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IN THE UNITED STATES DISTRICT COURT
FOR THE EASTERN DISTRICT OF VIRGINIA
Richmond Division

UNITED STATES OF AMERICA

)
)
V. ) Case No. 3:21cr42
)
KEITH RODNEY MOORE, )
Defendant )
SECOND SUPPLEMENT TO MR. MOORE’S
MOTION TO SUPPRESS EVIDENCE AND STATEMENTS

Keith Moore, through counsel, moved the Court to suppress evidence of a handgun that
police found after initiating an unconstitutional traffic stop of Mr. Moore in this case and to
suppress statements after interrogating Mr. Moore in violation of his Fifth Amendment right to
remain silent. See ECF Nos. 17, 28, and 32. After an evidentiary hearing on that motion on July
26,2021, Mr. Moore supplemented his Fourth and Fifth Amendment challenges with a Fourteenth
Amendment challenge because of the Richmond Police Department’s selective enforcement of
Virginia’s traffic laws. See ECF No. 32.

Statistical, historical, and contemporary evidence demonstrates that if you are driving while
black in the city of Richmond—Iike Mr. Moore, you are far more likely to pulled over, searched,
and arrested. White drivers on the other hand not only are essentially given a pass on traffic stops,
but when they get pulled over, they are far more likely than black drivers to receive a summons or
citation to come to court. Such discriminatory enforcement of facially neutral laws violates our
Constitution’s guarantee of equal protection of the laws regardless of the color of one’s skin and
cannot be tolerated. This Court must suppress all evidence stemming from the traffic stop in this

case and dismiss the case against Mr. Moore.
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L The Fourteenth Amendment guarantees to all those in the United States the
right to equal protection of the laws regardless of the color of their skin.

The Equal Protection Clause of the “Constitution prohibits selective enforcement of the
law based on considerations such as race.” Whren v. United States, 517 U.S. 806, 813 (1996); see
also Yick Wo v. Hopkins, 118 U.S. 356, 373-74 (1886) (“Though the law itself be fair on its face,
and impartial in appearance, yet, if it is applied and administered by public authority with an evil
eye and an unequal hand, so as practically to make unjust and illegal discriminations between
persons in similar circumstances, material to their rights, the denial of equal justice is still within
the prohibition of the constitution.”); Marshall v. Columbia Lea Reg’l Hosp., 345 F.3d 1157, 1167
(10th Cir. 2003) (“Racially selective law enforcement violates this nation’s constitutional values
the most fundamental level; indeed, unequal application of criminal law to white and black persons
was one of the central evils addressed by the framers of the Fourteenth Amendment.”).

The “Equal Protection Clause of the Fourteenth Amendment provides citizens a degree of
protection independent of the Fourth Amendment protection against unreasonable searches and
seizures.” United States v. Avery, 137 F.3d 343,352 (6th Cir. 1997). An equal protection challenge
to police action “does not fit neatly into the various stages of Fourth Amendment search and seizure
analysis” because “the central intention behind the Equal Protection Clause is the prevention of
official conduct discriminating on the basis of race.” Id. at 353 (6th Cir. 1997) (“A citizen’s right
to equal protection of the laws, however, does not magically materialize when he is approached
by the police. Citizens are cloaked at all times with the right to have the laws applied to them in
an equal fashion—undeniably, the right not to be exposed to the unfair application of the laws

based on their race.”).
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To prove that police officers were selectively enforcing! a facially neutral law against a
particular race, the defendant must show by a preponderance of the evidence that the challenged
police action: 1) was motivated by a discriminatory purpose; and 2) had a discriminatory effect on
a racial group to which the defendant belongs. See Personnel Administrator of Mass. v. Feeney,
442 U.S. 256, 272-74 (1979); Arlington Heights v. Metro. Housing Dev. Corp., 429 U.S. 252,
264—66 (1977); Washington v. Davis, 426 U.S. 229, 239-42 (1976); see also Conley v. United
States, 5 F.4th 781, 789-96 (7th Cir. 2021) (observing after thorough analysis that defendant must
prove a selective enforcement claim by preponderance of the evidence)?.

As to the first prong of the selective enforcement test—discriminatory purpose, a defendant
must prove that there was a discriminatory purpose behind the course of action. The defendant

need not, however, prove that the “challenged action rested solely on racially discriminatory

It is critical to recognize that Mr. Moore’s claim is one of selective enforcement, not one of selective
prosecution. “Selective prosecution occurs when, from among the pool of people referred by police, a
prosecutor pursues similar cases differently based on race. Selective enforcement occurs when police
investigate people of one race but not similarly-situated people of a different race.” Conley v. United States,
5 F.4th 781, 789 (7th Cir. 2021).

2 As the Conley court noted, the Fourth Circuit has relied on United States v. Armstrong, 517 U.S. 456
(1996)—which is a selective prosecution case, to posit that a defendant must “demonstrate ‘clear evidence’
of racially animated selective law enforcement.” United States v. Mason, 774 F.3d 824 (7th Cir. 2014)
(quoting United States v. Olvis, 97 F.3d 739, 743 (4th Cir. 1996) (observing in a selective prosecution case
that the Supreme Court required a defendant to “support a selective-prosecution claim with ‘clear
evidence,”” quoting Armstrong). In Mason, the Fourth Circuit evaluated a habeas petition based in part on
the defendant alleging that his attorney was ineffective because he failed to raise a racially selective law
enforcement argument. 774 F.3d at 826. In rejecting that argument, the Mason court simply observed that
proving equal protection challenges are difficult and then simply cited—without analyzing—selective
prosecution claims without discussing the difference between that type of claim and a selective enforcement
claim. Id. at 829-30.

As the Conley court recognized, prosecutors enjoy “a powerful privilege” and are “covered by a
presumption of constitutional behavior.” 5 F.4th at 791. Police officers, on the other hand, “are regularly
called before courts to justify their tactics” and thus, selective enforcement claims do not warrant the
heightened evidentiary standard applicable to selective prosecution claims. Id. Mason’s passing reference
then to the applicable standard of proof is not a binding holding on this Court. See R.A.V. v. City of St.
Paul, 505 U.S. 377,386 n.5 (1992) (“It is of course contrary to all traditions of our jurisprudence to consider
the law on this point conclusively resolved by broad language in cases where the issue was not presented
or even envisioned.”).
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purposes.” Village of Arlington Heights v. Metropolitan Housing Dev. Corp., 429 U.S. 252, 265
(1977); see also Hunter v. Underwood, 471 U.S. 222, 232 (1985) (stating that “an additional
purpose . . . would not render nugatory the purpose to discriminate against all Blacks”); Feeney,
442 U.S. at 277 (“Discriminatory intent is simply not amenable to calibration. It either is a factor
that has influenced the legislative choice or it is not.””). A showing of discriminatory intent need
not be made with direct evidence, but can be shown through circumstantial evidence. See Avery,
137 F.3d at 355 (“[o]ften it is difficult to prove directly the invidious use of race,” so “‘an invidious

29

discriminatory purpose may often be inferred from the totality of the relevant facts’ (quoting
Washington v. Davis, 426 U.S. 229, 242 (1976)). In some cases, blunt statistical evidence of a
racially disparate impact may be sufficient to prove the discriminatory intent element of an equal
protection claim. See, e.g., Arlington Heights, 429 U.S. at 266 (“Sometimes a clear pattern,
unexplainable on grounds other than race, emerges from the effect of the state action even when
the governing legislation appears neutral on its face.”); see also Int’l Bhd. of Teamsters v. United
States, 431 U.S. 324, 339 n.20 (1977) (“Statistics showing racial or ethnic imbalance are probative
.. . because such imbalance is often a telltale sign of purposeful discrimination.”).

As to the second prong of the selective enforcement test—discriminatory effect, police
action has a racially discriminatory effect when members of a protected racial group—here, black
citizens in Richmond—receive less favorable treatment than nonmembers. The Supreme Court
has long relied on statistical analysis to show a discriminatory effect. See, e.g., Yick Wo v. Hopkins,
118 U.S. 356, 374 (1886) (finding that a San Francisco ordinance banning the operation of
laundries in wooden buildings was discriminatorily applied to Chinese launderers where the city

denied the petitions of some two hundred Chinese applicants who applied for exemption from the

ordinance, but granted all but one of the eighty petitions of the non-Chinese launderers who
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applied); see also Hunter, 471 U.S. at 227 (finding that the fact that a section of the Alabama
Constitution made disenfranchisement of blacks at least 1.7 times more likely than
disenfranchisement of whites was “indisputable evidence that the state law had a discriminatory
effect on blacks as compared to similarly situated whites”). In selective enforcement claims,
statistical evidence of racial disparity can be sufficient® to show a discriminatory effect. See, e.g.,
Floyd v. City of New York, 959 F. Supp. 2d 540, 661 (S.D.N.Y. 2013) (finding that evidence
showed that the New York Police Department stopped more black and Hispanic residents, were
more likely to stop blacks and Hispanics than whites within defined geographical areas, were more
likely to use force against blacks and Hispanics than whites, and stopped blacks and Hispanics

with less justification than whites).

3 In an unpublished, per curiam opinion that is not binding on this Court, the Fourth Circuit reviewed a
Fourth Amendment challenge to a traffic stop. See United States v. Suarez, 321 F. App’x 302 (4th Cir. Jan.
30, 2009). The defendants argued that the traffic stop was pretextual and therefore violated the Fourth
Amendment. Id. at 304. In dicta, the Suarez court observed that “[a]llegations of racially motivated law
enforcement implicate the Equal Protection Clause rather than the Fourth Amendment.” /d. at 305. And
again, like the Mason court, the Suarez court simply observed that proving equal protection challenges are
difficult and then cited—without analyzing—Armstrong (a selective prosecution case) for the proposition
that a “defendant must show that the law enforcement practice was not enforced against “similarly situated
individuals of a different race.” 321 F. App’x at 305 (internal quotation marks omitted). Again, Suarez’s
passing reference then to the applicable standard of proof is not a binding holding on this Court. See R.A.V.
v. City of St. Paul, 505 U.S. 377, 386 n.5 (1992) (“It is of course contrary to all traditions of our
jurisprudence to consider the law on this point conclusively resolved by broad language in cases where the
issue was not presented or even envisioned.”).

As the Second Circuit observed in Pyke v. Cuomo, 258 F.3d 107, 108-09 (2d Cir. 2001), “[a] plaintiff
alleging an equal protection claim under a theory of discriminatory application of the law, or under a theory
of discriminatory motivation underlying a facially neutral policy or statute, generally need not plead or
show the disparate treatment of other similarly situated individuals.” It is in the special case of selective
prosecution rather than selective enforcement, where the “exercise of one of the core powers of the
Executive Branch of the Federal Government, the power to prosecute” is at issue, Armstrong, 517 U.S. at
457, that a challenger must point to a similarly situated individual who could have been prosecuted but was
not. “[T]hat is because courts grant special deference to the executive branch in the performance of the
‘core’ executive function of deciding whether to prosecute.” Pyke, 258 F.3d at 109. With a claim that a
facially neutral law or policy has been applied in a discriminatory manner, there is no justification for
requiring proof of a specific similarly situated individual who was not stopped for a traffic offense. Id. at
110 (“a plaintiff who . . . alleges that a facially neutral law or policy has been applied in an intentionally
discriminatory race-based manner . . . is not obligated to show a better treated, similarly situated group of
individuals of a different race in order to establish a claim of denial of equal protection”).

5
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Once the challenger shows that discriminatory purpose was a “motivating factor,” the
burden shifts to the law’s defender to show that “the same decision would have resulted even had
the impermissible purpose not been considered.” Arlington Heights, 429 U.S. at 270 n.21; see also
Hunter, 471 U.S. at 228 (1985). “If the [government] comes forward with no such proof or if the
trier of fact is unpersuaded that race did not contribute to the outcome of the decision, the equal
protection claim is established.” Floyd, 959 F. Supp. 2d at 572 (internal quotation marks omitted).

I1. The data on the Richmond Police Department’s traffic stops paints a bleak

picture: black drivers are far more likely to be stopped, searched, and arrested
than white drivers no matter where they are driving in Richmond.

In this case, the evidence is stark. If you are a black driver in Richmond, you are far more
likely to be stopped, searched, and arrested than if you are a white driver. The Richmond Police
Department has divided its patrol functions into four distinct police precincts. See Def. Ex. X (1-
4). According to the police department itself, the department “decentralized all of its patrol

functions and instituted a Neighborhood Precinct Plan” in 1977. See City of Richmond, History

of the Richmond Police Department: 1900-1999, https://www.rva.gov/police/department-history

(last visited Mar. 8, 2022). Three of those precincts correspond to the nearly entirely black
neighborhoods in Richmond. Compare Def. Ex. X (1-4) with Def. Ex. R (1-2). The third
precinct—the west end of Richmond—is the only precinct made up of primarily white
neighborhoods. 7d.

The ratio of traffic stops that the Richmond Police Department conducts of black drivers
to white drivers is appalling. Black people make up just less than half of the population of
Richmond. See 7/26/21 Tr. at 169-70 (reporting that black population of Richmond as of 2019
was about 47-48% of the city’s entire population). White people also make up less than half of

the population of Richmond. /Id. (reporting that white population of Richmond as of 2019 was
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about 42-46% of the city’s entire population). Yet, seventy-six percent of the Richmond Police
Department’s traffic stops are of black persons. See Def. Ex. Y-1. White people make up only
fifteen percent of the Richmond Police Department’s traffic stops. Id. The Richmond Police
Department has not reported the race of another eight percent of people stopped, id., in violation
of the Virginia Community Policing Act, see Va. Code § 52-30.2. At least in this case, none of
the officers on the Fourth Precinct Focus Mission Team complied formally with the Virginia
Community Policing Act. See 7/26/21 Tr. at 118-19. Yet, because Officer Mills kept at least some
of the required data in his body camera video titles, see id. at 66-68, we know that every individual
that the Fourth Precinct Focus Mission Team stopped the night of Mr. Moore’s arrest was black,
see Def. Exs. J, K, L, N, O, P, Q, U-3, U4, V-3, W; Gov’t Ex. 4. We also know that the Fourth
Precinct Focus Mission Team searched every car that they stopped that night. Id.

Eli Coston, an expert statistician who teaches at Virginia Commonwealth University and
has studied the discriminatory effect of the Richmond Police Department’s traffic enforcement
over time, has found this data to represent a statistically significant effect on black drivers. See
Ex. A 3/8/22. In comparison with white drivers, black drivers in the city of Richmond were 5.15
times more likely to be stopped by the Richmond Police Department. Id. at 5. In comparison with
white drivers, black drivers in the city of Richmond were 12.67 times more likely to be arrested as
a result of the stop. /d. at 6. In comparison with white drivers, black drivers were more likely to
be searched during the stop. Id. at 7. In comparison with white drivers, black drivers were far
more likely to have their cars searched during the stop. Id. White drivers were also far more likely
to receive a summons or citation than black drivers. Id. Black drivers were also far more likely

to be arrested than white drivers when the basis for the stop was an equipment violation. /d. at 8.



Case 3:21-cr-00042-JAG Document 66 Filed 03/09/22 Page 8 of 13 PagelD# 393

These findings are particularly important when we consider that black drivers do not
commit traffic offenses more often than white drivers. See Ex. A 3/8/22 at 1-2; see Ex. B 3/8/22
at 2-3. Yet, in Richmond, local police officers are stopping black drivers for alleged traffic
offenses at a rate that is five times higher than they are stopping white drivers. This evidence—
this stark evidence of discriminatory effect—paints a powerful picture of racial discrimination in
traffic enforcement in Richmond. See, e.g., United States v. Ironworkers Local 86, 443 F.2d 544,
551 (9th Cir. 1977) (“Since the passage of the Civil Rights Act of 1964, the courts have frequently
relied upon statistical evidence to prove a violation. . .. In many cases the only available avenue
of proof is the use of racial statistics to uncover clandestine and covert discrimination by the
employer or union involved.” (internal citations omitted); see also Int’l Bhd. of Teamsters, 431
U.S. at 339 n.20 (“absent explanation, it is ordinarily to be expected that nondiscriminatory hiring
practices will in time result in a work force more or less representative of the racial and ethnic
composition of the population in the community from which employees are hired. Evidence of
longlasting and gross disparity between the composition of a work force and that of the general
population thus may be significant . . ..”).

The racially discriminatory impact of the Richmond Police Department’s selective
enforcement of the traffic laws is even more blunt when we consider the location of the traffic
stops. Setting aside for the time being that the lines of the police precincts in Richmond line up
perfectly with the lines of racial segregation in the city, if police officers were not selectively
enforcing the laws based on race, we could perhaps expect to see more white people than black
people stopped for traffic and equipment offenses in the white part of town—the third precinct.
That is not at all, however, what the data shows. Rather, the data reveals that even in the third

police precinct, the Richmond Police Department stops far more black people than white people.
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See Ex. A 3/8/2022 at 9-11. We also see a significant number of black drivers that are stopped in
or near the third precinct are stopped near the boundaries of the third precinct. Id. at 9, Fig. 2.
Such a pattern is indicative of the Richmond Police Department effectively patrolling the
boundaries of the white neighborhoods in the third precinct.

Lastly, the mission of the Fourth Precinct Focus Mission Team is not traffic enforcement.
Rather, it is to get guns and drugs off the street. See 7/26/21 Tr. at 23-24. The Fourth Precinct
Focus Mission Team simply uses minor traffic infractions to pull black people over to search for
evidence of more serious criminal activity. /d. at 24. That evidence is consistent with the overall
picture of what the Community Policing Act data shows: if you are driving while black in the city
of Richmond, you should expect to have less than equal protection of the laws because of the color
of your skin. The evidence demonstrates that the Fourth Precinct Focus Mission Team’s racial
profiling was actively having a discriminatory effect on black drivers in Richmond. See, e.g.,
Maryland State Conference of NAACP Branches v. Maryland State Police, 454 F. Supp. 2d 339,
349 (D. Md. 2006) (““if the stop was ‘not really’ for speeding, then the basis for it is unclear. And,
this unclear basis for the stop exists against a backdrop of powerful circumstantial evidence of
racial profiling in the form of statistics compiled by the Maryland State Police—and the senior
officer corps’ conclusions based upon those statistics, i.e., that ‘a remarkable deviation’ in regard
to the percentage of African—Americans stopped and searched existed in the JFK Barrack area—
which shows, at least, discriminatory effect from the practices afoot in the JFK Barrack patrol
area”).

In evaluating discriminatory intent, the Court must take account of the totality of the
circumstances. Here, the totality of the circumstances shows that the Fourth Precinct Focus

Mission Team pulls black people over for minor traffic violations, surrounds the driver’s car with
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four police officers, and blatantly searches the entire interior of the car before letting anyone of
color not suspected of more serious crimes go. As Judge Hamilton observed in his dissent
regarding similar tactics in Milwaukee: “Imagine that the police tried these tactics in Milwaukee’s
affluent east side. Citizens would be up in arms, and rightly so. No police officer could expect to
keep his job if he treated a car standing in front of a store as worthy of such an intrusive Terry
stop.” United States v. Johnson, 874 F.3d 571, 581 (7th Cir. 2017). The stark numbers and heavy-
handed policing tactics of minority neighborhoods in Richmond—a city that feels it needs to
devote three of its four police precincts to policing the sections of town made up almost entirely
of black citizens—warrant an inference of discriminatory intent. See, e.g., United States v. Thorpe,
471 F.3d 652, 661 (6th Cir. 2006) (recognizing that, if severe enough, statistical evidence of
discriminatory effect can raise an inference of discriminatory intent).

Mr. Moore, and other black citizens in Richmond, are entitled to and deserve equal
protection of the laws. Because the Richmond Police Department, and the Fourth Precinct Focus
Mission Team in particular, has ignored this protection, the Court must suppress the evidence
seized and dismiss the indictment in this case.

III.  Circumstantial and historical evidence indicate that the Richmond Police
Department has a long history of discriminatorily enforcing traffic laws
against black people in Richmond.

In addition to the severe statistical evidence of the discriminatory effect that the Richmond

Police Department’s selective enforcement of traffic laws has had on black drivers in Richmond,
circumstantial evidence indicates a long history of the Richmond Police Department selectively
enforcing traffic and criminal laws against black citizens. The history of the Richmond Police
Department is inseparably entangled with racial discrimination. In 1861 when Virginia seceded

from the United States, Richmond Police Department officers wore confederate badges and were

10
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considered part of the confederate militia. See City of Richmond, History of the Richmond Police

Department: 1807-1899, https://www.rva.gov/police/department-history (last visited Mar. 8,

2022). After the civil war ended and the federal government had established martial law in
Richmond, the Richmond Police Department was abolished. /Id. It was only when Virginia
rejoined the United States in 1870 that Richmond was allowed to reestablish a police department.
1d.

At the turn of the twentieth century, Richmond used a variety of tactics to racially segregate
the city. In 1911, the “city of Richmond, using its charter powers, adopted the first ordinance
dividing the city into separate blocks for white and ‘colored’.” See Ex. C 3/8/22 at 4. When
explicit racialized zoning was outlawed in 1917, “racial zoning gave way to the broader notion of
arace-based comprehensive planning process and racially informed zoning districts.” Id. The city
then used Virginia’s law against interracial marriage as a basis to continue prohibiting black
citizens from living in white neighborhoods. See Ex. D 3/8/22 at 2. When restrictive covenants
based on race were banned in 1948, Richmond relied on redlining—or the process by which banks
drew red lines around predominantly black neighborhoods to prevent financial investment in those
areas—to continue racial residential segregation. Id. at 2-4.

By the 1970s, whites in Richmond had resorted to leaving the city in droves for the
surrounding counties. /d. at 4. The city of Richmond responded in 1970 by annexing a large
portion of Chesterfield County—to increase its white population. See Roberto Roldan,
Richmond’s Controversial Chesterfield County Annexation, 50 Years Later, VPM (May 20, 2020),

https://vpm.org/news/articles/13596/richmonds-controversial-chesterfield-annexation-50-years-

later (“This particular case though is interesting because of how the white leaders decided to

suppress the black vote. What the Richmond oligarchy decided to do was to simply reduce the

11
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black population. And the way to do that was to annex thousands, tens of thousands of white people
from the adjoining County, Chesterfield County.”). It was against this backdrop that the Richmond
Police Department decentralized its patrol functions and instituted a “Neighborhood Precinct Plan”
in 1977. See City of Richmond, History of the Richmond Police Department: 1900-1999,

https://www.rva.gov/police/department-history (last visited Mar. 8, 2022). That the third police

precinct aligns exactly with the boundaries of the white section of Richmond is not a coincidence.

For at least twenty years, data has shown that Richmond Police Officers stop far more black
drivers than white drivers for traffic offenses. See Ex. E 3/8/22 at 2. In 2000, a study of all traffic
stops in Richmond during a six-week period showed that sixty-four percent of the drivers stopped
were black, while thirty-two percent of the drivers were white. /d. Comparable data of the counties
surrounding Richmond—Henrico and Chesterfield—much more closely aligned the ratio of the
race of drivers stopped with the racial make-up of those counties. /d. In 2017 and 2018, Richmond
Police Officers were 30.7% more likely to pull over a black driver than a white driver. See Ex. F
3/8/22 at 11. The 2017 and 2018 data reflected racial discrimination in not only traffic stops, but
also the Richmond Police Department’s use of force, pedestrian contacts, reports of “suspicious
activities,” curfew violations, and truancy violations. See Ex. F 3/8/22.

Mr. Moore has shown at least a prima facie case that the Richmond Police Department
selectively enforces traffic laws against black drivers in Richmond. He anticipates presenting
additional evidence of discriminatory intent at the evidentiary hearing this Court intends to

schedule at the conclusion of this supplemental briefing.

12
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CONCLUSION
As explained above and in ECF Nos. 17, 28, and 32, the Court must suppress evidence of
a handgun that police found after initiating an unconstitutional traffic stop of Mr. Moore and

dismiss this case.

Respectfully submitted,
KEITH RODNEY MOORE

By: /s/
Laura Koenig
Va. Bar No. 86840
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Traffic Stops by the Richmond Police Department:
July 1, 2020 — December 6, 2020

Dr. Eli Coston
Department of Gender, Sexuality, and Women’s Studies
Virginia Commonwealth University

Introduction

Racial bias and racial disparities in the criminal legal system exist at many levels, from
sentencing of criminal defendants (Levinson, Bennett, and Hioki, 2017; Rachlinski, Johnson,
Wistrich, and Guthrie, 2008), jury decision-making (Sweeny and Haney, 1992), prosecutorial
discretion (Smith and Levinson, 2011), to policing (Baumgartner, Christiani, Roach, and Shoub,
2017; Dunn, 2009; Glaser, 2015; Kahn and Martin, 2016). In all of these areas, we find that
racial bias plays a role in the decision-making process, resulting in Black people and other racial
and ethnic minorities often facing harsher scrutiny or punishment than their White peers. Though
each step of the system is an important contributor to the overall disparities that exist within the
criminal legal system, many interactions with the criminal legal system begin with routine traffic
stops. However, it is not speeding, lack of use of a seatbelt, or another violation that typically
results in greater interaction with the criminal legal system, but the fact that officers use these
stops to look for evidence of other crime (Baumgartner, Christiani, Roach, and Shoub, 2017;
Carroll and Gonzalez, 2014; Makofske, 2020; Richmond Transparency and Accountability
Project, 2019). Concern with racial disparities occurring in traffic stops dates back to the war on
drugs, in which specific characteristics, including race were used to develop profiles of drug
couriers on our nation’s highways (Harris, 1999). During the 1990’s, stops of Black drivers were
so ubiquitous that the term “Driving While Black” or “Driving While Brown” was coined to
describe the phenomena (Harris, 1999). Though profiling specifically based on race is not legal,
that does not mean that all profiling involving race has been eliminated, nor does it mean that
profiling based solely on race does not occur (Fredrickson and Siljander, 2002). In fact, the
enduring presence of racial disparities in traffic stops has led many states or jurisdictions,
including Virginia, to track demographic data regarding individuals stopped, as well as the
outcome of stops and other actions (such as searches) that took place during the stop
(Baumgartner, Christiani, Roach, and Shoub, 2017).

Traffic Stops

The first issue to consider in examining racial disparities in police stops is whether Black drivers
commit traffic infractions more often than White drivers, as this would make them more likely to
be pulled over. However, there is very limited data that would suggest that Black drivers commit
more traffic infractions than White drivers (Harris, 1999; Lundman and Kowalski, 2009; Norton,
Fung, and Stayton, 2021). Self-report studies of speeding from New York collected over several
years, consistently show that Black drivers report speeding less often than White drivers (Norton,
Fung, and Stayton, 2021); although there is no reason to expect that drivers in Richmond would
differ, the New York study is one of the only ones that speaks to this issue. Lange, Blackman,
and Johnson (2001) in their study of speeding on the New Jersey Turnpike suggested that Black
drivers were more likely to engage in excessive speeding (more than 15 MPH over the speed
limit), however, Lundman and Kowalski’s (2009) work showed that both age and gender account
for much of that effect. Moreover, excessive speeding was evident in a relatively small

A
3/8/2022
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proportion of cases, which would not account for the larger disparities witnessed in traffic stops
along the New Jersey Turnpike (Lundman and Kowalski, 2009). Pierson et al. (2020) have
suggested that it is not differences in driving behavior, but driver race that is the primary
predictor in traffic stops. Pierson’s team analyzed the impact of darkness hours on rates of traffic
stops, comparing stops during the daytime and the evening. Their analysis demonstrated that
racial differences in rates of stops diminished under the *“veil of darkness” (Pierson et al, 2020).
These studies show minimal evidence of differences in driving behavior between Black and
White drivers, but do suggest that racial bias plays a role in stops.

It is also important to consider whether there are differences in the likelihood to be pulled over.
Langan (2001) used nationally representative data to examine this question, finding that even
though there are proportionally fewer Black drivers than White drivers (that is to say, Black
people are less likely to have a driver’s license than White people). Black drivers are still
stopped more often than White drivers. Additionally, in examining people who were pulled over
more than once in the prior year, Black drivers were much more likely to have been pulled over
multiple times. The Langan (2001) study is especially important because it utilizes nationally
representative data including those who were pulled over, as well as those who were not pulled
over, in order to assess differences between racial groups. Most data collected is only once a stop
has occurred, telling us less about the entire population of drivers than they type of nationally
representative data that Langan utilized.

Reason for Stops

The reason for a stop is another important factor in understanding the complexities behind racial
profiling, particularly as it relates to the issue of pretextual stops. (England and Calnon, 2004;
Johnson, 2010; Makofske, 2020). Traffic stops can be made for a number of reasons, most often
for traffic violations (which can vary greatly in severity). But equipment violations are also
violations of the traffic code that can result in a stop. Pretextual stops are those that are not
specifically out of regard to concern for public safety, such as having a side marker out on one’s
vehicle. Pretextual stops have greater latitude in the amount of discretion an officer can use in
whether to conduct the stop itself; for example, it would be more difficult for an officer to ignore
someone driving dangerously than someone with a minor equipment violation. Likewise, there is
a substantial amount of discretion in how they utilize any stop as a means of investigating other
potential crime. Though pretextual stops are legal, there is concern among criminologists and
legal scholars as to how much they may contribute to racial bias in traffic stops. (England and
Calnon, 2004; Johnson, 2010; Makofske, 2020). In one specific example, Makofske (2020)
found especially high rates of arrest for “failure to signal” in Louisville, KY, even when failure
to signal was the sole reason for the stop. Likewise, Higgins, Vito, and Walsh (2008) discovered
an abnormally high number of stops in Louisville for equipment violations, as compared to other
jurisdictions, which they suggest were pretextual stops. Thus, equipment violations, particularly
as they relate to pretextual stops, may be an important factor in understanding racial disparities in
traffic stops.

Searches Conducted During Stops

Once a stop has occurred, it is important to examine whether there are differences in what occurs
during the stop itself, based upon the race of the driver. One of the most examined aspects in this
regard is searches conducted during the stop. Perhaps the most comprehensive study regarding
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searches conducted during traffic stops is Baumgartner, Christiani, Roach, and Shoub’s (2017)
analysis of 132 jurisdictions’ data on traffic stops across multiple years of data, resulting in
analysis of over 50 million traffic stops from across the U.S. They found that in most
jurisdictions, searches of Black drivers were more common than searches of White drivers. On
average, Black drivers were 2.5 times more likely to be searched. Due to the differing nature of
data collection across jurisdictions, this figure combines both searches of persons and searches of
vehicles (Baumgartner, Christiani, Roach, and Shoub, 2017). However, similar findings
regarding Black drivers being searched more frequently than White drivers have been found
across multiple smaller studies (Carroll and Gonzalez, 2014; Engel and Calnon, 2004; Ridgeway,
2009).

Outcome of Stops

Ultimately, the outcome of the stop is one of the most important aspects of a traffic stops, as this
also determines whether or not there will be continued contact with the criminal legal system as a
result of the encounter. Those who are arrested may experience serious impacts to their
livelihood due to pretrial detention (Harvey, 2019). Even those who eventually cannot pay the
fee for a citation may face serious disruptions to their lives due to later incarceration (Harvey,
2019). When examining national data, Black drivers are more likely to be arrested as the result of
a traffic stop than White drivers (Engel and Calnon, 2004). Black drivers nationally are also
more likely to be ticketed than White drivers (Engel and Calnon, 2004). Analyses of particular
locations, such as Cleveland, OH, Cincinnati, OH, Houston, TX, or New Jersey, reveals similar
patterns of higher ticketing and/or arrests of Black drivers (Dunn, 2009; Harris, 1999; Ridgeway,
2009; Roh, and Robinson, 2009). Similarly, in 2019, the Richmond Transparency and
Accountability Project released a report analyzing data from the Richmond Police department
regarding traffic arrests, showing that in Richmond, Black drivers were more likely to be arrested
than White drivers.

Data

The data analyzed was provided by the Richmond Police Department and contains data collected
in accordance with Virginia’s Community Policing Act, which was specifically established to
prohibit and monitor “biased-based profiling” in policing in Virginia. “Biased-based profiling”
refers to policing that relies solely on a characteristic such as race or gender in making decisions
about policing, such as the decision to stop an individual. The data contains all traffic stops
conducted from July 1, 2020 through December 6, 2020 by the Richmond Police Department
(RPD).

Sample

During the time period analyzed, 2,582 stops occurred. As subsequent analyses required location
data, only stops with valid location data were included in the final analysis. 82 of the 2,582 stops
(3.18%) included locations outside of RPD’s jurisdiction. These had no impact on the overall
results, thus, these were omitted from final analyses. Additionally, for chi-square (y?) analyses
involving race, the small number of stops involving Asian, American Indian, or drivers of
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“Unknown” races led to those categories being excluded from analyses leading to a final analytic
sample of 2279 for most analyses".

Description of Key Variables

Location: Location in the original data was noted as an address, intersection, or block number.
The location information was processed by Geocodio to generate latitude and longitude
coordinates for each stop. Geocodio also provides accuracy analysis based on the location
provided. For all locations with less than a .6 accuracy score, locations were checked and
corrected by an intern with the public defender’s office. | verified a random selection of these to
ensure accuracy in corrected latitude and longitude, and found no discrepancies in the
corrections. Only 11 items retained in the final analysis had location scores of less than .6,
representing less than 1% of the data. Again, inclusion of these data did not impact the overall
analysis.

Race of Driver: Race of driver is a categorical variable with Black (76%), White (15%), Asian
(1%), American Indian (<1%), or “Unknown” (8%) as possible response options.

Reason for Stop: The reason for stop is a categorical variable indicating why the initial stop
occurred. Most commonly stops were for traffic violations (69%) or equipment violations (36%),
though other reasons for stops were noted (5%).

Action Taken as Result of Stop: This variable is a categorical variable representing the most
serious action taken as the result of a stop. Resultant outcomes (from most to least serious)
include arrest (7%), citation or summons issued (24%), or a warning issued (69%).

Search of Persons: This is a binary variable (yes or no) indicating whether any person was
searched as a result of the stop. Searches occurred in 10% of cases.

Search of the Vehicle: This is a binary variable (yes or no) indicating whether the vehicle was
searched as a result of the stop. Searches occurred in 14% of cases.

Arrest of Person Other than Driver: This is a binary variable (yes or no) indicating whether an
individual other than the driver was arrested as a result of the stop. Arrest of a person other than
the driver occurred in 3% of cases.

Analysis

The analyses examine whether there are statistically significant differences in the nature of
traffic stops conducted by the Richmond Police Department according to race of the driver of a
vehicle. Although regression has been used to examine similar data, those techniques were not
appropriate due the distribution of the data in this instance. Specifically, the data contained high
levels of multicollinearity (indicating interrelationships among the independent variables), which
make the chi-square analysis more appropriate. Thus, a series of chi square (y?) tests were
utilized to examine the relationship between the race of the driver and several characteristics of

! See“Analysis’ section for more detail on chi-sguare test and decisions regarding
inclusion/exclusion of data.
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the traffic stops. The 2 test has several assumptions, such as independence of observations,
having mutually exclusive categories for analysis, and perhaps most important to this analysis, a
minimum of 5 expected observations in each cell for 80% of the cells is required (McHugh,
2013). Though all other assumptions were met, the minimum expected cell count was violated
for variables related to race of the driver, requiring changes to the analytic strategy. Specifically,
this led to traffic stops involving Asian, American Indian, and drivers of “Unknown” races being
dropped from final y? tests?. Dropping these cases did not result in changes to overall
significance or changes to the overall pattern of findings for each individual analysis.
Additionally, in the analysis of equipment violations and race of the driver, one cell (rather than
several) presented a small number of cases, in order to correct for this, a variation of the chi-
square test, the Fisher’s exact test was used. In order to assess the strength of the association,
Cramer’s V was computed for significant y? tests with more than four cells (Healey, 2014
McHugh, 2013), while Kendall’s Tau was computed for significant y? tests with only four cells
(Cliff and Charlin, 1991; Daniels, 1978). Analysis of individual cells contribution to the y?
statistic was also performed for all significant findings (Sharpe, 2015). Stata/SE 16.1 was used
for these analyses. In examining the results of the chi-square analyses, the y? test indicates that
there is a significant relationship between the variables if the associated p-value is less than .05,
while the Cramer’s V or Kendall’s Tau indicates how strong that association is (with larger
numbers in terms of absolute value indicating a stronger association).

ArcGIS Pro was used to examine the data in relation to spatial relationships among stops.
Specifically, the location data was used to visualize the location of stops across Richmond and to
determine the precinct in which individual stops occurred based on geo-location data.
Additionally, heat maps were generated to identify the locations in which stops occur more
frequently on the basis of clustering of the data (Scott and Janikas, 2010). Maps of the police
precincts are provided as an overlay to the map of stops, as well as the most recent (2015-2019)
racial demographic data from the American Community Survey.

Findings

Summary data can be found in Table 1. The majority of stops in Richmond during the time
period under investigation were of Black drivers (77%). In comparison to White drivers, Black
drivers were 5.13 times more likely to be stopped. The majority of stops involved traffic

% For example, in examining the outcome of stops (arrest, citation/summons, or warning) by race
of the driver (American Indian, Asian, Black, White, and “Unknown”) each outcome by race
category produces a cell to be used in the analysis for atotal of 15 cells. The counts for many of
these cells was less than five; only 2 Asian drivers were arrested and none of the cells (arrest,
summong/citation, or warning) contained 5 cases for Native American drivers. While a chi-
square statistic can be computed with low cell counts, it can lead to inaccurate p-values
(measures of statistical significance); likewise, use of datawith low cell counts could lead to
inaccurate estimation of the strength of an association. To ensure that the p-values were accurate
and that strength of association was appropriately assessed, only Black and White drivers were
included in the final analyses presented in this report. To ensure this did not impact the overall
findings, chi-square tests were also run including all racial groups for each test presented and the
significance did not change for any of the analyses; thus the findings are robust with regard to
inclusion or omission of the additional racia groups.
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violations (69%), with equipment violations also comprising a large portion of stops conducted
(36%). Additionally, most stops resulted in a warning being issued (69%). However, in the 7%
of cases in which arrest of the driver occurred, Black drivers were 12.67 times more likely than
White drivers to be arrested as the result of a stop. During most stops, additional actions were not
taken, such as searches of persons, searches of the vehicle, or arrest of individuals other than the
driver; these occurred only in a minority of cases.

Table 1. Summary Data

Variable Frequency Percent
Race of Driver

American Indian 2 0.08

Asian 19 0.76

Black 1925 77

White 354 14.16

Unknown 200 8
Outcome of Stop

Arrest 179 7.17

Citation/Summons 560 22.44

Warning 1756 70.38
Reason Stopped

Traffic Violation 1426 58.48

Equipment

Violation 910 36.4

Other 128 0.05
Search of Person

Yes 266 10.65

No 2232 89.35
Search of Vehicle

Yes 367 14.68

No 2133 85.32
Arrest of Person Other than Driver

Yes 86 3.82

No 2165 96.18

The primary analysis was to conduct a chi-square test of independence on the traffic stop data
regarding the race of the driver and primary result of the stop (arrest, summons/citation, or
warning). Based on the Chi-square test, there are significant differences in the result of a stop
based on driver race (32 (2, N=2276) = 33.19, p < .01) the results of this analyses are presented
in Table 2. Cramer’s V = .12, indicating that there is a weak to moderate, but substantive effect
of race of driver on the result of a stop. In examining individual cells, Black drivers faced the
most severe outcome, arrest, more often than expected by chance; while White drivers
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experienced arrest less often than expected by chance. This pattern was reversed for
summons/citations; with White drivers receiving summons more often than expected by chance
and Black drivers less often than expected by chance. The overall contribution to the analysis of
receiving a warning based upon race was minimal.

Additional chi-square tests of independence on the traffic stop data regarding the race of the
driver and other actions taken during the stop were conducted; specifically, whether a person was
searched during the stop, whether the vehicle was searched during the stop, or whether a person
other than the driver was arrested as the result of a stop. Based on these Chi-square tests, there
are significant differences in searches conducted during a stop based on driver race, but not in
arrests of additional persons. The results of each of these analyses are presented individually.

In regard to a person being searched during the stop, the results were statistically significant (y?
(1, N= 2277 )=6.25, p = .01). The results of this analyses are presented in Table 3. Kendall’s
Tau was used to measure strength of association, with t = -0.05, indicating that there is a weak
effect of race of driver on searches of persons performed during a stop. In examining individual
cells, Black drivers were searched more often than expected by chance; while White drivers were
searched less often than expected by chance.

In regard to the vehicle being searched during the stop, the results were statistically significant
(x3(1, N=2279) = 20.73, p < .01) the results of this analyses are also presented in Table 3.
Kendall’s Tau was used to measure strength of association, with T = -0.10, indicating that there is
a weak effect of race of driver on searches of the vehicle performed during a stop. In examining
individual cells, the vehicles of Black drivers were searched more often than expected by chance;
while the vehicles of White drivers were searched less often than expected by chance.

The results of the analysis regarding the arrest of additional persons based on the race of the
driver were not significant (x* = 0.17, p = .68).



Case 3:21-cr-00042-JAG Document 66-1 Filed 03/09/22 Page 8 of 14 PagelD# 406

Additional analyses were conducted to determine whether the reason for the stop (equipment
violation or traffic violation) had an impact on the outcome of the stop. The results of the
analysis regarding differences in outcomes for stops involving traffic violations based on the race
of the driver was significant (x%(2, N=1323) = 14.07, p < .01). Cramer’s V was used to measure
strength of association, with V = .10, indicating that there is a weak effect of race of driver on the
outcome of stops for traffic violations. In examining individual cells, White drivers were given a
summons or citation more often than expected by chance; while Black drivers received a
summons or citation less often than expected by chance. In regard to differences in outcomes for
stops involving equipment violations based on the race of the driver, the test was statistically
significant (y(2, N=848) = 7.24, p = .02). Cramer’s \V was used to measure strength of
association, with V = 0.09, indicating that there is a weak effect of race of driver on the outcome
of a stop for equipment violations. Similar to traffic stops, White drivers were given a summons
or citation more often than expected by chance; while Black drivers received a summons or
citation less often than expected by chance. However, Black drivers were more likely than
chance to be arrested as the result of a stop for an equipment violation. The results of these
analyses can be found in Table 4.

In regard to the spatial analysis, the map of the individual stops that occurred during the time
period under investigation by the Richmond police department is presented in Figure 1, with
each dot indicating an individual stop.
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Figure 1. Map of Individual Stops by Race of Driver

First, stops were clustered by race to generate an overall picture of the geographic distribution of
stops by race of driver, with each cluster representing 5 or more stops in geographic proximity to
one another. As the majority of stops by the Richmond police department are of Black drivers,
most clusters are also of Black drivers, while White drivers are distributed throughout the city
and less likely to show as clusters. This can be seen in Figure 2. Note- this data does include
drivers of all races, however, clustering only appears for Black and White drivers due to the
small number of stops of other racial groups.

Figure 2. Clusters of Stops by Race of Driver

Next, a heat map was produced for both Black drivers (Figure 3) and White drivers (Figure 4).
Heat maps display the density of stops for each group. Based on comparison of these two maps,



Case 3:21-cr-00042-JAG Document 66-1 Filed 03/09/22 Page 10 of 14 PagelD# 408

there are a greater number of high density locations for stops of Black drivers in comparison to
White drivers.

Figure 3. Heat Map of Traffic Stops of Black Drivers

Figure 4. Heat Map of Traffic Stops of White Drivers

Finally, the heat map of stops of Black drivers is presented as an overlay onto the most recent
(2015-2019) racial demographics from the American Community Survey, which maps the most
prevalent racial demographic living in an area. When examining this map, we see that there are
several areas of high density traffic stops of Black drivers in predominantly White areas of
Richmond, as well as numerous areas of high density stops of Black Drivers along areas in areas
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where racial demographics are in transition, specifically those areas in which predominantly
White and predominantly Black neighborhoods border one another.

Figure 5. Overlap of Richmond City Racial Demographics and Traffic Stops of Black Drivers

Conclusion

The statistical significance of these findings across multiple analyses highlights how pervasive
the racial disparities in police stops by the Richmond Police Department are. Throughout almost
every step of a traffic stop, from the likelihood that a driver is pulled over, to the actions taken
during the stop, to the eventual outcome of that stop, Black drivers are at a significant
disadvantage compared to White drivers. Though the effect is somewhat weak, this is still an
important substantive effect. Race should have no bearing on whether an individual is stopped,
whether they are searched, or whether they are arrested during a traffic stop. But in each of these
analyses, there is a significant but weak effect. The cumulative impact of these weak effects is
that Black drivers face substantially different outcomes as the result of traffic stops as compared
to White drivers. This is perhaps most evident when looking at differences in stops for
equipment violations for Black and White drivers; while only 2% of White drivers are arrested
after being pulled over for an equipment violation, roughly 7.5% of Black drivers are. Given that
stops for equipment violations are often considered pretextual stops with greater potential for
discretion and bias to impact the incident, these arrests are of particular concern; however, lack
of additional data doesn’t allow for investigation of these incidents in more detail in this report.

The spatial analyses of the data suggest are also striking. When stops are clustered, it becomes
clear that almost all concentrations of stops are of Black drivers. We also see that these clusters
are distributed throughout the city, and not contained within predominantly Black
neighborhoods. In looking at the clusters of White drivers, the few clusters that exist only occur
in neighborhoods that are predominantly White to begin with. This indicates that Black drivers
are pulled over in areas where they are both the majority and the minority. The heat map of stops
of Black drivers paired with the racial demographic overlay also suggests that enforcement of
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traffic stops occurs along lines of gentrification, where predominant racial groups may be in
transition and racial boundaries may be especially salient. Along both racial boundaries and in
primarily White areas, who does and does not belong may be more noticeable, thus implicating
race as a factor in traffic stops specifically in those areas.

While this report cannot say whether a specific traffic stop was the result of racial bias or racial
profiling, this report does conclude that race is a significant factor in the decision to stop a driver,
whether a person or vehicle is searched, the outcome of a stop, and the location where stops
occur.
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We assessed racial disparities in policing in the United States by compiling and analysing a dataset detailing nearly 100 million
traffic stops conducted across the country. We found that black drivers were less likely to be stopped after sunset, when a ‘veil
of darkness' masks one's race, suggesting bias in stop decisions. Furthermore, by examining the rate at which stopped drivers
were searched and the likelihood that searches turned up contraband, we found evidence that the bar for searching black and
Hispanic drivers was lower than that for searching white drivers. Finally, we found that legalization of recreational marijuana
reduced the number of searches of white, black and Hispanic drivers—but the bar for searching black and Hispanic drivers was
still lower than that for white drivers post-legalization. Our results indicate that police stops and search decisions suffer from

persistent racial bias and point to the value of policy interventions to mitigate these disparities.

traffic violations, making this one of the most common

ways in which the public interacts with the police™. Due
to the decentralized nature of policing in the United States—and a
corresponding lack of comprehensive and standardized data—it is
difficult to rigorously assess the manner and extent to which race
plays a role in traffic stops®. The most widely cited national statis-
tics come from the Police-Public Contact Survey (PPCS)’, which
is based on a nationally representative sample of approximately
50,000 people who report having been recently stopped by the
police. In addition to such survey data, some local and state agen-
cies have released periodic reports on traffic stops in their jurisdic-
tions, and have also made their data available to outside researchers
for analysis**". While useful, these datasets provide only a partial
picture. For example, there is concern that the PPCS, like nearly all
surveys, suffers from selection bias and recall errors. Data released
directly by police departments are potentially more complete but
are available only for select agencies, are typically limited in what is
reported and are inconsistent across jurisdictions.

To address these challenges, we compiled and analysed a data-
set detailing nearly 100 million traffic stops carried out by 21 state
patrol agencies and 35municipal police departments over almost
a decade. This dataset was built through a series of public records
requests filed in all 50 states. To facilitate future analysis, we have
redistributed these records in a standardized form.

Our statistical analysis of these records proceeds in three steps.
First, we assess potential bias in stop decisions by applying the ‘veil
of darkness’ test developed by Grogger and Ridgeway?'. This test
is based on a simple observation: because the sun sets at different
times throughout the year, one can examine the racial composition
of stopped drivers as a function of sunlight while controlling for
time of day. In particular, we use the discontinuity created by the
start (and end) of daylight-saving time (DST), comparing the racial
distribution of drivers stopped in the evenings immediately before

I\/\ ore than 20 million Americans are stopped each year for

DST begins, when it is dark, to the distribution after DST begins,
when it is light at the same time of day. If black drivers comprise
a smaller share of stopped drivers when it is dark and accordingly
difficult to determine a driver’s race, that suggests black drivers were
stopped during daylight hours in part because of their race. In both
state patrol and municipal police stops, we find that black drivers
comprise a smaller proportion of drivers stopped after sunset, sug-
gestive of discrimination in stop decisions.

Second, we investigate potential bias in the post-stop decision to
search drivers for contraband. To do so, we apply the threshold test
recently developed by Simoiu et al.” and refined by Pierson et al.=.
The threshold test incorporates both the rate at which searches
occur, as well as the success rate of those searches, to infer the stan-
dard of evidence applied when determining whom to search. This
approach builds on traditional outcome analysis**, in which a
lower search success rate for one group relative to another is seen
as evidence of bias against that group, as it suggests that a lower evi-
dentiary bar was applied when making search decisions. Applied to
our data, the threshold test indicates that black and Hispanic drivers
were searched on the basis of less evidence than white drivers, both
on the subset of searches carried out by state patrol agencies and on
those carried out by municipal police departments.

Finally, we examine the effects of drug policy on racial disparities
in traffic stop outcomes. We specifically compare patterns of policing
in Colorado and Washington—two states that legalized recreational
marijuana at the end of 2012—to those in 12 states in which recre-
ational marijuana remained illegal. Using a difference-in-differences
strategy, we find that legalization reduced both search rates and
misdemeanour rates for drug offences for white, black and Hispanic
drivers—though a gap in search thresholds persists.

In the process of collecting and analysing millions of traffic stop
records across the country, we encountered many logistical and sta-
tistical challenges. Based on these experiences, we conclude by offer-
ing suggestions to improve data collection, analysis and reporting

'Computer Science, Stanford University, Stanford, CA, USA. ?“Management Science & Engineering, Stanford University, Stanford, CA, USA.
3Communication, Stanford University, Stanford, CA, USA. *Applied Statistics, Social Science, and Humanities, New York University, New York, NY, USA.

Be-mail: scgoel@stanford.edu
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Fig. 1| Geographic coverage of compiled traffic stop data. We analysed
data on approximately 95million stops from 21state patrol agencies (blue)
and 35municipal police departments (red) across the country.

by law enforcement agencies. Looking forward, we hope this work
provides a road map for measuring racial disparities in policing, and
facilitates future empirical research into police practices.

Results

Compiling a national database of traffic stops. To assemble a
national dataset of traffic stops, we filed public records requests
with all 50state patrol agencies and over 100 municipal police
departments. The municipal police departments include those that
serve the largest 100 cities in the nation; to achieve geographic cov-
erage, we also included departments that serve some of the largest
cities in each state.

To date, we have collected (and released) data on approximately
221 million stops carried out by 33state patrol agencies, and 34 mil-
lion stops carried out by 56 municipal police departments, for a total of
255 million records. In many cases, however, the data we received were
insufficient to assess racial disparities (for example, the race of the
stopped driver was not regularly recorded, or only a non-representative
subset of stops was provided). For consistency in our analysis, we fur-
ther restrict to stops occurring in 2011-2018, as many jurisdictions
did not provide data on earlier stops. Finally, we limit our analysis to
drivers classified as white, black or Hispanic, as there were relatively
few recorded stops of drivers in other race groups. Our primary data-
set thus consists of approximately 95 million stops from 21 state patrol
agencies and 35 municipal police departments, as shown in Fig. 1 and
described in more detail in Supplementary Table 2.

Because each jurisdiction provided stop data in idiosyncratic for-
mats with varying levels of specificity, we used a variety of automated
and manual procedures to create the final dataset. For each recorded
stop, we attempted to extract and normalize the date and time of the
stop; the county (for state patrol agencies) or police subdivision (for
example, beat, precinct or zone, for municipal police departments)
in which the stop took place; the race, gender and age of the driver;
the stop reason (for example, speeding); whether a search was con-
ducted; the legal justification for the search (for example, ‘probable
cause’ or ‘consent’); whether contraband was found during a search;
and the stop outcome (for example, a citation or an arrest). As indi-
cated in Supplementary Table 2, the information we received varies
markedly across states. We therefore restricted each of our specific
analyses to the corresponding subset of jurisdictions for which we
have the required fields. Our complete data-cleaning pipeline is
extensive and required subjective decisions, which we describe in
more detail in Methods. For transparency and reproducibility, we
have released the raw data, the standardized data and code to clean
and analyse the records at https://openpolicing.stanford.edu.

Assessing bias in traffic stop decisions. Relative to their share of the
residential population, we found that black drivers were, on average,
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stopped more often than white drivers. In particular, among state
patrol stops, the annual per-capita stop rate for black drivers was
0.10 compared to 0.07 for white drivers; and among municipal police
stops, the annual per-capita stop rate for black drivers was 0.20 com-
pared to 0.14 for white drivers. For Hispanic drivers, however, we
found that stop rates were lower than for white drivers: 0.05 for stops
conducted by state patrol (compared to 0.07 for white drivers) and
0.09 for those conducted by municipal police departments (com-
pared to 0.14 for white drivers). In all cases, these numbers are the
unweighted average annual per-capita stop rates across the states
and cities we analysed, and all estimates have corresponding 95%
confidence intervals (CIs) with radius <0.001. We note that these
results are consistent with self-reported stop rates by white, black and
Hispanic drivers who participated in the national PPCS'.

These numbers are a starting point for understanding racial dis-
parities in traffic stops, but they do not, per se, provide strong evidence
of racially disparate treatment. In particular, per-capita stop rates do
not account for possible race-specific differences in driving behaviour,
including amount of time spent on the road and adherence to traffic
laws. For example, if black drivers, hypothetically, spend more time on
the road than white drivers, that could explain the higher stop rates we
see for the former, even in the absence of discrimination. Moreover,
drivers may not live in the jurisdictions where they were stopped, fur-
ther complicating the interpretation of population benchmarks.

Quantifying potential bias in stop decisions is a statistically chal-
lenging problem, in large part because one cannot readily measure
the racial distribution of those who actually violated traffic laws
because the data contain information only on those stopped for
such offences. To mitigate this benchmarking problem, Grogger
and Ridgeway” proposed a statistical approach known as the
veil-of-darkness test. Their method starts from the idea that officers
who engage in racial profiling are less able to identify a driver’s race
after dark than during the day. As a result, if officers are discrimi-
nating against black drivers—all else being equal—one would expect
black drivers to comprise a smaller share of stopped drivers at night,
when a veil-of-darkness masks their race. To account for patterns of
driving and police deployment that may vary throughout the day, the
test leverages the fact that the sun sets at different times during the
year. For example, although it is typically dark at 19:00 during the
winter months, it is often light at that time during the summer.

To illustrate the intuition behind this method, in Fig. 2 we exam-
ine the demographic composition of drivers stopped by the Texas
State Patrol at various times of day. Each panel in the plot shows stops
occurring in a specific 15-min window (for example, 19:00-19:15),
and the horizontal axis indicates minutes since dusk. We restrict to
white and black drivers—because the ethnicity of Hispanic drivers
is not always apparent, even during daylight hours—and, follow-
ing Grogger and Ridgeway, we filter out stops that occurred in the
~30-min period between sunset and dusk, when it is neither light’
nor ‘dark’ For each time period, the plot shows a marked drop in the
proportion of drivers stopped after dusk who are black, suggestive
of discrimination in stop decisions.

In this basic form, darkness—after adjusting for time of day—is
a function of the date. As such, to the extent that driver behaviour
changes throughout the year, and that these changes are corre-
lated with race, the test can suggest discrimination where there is
none. To account for these potential seasonal effects, we applied a
more robust variant of the veil-of-darkness test that restricts to two
60-day windows centred on the beginning and end of DST*. On
this subset of the data, we fit the following logistic regression model:

Pr(black|t, g, p,d,s, ¢) = logit ™'
(asxsxd+axexd+ T xnsq(t) +rg] +5[p]).

where Pr(black|t, g, p, d, s, c) is the probability that a stopped driver
is black at a certain time £, location g and period p (with two periods
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Fig. 2 | An illustration of the veil-of-darkness test for stops occurring in three short time windows in a single state, Texas. For each window (19:00-19:15,
19:15-19:30 and 19:30-19:45), we compute the percentage of stops that involved black drivers for a series of 10-min periods before and after dusk. The
figure is based on 112,938 stops of black and white drivers (35,270 during 19:00-19:15, 38,726 during 19:15-19:30 and 38,942 during 19:30-19:45), with
points sized according to the total number of stops in each bin. The vertical line at t =0 indicates dusk, at which point it is generally considered 'dark’; we
remove stops in the -30-min period between sunset (indicated by the left-most vertical line in each panel) and dusk, as this period is neither ‘light’ nor
‘dark’. The dashed horizontal lines show the overall proportion of stops involving black drivers before and after dark, with 95% ClI. For all three depicted
time windows, black drivers comprise a smaller share of stopped drivers after dark, when a veil of darkness masks their race, suggestive of racial profiling.

per year, corresponding to the start and end of DST), with dark-
ness status d € {0, 1} indicating whether a stop occurred after dusk
(d=1) or before sunset (d=0), and with the enforcement agency
being either state patrol, s € {0, 1} or city police department, ¢ €
{0, 1}. In this model, ns,(f) is a natural spline over time with six
degrees of freedom, y[g] is a fixed effect for location g and [p] is
a fixed effect for period p. The location g[i] for stop i corresponds
to either the county (for state patrol stops) or city (for municipal
police department stops), with y[g[7]] the corresponding coefficient.
Finally, p[i] captures whether stop i occurred in the spring (within
a month of beginning DST) or the fall (within a month of ending
DST) of each year, and &[p[i]] is the corresponding coefficient for
this period. For computational efficiency, we rounded time to the
nearest 5-min interval when fitting the model.

The main terms of interest in our model are a, and «a,, which
describe differences in the composition of stopped drivers between
daylight and dark, after adjusting for time and location, with a,,
a,<0 suggesting discrimination against black drivers for state
patrols and city departments, respectively. We find a,=—0.033 (95%
CI [-0.039, —0.027], P<0.001) and a,=—0.039 (95% CI [—0.045,
—0.033], P<0.001), suggesting discrimination among both state
patrols and municipal police departments. To gauge the robust-
ness of our results, we fit multiple variations of the veil-of-darkness
model described above (for example, using different degrees for the
natural spline). In all cases, we found qualitatively similarly results
that are suggestive of racial bias against black drivers in stop deci-
sions, as described in Methods and Supplementary Table 1.

The veil-of-darkness test is a popular technique for assessing
disparate treatment but, like all statistical methods, it comes with
caveats. Results could be skewed if race-specific driving behaviour
is related more to lighting than time of day, leading the test to sug-
gest discrimination where there is none. Conversely, artificial light-
ing (for example, from street lamps) can weaken the relationship
between sunlight and visibility, and so the method may underes-
timate the extent to which stops are predicated on perceived race.
Finally, if violation type is related to lighting, the test could give
an inaccurate measure of discrimination. For example, broken tail
lights are more likely to be detected at night and could potentially
be more common among black drivers'’, which could in turn mask
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discrimination. To address this last limitation, one could exclude
stops prompted by such violations but our data, unfortunately, do
not consistently indicate stop reasons. Despite these shortcomings,
we believe the veil-of-darkness test provides a useful, if imperfect,
measure of bias in stop decisions.

Assessing bias in search decisions. After stopping a driver, offi-
cers may carry out a search of the driver or vehicle if they suspect
more serious criminal activity. We next investigate potential bias
in these search decisions. Among stopped drivers, we found that
black and Hispanic individuals were, on average, searched more
often than white individuals. However, as with differences in stop
rates, the disparities we see in search rates are not necessarily the
product of discrimination. Black and Hispanic drivers might, hypo-
thetically, carry contraband at higher rates than white drivers, and
so elevated search rates may result from routine police work even
if no racial bias were present. To measure the role of race in search
decisions, we apply two statistical strategies: outcome analysis and
threshold analysis. To do so, we limit to the eight state patrol agen-
cies and six municipal police departments for which we have suf-
ficient data on the location of stops, whether a search occurred and
whether those searches yielded contraband. We specifically con-
sider state patrol agencies in Connecticut, Illinois, North Carolina,
Rhode Island, South Carolina, Texas, Washington and Wisconsin;
and municipal police departments in Nashville, TN, New Orleans,
LA, Philadelphia, PA, Plano, TX, San Diego, CA and San Francisco,
CA. We defer to each department’s characterization of ‘contraband’
when carrying out this analysis.

In the eight state patrol agencies we consider, search rates were
4.3% (95% CI 4.2-4.4%) for black drivers, 4.1% (95% CI 4.0-4.1%)
for Hispanic drivers and 1.9% (95% CI 1.9-1.9%) for white driv-
ers. In particular, the gap in search rates between black and white
drivers was 2.4% (95% CI 2.3-2.5%, P<0.001) and the gap in
search rates between Hispanic and white drivers was 2.2% (95% CI
2.1-2.2%, P< 0.001). Similarly, in the six municipal police depart-
ments we consider, the search rates were 9.5% (95% CI 9.4-9.6%)
for black drivers, 7.2% (95% CI 7.0-7.3%) for Hispanic drivers and
3.9% (95% CI 3.8-3.9%) for white drivers. The gap in municipal
search rates between black and white drivers was 5.6% (95% CI
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5.5-5.7%, P<0.001) and the gap in search rates between Hispanic
and white drivers was 3.3% (95% CI 3.1-3.5%, P<0.001). As above,
these numbers are unweighted average search rates across our states
and cities, respectively.

In these jurisdictions, stopped black and Hispanic drivers
were searched about twice as often as stopped white drivers. To
assess whether this gap resulted from biased decision-making,
we apply the outcome test, originally proposed by Becker**, to
circumvent omitted variable bias in traditional tests of discrimi-
nation. The outcome test is based not on the search rate but on
the ‘hit rate’: the proportion of searches that successfully turn
up contraband. Becker argued that even if minority drivers are
more likely to carry contraband, in the absence of discrimination,
searched minorities should still be found to have contraband at
the same rate as searched whites. If searches of minorities are
successful less often than searches of whites, it suggests that offi-
cers are applying a double standard, searching minorities on the
basis of less evidence. Implicit in this test is the assumption that
officers exercise discretion in whom to search; therefore, when
possible, we exclude non-discretionary searches, such as vehicle
impound searches and searches incident to arrest, as those are
often required as a matter of procedure, even in the absence of
individualized suspicion. We note that outcome tests gauge dis-
crimination only at one specific point in the decision-making
process—in this case, the decision to search a driver who has been
stopped. In particular, this type of analysis does not capture bias
in the stop decision itself.

In Fig. 3 (top row), we plot hit rates by race and location for the
states (left) and for the cities (right) for which we have the nec-
essary information. Across jurisdictions, we consistently found
that searches of Hispanic drivers were less successful than those
of white drivers. However, searches of white and black drivers had
more comparable hit rates. The outcome test thus indicates that
search decisions may be biased against Hispanic drivers, but the
evidence is more ambiguous for black drivers. Aggregating across
state patrol stops, contraband was found in 32.0% (95% CI 31.6—
32.4%) of searches of white drivers compared to 24.3% (95% CI
23.5-25.2%) of searches of Hispanic drivers and 29.4% (95% CI
28.7-30.0%) of searches of black drivers. In particular, the gap in
hit rates between white and Hispanic drivers was 7.6% (95% CI
6.7-8.6%, P<0.001), and the gap in hit rates between white and
black drivers was 2.6% (95% CI 1.9-3.4%, P<0.001). Similarly,
aggregating across municipal police departments, contraband was
found in 18.2% (95% CI 17.8-18.7%) of searches of white drivers
compared to 11.0% (95% CI 10.6-11.5%) of searches of Hispanic
drivers and 13.9% (95% CI 13.7-14.2%) of searches of black driv-
ers. In this case, the gap in hit rates between white and Hispanic
drivers was 7.2% (95% CI 6.6-7.8%, P<0.001) and the gap in hit
rates between white and black drivers was 4.3% (95% CI 3.8-4.8%,
P<0.001). These numbers all indicate unweighted averages across
our cities and states, respectively.

The outcome test is intuitively appealing, but it is an imper-
fect barometer of bias; in particular, it suffers from the problem of
infra-marginality®**?". To illustrate this shortcoming, suppose that
there are two, easily distinguishable, types of white driver: those
who have a 5% chance of carrying contraband and those who have
a 75% chance of carrying contraband. Likewise assume that black
drivers have either a 5 or 50% chance of carrying contraband. If offi-
cers search drivers who are at least 10% likely to be carrying con-
traband, then searches of white drivers will be successful 75% of
the time whereas searches of black drivers will be successful only
50% of the time. Thus, although the search criterion is applied in a
race-neutral manner, the hit rate for black drivers is lower than that
for white drivers and the outcome test would (incorrectly) conclude
that searches are biased against black drivers. The outcome test can
similarly fail to detect discrimination when it is present.
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Addressing this possibility, Knowles et al.”” suggested an eco-
nomic model of behaviour—known as the KPT model—in which
drivers balance their utility for carrying contraband with the risk
of getting caught, while officers balance their utility of finding
contraband with the cost of searching. Under equilibrium behav-
iour in this model, the hit rate of searches is identical to the search
threshold and so one can reliably detect discrimination with the
standard outcome test. However, Engel and Tillyer* argue that the
KPT model of behaviour requires strong assumptions, including
that drivers and officers are rational actors and that every driver has
perfect knowledge of the likelihood that he or she will be searched.

To mitigate the limitations of outcome tests (as well as limita-
tions of the KPT model), the threshold test has been proposed as a
more robust means for detecting discrimination”?. This test aims
to estimate race-specific probability thresholds above which officers
search drivers—for example, the 10% threshold in the hypothetical
situation above. Even if two race groups have the same observed hit
rate, the threshold test may find that one group is searched on the
basis of less evidence, indicative of discrimination. To accomplish
this task, the test uses a Bayesian model to simultaneously estimate
race-specific search thresholds and risk distributions that are con-
sistent with the observed search and hit rates across all jurisdictions.
The threshold test can thus be seen as a hybrid between outcome
and benchmark analysis, as detailed in Methods.

As shown in Fig. 3 (bottom row), the threshold test indicates that
the bar for searching black and Hispanic drivers is generally lower
than that for searching white drivers across the municipal police
departments and states we consider. In aggregate across cities, the
inferred threshold for white drivers is 10.0% compared to 5.0 and
4.6% for black and Hispanic drivers, respectively. The estimated
gaps in search thresholds between white and non-white drivers are
large and statistically significant: the 95% credible interval for the
Hispanic-white difference is (-6.4, -4.4%) and the corresponding
interval for the black-white difference is (6.1, —4.0%). Similarly
across states, the inferred threshold for white drivers is 20.9% com-
pared to 16.0% for black drivers and 13.9% for Hispanic drivers.
These differences are again large and statistically significant: the
95% credible interval for the Hispanic-white gap is (-8.4, -5.6%);
and the analogous interval for the black-white gap is (-6.5%,
-3.1%). As with our outcome results, aggregate thresholds are com-
puted by taking an unweighted average of the city- and state-specific
thresholds, respectively.

Compared to by-location hit rates, the threshold test more
strongly suggests discrimination against black drivers, particularly
for municipal stops. Consistent with past work’, this difference
appears to be driven by a small but disproportionate number of
black drivers who have a high inferred likelihood of carrying con-
traband. Thus, even though the threshold test finds that the bar for
searching black drivers is lower than that for white drivers, these
groups have more similar hit rates.

The threshold test provides evidence of racial bias in search deci-
sions. However, as with all tests of discrimination, it is important to
acknowledge limits in what one can conclude from such statistical
analysis per se. For example, if search policies differ not only across,
but also within, the geographic subdivisions we consider, then the
threshold test might mistakenly indicate discrimination where there
is none. Additionally, if officers disproportionately suspect more
serious criminal activity when searching black and Hispanic driv-
ers compared to white drivers (for example, possession of larger
quantities of contraband), then lower observed thresholds may
stem from non-discriminatory police practices. Finally, we note
that thresholds cannot be identified by the observed data alone’,
and so inferences are dependent on the specific functional form of
the underlying Bayesian model, including the prior distributions.
(In Methods, however, we show that our main results are robust to
relatively large changes to prior distributions).
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Fig. 3 | Hit rates and inferred search thresholds by race and location. a, Data for state patrol are based on 647,251searches in eight states, with points
corresponding to counties. b, Data for municipal police are based on 187,145 searches in six cities, with points corresponding to police precincts. Points

are sized by number of searches. The top panels indicate search hit rates, and the bottom panels indicate search thresholds. Across locations, the inferred
thresholds for searching black and Hispanic drivers are typically lower than those for searching white drivers, suggestive of bias. Despite these lower inferred
search thresholds, hit rates for black drivers are comparable to those for white drivers, ostensibly due to the problem of infra-marginality in outcome tests.

The effects of legalization of marijuana on stop outcomes. We
conclude our analysis by investigating the effects of legalization of
recreational marijuana on racial disparities in stop outcomes. We
specifically examine Colorado and Washington, two states in which
marijuana was recently legalized and for which we have detailed
data before and after legalization. In line with expectations, we find
that the proportion of stops that resulted in either a drug-related
infraction or misdemeanour fell substantially in both states after
marijuana was legalized at the end of 2012 (see Supplementary
Fig. 2). Notably, since black drivers were more likely to be charged
with such offences previous to legalization, these drivers were also
disproportionately impacted by the policy change. This finding is
consistent with past work showing that marijuana laws dispropor-
tionately affect minorities®.

Because the policy change decriminalized an entire class of
behaviour (that is, possession of small amounts of marijuana), it
is not surprising that drug offences correspondingly decreased.
However, it is less clear, a priori, how the change might have affected
officer behaviour more broadly. Investigating this issue, we found
that after the legalization of marijuana the number of searches
fell substantially in Colorado and Washington (Fig. 4), ostensibly
because the policy change removed a common reason for conduct-
ing searches.

Because black and Hispanic drivers were more likely to be
searched before legalization, the policy change reduced the abso-
lute gap in search rates between race groups; however, the relative
gap persisted, with black and Hispanic drivers still more likely to
be searched than white drivers post-legalization. We further note
that marijuana legalization had secondary impacts for law-abiding
drivers, because fewer searches overall also meant fewer searches of
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those without contraband. In the year after legalization in Colorado
and Washington, about one-third fewer drivers were searched with
no contraband found than in the year before legalization.

As further evidence that the observed drop in search rates in
Colorado and Washington was due to marijuana legalization, we
note that in the 12 states where marijuana was not legalized—and
for which we have the necessary data—search rates did not exhibit
sharp drops at the end of 2012 (Fig. 5). To add quantitative detail, we
computed a difference-in-differences estimate™’; our precise model
specification and the fitted coefficients are described in Methods.
We found that the race-specific coefficients are large and negative
for white, black and Hispanic drivers, which again suggests that the
observed drop in searches in Colorado and Washington was caused
by the legalization of marijuana in those states.

Despite the legalization of marijuana decreasing search rates
across race groups, Fig. 4 shows that the relative disparity between
whites and minorities remained. We applied the threshold test to
assess the extent to which this disparity in search rates may reflect
bias. Examining the inferred thresholds (shown in Supplementary
Fig. 3), we found that white drivers faced consistently higher search
thresholds than minority drivers, both before and after marijuana
legalization. The data thus suggest that, although overall search
rates dropped in Washington and Colorado, black and Hispanic
drivers still faced discrimination in search decisions.

Discussion

Analysing nearly 100 million traffic stops across the country, we have
worked to quantify the often complex relationship between race and
policing in the United States. Our analysis provides evidence that
decisions about whom to stop and, subsequently, whom to search are
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Fig. 4 | Percentage of stops that resulted in a search before and after recreational marijuana was legalized in Colorado and Washington at the end

of 2012. After legalization, there was a substantial drop in search rates. The vertical dashed lines indicate the timing of legalization; the other dashed
lines show fitted linear trends pre- and post-legalization. The left panel (Colorado) represents 1,674,619 stops and the right panel (Washington)
represents 3,985,677 stops. We excluded data for the fourth quarter of 2012, since that period includes stops both before and after legalization.
Additionally, in both states, we excluded searches incident to an arrest and other searches that are conducted as a procedural matter, irrespective of any

suspicion of drug possession.
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Fig. 5 | Percentage of stops that resulted in a search in 12 states in which recreational marijuana was not legalized. In the 12 states where marijuana
was not legalized—and for which we have the necessary data—search rates did not exhibit sharp declines at the end of 2012, which further suggests
that marijuana legalization caused the observed drop in search rates in Colorado and Washington. The plots are based on the following number of stops:
2,038,850 in AZ, 19,012,414 in CA, 3,686,757 in FL, 1,773,546 in MA, 547,115 in MT, 3,500,180 in NC, 4,660,935 in OH, 229,691in RI, 3,909,950 in SC,
20,494,642 in TX, 250,949 in VT and 741,245 in WI. Dashed lines are as in Fig. 4.

biased against black and Hispanic drivers. Our results, however, also
point to the power of policy interventions—specifically, legalization
of recreational marijuana—to reduce these racial disparities.

These findings lend insight into patterns of policing, but they
only partially capture the wider impacts of law enforcement on

communities of colour. If, for example, officers disproportionately
patrol black and Hispanic neighbourhoods, the downstream effects
can be injurious even if individual stop decisions are not directly
affected by the colour of ones skin. Similarly, enforcement of
minor traffic violations, like broken tail lights—even if conducted
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uniformly and without animus—can place heavy burdens on black
and Hispanic drivers without improving public safety’”. We hope
the data we have collected and released are useful for measuring,
and in turn addressing, these broader effects.

In the course of carrying out this study, we encountered many
challenges working with large-scale policing data. We conclude by
offering several recommendations for future data collection, release
and analysis. As a minimum, we encourage jurisdictions to collect
individual-level stop data that include the date and time of the stop;
the location of the stop; the race, gender and age of the driver; the stop
reason; whether a search was conducted; the search type (for example,
‘probable cause’ or ‘consent’); whether contraband was found during a
search; the stop outcome (for example, a citation or an arrest); and the
specific violation with which the driver was charged. Most jurisdic-
tions collect only a subset of this information. There are also variables
that are currently rarely collected but would be useful for analysis,
such as indicia of criminal behaviour, an officer’s rationale for con-
ducting a search and short narratives written by officers describing
the incident. New York City’s UF-250 form for pedestrian stops is an
example of how such information can be efficiently collected**.

Equally important to data collection is ensuring the integrity
of the recorded information. We frequently encountered missing
values and errors in the data (for example, implausible values for
a driver’s age and invalid racial categorizations). Automated proce-
dures can be put in place to help detect and correct such problems.
For example, the recorded race of the driver is often based on the
officer’s perception rather than a driver’s self-categorization. While
there are perhaps sound reasons for this practice, it increases the
likelihood of errors. To quantify and correct for this issue, police
departments might regularly audit their data, possibly by compar-
ing an officer’s perception of race to a third party’s judgement based
on driver’s licence photos for a random sample of stopped drivers.

Despite the existence of public records laws, several jurisdic-
tions failed to respond to our repeated requests for information. We
hope that law enforcement agencies consider taking steps to make
data more accessible to both external researchers and the public.
Connecticut and North Carolina are at the forefront of opening up
their data, providing online portals for anyone to download and
analyse this information.

We also hope that police departments start to analyse their data
regularly and report the results of their findings. Such analyses
might include estimates of stop, search and hit rates stratified by
race, age, gender and location; distribution of stop reasons by race;
and trends over time. More ambitiously, departments could use
their data to design statistically informed guidelines that encour-
age more consistent, efficient and equitable decisions®**-**. Many of
these analyses can be automated and rerun regularly with little mar-
ginal effort. In conjunction with releasing the data underlying these
analyses, we recommend that the analysis code also be released to
ensure reproducibility.

Finally, it bears emphasis that the type of large-scale data analysis
we have carried out in this paper is but one of many complemen-
tary ways to gauge and rectify bias in police interactions with the
public. Just as critical, for example, are conversations with both offi-
cers and community members, who can often provide more nuance
than is possible with our aggregate statistical approach. Collecting,
releasing and analysing police data are important steps for increas-
ing the effectiveness and equity of law enforcement practices, and
for improving relations with the public through transparency.
Ultimately, though, data collection and analysis are not enough. We
must act on the results of such efforts if we are to reduce the persis-
tent, discriminatory impacts of policing on communities of colour.

Methods
Data collection and standardization. Our primary dataset includes
94,778,505 stops from 21 state patrol agencies and 35 municipal police departments.
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For more detail on all jurisdictions whose data were used in our analyses,
Supplementary Table 2 lists the total number of stops and the range of years in
which these stops took place. The table also indicates whether each of several
important covariates was available in each jurisdiction: the date and time of the
stop; more granular geographic information; the race, age and gender of the
stopped driver; and whether a search was conducted and, if so, whether contraband
was found. Our data-processing pipeline was extensive. Below we describe some
of the key steps in this process, and also note that the complete code required to
process the data is available at https://openpolicing.stanford.edu.

For each state and city, we requested individual-level records for traffic stops
conducted since 2005, under the state’s public records law and filed with the agency
responsible for traffic stop data collection. The 33 states and 56 cities that complied
provided the data in various formats, including raw text files, Microsoft Excel
spreadsheets and Microsoft Access databases. We converted all data we received to
a standard comma-separated, text-file format. The states and cities varied widely
in terms of the availability of the different data fields, the manner and detail of how
the data were recorded and in recording consistency from year to year, even within
the same location.

We standardized available fields when possible. Often, locations provided
dictionaries to map numeric values to human-interpretable ones. Aggregated
data—as provided by Missouri, Nebraska and Virginia, for example—were
disaggregated by expanding the number of rows by the reported count. For
some locations, we had to manually map the provided location data to a county
or district value. For example, in Washington, counties were mapped by first
computing the latitude and longitude of the highway post that was recorded for
the stop, and then those coordinates were mapped to a county using a shapefile.
The raw data we received from the states and cities, the processed data we used in
this analysis and the code to clean and analyse the data are all available for public
inspection and reuse.

In many cases, more than one row in the raw data appeared to refer to the same
stop. For example, in several jurisdictions each row in the raw data referred to one
violation, not one stop. We detected and reconciled such duplicates by matching
on a location-specific set of columns. For example, in Colorado we counted two
rows as duplicates if they had the same officer identification code, officer first and
last name, driver first and last name, driver birth date, stop location (precise to
the milepost marker) and stop date and time. This type of de-duplication was a
common procedure that we applied to many states and cities.

The raw data provided to us by state and municipal police agencies often
contained clear errors. We ran numerous automated checks to detect and correct
these where possible, although some errors probably remain due to the complex
nature of the data. For example, after examining the distribution of recorded values
in each jurisdiction, we discovered a spurious density of stops in North Carolina
listed as occurring at precisely midnight. As the value ‘00:00” was probably used
to indicate missing information, we treated it as such. In Pittsburgh, PA, recorded
values for ‘sex’” and ‘gender’ did not match 73% of the time in the pedestrian stop
data, suggesting data corruption. (Note that we did not include pedestrian stop data
in our analysis, but we have released those records for other researchers to use.)

In another example, past work revealed that Texas State Patrol officers
incorrectly recorded many Hispanic drivers as white, an error the agency
subsequently corrected”. To investigate and adjust for this issue, we imputed
Hispanic ethnicity from surnames. To carry out this imputation, we used a dataset
from the U.S. Census Bureau that estimates the racial and ethnic distribution
of people with a given surname for surnames occurring at least 100 times”.

To increase the matching rate, we performed minor string edits to the names,
including removal of punctuation and suffixes (for example, Jr’ and ‘I’), and
considered only the longest word in multi-part surnames. Following previous
studies’™*, we defined a name as ‘typically’ Hispanic if at least 75% of people w th
that name identified as Hispanic, and we note that 90% of those w th typically
Hispanic names identified as Hispanic in the 2000 Census.

Among drivers with typically Hispanic names, the proportion labelled as
Hispanic in the raw data was quite low in Texas (37%), corroborating past results.
For comparison, we considered Arizona and Colorado, the two other states that
included driver name in the raw data. The proportion of drivers with typically
Hispanic names labelled as Hispanic in the raw data was 70% in Colorado and 79%
in Arizona, much higher than in Texas. Because of this known issue in the Texas
data, we re-categorized as ‘Hispanic’ all drivers in Texas with Hispanic names who
were originally labelled ‘white’ or who had missing race data; this method adds
about 1.9 million stops of Hispanic drivers over the period 2011-2015. We did not
re-categorize drivers in any other jurisdiction.

Veil-of-darkness analysis. In our veil-of-darkness analysis, we compared stop
rates before sunset and after dusk—as is common when applying this test.
Specifically, sunset is defined as the point in time where the sun dips below the
horizon, and dusk (also known as the end of civil twilight) is the time when

the sun is six degrees below the horizon and when it is generally considered to

be ‘dark’ As recommended by Grogger and Ridgeway”’, we further restricted

to stops that occurred during the ‘inter-twilight period’: the range from the
earliest to the latest time that dusk occurs in the year. This range is approximately
17:00-22:00, although the precise values differ by location and year. All times in
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the inter-twilight period are, by definition, light at least once in the year and dark
at least once in the year. In Supplementary Table 1, we report the results of several
variations of our primary veil-of-darkness model (for example, varying the degree
of the natural spline from 1 to 6). The results were statistically significant and
qual tatively similar in all cases.

Threshold test. The threshold test for discrimination was introduced by Simoiu
et al.” to mitigate the most serious shortcomings of benchmark and outcome
analysis. The test is informed by a stylized model of officer behaviour. During
each stop, officers observe a myriad of contextual factors—including the age,
gender and race of the driver, and behavioural indicators of nervousness or
evasiveness. We imagine that officers distil all these complex signals down to a
single number, p, that represents their subjective estimate of the likelihood that
the driver is carrying contraband. Based on these factors, officers are assumed to
conduct a search if, and only if, their subjective estimate of finding contraband,
P, exceeds a fixed, race-specific search threshold for each location (for example,
county or district). Treating both the subjective probabilities and the search
thresholds as latent, unobserved quantities, our goal is to infer them from data.
The threshold test takes a Bayesian approach to estimating the parameters of this
process, with the primary goal of inferring race-specific search thresholds for
each location.

Under this model of officer behaviour, we interpret lower search thresholds
for one group relative to another as evidence of discrimination. If, for example,
officers have a lower threshold for searching black drivers than white drivers,
that would indicate that they are willing to search black drivers on the basis
of less evidence than for white drivers—and we would conclude that black
drivers are being discriminated against. In the economics literature, this type of
behaviour is often called taste-based discrimination® as opposed to statistical
discrimination**!, in which officers might use a driver’s race to improve their
estimate that the driver is carrying contraband. Regardless of whether such
information increases the efficiency of searches, officers are legally barred from
using race to inform search decisions outside of circumscribed situations (for
example, when acting on specific and reliable suspect descriptions that include
race among other factors). The threshold test, however, aims to capture only
taste-based discrimination, as is common in the empirical literature
on discrimination.

In our work, we applied a computationally fast variant of the threshold test
developed by Pierson et al.”?, which we fit separately on both state patrol stops
and municipal police stops. As described below, we modified the Pierson et al.
test to include an add tional hierarchical component. For example, while the
original Pierson et al. model considered one state, and allowed parameters to vary
by county (and race) within that state, our state patrol model considers multiple
states, allowing parameters to vary by county (and race) within each state. Relevant
information is partially pooled across both counties and states. Similarly, our
municipal model considers multiple police departments, allowing parameters to
vary by police district (and race) within each department.

To run the threshold test, we assume the following information is observed
for each stop, i:

1. the race of the driver, r;

2. the region—state (for the state patrol model) or city (for the municipal police
model)—where the stop occurred, g (for example, Texas or Nashville)

3. the specific county (for the state patrol model) or district (for the municipal
police model) where the stop occurred, d; (for example, Harris County, TX or
Hermitage Precinct, Nashville)

4. whether the stop resulted in a search, indicated by S, € {0, 1}, and

5. whether the stop resulted in contraband recovery, indicated by H; € {0, 1}

To formally describe the threshold test, we need to specify the parametric
process of search and recovery, as well as the priors on those parameters. For ease
of exposition, we present the model for state patrol stops, where stops occur in
counties that are nested within states. The municipal stop model has the same
structure, with districts corresponding to counties and cities corresponding to
states. We start by describing the latent signal distributions on which officers
base their search decisions, which we parameterize by the race and location of
drivers. As detailed in Pierson et al.”, these signal distributions are modelled
as homoskedastic discriminant distributions, a class of logit-normal mixture
distributions supported on the un t interval [0, 1]. Discriminant distributions
can closely approximate beta distributions, but they have properties that are
computationally attractive. Each race- and county-specific signal distribution can
be described using two parameters, which we denote by ¢, and §,,. In our setting,
¢, € (0, 1) is the proportion of drivers of race r in county d that carry contraband;
and §,,> 0 characterizes how difficult it is to identify drivers with contraband™.

We impose additional structure on the signal distributions by assuming that
¢, and 8, can be decomposed into additive race and location terms. Specifically,
given parameters ¢,, for each race group r and state g, and parameters ¢, for each
county d, we set

¢, 4 = logit 1(¢r‘g[d] +¢4)

where g[d] denotes the state g in which county d lies. Similarly, for parameters 6,
and &, we set

6rd = exp(8yga) + 6a)

Following Pierson et al.”?, we use hierarchical priors* on the signal distributions
that restrict geographical heterogeneity while allowing for base rates to differ across
race groups. This choice substantially accelerates model fitting. In particular, we
use the following priors:

Hos Hs ~ N<07 1)
¢ 4,04 ~ N(0,0.1%)
¢r,g ~ N<ﬂ¢,0.12)

Srg ~ N(us,0.1%)

Next we detail the structure of our search thresholds. In our informal
description above, officers search drivers when their estimated likelihood
of possessing contraband exceeds a specific race- and county-specific value
t.; € (0, 1). For computational reasons, we map these thresholds from the unit
interval to the real line via a monotonic transformation outlined in Pierson et al.”.
For simplicity, we continue using the notation ¢, to denote these transformed
values. As above, we set a hierarchical prior on the threshold values. Specifically,
we have

tra ~ N(t,07)
by~ N<O~ 1)«,

o; ~N(0,1)

Finally, given this parametric model of signals and thresholds, we describe the
underlying data-generating process, which mirrors our informal description above.
For each stop i, we draw a signal p; from the associated race- and location-specific
discriminant distribution. If the signal p; exceeds the race- and location-specific
threshold t,, 4,, then a search is conducted and S;=1; otherwise there is no search
and S;=0. If a search is conducted, contraband is found with probability p,, in
which case H;=1; otherwise, H,;=0.

The hierarchical structure we employ allows us to make reasonable inferences
even for locations w th a relatively small number of stops. However, to ensure more
statistically robust estimates, we limit our analysis to counties and districts with at
least 50 searches per race group. To gauge the sensitivity of our results, we repeated
our analysis with priors having 0.5x and 1.5X s.d. of the priors in our main
analysis, and found nearly identical results under these transformations.

For both the state patrol and municipal department model, we perform
posterior predictive checks to ensure that the models fit the data well. Specifically,
for each county (state patrol model) or district (municipal department model) and
race group, we compare the observed search and recovery rates to their expected
values under the assumed data-generating process, with parameters drawn from
the inferred posterior distribution. Such posterior predictive checks are a common
approach for identifying and measuring systematic differences between a f tted
Bayesian model and the data**. Supplementary Fig. 1 shows the results of these
posterior predictive checks. For both the state patrol model and the municipal
department model, the prediction errors are minimal and similar across
race groups.

Given the inferred race- and location-specific thresholds, £, 4, we define overall
race-specific thresholds #, for both states and municipal departments in two steps.
First, for each state (municipal department) g, we compute an average £, over all
its counties (districts), weighting each threshold #, 4 by the proportion of stops in
location d. Next, we calculate 7. as the unweighted average of all state thresholds
f, ¢ (or municipal thresholds) for race group r. In the second step, we take the
unweighted average to account for differences in reporting practices across states,
although our results are qualitatively similar under alternative averaging schemes.

Effects of legalization of marijuana. Measures legalizing recreational marijuana
took effect on 9 December 2012 in Washington, and on 10 December 2012 in
Colorado. In Colorado, an additional Senate bill was passed on 28 May 2013
(‘Inferences for Marijuana and Driving Offenses, HB 13-1325) limiting the amount
of tetrahydrocannabinol a person can have in their bloodstream to 5ngml". Below
we describe the data-processing choices we made when examining the effects
of marijuana legalization, and then provide additional detail to supplement the
analyses reported in Results.

When calculating the proportion of stops that resulted in drug-related offences,
we excluded all alcohol-related violations or those relating to drug paraphernalia
or drug-related felonies. More specifically, we excluded the following violation
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Table 1| Effects of legalization of recreational marijuana on
search rates, as estimated using a difference-in-difference
model. All race groups experienced a large drop in search rate

Coefficient s.e. 95% Cl P value
Effect of legalization -0.96 002 (-1.01,-0.92) <0.001
on white drivers
Effect of legalization -0.98 006 (-1.09,-0.87) <0.001
on black drivers
Effect of legalization -0.69 0.03 (-0.76,-063) <0.001
on Hispanic drivers
Time (years) -0.04 000 (-0.04,-004) <0.001
Black driver 078 000 (0.77,079) <0.001
Hispanic driver 0.59 0.00 (0.58,0.59) <0.001

codes in Washington: ‘Drugs paraphernalia—misdemeanor), ‘DUI—Drugs W/Test,
‘DUI—Drugs No Test, ‘Veh Hom—DUI/Drug, ‘Veh Assault—DUI/Drug, ‘Drugs
paraphernalia—felony’ and ‘Drugs—felony’. And, in Colorado, we excluded the
following: ‘Drove Vehicle While Under the Influence of Alcohol or Drugs or Both,
‘Possession of Drug Paraphernalia’ and ‘Drove (Motor/Off-highway) Vehicle upon
Highway When (License/Privilege to Drive) was Restrained for Express Consent or
Alcohol/Drug Related Offense.

Furthermore, when analysing search rates, we excluded impound, incident
to arrest, protective frisk and warrant searches, as these types of search are not
usually motivated by drug recovery. In Colorado, this means that we include
both consent and probable cause searches. However, in Washington, we
note that probable cause searches are barred because the state does not have
an automobile exception for warrantless searches. For further context, it is
acceptable in most states for police officers to conduct a (limited) warrantless
search of a vehicle when officers have probable cause to believe that contraband
or other evidence of a crime is in a vehicle, a policy known as the ‘automobile
exception’ to the warrant requirement for searches. Washington, however, does
not recognize this exception. Even if an officer has well-founded probable cause
to believe that contraband or other evidence of a crime is in a vehicle, the officer
still cannot search the vehicle without a warrant and must instead conduct the
search pursuant to another exception to the warrant requirement, usually a
driver’s consent.

As discussed in Results, the proportion of stops resulting in a search fell
substantially in both Colorado and Washington, while in 12 states where marijuana
was not legalized, search rates did not show sharp drops at the end of 2012. To
assess this pattern quantitatively, we fit the following difference-in-differences
search model on the set of stops in the 14states we consider here (Colorado,
Washington and the 12 non-legalization states):

Pr(Y; = 1) = logit ‘( e 4 e + gty +a§ﬁ*z,)

where Y indicates whether a search was conducted, £ and f** are state

and race fixed effects and = is a time trend, with f a continuous variable in

units of years since legalization (for example, =0.5 means 6 months
post-legalization). The Z term indicates ‘treatment’ status—that is, Z=1in
Colorado and Washington for stops carried out during the post-legalization period,
and Z,=0 otherwise. Thus the key parameters of interest are the race-specific
coefficients af*®. Table ! lists coefficients for the fitted model. We found that /¢
is large and negative for white, black and Hispanic drivers, suggesting that the
observed drop in searches in Colorado and Washington was due to marijuana
legalization in those states.

Despite marijuana legalization decreasing search rates for white, black and
Hispanic drivers, Fig. 4 shows that the relative disparity between white and
non-white drivers remains. In addition, Supplementary Fig. 3 shows that white
drivers faced consistently higher search thresholds than black and Hispanic
drivers, both before and after marijuana legalization. Supplementary Fig. 3
also shows that the threshold faced by all groups decreases after legalization
(although not all drops are statistically significant). There are several possible
explanations for this decrease. Officers may not have fully internalized the
change of policy, searching people who would have been at risk of carrying
contraband before legalization but who were no longer high risk after marijuana
became legal. Alternatively, or in addition, officers may have become focused
on more serious offences (such as drug trafficking), applying a lower threshold
commensurate with the increase in the severity of the suspected crime. Finally,
officers may have had more resources after being relieved of the task of policing
marijuana possession, freeing them to make searches with a lower chance of
finding contraband.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability
All data to reproduce the findings of this study are available at https://openpolicing.

stanford.edu.

Code availability
All code to reproduce the findings of this study is available at https://openpolicing.
stanford.edu.

Received: 23 August 2017; Accepted: 13 March 2020,
Published online: 4 May 2020

References

1. Davis, E., Whyde, A.& Langton, L. Contacts between Police and the Public,
2015 (Bureau of Justice Statistics, 2018); http://www.bjs.gov/index.
cfm?ty=pbdetail&iid=6406

2. Langton, L. & Durose, M. Police Behavior during Traffic and Street Stops, 2011
https://www.bjs.gov/content/pub/pdf/pbtss11.pdf (US Department of Justice,
2013).

3. Baumgartner, ER., Epp, D.A. & Shoub, K. Suspect Citizens: What 20 Million
Traffic Stops Tell Us about Policing and Race (Cambridge Univ. Press, 2018).

4. Glaser, J. Suspect Race: Causes and Consequences of Racial Profiling (Oxford
Univ. Press, 2015).

5. Epp, C., Maynard-Moody, S. & Haider-Markel, D. Pulled Over: How Police
Stops Define Race and Citizenship (Univ. of Chicago Press, 2014).

6. Antonovics, K. & Knight, B. A new look at racial profiling: evidence from the
Boston Police Department. Rev. Econ. Stat. 91, 163-177 (2009).

7. Simoiu, C., Corbett-Davies, S. & Goel, S. The problem of infra-marginal ty in
outcome tests for discrimination. Ann. Appl. Stat. 11, 1193-1216 (2017).

8. Anwar, S. & Fang, H. An alternative test of racial prejudice in motor vehicle
searches: theory and evidence. Am. Econ. Rev. 96, 127-151 (2006).

9. Ridgeway, G. & MacDonald, ]. Doubly robust internal benchmarking and
false discovery rates for detecting racial bias in police stops. J. Am. Stat.
Assoc. 104, 661-668 (2009).

10. Ridgeway, G. Assessing the effect of race bias in post-traffic stop outcomes

using propensity scores. J. Quant. Criminol. 22, 1-29 (2006).
. Ryan, M. Frisky business: race, gender and police activity during traffic stops.
Eur. J. Law Econ. 41, 65-83 (2016).

12. Rojek, J., Rosenfeld, R. & Decker, S. The influence of driver’s race on traffic
stops in Missouri. Police Q. 7, 126-147 (2004).

13. Sm th, M. & Petrocelli, M. Racial profiling? A multivariate analysis of police
traffic stop data. Police Q. 4, 4-27 (2001).

14. Warren, P, Tomaskovic-Devey, D., Smith, W,, Zingraff, M. & Mason, M.
Driving while black: bias processes and racial disparity in police stops.
Criminology 44, 709-738 (2006).

15. Hetey, R., Monin, B., Maitreyi, A. & Eberhardt, ]. Data for Change: A
Statistical Analysis of Police Stops, Searches, Handcuffings, and Arrests in
Oakland, Calif,, 2013-2014 (Stanford Univ., SPARQ, 2016); https://sparq.
stanford.edu/data-for-change

16. Voigt, R. et al. Language from police body camera footage shows racial
disparities in officer respect. Proc. Natl Acad. Sci. USA 114, 6521-6526 (2017).

17. Chohlas-Wood, A., Goel, S., Shoemaker, A. & Shroff, R. An Analysis of the
Metropolitan Nashville Police Department’s Traffic Stop Practices https://
policylab.stanford.edu/media/nashville-traffic-stops.pdf (Stanford
Computational Policy Lab, 2018).

18. Gelman, A., Fagan, J. & Kiss, A. An analysis of the New York City Police
Department’s ‘stop-and-frisk’ policy in the context of claims of racial bias.

J. Am. Stat. Assoc. 102, 813-823 (2007).

19. Baumgartner, E. R,, Epp, D. A., Shoub, K. & Love, B. Targeting young men of
color for search and arrest during traffic stops: evidence from North Carolina,
2002-2013. Polit. Groups Identities 5, 107-131 (2017).

20. Legewie, J. Racial profiling and use of force in police stops: how local
events trigger periods of increased discrimination. Am. J. Sociol. 122,
379-424 (2016).

21. Grogger, ]. & Ridgeway, G. Testing for racial profiling in traffic stops from
behind a veil of darkness. J. Am. Stat. Assoc. 101, 878-887 (2006).

22. Pierson, E., Corbett-Davies, S. & Goel, S. In International Conference on
Artificial Intelligence and Statistics (eds Storkey, A. & Fernando Perez-Cruz,
E) 96-105 (PMLR, 2018).

23. Becker, G. Nobel Lecture: the economic way of looking at behavior. J. Polit.
Econ. 101, 385-409 (1993).

24. Becker, G. The E ics of Discrimination (Univ. of Chicago Press, 1957).

25. Ridgeway, G. Cincinnati Police Department Traffic Stops: Applying RAND
Framework to Analyze Racial Disparities (RAND Corporation, 2009); https://
www.rand.org/pubs/monographs/MG914.html

26. Ayres, 1. Outcome tests of racial disparities in police practices. Justice Res.
Policy 4, 131-142 (2002).

27. Knowles, J., Persico, N. & Todd, P. Racial bias in motor vehicle searches:
theory and evidence. J. Polit. Econ. 109, 203-229 (2001).

1

—

744 NATURE HUMAN BEHAVIOUR | VOL 4 | JULY 2020 | 736-745 | www nature.com/nathumbehav



-Cr-0004

NATURE HUMAN BEHAVIOUR

'ARTICLES

28. Engel, R. S. & Tillyer, R. Searching for equilibrium: the tenuous nature of the
outcome test. Justice Q. 25, 54-71 (2008).

29. Mitchell, O. & Caudy, M. Examining racial disparities in drug arrests.

Justice Q. 32, 288-313 (2015).
30. Angrist, J.D. & Pischke, J.-S. Mostly Harmless Econometrics: An Empiricist’s
Companion (Princeton Univ. Press, 2008).

. Goel, S., Rao, J. & Shroff, R. Precinct or prejudice? Understanding racial
dispar ties in New York City’s stop-and-frisk policy. Ann. Appl. Stat. 10,
365-394 (2016).

32. Mummolo, J. Modern police tactics, police—citizen interactions, and the

prospects for reform. J. Polit. 80, 1-15 (2018).

33. Goel, S., Rao, J. & Shroff, R. Personalized risk assessments in the criminal
justice system. Am. Econ. Rev. 106, 119-123 (2016).

34. Jung, J., Concannon, C., Shroff, R., Goel, S. & Goldstein, D.G. Simple rules to
guide expert classifications. J. R. Stat. Soc. Ser. A (in the press).

35. Corbett-Davies, S., Pierson, E., Feller, A., Goel, S. & Huq, A. Algorithmic
decision making and the cost of fairness. In Proc. 23rd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining (2017).

36. Friberg, B. et al. Texas Troopers Ticketing Hispanic Drivers as White
(KXAN, 2015); https://www.kxan.com/investigations/
texas-troopers-ticketing-hispanic-drivers-as-wh te/

37. Word, D., Coleman, C., Nunziata, R. & Kominski, R. Demographic Aspects of
Surnames from Census 2000 http://www2.census.gov/topics/
genealogy/2000surnames/surnames.pdf (US Census Bureau, 2008).

38. Word, D. & Perkins, C. Building a Spanish Surname List for the 1990s: A New
Approach to an Old Problem (Population Division, US Census Bureau, 1996).

39. Melendres v Arpaio (2009). 598 E. Supp. 2d 1025 (D. Ariz., 2009).

40. Arrow, K. in Discrimination in Labor Markets (eds Ashenfelter, O. & Rees, A.)
3-33 (Princeton Univ. Press, 1973).

41. Phelps, E. The statistical theory of racism and sexism. Am. Econ. Rev. 62,
659-661 (1972).

3

—

42. Gelman, A., Carlin, ].B., Stern, H.S. & Rubin, D.B. Bayesian Data Analysis
2nd edn (Taylor & Francis, 2014).

43. Gelman, A., Meng, X.-L. & Stern, H. Posterior predictive assessment of model
fitness via realized discrepancies. Stat. Sin. 6, 733-760 (1996).

Acknowledgements

We thank B. Bonilla, W. Kim, J. Nudell, S. Robertson and E. Sagara for their assistance
throughout this project; we also thank A. Chohlas-Wood and A. Feller for their
helpful feedback. This work was supported in part by the John S. and James L. Knight
Foundation and by the Hellman Foundation. The funders had no role in study design,
data collection and analysis, decision to publish or preparation of the manuscript.

Author contributions
E.P,CS.,J.0,S.C-D,DJ,AS., VR, PB, C.P,RS. and S.G. designed research,
performed research, analyzed data, and wrote the paper.

Competing interests

The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/
$41562-020-0858-1.

Correspondence and requests for materials should be addressed to S.G.
Peer review information Primary handling editor: Aisha Bradshaw
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

© The Author(s), under exclusive licence to Springer Nature Limited 2020

NATURE HUMAN BEHAVIOUR | VOL 4 | JULY 2020 | 736-745 | www.nature.com/nathumbehav 745



Case 3:21-cr-00042-JAG Document 66-2 Filed 03/09/22 Page 11 of 12 PagelD# 423

natureresearch

Last updated by author(s): Mar 6, 2020

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see Authors & Referees and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
Q

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one or two sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OO0 O 0O oOn oo
XXX X X XX X XIKX

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection All code to reproduce the findings of this study is available at:https://openpolicing.stanford.edu.

Data analysis All code to reproduce the findings of this study is available at:https://openpolicing.stanford.edu.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

Accession codes, unique identifiers, or web links for publicly available datasets
A list of figures that have associated raw data
A description of any restrictions on data availability

All data to reproduce the findings of this study are available at: https://openpolicing.stanford.edu.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[ ] Life sciences X] Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr reporting summary flat.pdf

>
Q
-
(=
=
(0]
=
D
wv
(]
o3}
=
[a)
>
=
D
©
[}
=
=
>
«Q
wv
C
%}
=
<




Case 3:21-cr-00042-JAG Document 66-2 Filed 03/09/22 Page 12 of 12 PagelD# 424

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description A quantitative study of traffic stop data.
Research sample We analyzed data on traffic stops from 21 state patrol agencies and 35 municipal police departments in the United States.

Sampling strategy We used all available data that were sufficiently complete to conduct our analysis.

>
Q
-
(=
=
(0]
=
D
wv
(]
o3}
=
[a)
>
=
D
©
[}
=
=
>
«Q
wv
C
%}
=
<

Data collection We collected the data in digital form through public records requests filed with the appropriate police agencies.
Timing We continually collected data during the period 2014 2019.
Data exclusions We did not exclude any data that were deemed sufficient to conduct our analysis.

Non participation N/A

Randomization N/A

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[] Antibodies XI|[] chiP seq
[] Eukaryotic cell lines XI|[] Flow cytometry
D Palaeontology & D MRI based neuroimaging

[ ] Animals and other organisms
D Human research participants

[ ] Clinical data

MENNNNK S




Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 1 of 8 PagelD# 425



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 2 of 8 PagelD# 426



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 3 of 8 PagelD# 427



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 4 of 8 PagelD# 428



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 5 of 8 PagelD# 429



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 6 of 8 PagelD# 430



Case 3:21-cr-00042-JAG Document 66-3 Filed 03/09/22 Page 7 of 8 PagelD# 431






Case 3:21-cr-00042-JAG Document 66-4 Filed 03/09/22 Page 1 of

Why is Richmond still segregated?

Richmond Times Dispatch (Virginia)
May 3, 2015 Sunday

2 Edition

Copyright 2015 Richmond Newspapers, Inc. All Rights Reserved
Section: COMMENTARY; Pg. 1E
Length: 8081 words

Byline: Staff

Body

The 56th RT-D Public Square drew a standing-room-only crowd for a dynamic discussion that looked back and
forward: Why is Richmond so segregated? Held at The Times-Dispatch building on East Franklin Street, the
daytime Square ran past its 90-minute deadline, fueled by a deep but civil discussion about one of Richmond's

most confounding legacies.

Moderated by Times-Dispatch Publisher Tom Silvestri, the conversation began with presentations from John
Moeser, a senior fellow at the Bonner Center for Civic engagement at the University of Richmond and an eminent
professor of urban studies, and by Heather Mullins Crislip, president and CEO of Housing Opportunities Made
Equal, a Richmond Region nonprofit that advocates for equal access to housing for everyone. Victor Branch, a
member of the HOME board and the Richmond market president for Bank of America, spoke, as did Richmond
Commonwealth's Attorney Michael Herring and Times-Dispatch columnist Michael Paul Williams. A vigorous
session of questions and comments ensued. Today, we present some highlights. You can watch a video of the

entire event on Richmond.com.

Tom Silvestri, publisher: ... We're going to explore, with your help, the issue of modern-day segregation in the
region. We coincidentally have picked this topic because April is National Fair Housing Month. ... So in broad
strokes today, why is Richmond still segregated? We'll explore the history. We'll understand some answers. We'll

take some questions. And we'll explore reasons. We'll start by having a conversation with four speakers. ...

We have a renowned professor of urban studies who's been at this issue for many years. We have an attorney and
an advocate for fair housing. We have a banking executive, who's orchestrated programs to reward neighborhood
progress. And also with us is probably one of the main reasons you read The Times-Dispatch, a longtime journalist

who writes about Richmond from the perspective of being a native Richmonder. ...
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So let me introduce our first speaker. ... John Moeser, a senior fellow at the Bonner Center for Civic Engagement
at the University of Richmond, and a professor emeritus of urban studies and planning at VCU. ... John will give an

overview of what led to Richmond becoming more segregated in the 20th century than it was in the 18th and 19th.

John Moeser: ... Today, Richmond is more segregated than it was in the 19th century. Remember, the 19th century
was the period that included institutionalized slavery - and led Richmond to become the largest interstate slave
market in the South. Yet when you examine 19th century maps that show where African-Americans lived, both free
and slave, one is struck that the spatial distribution of race was scattered. Domestic servants lived near the places
where they worked. Sometimes in separate quarters of their master's house. Slave owners who had a surplus of
slaves - or slaves who otherwise would have been idled after planting and harvesting - would hire out slaves to
work in Richmond's factories. Slaves had to find their own houses in the city, and so they often sought out places
closest to work. Fundamentally, however, blacks and whites lived in proximity to each other, because for most of
the 19th century Richmond was a small, geographically compact, walking city. That didn't change until the last

quarter of the century, when, as you know, Richmond acquired the first commercially successful streetcar system.

The reason we're more segregated today is because of what happened in the 20th century. Blacks were no longer
slaves, at least in the legal sense. They were hemmed in ... by Jim Crow laws that for many amounted to slavery.
Richmond was the second city in the United States to adopt a race-based zoning code. It's interesting that it was a
northern city that first adopted a race-based zoning code. It was Baltimore. In 1910, the city of Richmond zoned
neighborhoods by race. Neighborhoods for whites, and neighborhoods for blacks. It was not long thereafter that the
United States Supreme Court ruled that zoning law unconstitutional. But that ruling did not affect private individuals
or private businesses. And that's when you began to see a reliance on private covenants, which I'll talk about in just
a moment. In the 1920s, Richmond tried again to zone neighborhoods by race. But instead of referring to people by
race, which they couldn't do now under that Supreme Court ruling, the zoning code referred to Virginia's Racial
Integrity Law, that forbade interracial marriage. People could not live in neighborhoods whose residents they could

not marry because Virginia forbade interracial marriages. Blacks couldn't live in white neighborhoods, or vice versa.

By the 1930s, Richmond neighborhoods were thoroughly segregated. Though the preservation of segregation now
fell to local bankers and realtors, since the Supreme Court decisions forbade city government to use its own law-
making authority to separate neighborhoods. Restrictive covenants, which I'd mentioned earlier, which had been
used for years, proved to be particularly effective. These were restrictions written into the deeds of privately owned
homes that prohibited white homeowners from selling their houses to blacks. And in many instances, to Jews. In
1948, the Supreme Court ruled again and nullified the use of these racist covenants. From the 1930s through the
early 1960s, one of the major drivers of segregating neighborhoods was none other than the federal government
itself. Urban planners were their accomplices. Redlining the construction of public housing and the location of public
housing, highway construction, urban renewal, and economic development projects destroyed or bisected
Richmond's black neighborhoods, displacing thousands of low income African-Americans, and squeezing them into

East End Richmond, where most of the public housing has been located. Today, Richmond is more segregated
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than ever. This time by race, but more particularly by class. And the distances separated wealth and poverty are

unprecedented.

Silvestri: ... Next up, we welcome Heather Mullins Crislip, who is the president and CEO of Housing Opportunities

Made Equal. She'll give an overview ... and a detailed look of what we're talking about from the ground level.

Heather Mullins Crislip: ... | serve as president and CEO of Housing Opportunities Made Equal, also known as
HOME. We are one of the oldest and largest private fair housing organizations in the country. And we've made very
significant contributions to the national conversation on fair housing and on segregation. ... Segregation isn't an
accident of history, or a matter of preference or choice. | hope to illuminate parts of the more modern history that
brings this to light, and that afterwards we can discuss how to create a community that offers the same opportunity

for housing and wealth creation to everyone. ...

In the wake of the Great Depression, and following a foreclosure crisis just like we experienced recently, the
federal government established the Homeowner's Loan Corp., or sometimes known as HOLC. The purpose was to
prevent foreclosures and to refinance mortgages. Until that time, mortgages typically were interest-only and
culminated in a balloon payment, typically about five years after you purchased the home. And you can imagine
how that limited everybody's opportunity for home ownership and wealth-creation, because not very many middle-
class or even upper-middle-class families could accept terms like that and be able to manage them. The HOLC
provided public underwriting for private mortgages and greatly extended the amortization period: from 15 to 25
years, offering a longer time frame for repayment, and a lower interest rate. The program is credited for saving over
1 million homes during the Great Depression and is the foundation of the 30-year standard mortgage that we come

to expect today - and for establishing the home as the wealth-creation mechanism for the middle class.

It also is credited with coining the phrase "redlining." Redlining refers to the practice of denying or charging more
for services like banking and insurance in minority neighborhoods. In the case of the HOLC ... in 239 cities used red
lines to delineate neighborhoods not fit for investment. So, unfit to receive underwriting for standard mortgage

financing. The HOLC graded neighborhoods based in significant part on their racial composition. ...

Areas outlined in red were graded D and were predominantly African-American and found in the inner city. And
they therefore were ineligible for government-financed standard loans. Areas labeled type C were classified as
working class and contained a larger number of whites. The vast majority of areas graded type A or B were
populated solely by whites and were the areas that the HOLC was primarily targeting for mortgage underwriting.
The underlying racism of the HOLC grading system, and the resulting lack of private investment in predominantly
African-American neighborhoods, set us up with valuation systems for properties that still haunt us today. Neither
the income of African-Americans living there nor their social class mattered. ... Jackson Ward, as you know, was
considered the black Wall Street of the South. It was home to fabulous housing stock and gainfully employed

residents. But it was graded D, and ineligible for public underwriting for mortgages.
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Redlining spread to the entire mortgage industry, excluding African-Americans from the most legitimate means of
obtaining a mortgage - and the wealth creation and stability that home ownership affords. Every single African-
American neighborhood in Richmond was graded D. And only two non-African-American neighborhoods were
graded that way. ... Redlining paralyzed these communities, because they could no longer be financed. This meant
that they would have lower property values. And others feared the loss of property values in their own communities,
if their own communities integrated and financing became unavailable. This financial reality fueled fears of

integration.

With plummeting property values in African-American neighborhoods, and private financing not available because
it couldn't be underwritten, this is the other half of the U.S. housing policy story in Richmond. ... Instead of privately
financed opportunities to create wealth through home ownership, there was the development of public housing. As
part of Harry Truman's Fair Deal, the Housing Act of 1949 effectively served to concentrate poverty in the inner city,
through the construction of public housing. By and large, public housing units were constructed in neighborhoods
receiving a grade D by the HOLC. Since that time, efforts for federal housing subsidies have been relegated largely
to the neighborhoods with the greatest poverty rates - in effect, containing poverty to the inner city. ... This focus on
providing housing subsidies to residents most in need in receiving them is not misplaced. However, the unintended
consequences of prolonged, concentrated poverty, are a serious detriment to the health of the region. ... This
concentration is greatly exacerbated by the lack of a regional public transit system, which prevents residents of all

income levels from accessing housing opportunities throughout the region. ...

White flight is the next chapter, following the United States Supreme Court's decision in 1954. Brown v. Board of
Education declared state laws which established separate public schools for black and white children
unconstitutional. While Richmond wasn't home to the worst of massive resistance, instead white families retreated

to Henrico and Chesterfield counties and attempted to resist racial and ethnic integration. ...

This was a massive, massive shift. Between 1960 and 1970, the white population in Henrico County increased by
29 percent. For the following three decades, until 2000, the white population consistently decreased in Richmond.
There are whole neighborhoods, like Highland Park, that turned over nearly 100 percent in 10 years. Blockbusting,
a term for the business practice of encouraging whites to sell simply by implying that racial minorities are moving
into the neighborhood, was employed. This fear was fueled by the implication of decreased property values, as

established by redlining of financial underwriting in the previous decades.

In the period between 1970 and 1980, the percentage of whites in Chesterfield increased 85 percent. And from
1980 to 1990, the percentage increased by 41 percent. During these same periods, the percentage of whites in
Richmond decreased by 27 percent and 16 percent, respectively. As Tom mentioned, April is Fair Housing Month.
But there's a story behind that as well. This is because the Fair Housing Act was passed in April of 1968, just one
week following the assassination of Martin Luther King Jr. Preventing housing discrimination had been proposed for
years, but had not had the votes to pass or be included in the landmark 1964 Civil Rights Act. Martin Luther King
had been a big proponent of fair housing, and was conducting testing to demonstrate the rates of housing

discrimination, in just the weeks prior to his assassination. And Lyndon Johnson thought that the passing of the act
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was a fitting memorial as the cities rioted. The Fair Housing Act prohibits discrimination in a housing transaction

because of your membership in a protected class. And I've listed up there the protected classes. ...

The act made redlining illegal. But the practices continued. And the effects of the decades-long underinvestment
left a huge debt in African-American neighborhoods. HOME was founded shortly thereafter, and quickly established
itself as an aggressive enforcer of the act. In the 1980s, we won a U.S. Supreme Court case, Havens Realty Corp.
v. Coleman, that is largely considered one of the most important fair housing cases in the country. It allows private
fair-housing organizations to challenge racial discrimination in court, establishing the private enforcement of the law,
which is still the primary way in which the Fair Housing Act is enforced today. And not so long ago, in 1998, HOME
also won the only redlining case ever to go to trial in Virginia, against Nationwide Insurance, for redlining African-
American neighborhoods in the provision of homeowner's insurance. The jury verdict in that case was the largest
award ever in the United States in a fair housing case and was cited for major reforms in the homeowners

insurance practice across the country.

I'm going to fast-forward a few decades now, to talk a little bit about the impact in the most recent housing crisis. ...
The sub-prime lending spree that precipitated the foreclosure crisis, and the near-collapse of the U.S. economy,
had disastrous effects on minority neighborhoods across the country. Touted as a way to expand homeownership
opportunities to families that wouldn't qualify for traditional mortgage products, sub-prime lending had the effect of
stripping away any remaining wealth in minority neighborhoods. Remember that traditional financing has historically
been difficult to obtain in these communities. But now, there is another threat. And that is reverse redlining. Which is

the targeting of minority communities for inferior loan products. ...

According to publicly available mortgage data, from 2004 to 2011, 107,000 home mortgages were originated for
owner-occupied purchases in the Richmond region. ... Of those 107,000 loans, 12 percent, or about 13,000, were
considered subprime. Comparing these loans against the minority composition of the neighborhoods in which they
were made reveals startling disparities. Subprime loans accounted for just 5 percent of the total number of loans
made in neighborhoods having less than 20 percent minority population. In contrast, subprime loans constituted 31

percent of the total number of loans in neighborhoods having greater than 20 percent minority population.

Not only is it clear that minorities who got loans were more likely to receive a subprime loan than their white
counterparts, they were also more likely to be denied outright. In 2006, at the height of the lending frenzy, blacks
were denied home purchase loans nearly 19 percent of the time, compared to just 6 percent of whites. Nationally,
the Center for Responsible Lending found that even taking into account individual credit scores and other
characteristics, Hispanic and African-American borrowers were more than 30 percent more likely to receive a

subprime loan, regardless of their credit.

This is the other half of the housing crisis story. With subprime loans, we ended up with large numbers of
foreclosures. Subprime mortgages nationally made up for about 60 percent of the foreclosures during the housing
crisis. The subprime mortgage lending industry was, by and large, nonselective when it came to originating inferior
mortgage products. And the majority of subprime loans made in the region were to whites, because they make up a

large majority of the overall mortgage market. However, there are numerous high-profile examples that exist that
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show that subprime lenders purposely targeted minority neighborhoods and communities throughout country. In
Richmond, our segregated housing patterns, subprime lending, the collapse of the economy, and the resultant

foreclosure epidemic disproportionately impacted African-American neighborhoods in our region. ...

Given the fact that there are three times as many white homeowners in the region as there are African-American,
the concentration of foreclosures in predominantly African-American neighborhoods is reason for serious
consideration as to the future of wealth-building opportunities provided to minorities in our region. Even if
foreclosures represented nothing more than a one-time cost to the families, these findings would be very troubling.
But the costs are extensive, multifaceted and long term, extending far beyond individual families to their
neighborhoods, their neighbors, communities, the cities and the states. To have this damage concentrated in the

same neighborhoods that we have historically underinvested in is devastating.

| hope that what you can see is that we still have two systems in place. One where private and stable, inexpensive
financing is available to allow middle-class families to create wealth, and one where we developed public housing
without the opportunity for wealth creation, and private financing and wealth creation still fall short. Both systems
took public investment. But the opportunities that they've created for citizens are vastly different. And the lingering

financial and social costs are huge.

My final observation is this: Public policy on housing established these systems and the very real fears that
integration caused property values to drop. The legacy is much lower home ownership rates for African-Americans
in the region. The most recent data shows this isn't changing post-housing crisis. In the city of Richmond, where 40
percent of the population is white, whites received 70 percent of the home-purchase and refinanced loans in 2013.
The wealth and prosperity of the region depends on creating opportunities for stability and wealth-creation for our

families. And for all of our families. And building a housing system that supports that goal is really critical.

Silvestri: ... | don't know whether this is a good segue for a bank executive. (LAUGHTER) But you're a brave man,

Victor Branch, who has a new job of being the market president for Bank of America, and will share his perspective.

Victor Branch: | am a brave soul to come behind Heather after those sobering statistics. ... | wear two hats today.
One as the Bank of America leader in the Richmond region, my paid full-time job. But my other job, full-time job, is
serving on the board of Housing Opportunities Made Equal. | have been a part of that organization since the mid-
'90s and am so proud of the work that they have produced over these many, many years. ... So | come to you with
my passion for fair and equal housing. And | don't carry the whole industry's weight on my shoulders today, given
our history in giving those statistics. But | say the future is bright. ... The inspiring thing about realizing that our
segregated patterns are the result of policy decisions is that we have the opportunity to change them. We own this,
people. There are things that we can do to have a more prosperous and integrated community. Chief among them
are the development of more affordable housing in high-opportunity neighborhoods. And for my industry, providing
credit and home ownership opportunities to everyone in the community. It makes good business sense.

(APPLAUSE). I've been a proud member of the board of Housing Opportunities Made Equal for many years,
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because fair housing has the power to transform communities. In addition to their critical work enforcing the fair
housing laws, they also provide much-needed services to vulnerable populations in our community. HOME provides
home ownership education to about 300 low- and moderate-income individuals annually, and also provides

foreclosure prevention services with the support of banks like Bank of America, to those 300 individuals.

This work is critical to getting to the inequalities we just heard about. Brandeis University released a 25-year study
in 2013 that ... demonstrated why lagging home-ownership rates by African-American and lagging property values
in African-American neighborhoods matter. They tracked 1,700 individuals for 25 years and found that the total
wealth gap between the white and African-American families nearly tripled, increasing from $85,000 in 1974, to
$236,000 in 2009. Their key finding was that the biggest cause of those inequities was from the difference in
housing. In particular, they cited as the largest factors as having the ability to live in neighborhoods where values
are likely to increase, and the number of years ownership. We have to figure out how to take on these issues as a

community. And | know that Richmond, happy RVA, has the ability to do this. ...

Silvestri: Michael Paul Williams, will you please join me and give your perspective? You've been covering this a
long time, and you are the native Richmonder here. ... You're an objective journalist but you have a column. You've

seen it on both sides. What's your perspective on this issue?

Michael Paul Williams, Times-Dispatch columnist: ... | lived in Byrd Park. Back then, we called it the West End.
(LAUGHTER) Yeah, the real West End. | lived in a house less than half a block from Fountain Lake in Byrd Park.
And a beautiful neighborhood for a kid to grow up in the late 1950s, early 1960s. Totally black neighborhood. And at
some point, my Mom told me that when she moved into the neighborhood in the 1950s, as it turns out not
coincidentally after Brown, when a lot of these forces were at work, she was the second black homeowner to
purchase a house in that neighborhood. This is Maplewood Avenue. And six months later, it was an entirely black

community. So, that speaks to the blockbusting that was going on.

But | didn't know that. | was a kid. | was delighted to live in such close proximity to Byrd Park, Maymont park. |
guess probably at one point, | may have wondered, "Why do we have such a great neighborhood? Why would
anyone give this up?" So, it was paradise. And | lived this paradise for the first nine or 10 years of my life, and then |
was told we were moving. And | was just crestfallen. | mean, for one, | was leaving my friends. But | was also
leaving this wonderful environment. And around this time, we just started hearing talk about the expressway. The
expressway. They were building the downtown expressway, and it would shave off a good chunk of Byrd Park near
the lake, take out blocks of Grayland and Parkwood Avenue. The barbershop that | would go to was on Davis
Avenue, between Rosewood and Idlewood. That was gone. Some of the homes were taken out. So our home
would have been spared. It was spared. It stays till this day. My Mom's like, "I can't deal with this construction. My

nerves are bad. | don't want to be a part of this. We're moving."

So in October 1967, we moved out to Henrico County, out to Glen Allen. Old Glen Allen. The real Glen Allen.

(LAUGHTER) But lest you think that this represented some time where, "Oh, OK, we're close to the Fair Housing
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Act, and they're moving out to this integrated (neighborhood)," no. The neighborhood we moved out into in Henrico
was every bit as black as the neighborhood we left in the West End. It was off Hungary Road. So, | moved from one
neighborhood to the next. And it was a very nice neighborhood. New homes. Some of the most prominent African-
Americans in Richmond. Judge (James) Sheffield lived across the street. ... Just kind of a little post note - a few
years after we moved out, what would be one of the few really concentrated public housing communities that |
would ever see in Henrico was built right behind our neighborhood. Try to imagine that. Our neighborhood at one
point in the 1960s was being pointed to as an example of one of the most affluent black neighborhoods in the
South. And here we have a public housing community going up right behind it. Which | guess speaks to the kind of

investment and disinvestment that was going on.

*kk

Michael Herring, Richmond commonwealth's attorney: ... The last time | was watching this data (being presented), |
have to admit to you, a lightbulb goes off. I'm thinking, "Oh, my gosh. Where have | seen these images before?"
And | knew | had seen them through Heather's presentation. But then it occurred to me, I've seen them at intel
meetings with the police department. There are two maps (in the booklet that HOME passed out to the Public
Square audience). One shows poverty rate and school segregation. The image on page 23 shows what | like to call
"opportunity deserts and poverty reservoirs." What's fascinating to me is that the concentration of violent crime, and
therefore the disproportionate consumption of taxpayer dollars for crime fighting, is in the same areas where you

see the opportunity deserts, and the disparity in income and educational resources.

And so I'm sitting there going, "Oh, my gosh. Oh, my gosh. What is the implication for me?" And what | have come
to conclude - and this is probably not going to sit well with a lot of folks in this audience - is that the business that |
am in is in a business to nowhere. People grade the effectiveness of law enforcement in several ways. One of them
is to eliminate or reduce crime. Another is to eliminate offenders from the community. And the principle way that we

do that is to incarcerate them or felonize them.

Felons cost you money. Whether you incarcerate them or support them as second-class citizens down the road,
felons are more expensive, because their capacity to yield is significantly diminished as a result of the felony. The
felony rate in the opportunity deserts is sky-high. The felony rate in the areas where there's so much disparity in
income and educational resources is sky-high. And so I'm really struggling with how to do this. But I've got a feeling
that Richmond is going to derive a much higher yield if we felonize as a last resort. Wait a minute, because it's

complicated. As opposed to letting felonies be the default.

And you don't have time for me to go on and on about this. But | don't know how to do it yet. Because we don't

have systemic alternatives to the crime-fighting model that we have in place.

Ted Groves, Richmond: I'm the Kids Count director of Voices for Virginia's Children. ... We monitor the well-being
of Virginia's children by each locality over time, on about 100 indicators of child well-being. And we're in the middle

of producing a report that looks at the disparity of child economic well-being through a lens of race, place and family
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structure. And if we look at how children are doing in Virginia overall, things look reasonably OK. But when you
disaggregate this data by race, place and family structure, we see these huge disparities - in poverty and near-
poverty. And those factors kind of interrelated. One of the areas that we see an effect on children is segregation
and poverty. And particularly in education. Education's always been the cornerstone of freedom and democracy,
and economic security. But our children are hampered by segregated neighborhoods, with locally controlled
schools, largely locally funded schools, that are segregated by race and socio-economic status: 71 percent of the
black children of Virginia go to predominantly black schools. That's quite a bit of segregation in this day and age.
And those schools are largely underfunded. We have seen segregated urban schools with concentrated poverty.
Research shows us that children just do not do well in schools with concentrated poverty. The education research
... says that the largest influence for performance of kids is concentrated poverty in the schools, more so than the

individual poverty status of kids.

The children in Virginia, disadvantaged children, have twice the disparity level of children that aren't
disadvantaged, in reading at the third-grade level. And we know that reading's important at the third-grade level for
long-term success and academic success of kids. To sort of sum it up, ... let me just say that segregated
neighborhoods result in segregated schools, which result in segregated outcomes for kids by race and socio-

economic status.

Walt Pulliam Jr., Henrico: How does regentrification, such as Church Hill or Woodland Heights, play into this issue?

John Moeser: Gentrification of neighborhoods is contributing to suburban poverty. The increases in rents in many
of the neighborhoods as income goes up - income is going up, in many heretofore high-poverty census tracts.
Income is going up, poverty is going down in some of those census tracts. And there are only two places where

people now can find any supply of affordable housing.

One place is South Richmond. But most often, and where you have the greatest supply, are the inner suburbs of
Henrico and Chesterfield counties. And so what you have is, as the income goes up in the city, and in some cases
as poverty begins to go down, it's like squeezing a balloon. The poverty begins to spread out into the suburbs. And

in those areas, income just crashes.

The fortunes now between the city and the suburbs have been completely reversed. But to put a positive note on
this, | view, right now, gentrifying neighborhoods as a wonderful opportunity, if we will take advantage of it.
Fundamentally, in my view, what we need are mixed-income neighborhoods. No more separation, no more
segregation. Where people live in community. People of different incomes. Now, if we very purposely develop

affordable housing in those gentrifying census tracts, you can achieve that.

Martha Rollins, Richmond: As | look at the history in this - | live in Byrd Park. Same house for 45 years. Belong to

the Carillon Civic Association, which has sort of an exciting history in this housing thing. But looking at the history of
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our country and our city, so much of where we are today has been intentional, beginning in the 1600s, in money
trumping humanity. And | just wonder if it's time for in some way to throw into the mix the question of restitution, in a

way that we could not just change policy, but try to make amends for our many, many mistakes.

David Lindsay, Richmond: | live in Ginter Park. And I'm a graduate of John Marshall High School. | have a
scholarship fund in my name that | give every year for education. ... A better solution to this problem, for me, is
educating the kids. And by educating your kids, then you're going to get a better person. And with that better
person, they may not stay within that region. They may not be trapped within that region, as we call public housing.
And through your education, you have a better person. ... So, | wonder if support - more support toward the
education field with our kids, to better them, making better people, so they could have better lives, maybe that
would be the solution to this housing problem that we have. Because they brought up the fact about low income.

And the low income, that's because of lack of education.

Michael Herring: | think Mr. Lindsay has a valid point. My understanding of the amount of money that we spend to
educate a child, as compared to the amount of money you spend to incarcerate a person, is that the latter is
multiples of the former. That doesn't make a lot of sense to me, because it says you're spending money on the back
end, to correct a harm that is almost irreparable if the person's convicted of a felony. Because it has lifetime
consequences. So, | think that we're likely to get a much higher yield if we spend the money on the front end in
areas of education. But we have to resist the temptation to grab onto catchy sound bites that it are easy to get
behind. And so, it's easy to say, "Put more money in education." It's a lot harder to figure out how to spend that
money effectively. As my mother used to say to me, you don't throw good money after bad. Right? | think if people
had the solution, we'd be implementing it. There aren't many school districts around the country that have figured
out how to correct the harm done by under-performing or low-performing districts which happen to be in areas of

low resource.

Thad Williamson, director of the Mayor's Office of Community Wealth Building in Richmond: ... What we've learned
through this community process ... is there's not a single strategy. It would be misleading to suggest that. It's a
holistic picture. All these things are clearly related, between housing, education, economic opportunity. They all
have to be tracked at the same time, tackled at the same time. But it's important to know that your city does have
an office. It's implementing a strategic plan to tackle these things at once. It's just important for the community to
understand the magnitude of what that means. We all understand, this is a long-term effort. And we in the
administration that work on this have a heavy responsibility to get it off to best possible start. Which we're doing our
best to do.

But there are five pieces of it, | think each one of which are transformational, especially taken together. So, one,
the social enterprise piece that Dr. Moeser just mentioned. Second, the start of a potential regional transportation

system. ... Third, my office has done a lot of work with the Richmond Public Schools on developing a better plan for
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early childhood. Clearly that's a key area from any anti-poverty perspective, where a lot more resources need to go,
and a lot more intelligent application of what we do have. So we have a collaboration called Richmond Early
Childhood Cabinet, already up and running with the schools. Fourth, ... there's this concept of RVA future, which
would be the beginning of our Promise Scholarship Program. So if the budget passes in its current form, starting
next year in the high schools there will be dedicated future centers to connect students, starting in ninth grade, and
have a conversation every year with every student in those high schools about their life after high school. And
understanding that there is life after high school, and you have to begin planning for it now. And understanding,
what's the difference between a pipe dream and a realistic plan. And understanding that your choices and
performance, even in ninth grade, have long term consequences. Again, RPS has fully been on board with that, so

we're very excited about that. And we hope to add a scholarship component to that.

The fifth piece, the hardest, most complicated, you'll need many forums: public housing transformation. To directly
target the topic. How do you actually undo this legacy? Extremely hard. Because there's a development
component, and there's a human-being component. And historically, the human-being component has not been
done well at all. So if it's going to happen, as the mayor's committed, every piece of it has to be done well, and
especially the first time, so it's a model for the future. Again, a big challenge. A lot of challenging issues involved,
both from the resource point of view and strategy point of view. We're going to need the entire community behind it

and engaged in it.

Ray Bryant, Chesterfield: | was raised up in public housing. Thank God for public housing when | was raised up in
it. Quite a few people became very successful from public housing. When they were doing what they had to do to

guide us and guide the parents to raise us in a way that you attended school and got the education.

But | came here today is to say, a lot of you in this room caused the problem that we are in. A lot of you in this
room is causing the problem that we're going to remain in. Yes, it is intentionally being done as we speak right now.
How can you de-concentrate poverty, moving people all the way around on the edge of the city, between Henrico
and Chesterfield, and then make the place look like a Hostess Cupcake. Chocolate on the outside, and white all in
the middle of it? Why are you doing this type of thing? A lot of your universities are the ones that are training the
people that come out and do the planning in your cities. And | talk to you, Mr. John Moeser. That y'all need to do
something about the universities. This is where a lot of this stuff is coming from. ... | want you to know that, get into
your universities and train those individuals that could have some sympathy for the community that is at large. |
came down by the home - the elderly home just recently, on the way here. And half of them were sitting on the
outside of the elderly home. You talk about bus transportation. You took the grandmamas, and threw them all out
there - took them off of Broad Street. And put them down. | just don't understand it. After all these years, I've come

back around to see all this stuff coming back again. It's the same thing.
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Lily Estes, Richmond: I'm a community strategist. ... Dr. Moeser and |, we agree on many things. But on de-
concentration of poverty, we don't agree. | do believe that there is great effort in trying to correct the harm that was
done by intentionally moving of African-American people, poor people, into public housing - and how we correct that

going forward.

| want to applaud all the people in the room here. But | want to also ask you - | don't like the word "challenge" - but
| want to ask you to really do your own homework. You have to really look at what's been happening, and how we
apply remedies to time-specific issues. We can't run in front of and try to solve something without the current
information on the ground now. De-concentration of poverty - in a community where 26 percent (are in poverty),
that's what we are talking about for poverty in this city - people cannot afford. It was intentionally done. We have to
tell ourselves the truth about what was done. People in different institutions. This is institutional intention,
discrimination, generational neglect, over and over. Mutated, disaffected, whatever other kind of metaphor we want

to use to describe this.

And we have to correct it at the fundamental root. ... | worked on trying to get a documentary on the life of Oliver
Hill created years ago. And during Massive Resistance, when they closed the schools down in Prince Edward
County, we were trying to interview some of the people that were affected by that. But what really struck out with
me is that you take somebody who's stopped school in the seventh, eighth, 12th grade. Close the school down for

five years, come back, re-open the school. Their life really hasn't been changed that much.

But when you talk about the irreparable harm of closing a school for five years for a child that's been in
kindergarten, and they go back to school in his fifth or sixth grade, they don't have the fundamentals. That's what
we're looking at. When you fall off the cliff of trying to educate people and then come back and try to repair their
remedy with dysfunctional, functional obsolescence kinds of things, we've got to be truthful about what we are
doing. And | hope that we can have more of these town halls to talk about solutions of where we go with solving this
realistically. It ain't about the money. You know, we can have all concentrated black communities. | ain't trying to
move in your community at all. But | want appropriate resources in my community, among my cultural people, that

we deserve. That's sort of reparation.

Charles Otey, Richmond: ... | think racism has brought about segregation. I'm not an angry black man. I'm not
running around here talking about "white folks this, white folks that." Because that would be unfair to say all white
folks are this. If | could say all white folks are something, it would be unfair to say all black folks are something. You

can't never say all about anything, because you don't know all.

But what | do know is that I've been around here 60 years. And because of racism, we have subliminal stuff in back
of our mind that brings about segregation. | was raised in the West End, | was raised in Church Hill, in Chimborazo.
And when | go over to Church Hill now - (LAUGHTER). But | understand the history, you understand? | understand,
because at first white people were predominantly over in Church Hill. Then black folks became predominant over at

Church Hill. Now, white folks again. You understand. When | go into 7-Eleven in the morning, | may be one or two
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or three people that speaks English in 7-Eleven. | think I'm a foreigner in 7-Eleven in the morning, you understand?
But | know that racism exists in our society. And | think racism exists here, but | think we are getting better as
people. | think when the old heads die off, it'll be a little better. Because the young people ain't getting up here and
talking about black, white. They talk about economics and how to live and love each other. We're still stuck. The
older people are still stuck into that racism mindset. Segregationist mindset. You know, | love all people, man.

Because | think if everybody's afforded the same opportunity, we can prosper. ...

I'm going to close with this: All the black folks left Church Hill. Well, | can't say all, but a whole bunch of them. |
would like to know where they've gone. (LAUGHTER) ...

Michael Paul Williams: | might be able to answer part of that. I'm no expert. But there are more black people in the

suburbs now than in the city itself. By far. So, that's where they went.

And the question was raised about what one policy | would be in favor of to change things. | don't think you can
change things if the structural framework for what got us here is still here. | would blow up this "independent city." |
think a lot of what has facilitated what we're talking about is the fact that we have jurisdictions that function like
Balkanized nations. There are these artificial walls - and you don't see it in any other state but Virginia. So, I'd blow
up the independent-cities thing. Richmond needs to be a part of Henrico. Maybe Southside needs to be part of

Chesterfield. But it just doesn't make any sense, and it enables a lot of what we've talked about, in my view.

*k*k

Dale Jones, Richmond: I've lived here in Richmond since 1964. And | have an answer, partially, why is Richmond

still segregated. It's very simple. Because the majority of the people want it that way.
Silvestri: Well, what does that mean?

Jones: That means, until you change the heart of the individual - just go out on Sunday morning in Richmond and
see where people go to church. They go to segregated churches. And until that's changed, you're not going to

change segregation.

Winnie Westbrook, Richmond: | have lived in Richmond since '76. And | live in a neighborhood that is primarily
white. | think that | want to say this as succinctly as | can. And it comes first from what my pastor has said: that you
can put perfume on a pig. You can put flowers on a pig. You can put bows and ribbons on a pig. But the bottom line
is that it's still a pig. And the pig, for me, is fear. And fear of race, fear of poverty and fear of felons. Moving into your
neighborhood. And my question is to Michael (Herring). There is this "ban the box," which | think is good legislation.
How do we get folks beyond the pig of fear, poverty and the felons? To just say, "I'm going to take a chance. I'm
going to take a chance, or I'm not fearful. | can hire this person." That would certainly have an impact on education.

That would certainly have an impact on housing. ...
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Michael Herring: The point of "ban the box" and similar initiatives is to ensure against discrimination of felons. In
other words, to make sure that a person gets a look, notwithstanding a felony conviction. And | think that makes
sense, to be honest. But as you have no doubt figured out with me, | don't have many simple answers. And so, far
be it for me to impose my value judgment on another agency or institution. | will hire felons in the Commonwealth's
Attorney Office, but | know prosecutors around the state who won't. And | can understand why they aren't

comfortable doing it.

Culturally, Virginians - and | think Americans - have a misinformed view of felons. We tend to think a felon is a felon
is a felon. And that is not the case. So when we come back, or when you all begin to - when you're ready for a real,
substantive conversation about your justice system, and more importantly the impact of felonization, | think that's a

better time to take up the question of how we overcome the fear, or live with felons.

*k*k

Nichele Carver, Henrico: ... | live in Eastern Henrico, in the Varina area. And I'm in a middle-class suburb that's
predominantly African-American. In fact, there's only one family that's not, out of the 300 homes. ... | heard on NPR
that just by virtue of my neighborhood being predominantly African-American, our home values are lower. So the
same size home in Glen Allen is worth more than my home. My question is: What can we do on a community level,

to try to make these assessments more equal, or fair?

Heather Crislip: It's very complicated. The main thing | can do is just confirm that. And | think it's a legacy of inferior
financing, and fear. And fear of property values going down. It's very complicated. | think better integration would
make a big difference. | think greater awareness of that fact would make a big difference. | think - yeah, we need to

change it, and it's true.

Mary Atkins, Richmond: I'm a citizen of Richmond as long as | can hold out financially. I'd like to see something
addressed more about the powers that be helping people keep their homes, instead of rolling out the red carpet for
people to shove them out. Anyone who thinks gentrification is a pleasant thing hasn't experienced it from the inside
out. In six years, my house - | moved into cutesy-town, aka Carytown, because it was a mixed neighborhood. And it
was beautiful. A working-class neighborhood. Now, it's an open air strip mall. | mean, plastic. The neighbors are
not. Why are flip sale artists even - why is that even allowed? | mean, 500 percent in six years. | never had a credit
card in my 70 years. | never took out a loan, | never bought anything on time. Now, I'm on welfare. | don't think | can
stay in this city. | can see why everybody's leaving it. | want my neighbors back. Even the druggies and the
shooters are better than what is coming in around me, with their noses stuck up in the air, acting like I'm something
that they ought to scrape off their feet. And I'm sorry to be so direct, but it's painful to be on the wrong side of

gentrification. And | think the government needs to address that. ...
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Crislip: I'm so grateful for everyone for coming out and having a passionate conversation about this. | think it needs
to be the start of many more. And about purposefully, how we develop housing, and how we pay attention to how
housing patterns underlie our education system, what happens with crime. And how if we make great decisions

about housing and where we put it, and what opportunities we give people, we can have the best possible region.

Graphic

Victor Branch, Richmond market president for Bank of America and a HOME board member, spoke about the future
during the Public Square at The Times-Dispatch on April 23. DANIEL SANGJIB MIN/RTD Heather Mullins Crislip,
president and CEO of Housing Opportunities Made Equal, gave a presentation about housing trends in the
Richmond Region. DANIEL SANGJIB MIN/RTD More than 200 people attended the 56th Public Square on April 23
at The Times-Dispatch building downtown. DANIEL SANGJIB MIN/Times-Dispatch Michael Herring, Richmond
commonwealth's attorney, discussed the links between crime, poverty, segregation and education. DANIEL
SANGJIB MIN/RTD John Moeser of the University of Richmond professor, an urban studies expert, explained the
historical origins of racially segregated housing in the Richmond area. DANIEL SANGJIB MIN/RTD Heather Mullins
Crislip, president and CEO of Housing Opportunities Made Equal, answers a question from the audience as

moderator Tom Silvestri, left, publisher of The Times-Dispatch, and John Moeser of the University of Richmo
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Nearly 29 percent of the drivers arrested for fraffic offenses last year in Chesterfield County were black and almost

69 percent were white, internal police records show.

In an effort to gauge whether Chesterfield police officers are engaging in racial profiling, or arresting a
disproportionate number of minorities, county police officials analyzed by race the department's raffic-stop arrests.

They show that 28.7 percent of the 37,928 people arrested in 2000 for fraffic-related offenses, including drunken

driving, were black. Nearly 69 percent were white.

Chesterfield police Chief Carl R. Baker said he's comfortable with those numbers and believes they show his

department does not stop and arrest motorists based on their race.

"l don't think it will ever be an agency problem here," said Baker, Chesterfield's chief since 1996. "It may be an

individual officer problem, but it will never be an agency problem."

Baker said he's not concerned that the racia/ mix of people arrested for fraffic offenses doesn't mirror the county's
racial demographics. According to the 2000 census, 76.7 percent of Chesterfield's 259,903 residents are white and

17.8 percent are black.

"That's a horrible assumption - that everybody we stop lives in Chesterfield County," Baker said. "Our daily
population is over a million people, so obviously they're not all coming from Chesterfield. Our transient

demographics are not the same as our resident demographics.”




Case 3:21-cr-00042-JAG Document 66-5 Filed 03/09/22 Page 2 of 5 PagelD# 450
TRAFFIC ARREST PATTERN;IN CHESTERFIELD, 29% ARE BLACK AND ALMOST 69% ARE WHITE

The department's review of #raffic arrest data may be the closest Chesterfield pofice officials come to conducting a
so-called raciatprofiling study. For now, Baker said he has no plans to conduct a formal study of fraffic stops -

unlike several other local law enforcement agencies, including the state police.

"I think | can summarize it this way," Baker said. "We get very, very few complaints on biased policing. We
investigate every complaint. [And] we will continue to monitor our stats as we collect them. But right now, | don't see

a problem."

As the issue of racial profiling has gathered momentum nationwide, an increasing number of police agencies are
conducting their own fraffic-stop studies, requiring officers to record the race of all drivers they pull over, question

and sometimes arrest.

Richmond police had such a study done last year with the help of a Virginia Commonwealth University professor,
although Police Chief Jerry Oliver was less than pleased with its results. He viewed the study as flawed and based
on incomplete data. The study showed that 64 percent of the 2,673 drivers stopped during a six-week period were

black, compared with 32 percent who were white.

Similarly, Henrico County police conducted their own study last year, also with the help of a VCU professor. Chief
Henry W. Stanley Jr. said he was comfortable with the results, which showed that 56.3 percent of the 10,345 drivers

stopped during the study period were white, while 38.6 percent were black.

At the urging of Del. Roger J. McClure, R-Fairfax, state pofice Superintendent W. Gerald Massengill agreed this
year to begin collecting information on the race of each driver his troopers stop throughout the state. The

department began collecting the information in May and expects to release five or six months worth of data this fall.

During a recent conference on racial profiling sponsored by the state police and the Virginia attorney general's
office, officials with the National Organization of Black Law Enforcement Executives, or NOBLE, urged their law
enforcement colleagues to conduct formal #raffic-stop studies. In their daylong presentation, NOBLE officials said a

department's willingness to collect such data has symbolic benefits that can instill public trust and confidence.

"The courage to mandate data collection can improve accountability systems, fortify organizational values, and help
'operationalize' the Law Enforcement Code of Ethics," NOBLE says in its training literature. "Data analysis can be

crucial in diagnosing types and levels of bias within an organization, as well as developing systems to remove bias."

The organization believes that "the value of data collection clearly outweighs the associated time or costs," but the
group also acknowledges that data collection done poorly or analyzed poorly "can lead to misunderstandings at

best and mistaken policies at worst."

Baker said Chesterfield officers do not record the race of every driver they stop, but they are required to list the race
of every driver they arrest - information that is forwarded to the state police and then the FBI for crime reporting

purposes.
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A category for Hispanic drivers does not exist in the crime reporting guidelines. Therefore, officers record an

Hispanic driver as "black" if he appears to be Negroid, or "white" if he appears to be Caucasian.

Some law enforcement officials are reluctant to conduct #raffic-stop studies because no one has developed
comprehensive standards in collecting and analyzing the data. Critics believe many of the studies conducted are
flawed and meaningless because they compare only the number of minority stops with some crude overall

population measure.

Other criteria need to be factored into such studies, critics say, citing population patterns on roads, racial

demographics of crime, police deployment patterns and racial/driving patterns, among other things.

The Rev. Gerald O. Glenn, pastor of Chesterfield's New Deliverance Evangelistic Church and an activist in county
race relations, said the fraffic and criminal arrest numbers gathered by pofice should be used as a springboard to

study the issue in more depth.

"l think it would be in the interest of any progressive law enforcement agency to examine this," said Glenn, former
director of the Virginia Department of Juvenile Justice. "l can say as an African-American and a former police officer
[that] there historically has been in our community a distrust of police, and often times when blacks are stopped,

they just intuitively think it was based" on race.

"And so, to allay those fears, | think any progressive police agency would be well versed in saying, 'Hey, we want to
get on the front end of this thing before it happens. We want to let you all know that we're concerned enough about

the minorities in our communities that we want to allay anybody's fears.' That's being proactive, not reactive."

Kelly E. Miller, vice chairman of the Chesterfield Board of Supervisors, said he's not convinced a formal study is

needed.

"l don't believe in just going out and doing studies for the sake of doing studies," Miller said. "There needs to be
some basis for why we would do that. And | would certainly want to coordinate with police before | made a

statement regarding such a study. But at this point in time, | see no need for it."

"I haven't had any complaints made to me in any form that would indicate that there was a problem in Chesterfield

County."
MOTORISTS STOPPED

Here is the racial breakdown of motorists stopped for #raffic offenses in Chesterfield County from January 1999
through May 2001:

In 1999, 68.9 percent of the 35,840 motorists arrested were white, 28.6 percent were black, 1.7 percent were Asian,

0.13 percent were native American and 0.53 percent were of unknown race.

In 2000, 68.9 percent of the 37,928 motorists arrested were white, 28.7 percent were black, 1.9 percent were Asian,

0.12 percent were native American and 0.20 percent were unknown.
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During the first five months of 2001, 68.6 percent were white, 28.8 percent were black, 2 percent were Asian, 0.26

percent were native American and 0.42 percent were unknown.
PEOPLE ARRESTED

Here is the racial breakdown of people arrested for criminal offenses in Chesterfield County from January 1999
through May 2001:

In 1999, 64.3 percent of the 20,378 people arrested were white, 35.7 percent were black, 1.4 percent were Asian,

0.19 percent were native American and 0.41 percent were of unknown race.

In 2000, 62.9 percent of the 21,321 people arrested were white, 35.4 percent were black, 1.3 percent were Asian,

0.08 percent were native American and 0.25 percent were unknown.

During the first five months of 2001, 61.5 percent of the 9,053 people arrested were white, 36.4 percent were black,

1.5 percent were Asian, 0.08 percent were native American and 0.28 percent were unknown.
Source: Chesterfield County police.

Note: Hispanic drivers were lumped into white or black categories, depending on how the officer perceived the

driver's race.

Graphic

PHOTO

Classification

Language: ENGLISH

Subject: ARRESTS (94%); CRIMINAL OFFENSES (94%); NEGATIVE PERSONAL NEWS (93%); RACE &
ETHNICITY (92%); VEHICULAR OFFENSES (91%); CRIME, LAW ENFORCEMENT & CORRECTIONS (90%);
LAW ENFORCEMENT (90%); POLICE FORCES (90%); RACIAL PROFILING (90%); DEMOGRAPHIC GROUPS
(89%); DRIVING & TRAFFIC LAWS (89%); POLICE MISCONDUCT (89%); POPULATION & DEMOGRAPHICS
(89%); PUBLIC OFFICIALS (89%); MINORITY GROUPS (78%); DRIVING WHILE INTOXICATED (73%);
COLLEGE & UNIVERSITY PROFESSORS (60%)

Industry: VEHICLE TRAFF/C (90%); DRIVING & TRAFFICLAWS (89%); COLLEGE & UNIVERSITY
PROFESSORS (60%)
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Geographic: RICHMOND, VA, USA (59%); VIRGINIA, USA (93%)

Load-Date: July 20, 2001

End of Document
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Executive Summary

The Richmond Transparency and
Accountability Project (RTAP) is a
coalition of policy analysts, legal experts,
and directly-impacted community
members striving to build safer, healthier
communities by organizing for a more
transparent and accountable police
department. Despite priding itself as a
model of “community policing,” the
Richmond Police Department (RPD) has
a tense history with the Black and Brown
communities it's intended to protect. This
fractured relationship has recently been
highlighted by several high profile
incidents of police hostility and violence
towards people of color as well as by an
ongoing lack of transparency regarding
RPD's internal data.

After years of letters, meetings, and
public pressure from RTAP, RPD finally
began releasing internal data in early
2018 and continuing through 2019
regarding four key areas: citizen
complaints, use of force, pedestrian
contact, and traffic stops. The data
paints a picture of dramatic racial
inequality in police contact with civilians,
racially disparate use of force, and an
ineffective civilian complaint process. To
address these issues, increase
accountability, and take steps to repair a
legacy of mistrust, RTAP demands three
core changes to RPD: (1) prioritize the
community input needed to capture and
share more robust, better quality data;
(2) ban predictive policing; and (3)
expand civilian oversight.

Executive Summary 3
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Background

RTAP'S MEMBERS

RTAP's coalition members
are the Legal Aid Justice
Center (LAJC), New Virginia
Majority (NVM), Southerners
on New Ground (SONG), Dr.

Liz Coston with Virginia
Commonwealth University,
and concerned community
members from
neighborhoods directly
impacted by disparate
policing.

BEODNEONNEGEONNGONRENARN

The Richmond Transparency and Accountability
Project (RTAP) strives to build safer, healthier
communities by organizing for a more transparent,
accountable, and fair police department. RTAP
organizes Black and Brown people, legal experts,
and policy analysts to achieve policing practices
that reduce physical, economic, and emotional
trauma on the most policed neighborhoods in the

city.

In 2016, New Virginia Majority (NVM) organizers
canvassed residents in Blackwell, asking them
what needs to be improved in the neighborhood.
After hearing from over 700 residents, improved
police-community relations emerged as the top
issue; NVM decided to organize for community
oversight of the police department. RTAP came
together when NVM and Southerners on New
Cround realized they shared the same goal of
increasing police accountability in Richmond.

At organization-led community meetings, people
had the opportunity to share their experiences of
policing in Richmond and showed support for
civilian oversight. Nevertheless, when these stories
were shared with former Richmond Police Chief
Alfred Durham and some City Council members,
their response was that data was needed to "prove
problems with policing practices! RTAP set out to
obtain that data using FOIA and community
pressure via letters and petitions {see Fig. 7).

1Tom Nash, Requester's Voice: Richmond Transporency ond Accountobility

Project, (May 15, 2019), https/Aww.muckrock.com/news/archives/2019/may/15/rv-
Virginia-rtap/?.

4 OUR STREETS, OUR SAY: POLICING IN RICHMOND
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These incidents, along with clashes with protesters
and an increasingly militarized force, have only
served to heighten a sense of mistrust among
community members.>

Il. Analysis of Publicly Released RPD Data

Furthermore, RPD's resistance to making its data
publicly available {see Fig. 7) and the flawed data it
has released in the face of community pressure, are
causes for alarm. Data released by RPD between
January 2018 and March 2019 underscores RPD's
problematic policing of the Richmond community
in four key areas: citizen complaints, use of force,
pedestrian contacts, and traffic stops.

CIVILIAN COMPLAINT DATA

Findings on Complaints
Against Officers: While

RPD policy states that Time to Close Complaints

complaints against officers Jan-Aug 2018

should be resolved within
30 days, less than 209% of all

complaints are handled in
this timeframe. In 2018, it N - . .
was common for ‘

investigations of complaints
to take 4 months or more,

< 1 month <2 month < 3 month < 4 monthOpen as of
8/1

FIGURE 2

3 Mark Bowes, Police or Soldiers? Agencies Locally and Across Virginio hove
Weaopons of Wor. Richmond Times-Dispatch {Aug. 23. 2014),
https:/Avww.richmond.com/news/flocal/police-or-soldiers-agencies-locally-and-
across-virginia-have-weapons/article_0d063dce-2b4B-1e4-a2ee-
0M7a43b2370.html
Graham Moomaw & Michael Martz, Police Detain Five, Chorge One Outside
Trump’s Richmond Rolly Fridoy, Richmond Times-Dispatch (June 11, 2016),
https./Aww.richmond.com/news/flocal/city-of-richmond/police-detain-five-
charge-one-outside-trump-s-richmond-rally/article_Sbb7218a-ab25-5b12-a2b4-
94f2298abb2fhtml

8 OUR STREETS, OUR SAY: POLICING IN RICHMOND
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PEDESTRIAN CONTACT DATA

FICURE 7

98% Black

\W

2% White

FICURE B

6% Unknown

_

82% Black

FICGURE 9

Suspicious Persons: There was a total
of 4,605 "Suspicious Persons" Field
Interview Reports (FIRs) in the
pedestrian stop data sets released by
the Richmond Police Department.
Black people comprised 719 of all
Suspicious Persons FIRs, while white
people only accounted for 29%. This
means Black people were perceived as
"Suspicious Persons” at a rate that is
2.7x higher than white people.

Curfew Violations: 98% of all
curfew violation Field Interview
Reports involved Black youth --
particularly young Black boys. By
comparison - according to the
National League of Cities: "In 2014,
black youth made up around 15
percent of the under 18 population, yet
represented almost 50 percent of the
curfew arrests in cities across the
country.”

Truancy Violations: 82% of the
alleged truancy violation reports
involved Black people. particularly
young Black boys. Comparatively,
white people made up only 129 of the
reports in this category. Based on the
data, Black people were stopped for
alleged truancy violations at a rate 7x
higher higher than white people.

10 OUR STREETS, OUR SAY: POLICING IN RICHMOND
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TRAFFIC STOP DATA

Traffic Arrests: Black people
accounted for 75% of all traffic arrests
from January 2017 - October 2018,
meaning Black people were 30.7%
more likely to be arrested during a
traffic stop than white people. This
racial imbalance is on par with
national trends which show that Black
people are 31% more likely to be
pulled over than white people.

FIGURE 10

PN ONEGEPEORNOUGEPIRNONSIS

DISPARITIES IN

This data—analyzed by Dr. Coston and their team at
POLICING

VCU—paints a troubling picture of racially disparate
policing in terms of RPD's use of force and
pedestrian and traffic stops, as well as and an

An overwhelming
majority of community
members who come in

contact with RPD are ineffective civilian complaint process’ An
Black. even though only overwhelming majority of community members
48% of Richmond's who come in contact with RPD are Black. even
population is Black. though only 48% of Richmond's population is
Black.

CIVILIAN TAX DOLLARS DESERVE CIVILIAN OVERSIGHT!

RPD receives the second largest portion of the city’'s budget of any
agency: increased attention and accountability is imperative in the face

of well-documented policing failures. Providing for greater civilian
oversight and data transparency between RPD and the residents it
serves is overdue.

SCrItIcaIIy. Field Interview Reports do not indicate that any crime has been
committed. For example. multiple curfew violation FIRs were for youth actually 18
or over and therefore not subject to the curfew ordinance,

Why RPD's History Demands Transparency & Accountability N
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Moving Forward: RTAP's Core

Demands

THE PROCESS
TOWARDS
PROGRESS

RTAP's demands
represent important first
steps the city can make
toward the ultimate goal

of promoting racial
justice and the safety,
health, and well-being of
Richmond's Black and
Brown residents.

Considering RPD’s role in the community, its lack
of transparency and no shortage of high profile
policing failures, further action is necessary to
increase police accountability and take steps to
heal feelings of mistrust within the Richmond
community. The below RTAP demands represent
the first steps the city can take in the long process
toward promoting racial justice and the safety,
health, and well-being of Richmond'’s Black and
Brown residents. Policing abuses have lasting
emotional and economic impacts on community
members. This is evident in the lives of those who
have shared their stories with RTAP coalition
members. The city must act swiftly to end these
abuses and implement policies to protect
individuals in Richmond from legal violations and
racially disparate policing.

RTAP understands that creating healthy and
thriving Black and Brown communities requires a
solution that combines reforming law enforcement
practices with increased investment in
community-based solutions that eliminate the
need for law enforcement intervention in the first
place. This approach is supported by research
showing that communities of color favor solutions
that “reduce the police role and replace it with
empowered communities working to solve their
own problems™ through public health,
educational, employment and affordable housing-
focused remedies.’

6

Alex S. Vitale, We Don't Just Need Nicer Cops. We Need Fewer Cops., The Nation
(Dec. 4, 2014), https://www.thenation.com/article/we-dont-just-need-nicer-cops-

we-need-fewer-cops/.

7More Black than Blue: Politics and Power in the 2019 Black Census, Black
Futures Lab, https://blackfutureslab.org/wp-content/uploads/2019/05/More-Black-
than-Blue.pdf.

12 OUR STREETS, OUR SAY: POLICING IN RICHMOND
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IMPROVE DATA
CAPTURE

We can only ensure a
data system that
provides robust, better
quality, and publicly
available data if the
community is involved in
shaping that system on
the front end.

1. Prioritize Community Input In Order To
Capture & Share More Robust, Better Quality
Data - While RPD's recent data releases serve as a
starting point for transparency, they also raise
many questions about the methodology and
quality of data collection® Questions, such as “How
many incidents lead to a search?” or “‘How many
searches lead to an arrest?”, remain difficult to
answer based on the current data capture
practices. RPD'’s decision to revise its records
management system for the first time in over a
decade provides an opportunity for a step in the
right direction, increasing accountability and
transparency. However, we can only ensure a data
system that provides robust, better quality, and
publicly available data if the community is involved
in shaping that system on the front end.

2. Ban Predictive Policing - While RTAP
advocates for better data, changes should not
result in the collection of certain kinds of
information that can be harmful and/or biased.
RPD's contract with SOMA Global to provide the
new records management system raises concern;
SOMA Global markets itself as a leading provider of
technologies, such as predictive policing and
invasive tracking practices, that have proven
harmful to minority communities. Predictive
policing uses software analysis of data from past
police activity to predict potential crime hot spots
and offenders. That data frequently reflects biased,
and sometimes unconstitutional, policing
practices, making it unreliable.

8 For instance, Dr. Coston's review of Use of Force data identified discrepancies in
RPD's reporting of officer uses of force, to include the initial omission of Officer
Michael Nyantaki's deployment of a taser and discharge of a firearm during his
confrontation with Marcus-David Peters.

9The City of Richmond Enters Into an Agreement with SOMA Global to Provide
Public Safety Solutions in Virginia, CISION PRWeb (Jan. 29,
2019), https://bit.ly/2wFIt86
10anshida Richardson, Jason M. Schultz & Kate Crawford, Dirty Data, Bad
Predictions: How Civil Rights Violations Impact Police Data, Predictive Policing
Systems, and Justice, N.Y.U. L.Rev. (May 2019), https://www.nyulawreview.org/wp-
content/uploads/2019/04/NYULawReview-94-Richardson-Schultz-Crawford.pdf.

RTAP's Core Demands Moving Forward
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ESTABLISH
ACCOUNTARBILITY
MEASURES

Meaningful civilian
oversight would
enhance public safety by
providing transparency
and accountability over
RPD.

QUESTIONS
ABOUT THE
REPORT?

Please send all inquires
about the report and any
information herein to

richmondvatap@gmail.
com,

3. Establish Civilian Oversight - Civilian oversight
remains of paramount importance in Richmond,
without which RPD will continue to police itself
without any meaningful accountability. According
to the New York Times, 7 of the 9 cities most
similar to Richmond (based on population,
employment opportunities, and geographic
metrics) have some form of civilian oversight for
their police departmentsjsAlthough there is no
one-size-fits-all type of civilian oversight, RTAP
advocates for a system which helps to enhance
public safety, broadly understood: provides
meaningful responses to civilian complaints; and
promotes trust through continued transparency
and open communication between RPD and the
Richmond community.

Civilian oversight would help to hold leaders and
officers accountable for their actions and keep
community members informed of decisions and
policies that affect their neighborhoods. Oversight
can be accomplished in multiple ways, from
civilian review boards engaging in review of civilian
complaints about alleged misconduct to
independent auditing offices that have access to
the full scope of police data and can solicit
community input to make recommendations for
improving police practices.”'

13304 Kolko & Josh Katz, Whot is your City's Twin?, New York Times: The Upshot

[Apr. 3, 2018), https/Avww.nytimes.com/interactive/2018/04/03/
upshot/what-is-your-citys-twinhtml, See also, Notiono! Associotion for Civilion
Oversight of Low Enforcerment, www.nacole.org (last visited Jun. 2019} (Various
community oversight models have been put in place across the nation, with
Fairfax County, Virginia Beach, and Charlottesville representing three local
examples within the Commonwealth).

AChapter 4: Alternotive Models for Police Disciplinory Procedure, Coping with

Police Misconduct: Citizen Involvernent in Officer Discipiinory Procedures,
https:/Avww.usccr.gov/pubs/saciw0104/chéahtm; Peter Flinn, Citizen Review of
Palice: Approoches and implementation, National Institute of Justice (March
2001}, https/Aww.ncjrsgov/pdffiles]/nij/184430.pdf,

RTAP's Core Demands Moving Forward
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