00861) (0.00845) (0.0106) (0.0103)
Observations 30040 30596 23212 23212 14750 15026
Outcome Mean 0.120 0.120 0.120 0.120 0.122 0.122
Bandwidth 334.0 340.2 255.4 255.1 167.0 170.1

Outcome: Violent Pretrial Crime
RD Estimate -0.00610∗ -0.00527 -0.00603∗ -0.00441 -0.00613 -0.00556

(0.00327) (0.00323) (0.00332) (0.00372) (0.00473) (0.00466)
Observations 26378 25950 25630 19398 12756 12526
Outcome Mean 0.0170 0.0170 0.0170 0.0168 0.0168 0.0168
Bandwidth 293.6 288.5 284.3 216.4 146.8 144.3

Outcome: Conviction
RD Estimate -0.0148 -0.0212∗∗ -0.00258 -0.00775 -0.00609 -0.00937

(0.0117) (0.0103) (0.0142) (0.0119) (0.0165) (0.0145)
Observations 29026 32494 19566 24606 14146 16042
Outcome Mean 0.496 0.495 0.492 0.496 0.485 0.487
Bandwidth 323.8 362.6 218.7 271.9 161.9 181.3

Controls - Y - Y - Y
Running Variable Control Y Y Y Y Y Y

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Notes: Each cell shows results for a separate regression. Each Panel shows results for a different dependent
variable and the key independent variable is an indicator for policy enactment. Robust standard errors are in
parentheses. All specifications control for the distance from policy enactment. The optimal (MSE) bandwidth is
used to determine the sample for each separate regression. Panel A and B present results for white and minority
defendants respectively.
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