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I. OVERVIEW

A. Qualifications

1 am a Professor of Law and Public Health at Columbia University, a Senior
Research Scholar at Yale Law School, and a Fellow at the Straus Institute for the
Advanced Study of Law & Justice at New York University School of Law. [ was the
Director of the Center for Community and Law at Columbia Law School from 2003 -
2009. I was a Visiting Professor of Law at Yale Law School from July 2009 - June
2010. Prior to my appointment at Columbia University, I was Professor of Criminal
Justice at Rutgers -The State University of New Jersey (1989-96}, and Associate
Professor, John Jay College of Criminal Justice in the City University of New York. |
have co-authored three books and published numerous articles on law and social
policy in professional peer-reviewed journals, law reviews, and other scholarly
publications. I have received honors and awards from academic and professional
associations. I have been appointed to scientific committees of the National
Academy of Science, the American Society of Criminology, and the National Science
Foundation, and also to committees of several prestigious government agencies and
private foundations. [ am a Fellow of the American Society of Criminology. I have a
Ph.D. in Engineering from the University at Buffalo of the State University of New
York. My curriculum vitae are presented in Appendix A.



B. Summary of Issues Addressed

In this Report, I provide social science evidence to address three specific
claims by Plaintiffs listed in their Second Amended Complaint in October 2008.1
Plaintiffs allege violations by the City of New York {hereafter The City), through the
New York City Police Department (hereafter, NYPD), of several sections of federal
and state Jaw: (1) 42 U.S.C. § 1983 of the Civil Rights Act of 1871, {2} the Fourth and
Fourteenth Amendments of the U.S. Constitution, (3) 42. U.S.C. § 2000(d) (Title VI})
of the Civil Rights Act of 1964, and violations of New York State law.

The Fourth Amendment claim alleges that the City has engaged in pattern of
unconstitutional stops of City residents that are done without the requisite
reasonable and articulable suspicion required under the Fourth Amendment.?

The Fourteenth Amendment claim alleges that the City, through the NYPD,
has “often” used race and/or national origin, in lieu of reasonable suspicion, as the
factors that determine whether officers decide to stop and frisk persons. Plaintiffs
claim that this practice violates the Equal Protection Clause of the Fourteenth
Amendment. Plaintiffs also claim that Black and Latino males are the population
groups most affected by the alleged violation.?

I also provide evidence that addresses the intersection of the Fourth and
Fourteenth Amendment claims. Specifically, I provide evidence that the NYPD has
engaged in patterns of unconstitutional stops of City residents that are more likely
to affect Black and Latino citizens.

C. Additional Evidence Addressed

The City has referenced on several occasions a report issued by the RAND
Corporation# that presents social science evidence relevant to the issues raised in
the Fourteenth Amendment claim in this case. The Report was completed under a
contract issued by the New York City Police Foundation, and was released

i Second Amended Complaint, David Floyd et al. v. City of New York et al., U.S. District Court
for the Southern District of New York, 08 Civ. 01034 (SAS), October 2068

2id,at§2.
314, at § 3.

4 Greg Ridgeway, Analysis of Racial Disparities in the New York Police Department’s Stop,
Question and Frisk Practices, RAND TR534 (2007), available at:
http://www.rand.org/pubs/technical_reports/2007/RAND_TRS534.pdf (last visited August 17,
2010) (hereafter, RAND).



electronically and in print in November 2007. It presents results of analyses of data
on the racial distribution of on stops, frisks, searches and other post-stop outcomes"
from 2006, The issues addressed by the RAND study comport with the legal issues
in this case: “whether [stops] point to racial bias in specific police officers’ decisions

- to stop particular pedestrians, and...whether they indicate that officers are
particularly intrusive when stopping non-whites,”>

The City has often referred to the RAND Report as exonerating it from
Plaintiffs’ claims of racial bias in the NYPD’s patterns of stop and frisk activity, and
from claims of racial bias in other post-stop outcomes of these stops.6 The Report
focuses on the substance of the Fourteenth Amendment constitutional claims and
related policy questions.

Accordingly, I review the RAND report in detail, and provide an assessment
of the social science reliability of the Report and its probative value as additional
evidence in this case.

D. Summary of Evidence

Plaintiffs allege violations by the City of New York, through the New York City
Police Department (NYPD), of several sections of federal and state law. I provide
evidence that the NYPD has engaged in patterns of unconstitutional stops of City
residents that are more likely to affect Black and Latino citizens. | find that:

Fourteenth Amendment Claim

* NYPD stop activity is concentrated in precincts with high concentrations of
Black and Hispanic residents. The results show consistently, across the most
policy-relevant and frequent crime categories, that racial composition

3 ARAND at xi. The RAND Report included replications of analyses published by the Attorney
General of the State of New York in his 1999 investigation of the NYPI)’s stop, question and

frisk practices. See, Eliot Spitzer, The New York City Police Department's “Stop & Frisk”

Practices: A Report to the People of the State of New York from the Office of the Attorney
General (1999)

6 Letter from Police Commissioner Raymond W. Kelly to Speaker Christine C. Quinn, April 29,
2009 (stating that “RAND researchers analyzed data on all street encounters between New York
City Police Department officers and pedestrians that occurred during 2006, and determined that
no pattern of racial profiling existed”). See, e.g., Christina Boyle and Tina Moore, Blacks and
Latinos make up about 80% stopped and questioned by NYPD, study finds, N.Y . Daily News,

January 16, 2009 (quoting Deputy Commissioner Paul Browne referring to the RAND study as
showing that there is no evidence of racial profiling by the NYPD).
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predicts stop patterns after contro]lling for the influences of crime, social
conditions, and the allocation of police resources.

NYPD stops are significantly more frequent for Black and Hispanics citizens
than for White citizens, after adjusting stop rates for the precinct crime rates,
the racial composition, and other social and economic factors predictive of
police activity. These disparities are consistent across a set of alternate tests
and assumptions.

Blacks and Latinos are more likely to be stopped than Whites even in areas
where there are low crime rates and where residential populations are
racially heterogeneous or predominantly White.

Fourth Amendment Claim

Nearly 150,000, or 6.71% of all discretionary stops lack legal justification. An
additional 544,252, or 24.37% of all discretionary (non-radio runj} stops lack
sufficiently detailed documentation to assess their legality.

Officers rely heavily on two constitutionally problematic stop justifications
for nearly half of all stops: furtive movements and proximity to a high crime
area. High crime area is cited in more than half the stops as an “additional
circumstance” of a stop, regardless of the precinct crime rate,

Documented stop justifications do little to explain overall variation in stop
patterns. This suggests that the reasonable and articulable standards as
expressed on the UF-250 form do not provide useful information regarding
the individualization of suspicion.

Stop justifications do not substantially influence the racial disparities that
characterize stop practices between police precincts. Knowing the stated
bases for reasonable and articulable suspicion does not explain why there
are disparities in stop rates.

Arrests take place in less than six percent of all stops, a “hit rate” that is lower
than the rates of arrests and seizures in random checkpoints observed in
other court tests of claims similar to the claims in this case.

Black and Hispanic suspects are treated more harshly once the decision is
made that a crime has occurred. Black and Hispanic suspects are more likely
to be arrested rather than issued a summons when compared to White
suspects. They are more likely to be subject to use of force.

The rate of gun seizures is .15 percent, or nearly zero.

Additional Evidence - RAND Report

The City refers to a 2007 report published by the RAND Corporation to claim
that stop and frisk practices were not racially biased during 2006. However, |
find the analyses in the report are unreliable and methodologically flawed to the
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extent that it is not reliable evidence that racial bias is absent in NYPD stop and
frisk activity.

@

RAND relies on an external benchmark of suspect race (as reported by
victims} in violent felony crimes to assess racial bias. However, violent
felonies comprise fewer than ten percent of all crime reported in 2005-6, and
also are a small fraction of the total number of stops. Therefore, violent
crimes are an inadequate benchmark by which to assess racial disparities in
stop rates.

Almost half of violent crime complaints do not report a suspect race, casting
serious doubts on whether statistics based on complaints where suspect race
is reported can be generalized to the half of complaints where the suspect
race is unknown. _
RAND’s “internal benchmark” model compares a subset of officers to their
colleagues to identify “outliers” who stop Blacks and Hispanics at rates
significantly above or below those of their peers. However, RAND relies on a
selective and non-representative sample of officers who made 50 or more
stopsin 2006, a fraction both of the total number of stops made and of the
officers who made them. There is no basis to claim that the results for this
very small group of officers apply to other officers who effect stops.

RAND cautions that if many officers in a precinct are racially biased in their
stop patterns, then none of the officers in that precinct will be flagged as
problematic. The RAND design assumes low rates of bias and does not allow
this assumption to be tested.

RAND uses a matching procedure to compare stops of White and Non-
Whites, and concludes that there are few significant racial differences in how
suspects are treated once stopped by the NYPD. However, the matching
procedure neglects several important features of stops, such as the suspected
crime and the indicia of reasonable suspicion that led to the stop.

The RAND report strongly understates the racial disparities in post-stop
outcomes such as frisks and use of force.



II. DATA SOURCES AND METHODS

This preliminary section of the report describes the data sources and analytic
methods that were used to compile evidence to address the claims in this case. The
section begins with a description of the sources of data on (a) police stop and frisk
activity and the outcomes of street encounters between citizens and police, (b)
social and demographic characteristics of the places where stops occurred that may
contribute to stops and other police activity independent of local crime conditions,
(¢) local crime conditions in the precincts where stops took place, and (d) other
relevant characteristics of police precincts including police patrol strength. The
analytic strategies to discuss each claim are discussed next, and the rationale for
each method. The section concludes with descriptive statistics that provide an
overview of SQF activity.

A. Data Sources
1. SQF Activity and Suspect Information

Data on each stop and frisk encounter documented from 2004-2009 were
provided to Plaintiffs as electronic (digital) files by the NYPD. Information about
each encounter was recorded on a UF-250 form, and the records entered into a
digital database. A copy of the UF-250 form is attached in Appendix B. The
computerized records include information on the suspect’s demographic
characteristics (age, gender, race or ethnicity), the date and time of the stop, the
duration of the stop, the location of the stop, the suspected crime, and the outcomes
of the stop. The suspected crime was recorded using individualized and often
idiosyncratic notation (e.g,, a Penal Law chapter, “weap”, shorthand such as “CPW”
for concealed weapon). These items were coded into a set of 131 specific charge
categories, and then reduced to a set of homogeneous offense-specific categories
(e.g, “felony violence”) that were used to classify the suspected crime that
motivated the stop. Detailed information about the coding system to create this
classification of suspected crimes is in Appendix C.

Outcomes of each stop were also listed on the UF-250. These included
whether an arrest was made or a summons issued, whether the suspect was frisked,
and whether the suspect was searched. Additional factors characterizing the stop
include whether any of several types of force were used, and whether contraband
was seized. If a weapon was seized, the specific typ'e of weapon was also identified.
Each case included information on the precinct where the stop took place. In some
instances, beat or sector information was recorded.



The UF-250 form also includes information about the reasons for the stop, or
the indicia of “suspicion.” More specifically, this information indicated which of a
fixed list of factors motivated the stop. These include 10 specific indicia of
“suspicion” (including a designation of “other”), and 10 specific indicia of “additional
circumstances” that also contributed to the decision to effect a stop (again, including
a category of “other”). If a frisk or search ensued from the stop, the form includes
nine and four indicia of “suspicion” that motivated those outcomes, respectively.
These items also were recorded into the computerized data.

For the location of the stop, the street address where the stop took place was
recorded, and in some records, the precise geographical coordinates (latitude and
longitude, or “x-y” coordinates) of the stop location were provided. If this
information was missing but a stop address was provided, the x-y coordinates were
identified using geographical mapping software.”

2. Demography and Socio-Economic Conditions in the City

Analyses were conducted using police precincts as the principal unit of
analysis. Precincts were used instead of smaller geographical areas (e.g., beats,
sectors, census block groups, census tracts) because precincts are the units where
police patrol resources are aggregated, allocated, supervised and monitored. These
also are the units where crime is aggregated and monitored. Precinct crime rates
are the metrics for managing and evaluating police performance, and are sensitive
to tactical decisions in patrol and enforcement.® Precincts also are widely used in
research on selective enforcement in policing.?

7 ArcGIS, ver. 9.0, http.//'www.esri.com/software/arcview/index.html. Some locations were
recorded in the SQF databases in general terms (e.g., a streetcorner), in which case the centroid of
the intersection was used as the location for the stop. When yet more general location
information was recorded, e.g., only the name of a street, the software returned a location based
on the centroid of the for the portion of the street within that sector or beat. If only precinct
information was available, the centroid of section of the street that ran through the precinct was
used as the location of the stop.

8 See, for example, Eli Silverman, THE NYPD FIGHTS CRIME (1999); William J. Bratton and
Peter Knobler, TURNAROUND: HOW AMERICA’S Tor CopP REVERSED THE CRIME EPIDEMIC
(1998).

9 See, e.g,, Lori Fridell, BY THE NUMBERS: A GUIDE FOR ANALYZING RACE DATA FROM VEHICLE STOPS
{(2004); Geoffrey Alpert et al., “Police Suspicion and Discretionary Decision Making during
Citizen Stops,” 43 Criminology 407 {2005).



Data on the social and economic conditions of the precincts were compiled
from ESRI? a commercial service that provides population information for small
geographic units across the U.S. Precinct-level demographic data were drawn from
2006 projections of U.S. Census data using ESRI’s Demographic Update Methodology:
2006/2011.11 2006 was chosen as a mid-point in the 2004-9 time interval. ESRI
computes projections of total population, race, ethnic, and age breakdowns, for census
tract. These projections were then aggregated from tracts o police precincts.1?

Additional data on poverty and the concentration of foreign-born population were
obtained from the 2005-2007 American Community Survey (ACS).1? ACS data were
allocated to the precincts by overlaying the ACS sampling units (PUMA’s} with police
precincts.!* Measures of unemployment, median household income, physical
disorder, housing vacancy, and residential mobility (i.e., the percent of the population
living in a different borough or city five years prior) were measured at the sub-borough
level in the 2005 New York City Housing and Vacancy Survey.!> Both PUMA and sub-
borough data are allocated to police precincts based on the area containing the majority of
the precinct.

The social and economic dimensions were collapsed into two dimensions in
order to apply parsimonious and efficient indicators, or factors, that characterize
neighborhood social and economic conditions. One factor included the disorder and
poverty variables. Poverty and both social and physical disorder are robust
predictors of crime rates in small areas such as neighborhoods or police precincts.6

10 ESRI, http://www.esri.com/
11 See, ESRI, ESRI Demographic Update Methodology: 2006/2011 (2006).

12 Because precinets do not, as a rule, share boundaries with census fracts, we allocate allocate
tract populations to precincts based on the percent of each tract’s area that falls info each precinct.
For example, if precinct A shares area with three census tracts (A1, A2, and A3), the precinct
population is estimated as:

% of A1 falling into precinct A*population of Al + % of A2 falling into precinct
A¥*population of A2+% of A3 falling into precinct A*population of A3

13 http:/fwww.census.gov/acs/www/

14 See, hitp://ftp2.census.gov/geo/maps/puma/pumazkiny _pumas.pdf for a map of the PUMA’s
in New York City. PUMA’s have a population of approximately 100,000, and are similar in
geographical size (footprint) and population density to police precincts.

15 http://www.census.gov/hhes/www/housing/nychvs/2005/nychvs0S htmi

16 See, e.g., Wesley Skogan, DISORDER AND DECLINE: CRIME AND THE CYCLE OF DECAY IN
AMERICAN CITIES (1990).



Including measures of these dimensions allow us to control for social sources of
crime in determining the extent to which SQF activity is indexed uniquely to crime
or its correlates. A principle components factor analysis was used to generate a
composite score for the combination of these variables.’” The second factor was a
measure of the immigrant population in each precinct. The presence of
concentrations of recent immigrants is a protective factor that reduces the risk of
crime in a neighborhood.18

3. Crime Conditions

Data on crime complaints from 2004-9 were provided to Plaintiffs by the City
as electronic (digital) files. Each crime complaint included a geographical location
- (x-y coordinates) that permitted aggregation of the counts and rates of crimes to
police precincts. The detailed crime categories (“offense description”) were
collapsed into 16 categories based on conceptual congruity. These categories were
then compiled into seven meta-categories to generate a parsimonious and coherent
set of smaller categories to inform the analyses. Details of the categorizations are
provided in Appendix C. The aggregated codes for the crime complaints were
constructed to match the crime codes for the suspected crimes that were recorded -
on the UF-250 for each stop. That is, the same meta-categories are used in the
analysis of suspected crimes and for local crime rates. This measurement strategy
provided a foundation for benchmarking the types and rates of suspected crimes in
the stops with the observed rates of reported specific crimes in each police precinct.

4. Patrol Strength

Police deployment patterns frequently involve the saturation of police
patrols in crime-prone areas, which often leads to more encounters with minority
citizens as compared to Whites.1? This differential exposure of citizens to police
may result in differential enforcement patterns across racial/ethnic groups,
especially under conditions where there are differences in the racial makeup and

17 Factor analysis is a statistical technique that captures consistency among observed variables to
generate a composite measure using a lower number of unobserved variables. The method
produces factors that represent the correlations among the observed measures. See, for example,
Jae-On Kim et al., FACTOR ANALYSIS: STATISTICAL METHODS AND PRACTICAL ISSUES (1978).
The factor analysis was completed using the STATA statistical software package.

18 See, Robert J. Sampson, “Rethinking Crime and Immigration,” Contexts, Winter 2008.
Available at http:/contexts org/articles/winter-2008/sampson/

19 See, for example, Donald Tomaskovic-Devey, Marcinda Mason, and Matthew Zingraff,
“Looking for the Driving While Black Phenomena: Conceptualizing Racial Bias Processes and
Their Associated Distributions,” 7 Police Quarterly 3 (2004)
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concentrations of neighborhoods or police precincts. Greater allocation of police
resources to particular neighborhoods may increase the probability or rate of
contact between citizens and police, and lead to racial or ethnic differences in
contact patterns, Accordingly, an analysis of stop patterns by area requires
understanding of the allocation of police patrol resources in each unit of analysis.

Patrol strength data for each precinct and command and year were obtained
by Plaintiffs from the NYPD. These data were reported by calendar quarter. Codes
for each command were used to classify assignments into patrol units. Details of the
command codes and the classification definitions appear in Appendix E. Housing
Bureau officers in Police Service Areas (PSA’s) were assigned to precincts based on
the precincts that each PSA covered. The maps and precinct coverage are shown at
http: / /www.nyc.gov/html/nypd/html/home/precincts.shtml. The officers were
allocated according to the distribution of stops in each of the precincts in a PSA.
Transit Bureau officers were similarly allocated based on the precinct locations of
the subway stops in each Transit District. When Transit Districts crossed precinct
boundaries, the officers were allocated according to the distribution of stops in each
of the precincts in the relevant Transit Districts. A cross-walk of Transit Districts
and Transit Stations is available at
hitp: //www.nyc.gov/html/nypd /himl /transit bureau/transit.shtml

5. Public Housing Locations

Public housing locations require special attention for several reasons. In
many cities, including New York City, they are considered places with especially
high risk of crime and therefore targets for special policing interventions.2¢ The
New York City public housing sites have received special attention from the police,
as well, that produced heightened surveillance of persons coming and going from
NYCHA sites, leading to frequent stops and arrests for trespass.?* Accordingly, one
of the special analyses that attempt to control for the collateral conditions that may
produce higher stop rates in police precincts is the concentration of NYCHA
populations in the precincts. Data were obtained from the New York City

20 Jeffrey Fagan, Garth Davies and Jan Holland, “Drug Control in Public Housing: The Paradox
of the Drug Elimination Program in New York City,” 13 Georgetown Journal of Poverty, Law &
Policy 415-60 (September 2007). :

21 Al Baker, “Of Tactics in Public Housing and Recommended Reading, New York Times,
October 7, 2010, http://cityroom.blogs.nytimes.com/2010/10/07/of-tactics-in-public-housing-and-
recommended-reading/. See, also, Jeffrey Fagan, Garth Davies and Adam Carlis, “Race and
Selective Enforcement in Public Housing”, Working Paper, Columbia Law School.
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Department of City Planning that listed the address of all New York City Housing
Authority (NYCHA) sites. Boundary maps are available from the Department at
(http:/ /www.nyc.gov/html/dcp/html/bytes/applbyte.shtml). Demographic
information about the sites for 2009 was obtained by me from the NAACP Legal
Defense Fund. The 2009 data were used for each year in the time series, based on
the assumption that both the size and demographic characteristics of the NYCHA
population changed negligibly over recent time. The total population living in
NYCHA properties in each precinct was calculated and then converted to a
percentage of the total precinct population.??

6. Land Area

The size of the land area of a precinct can influence the likelihood of contacts
between officers and citizens. Officers assigned to precincts with larger “footprints”
may be less likely to encounter citizens in their routine patrols - net of total
population and patrol strength - simply by virtue of the number of citizens per
square mile, or the population density. Conversely, densely populated areas may
increase the likelihood of citizen contact with police, or the scope of police
surveillance of citizens, if they have smaller “footprints” simply because there are
more people crowded into smaller land areas. Under these circumstances, police
and citizens will be more likely to encounter each other during their routine
activities, potentially increasing the number of stops. In addition, crime rates also
are sensitive to population density, so that smaller land areas together with higher
population concentrations may increase the risk of crime that will lead to
heightened police attention.?3

To address this potential factor in the explanation of stop rates, specific
analyses were conducted to address this potential influence on the stop rate. Data
were obtained again from the New York City Department of City Planning on the
land mass of each police precinct,?* using geographical software?’ that captures land
mass within the borders (“shape file”) of each precinct.

22 There are four developments where there are more than one building and the buildings fall
within different precinets. In those instances, the population was allocated equally between the
two precinets.

23 Morgan Kelly, “Inequality and Crime,” 82 Review of Economics and Statistics 530 (2000)
(showing that the risk factors for crime often are located in places with smaller areas and higher
population density per square kilometer).

24 htp:/iwww.nye. gov/himl/dep/himl/bytes/dwndisiricts, shtml

25 ArcGIS, supra note 7.
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B. Analytic Methods

1. General Analytic Strategy

The general test for evidence of disparate treatment is a regression equation
that takes the form:

Outcome = a + B1* Minority + Zifi *(Plausible Non-Race Influences) + g,

Where Qutcome is the event or status of interest, Minority is an indicator for the
racial composition or status of the unit observed (i.e.,, precinct or person, depending
on the outcome), Plausible Non-Race Influences are a set of variables representing
non-race factors that also might influence the outcome, and an error term ¢ that
captures the variation in the outcome that cannot be explained by either Minority status
or the Non-Race Influences. These models may include non-race influences that are
correlated with race, so as to better identify the unique effects of race that are present
once the influence of proxies for race are removed.2%

Consider the following example, from Griggs v. Duke Power Co., an
employment discrimination case.?’ In a disparate treatment claim, one could test
whether the use of a high school diploma requirement biases the hiring process
since African American job applicants may be less likely to have obtained a high
school diploma. Had this race-correlated control been introduced, it would likely have
reduced the racial disparity in the hiring rates — for the simple reason that minority
applicants at that time were less likely to have obtained a high school diploma. Should a
statistical test control for whether or not an applicant had a high school diploma? As lan
Ayres points out,?8 in a disparate treatment case, the answer is yes. Under a disparate
treatment theory, the critical question is whether an applicant’s race was the cause of
being denied employment. If applicants were rejected because the employer chose not to

26 For a general discussion of the specification of regression models to test for disparate
treatment, see generally D. James Greiner, “Causal Inference in Civil Rights Litigation,” 122
Harvard L. Rev. 533 (2008). For a general discussion of how regressions sort out the influences
of predictors of an outcome, see Thomas J. Campbell, Regression Analysis in Title VII Cases:
Minimum Standards, Comparable Worth, and Other Issues Where Law and Statistics Meet, 36
Stanford L. Rev. 1299 (1984).

27 Griggs v. Duke Power Co., 401 U.S. 424 (1971).

28 Tan Ayres and Jonathan Borowsky, A Study of Racially Disparate Outcomes in the Los
Angeles Police Department, at 5 (October 2008), available at http://www.aclu-
sc.org/documents/view/47.”
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hire diploma-less applicants, the applicants’ race would not be a “motivating factor” in
employer’s decision. The goal in specifying these models is to identify the effects of race
on outcomes after simultaneously considering factors that may be relevant to race.
Failure to do so raises the risk of “omitted variable bias”, which could lead to erroneous
conclusions about the effects of variables that do appear in a regression test.2?

2. Specific Types of Models

The specific estimation technique for each analysis, or functional form of the
regression equation, was responsive to the specific measure of stop activity or other
dimensions of SQF activity. Models of stop activity were measured as counts over
time in NYPD precincts. Accordingly, models were estimated using negative
binomial regressions. This class of regression models is appropriate for counts of
events, such as stops or arrests in a specific area, where assumptions about the
independence of the events cannot be reliably made.3? A specific form of negative
binomial regression known as Generalized Estimating Equations (GEEs) was used. 3!
GEEs are beneficial for nested or hierarchically organized data, such as years within

precincts, as they allow for the specification of within-subject correlations of
observations. Since the analyses include a sequence of time periods (calendar
quarters), the models include an AR(1) variance estimation that adjusts for the
serial correlation (or autoregression) of the counts of events within sampling units
over long periods of time.32 Since police precincts are nested within the City’s

29 See, e.g., Ian Ayres, “Testing for Discrimination and the Problem of ‘Included Variable Bias’,”
Yale Law Schoo! Working Paper (2010), available at

http://islandia.law. vale.edu/avers/ayresincludedvariablebias pdf: lan Ayres, “Three Tests for
Measuring Unjustified Disparate Impacts in Organ Transplantation: The Problem of "Included
Variable" Bias,” 48 Perspectives in Biology and Medicine 68 (2005)

30 Negative binomial regressions also are especially useful for discrete data such as event counts
when the variance in the measure of activity exceeds the mean across areas. Joseph M. Hilbe,
NEGATIVE BINOMIAL REGRESSION (2007). See, also, Richard Berk and John M. MacDonald,
“Overdispersion and Poission Regression,” 24 J. Quantitative Criminology 269 (2008); D.
Wayne Osgood, “Poisson-Based Regression Analysis of Aggregate Crime Rates,” 16 J.
Quantitative Criminology 21 (2000); David A. Freedman, STATISTICAL MODELS: THEORY AND
PRACTICE (2005); William Greene, ECONOMETRIC ANALYSIS (5™ ED.) (2003).

31 James W. Hardin and Joseph M., Hilbe, GENERALIZED ESTIMATING EQUATIONS (2003); Gary
A. Ballinger, “Using Generalized Estimating Equations for Longitudinal Data Analysis,” 7
Organizational Research Methods 127 (2004).

32 AR(1) adjustments reflect the reality that the best predictor of what the crime rate will be in the
next month is what it was last month. This is an empirical constraint in identifying the
relationship between crime and policing. Failure to correct for this temporal dependence will bias
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boroughs, we included fixed effects to account for any unobserved effects of
conditions in the boroughs that might influence police activity. Similarly, we
included fixed effects for time {calendar quarters) to account for any variation in
stop patterns (or other outcomes) that may have been the result of influences that
were unigue to any of the time periods,

The model fit is estimated using a Marginal R-squared statistic, which
measures the amount of variance in the response variable that is explained by the
fitted model. That is, this test measures the improvement in fit between the estimated
model and the intercept-only (null hypothesis) model.33 Negative values of the
Marginal R-squared indicate that the estimated model does a worse job of
predicting than an intercept only model.

Regression models on the specific outcomes of stops for individuals were
estimated using hierarchical logistic regressions. Logistic regressions are ideal for
estimating the probability that an event will occur, given a set of conditions that
influence that probability.34 For example, the probability that a person was arrested,
given a stop within a police precinct, might be predicted from the person's age, sex,
race or ethnicity, or from the suspected crime that led to the stop.

Hierarchical, or multilevel regression models?> allow for the simultaneous
examination of the influence of the context in which the event is nested (local crime or

the standard errors in estimates of crime effects on policing, and this distortion remains even
when fixed effects are used to control for temporal frends. See, Badi BALTAGI, Econometric
Analysis of Panel Data (2001); Badi H. Baltagi and Qi Li, “Testing AR(1) Against MA(1)
Disturbances in an Error Component Model,” 68 Journal of Econometrics 133 (1995).

33 Ballinger, supra note 31 at 134

34 William H. Greene, ECONOMETRIC ANALYSIS (5™ ed.) (2003); Joseph M. Hilbe, LOGISTIC
REGRESSION MODELS (2009); David W Hosmer and Stanley Lemeshow, APPLIED LOGISTIC
REGRESSION (2™ ed.) (2000).

35 See, e.g., Thomas A. DiPrete, and Jerry D. Forristal, “Multilevel Models: Methods and
Substance.” 20 Annual Review of Sociology 20:331-357 (1994). Andrew Gelman and
Jennifer Hill, DATA ANALYSIS USING REGRESSION AND MULTILEVEL/ HIERARCHICAL MODELS (2007);
Anthony Bryk and Stephen Raudenbush, HIERARCHICAL LINEAR MODELS FOR SOCIAL AND
BEHAVIORAL RESEARCH: APPLICATIONS AND DATA ANALYSIS METHODS (1992); Sophia Rabe-
Hesketh and Anders Skrondal, MULTI-LEVEL MODELING, 2008; Judith D. Singer and John B.
Willett, APPLIED LONGITUDINAL DATA ANALYSIS: MODELING CHANGE AND EVENT OCCURRENCE
(2003); Ralph B. Taylor, “Communities, Crime, and Reactions to Crime Multilevel Models:
Accomplishments and Meta-Challenges,” Journal of Quantitative Criminology (forthcoming,
2010, available at http://www.springerlink.com/content/5316295t7w628088/
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socio-economic conditions in the crime precinct, for example, or the period of time), and
individual characteristics of the event itself (e.g., the race or ethnicity of the person
stopped, the specific crime). Events may be conditioned on the context in which they
occur, and this strategy allows for the estimation of how one variable affects an outcome
given the conditions in which the event occurs. In this case, for example, a person of
racial group A may be more likely to be stopped in a neighborhood with social or crime
characteristic B than in a neighborhood with characteristic C. This class of models
allows for consideration of the effects of racial or ethnic group membership conditional
on the place (B or C in this example) where the stop took place. In addition, these
models allow for the consideration of temporal effects such as particular time periods
when stops may be more or less frequent. That is, the effects of conditions B or C may
be more salient in some time periods than others. So, time becomes another of the
conditioning factors that can influence the rate of stops, the outcome of stops, or the
relationship between non-race influences and the outcomes of interest.

Details of the specific regression equations are included in the presentation
of evidence for each claim addressed in this report.

3. Sensitivity Analyses

In the absence of perfect information, the results of the analyses depend on
assumptions about the data, about the contexts in which the events of interest take
place, and about the methods that are used to test the data. The results of the
analyses also may also depend assumptions about the composition of the events of
interest. Accordingly, each of the analyses that are reported here are subjectto a
series of alternate tests that allow for the identification of a range of estimates of the
effects of race or other variables of interest on the outcomes. These tests allow us to
say what the effects are under a range of assumptions about the practices that are
being observed and measured.

C. Benchmarking

The selection of a benchmark against which to assess police enforcement
activity is a basic question in reliably measuring the extent of racial disparities in
police-citizen interactions. A benchmark allows us to determine if police are
selectively, on the basis of race or another prohibited factor, singling out persons for
stops, questioning, frisk or search. So, I compare the police decision to stop
someone to their availability and eligibility for stops, and compare that calculation
across racial and ethnic groups. It is not hard to see that the reliability of an estimate
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of the extent of racial disproportionality or fairness is likely to depend on - and be
particularly sensitive to - the benchmark used to measure criminal behavior.?¢

Population is one measure of the supply of people available to the police for
surveillance and possibly stops. However, there are constraints on local population
estimates that limit its utility as a benchmark for the behavior of the police.
Residential population estimates in commercial parts of the City are often unreliable
estimates of the actual composition of persons who are visible and available to the
police during certain hours of the day. And, similarly, if people leave residential
areas to work in commercial areas, the estimates in the residential areas will also be
biased and inaccurate.

Another reason that population may not be an incomplete benchmark is that
police do not stop persons randomly based on the population parameters of an area.
In fact, police stop persons based on, at least in theory, their perceptions of
suspected crime, or their evaluation of citizen behaviors that may provide
reasonable indicia of the potential that crime has occurred or is about to take
place3” To the extent that the rate of crime suspicion are correlated with the rate of
crime commission, observed crime rates are useful candidates to serve as a
component of a benchmark.38

Accordingly, for this analysis of police stop activity, a valid benchmark
requires estimates of the supply of individuals of each racial or ethnic group who
are engaged in the targeted behaviors and who are available to the police as
potential targets for the exercise of their stop authority. Since police often target

36 The issues in benchmarking for pedestrian stops are quite different from those that
influence decisions on how to benchmark for traffic stops. See, generally, Lori A. Fridell, BY
THE NUMBERS: A GUIDE FOR ANALYZING DATA FROM VEHICLE STOPS, 7 (2004); Jeffrey Fagan,
“Law, Social Science and Racial Profiling,” 4 Justice Research and Policy 104 (2002); Tan Ayres,
“Qutcome Tests of Racial Disparities in Police Practices,” 4 Justice Research and Policy 133
(2002); Greg Ridgeway and John MacDonald, Methods for Assessing Racially Biased Policing,
in RACE, ETHNICITY AND POLICING: ESSENTIAL READINGS (S.K. Rice and M.D. White, eds.} 180
(2010); Ridgeway and MacDonald, id. See, also, Samuel Walker, “Searching for the
Denominator: Problems With Police Traffic Stop Data And an Early Warning System Solution,”
4 Justice Research and Policy 63 (2002). The Fagan and Walker articles respectively wrestle with
the unique demands of benchmarking for pedestrian stops.

37 Berpard E. Harcourt and Tracey L. Meares, “Randomization and the Fourth Amendment”
(2010). Working paper, University of Chicago Law School, available at
http://papers.ssrn.com/sol3/papers.cfin7abstract_id=1665562.

38 Alpert et al, Place-Based Suspicion, supra note 9
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resources to the places where crime rates and risks are highest, and where
populations are highest, some measure of population that is conditioned on crime
rates is an optimal candidate for inclusion as a benchmark.

The challenge to the analyst is to identify a valid measure of crime. Ideally,
we would include measures of the race-specific crime rates in each precinct (or
other social area) to help construct precise benchmarks based on the participation
in the behavior of interest by persons of each race and ethnicity. However, there are
practical problems in this approach. For example, many crimes are unreported to
the police, and there are no valid victim surveys from which we can measure crime
rates. There similarly are no surveys of self-reported crimes. Race-specific arrest
rates have been used as a proxy for race-specific crime rates, with a lag function that
reduces the problem of correlated error terms between current enforcement and
past enforcement.3® However, there is some disagreement about the validity of
prior period arrest rates, with some analysts offering positive rationales, while
others have been critical 4

One alternate measure is crimes reported to the police. Police activity is
closely linked in New York City toward crime.*! However, crime reports don’t
provide a complete picture of the racial makeup of the offenders in those crimes.

While crime reports may provide a snapshot of the racial composition of those
involved in crime commission, it is just that: a snapshot with only partial coverage of
criminal activity. In fact, there are strong limits to this benchmark. Many crimes
that are reported lack a suspect identification or description. For example, fewer
than one in four stops in 2009 were based on a match between the person detained
and a suspect description known to the police, and the rates of unknown suspect

39 See, for example, Eliot Spitzer, “The New York City Police Department’s ‘Stop and Frisk’
Practices: A Report to the People of the State of New York” (1999); Andrew Gelman, Jeffrey
Fagan, and Alex Kiss, “An Analysis of the NYPD’s Stop-and-Frisk Policy in the Context of
Claims of Racial Bias.” 102 Journal of the American Statistical Association. 813 (2007); Jeffrey
Fagan et al, “Street stops and Broken Windows Revisited. The Demography And Logic Of
Proactive Policing In A Safe And Changing Cify,” RACE, ETHNICITY AND POLICING: NEW AND
ESSENTIAL READINGS (S.K. Rice and M.D. White, eds.) 309 (2010).

40 Arrest data incorporate information about crime patierns, but also contain uncertainty and
unobservable components because of police decisions about allocating officers to specific places.
Greg Ridgeway and John MacDonald, “Methods for Assessing Racially Biased Policing,” in
RACE, ETHNICITY AND POLICING: NEW AND ESSENTIAL READINGS (S.K. Rice and M.D. White,
eds.) 180 (2010).

41 William J. Bratton and Peter Knobler, TURNAROUND, supra note 8. Silverman, NYPD FIGHTS
CRIME, supra note _8. See, also, Letter from Commissioner Kelly to City Council Speaker
Christine Quinn, supra note 2.
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race are stable over time.#2 There is no valid basis for extrapolation of suspect race
information from the small number of cases where offender race is known to the
larger number of reported crimes to those cases where the suspect race is unknown.
Doing so would invite a statistical bias based on assumptions and parameters that
cannot be verified. So, for example, some types of suspected crimes that animate a
large share of stops, such as weapons possession or drug possession, often do not
follow from crime reports that identify the race of a suspect, so these base rates of
offending are unknown.

Nevertheless, to the extent that observed or reported crimes are leading
indicators of those behaviors that are correlated with crime, crimes known to the
police are an important part of a valid benchmark. So too is population, as an index
of the overall exposure of citizens to the police as available targets for surveillance
and interdiction. Accordingly, these analyses use both population and reported
crime as benchmarks for understanding the racial distribution of police-citizen
contacts. Since the percentage of known suspects varies by crime type, the analyses
in this report also include indicia of the distribution of particular types of crimes.*?

1L Descriptive Statistics of Data Analyzed for This Report

A. Social and Demographic Characteristics

The data analyzed for this report includes 2,805,721 stops by the NYPD from
2004-9 that were recorded on a UF-250 form and provided to Plaintiffs as digital
files.4% The descriptive statistics in this section include all stops. In the multivariate
models that test the legal claims, the sample excludes stops in the 2214 precinct,
Central Park, since it has negligible population.

Table 1 shows the distribution of stops by year and borough. The number of
stops rose from 313,047 in 2004 to 576,394 in 2009.%5 Stops were most prevalent in

42 See, infra, section VI.6.B.2
43 1d,

44 Fewer than .1 percent of the recorded stops did not state a valid precinct identifier. These were
were excluded from the analyses.

45 The NYPD reported over 581,000 stops in 2009 in files that were posted on the NYPD
website,
http://www.nye.gov/html/nypd/html/analysis_and_planning/stop_question_and_frisk_report.shim
1. The files provided to Plaintiffs included the smaller number of stops.
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Table 1. Stops per Year by Borough and Citywide, 2004-9

Borough 2004 2005 2006 2007 2008 2009 Total
Bronx N 39,051 51,520 75,824 70,987 84,732 95,784 417,898
% 12.47 12.96 14.97 15.04 15.68 16.62 14.89
Brooklyn N 127485 161,545 176,119 162,788 187,142 205,588 1,020,667
% 40.72 40.65 34.77 34.48 34.64 35.67 36.38
Manhattan N 57,051 82493 120,545 116,775 118,816 114,279 609,959
% 1822 20.76 23.8 24.74 21.99 19.83 21.74
Queens N 78404 91,347 114988 100,811 117221 131,382 634,153
% 25.05 22.99 227 21.35 21.7 22.79 22.6
StatenIsland N 11,056 10,488 19,013 20,735 32,391 29,361 123,044
% 3.53 2.64 3.75 4.39 5.99 5.09 4.39
City N 313,047 397,393 506,489 472,096 540,302 576,394 2,805,721
% 100 100 100 100 106 100 ' 160




Kings County, and least prevalent in Staten Island. The percentage of stops rose
over time in Bronx County, from 12.47% in 2004, to 16.62% in 2009. The share in
Kings County declined over the same period, even as the actual number of stops in
that borough increased from 127,485 to 205,588.

Table 2 shows the distribution of stops by calendar quarter. Stops were most
common in the winter months (January-March) compared to other times of the year.
The seasonal difference was most pronounced in 2004, the year when fewest stops
were recorded.

The racial distribution of stops has been discussed widely, both in official
reports from the City as well as a variety of secondary analyses by organizations and
agencies in New York.#6 Over half the persons stopped ~ 51.52% - over time were
African-American. Table 3 shows that both Hispanic Blacks and Non-Hispanic
Blacks are included in this category. Three in ten were Hispanics, and slightly more
than 10% were Non-Hispanic Whites. The age distribution of persons stopped was
about evenly divided across four age categories spanning a wide band of adult ages
from 16-64. These are stops, not persons, so persons stopped more than once are
not described separately in this table. Nearly nine in 10 (89.48%) were males.
These are stops, not individual persons, so that the counts may include repeat stops
of the same person.

The age distribution of stops is evenly spread across several age categories,
but diverges from the conventional age distribution of known offenders. For most
crimes, the peak offending age is 16-19,47 and slightly older (18-24) for homicide.*8
For example, according to the New York City Department of City Planning, the
population of males ages 20-24 in New York City in 2005 was 292,173, or 7.48% of
the male population of the City.#? Stops of persons in this age range were 22.69% of
all stops. Males 25-34 were 16.86% of the City population, but comprised 23.25% of
the persons stopped. Males 35-64 were 40.62% of the male population, but 25.29%
of the males stopped. So, overstopping younger persons relative to their age reflects

46 See, for example, Stop, Question and Frisk Policing Practices in New York: A Primer,
available at www.jjay.cuny.eduw/web_images/PRIMER_electronic_version.pdf

47 The age-crime distribution has been historically stable over time. See, for example, David
Farrington, “Age and Crime” 7 Crime & Justice 189 (1986).

48 See, Bureau of Justice Statistics, U.S. Department of Justice,
hittp://bis.oip.usdoj.gov/content/homicide/teens.cfm

49 See, hitp://www.nye.gov/html/dep/pdficensus/projections_briefing booklet.pdf
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Table 2. Stops by Calendar Quarter (%)

Calendar Quarter

Year N Jan-Mar Apr-June July-Sept Oct-Dec

2004 313,047 33.79 26.51 19.10 20.60
2005 397,393 27.91 28.66 20.82 22.61
2006 506,489 26.86 25.58 24.44 23.12
2007 472,096 28.61 24.41 23.69 23.29
2008 540,302 27.50 23.80 22.70 26.00
2009 576,394 29.72 24.41 23.98 21.86

Total 2,805,721 28.79 25.34 22.78 23.10
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the known distributions of criminal offenders, but the extent of over-stopping is
perhaps not as great as their age-specific crime participation rates would suggest.
Similarly, understopping males 35-64 relative to their age also reflects their
generally lower crime risk, but the extent of understopping is less than what a stop
rate indexed to that group’s age-specific crime risks would suggest. In other words,
the age distribution of stops in New York is not proportionately or accurately
indexed to either the widely acknowledged higher crime risks of younger persons or
the rapidly decreasing crime risks of persons over 35 years of age.”?

Table 4 shows the distribution of stops by suspected crimes and suspect race
or ethnicity. The crime categories were constructed from a set of 131 specific crime
types that were identified in the UF-250 data. Details of the categories and the types
of suspected crimes in each category are in Appendix C. The distribution by race
varies by type of crime. White are less likely than Blacks and other minorities to be
stopped in several crime categories: violence, weapons possession, and trespass.
Whites are more likely to be stopped for property crimes and “quality of life” crimes.
Stops for suspected drug crimes, including both possession and sale, are evenly
distributed across racial and ethnic groups.

However, these trends should be regarded with some uncertainty due to the
high number of cases where the suspected crimes were either “unknown” or
unclassifiable. NYPD officers failed to accurately or usably code the suspected crime
in nearly one in five stops. Examples of uncoded stops include those with notations
or entries for suspected crime in the database that state “FEL” or “FELONY”, or
“MISD” or “MISDEMEANOR”. These could not be classified. Other suspected crimes
were recorded using non-existent Penal Law categories, and also could not be
classified. Others were simply missing. Overall, 519,120 of the 2,805,721 records -
18.4% - were unclassifiable. The rate of unclassifiable suspected crimes was slightly
higher for Black (19.68%) and Hispanic {18.27%) suspects than for Whites
(16.66%) or other race (13.77%) suspects. The rate of unclassifiable cases was
highest for those records where the suspect race or ethnicity also was unknown -
30.86%. As in the race of suspects in reported crimes, there is no basis on which to
make assumptions about how these cases would be distributed across either
race/ethnicity categories or crime categories.

50 See, e.g., Alfred J. Blumstein and Kiminori Nakamura, “Redemption in the Presence of
Widespread Criminal Background Checks", 47 Criminology 1 (2009)
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B. Stops and Crime

Figures 1-8 are a series of graphs showing the basic distributions of stops
arrayed across a range of benchmarks based on crime complaints for each calendar
quarter. The basic comparison is stop rates per crime complaint. To provide
illustrations relevant to the disparate treatment claims in the litigation, the graphs
divide the City into quartiles based on the percent Black or Hispanic population, and
also non-White population, and show stop rates per crime metric over time. Graphs
include total crime complaints, felony violent crime complaints (murder,
manslaughter, robbery, assault, rape and kidnapping), and total violent crime
complaint.

The graphs show:

Stops per crime complaint by Black population quartiles

Stops per violent crime complaint by Black population quartiles

Stops per crime complaint by Hispanic population quartiles

Weapons stops per violent crime complaint by Black population quartiles

Weapons stops per felony violent crime complaint by Black population

quartiles

Weapons stops per crime complaint, by non-White population quartiles

. Weapons stops per violent crime complaint by non-White population
quartiles

8. Weapons stops per felony violent crime complaint by pct non-White

population quartiles

1 W

N o

Each of the graphs shows that stop rates per crime complaint are higher, for
each crime complaint and crime-specific stop metric, in the population quartile with
the highest concentration of minority population. The result is consistent for both

“total stops and weapons stops, as well as for total and violent felony complaints. In
each instance, the population with the highest quartile of minority (Black, Hispanic,
or total Non-White) population has the highest stop rate per crime complaint.
Although these are places where the crime rates generally are higher, the disparity
in stops per crime are in some cases quite wide. The analyses in the following
sections test whether these disparities are statistically significant, controlling for
other characteristics in the crime precincts.

Figures 9-12 are maps that further illustrate the relationship between crime,
stops, and the racial composition of precincts. Figure 9 shows all stops by precinct
percent Black population. Figure 10 shows the same, but for the precinct Non-
White population. Figures 11 and 12 show stops by precincts based on two
measures of their crime conditions: total crime rate and both felony and
misdemeanor violent crime complaints.

-25-



ouedsiy eolad 1seybiy - —- — DURESIH USSR £ mrrrreaneen

woeiq wesiad 15eUbi s ~— Noelq Waoiad §O - eeee
oluedsiy pesodad 7D ————— oledsip Uaolad 185aM0T

HOBIG e0I8d T w e ¥oui ueniad 1SaM0T

deens,.

WiErdWIod BUIS YilsiolA Fod Sdnig S0

S GEen ey

' yoeia % sipienbiAq Juieidisn By aiom Jad sdois uodEaph

OB S0I8G 159UOH - —— ORI JUB0IBA £ —wereeeeren ;
woey wedled 7D ————— NOB|G JUB0IET ISOMOT] —

R YL R e J—— ¥2BiG UB0IEd £ reeeeeee e :
: SRl us0sad 2O HoBL] W8I 1SOMOT e |-




sjmuo Jusoiad jseybly ~ —.— SYUMUSY WB01ad §T ~-mreren
SYYMLUOU 18088 T~ —— Sjmuol juenisd JSOMOT

" voeig wesiad 1saYBI <o P T STITLTET: ) o —
HoBIG Waad ZD - wew— $0BIq 1eniad 1semo'y

_mgé;c?’g]ozi)__.(u_&a; ;_déitﬁn_;_ad: sc;’o';s sao(?e:éM

“sjiymuol % ayiienb Aq uiE[diios AUoiR) IS

o suymuou jueciad 1s9yBid - — o apyasiol uaned £0 apumuo Juaoiad 1seybiyy «oa—-— PYMUOY WEAIBD Y —mememr e ‘
) Syymuo wemed D ~———— FUYMUcH Jusotad 1semoT] ER{TTVNTR N T2 o J i ——— JUYMUOU Ta2Iad I5aMOT]
R eplares : _ L sopeny sebusien T
R R Rt

]




300 TR R NP Hae i Bk

FER TSRt
i TP e R

Ty e

JuoIa] wonemdod jouald pue sdoig (0] 2andiny Yor[g 12019 uonendod pumaig pue sdoig i oSy




SATRY QW) JUDOIA pue sdoig 171 amS31y soTey] o) pue sdoig (11 smS1y




IV. Claim I: Disparate Treatment
A. Overview

Plaintiffs claim that NYPD officers have used race and/or national origin as
factors that determine whether officers decide to stop and frisk a person, and that
Black and Latino males are the population groups most affected by the alleged
violation. The analyses here begin with simple descriptions of the distribution of
stops by suspect race, and then proceed to multivariate regression models to test
whether there are effects on stops due to race, after adjusting for the effects of other
factors that may also explain the distribution of stops.

To test these claims, a series of regression analyses were completed that
followed the general analytic model discussed earlier:

Outcome = o + fr* Minority + B2* Crime + Zifi *(Plausible Non-Race Influences) + ¢,

Outcome is the event or status of interest, Minority is an indicator for the
racial composition or status of the unit observed (i.e., precinct or person, depending
on the outcome), Crime is the local crime conditions disaggregated by type of crime,
Plausible Non-Race Influences are a set of variables representing non-race factors
that also might influence the outcome, and an error term ¢ that captures the
variation in the outcome that cannot be explained by either Crime or Minority status
or the Non-Race Influences. All models are adjusted for the total population of the
precinct. As discussed earlier, this is the general analytic model used to test claims
~of disparate treatment and discrimination in a range of policy and legal settings.

For these tests, data are analyzed at the level of the police precinct since
precincts (instead of smaller units such as census tracts or police beats) since the
regulation and oversight of stop and frisk policy and activities takes place at the
precinct level.51 Precinct commanders are accountable for precinct-level statistics
on crime trends, though they have discretion to allocate officers tactically within
precincts to specific beats or sectors.. However, supervision is precinct-wide. Also,
data are aggregated and reported by the NYPD at the precinct level, suggesting that
this is the unit of analysis of interest to its central command.

B. Test1

The first analysis tests whether stops in precincts are disproportionate to the
racial composition of the precinct, after controlling for the known crime rate in the

51 See, for example, Eli Silverman, THE NYPD FIGHTS CRIME (1999); William Bratton and Peter
Knobler, TURNARGUND (1998).
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precinct in the previous calendar quarter,52 and other characteristics that are
correlated with crime. Here, the outcome is the number of stops for several types of
suspected crime. Minority is the racial composition of the precinct. The non-race
influences may be proxies for race, or they are factors that influence the crime rate. .
Crime and residential population characteristics ~ that is, the percent of residential
population of each racial group ~ are the two benchmarks and are the Minority
factors in the specific test design. Three race categories are included, and the
category of percent White is omitted. This is done to avoid collinearity in the model
estimation. So, it important to bear in mind that the coefficients for each racial
group are based on comparison with the percent White in the precinct. When a
racial composition variable is significant, this means that its relationship to stop
activity is significantly different from that of the White racial composition of the
precinct, A significant difference means that this finding is more than 95 percent
unlikely to have occurred by chance.

Other controls include the precinct socio-economic status,>? the percent
foreign born54 (as a proxy for immigrant populations), and the age distribution of
the population. A control for patrol strength in the precinct adjusts for the number
of officers who are available to make stops and also for the probability of exposure
of citizens to police. Another control is a dummy variable to indicate whether

52 All models control for the one-calendar-quarter lag of logged crime complaints. The log
transformation of the actual number of crimes is used. Log transformation is necessary to adjust
when the distributions are highly skewed and non-linear. The lag reflects the planning process
whereby SQF and other enforcement activity are adjusted to reflect actual crime conditions.
Although COMPSTAT meetings occur more often, using a lag that is too short can confound
naturally occurring spikes and declines in crime with reactions to policing. Calendar quarters in
effect adjust for those naturally occurring temporal variations.

53 Socioeconomic status is measured using a principal components factor analysis that
incorporates precinct percent poverty, physical disorder, and unemployment. The combined
factor explains 81.52% of their combined variance, suggesting that there is little about local
poverty that is unobserved in this model.

54 The percent foreign-born is the percent of the population born outside the 50 United States and
Washington DC (i.e., considering Puerto Ricans and other born in U.S. Outlying Territories to be
foreign). This population in urban areas is generally considered to present lower crime risks than
other non-white populations. See, Robert J. Sampson, “Rethinking Crime and Immigration,”
Contexts (Winter 2008), available at
http://contexts.org/articles/files/2008/01/contexts_winter08_sampson.pdf
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precinct contains a predominantly business district of the City.55 These are places
where the population characteristics differ between business hours and nighttime,
and where residential population is less meaningful than in other parts of the City.

In addition to a general model of the total number of stops, additional models
break down stops into the suspected crime that motivated the stop. For these
models, a variable is included that indicates the share of crimes in the precinct in the
previous period (calendar quarter) that were of the specific crime type for that
model. For example, the model for stops for violent crimes includes a variable for
total crime and the percentage of the total crimes that were violent crimes. This
allows for estimations of any differences by race in the crime-specific patterns of
stops, patterns that may be masked in the larger patterns of stops. Finally, there are
controls for year and borough, to account for natural variation across boroughs that
are not accounted for by precinct-specific effects.

1. Results
a. Total and Crime-Specific Models

Table 5 shows the results of the regressions for Total Stops and each of seven
specific categories of suspected crimes. In the model for Total Stops, the percent
Black population and the percent Hispanic population predict higher numbers of
stops, controlling for the local crime rate and the social and economic
characteristics of the precinct. The crime rate is significant as well, so the
identification of the race effects suggests that racial composition has a marginal

influence on stops, over and above the unique contributions of crime. Itis also
" noteworthy that the size of the coefficients for Percent Black and Percent Hispanic
are more than three times greater than the size of the coefficient for the crime rate.
Patrol strength also is a significant predictor, suggesting that stops are greater when
more officers are available to conduct them. This too is a marginal increase over the
crime rate, suggesting that decisions on the allocation of personnel are important to
understanding the frequency with which stops take place.

Among the seven crime-specific models, Percent Black is a significant
predictor of stops in four of them: violent crime, drug crime, weapons stops, and
trespass stops. Percent Hispanic is a significant predictor in four as well: violent
crime, property crime, drug crime and weapons crimes, The crime models where

55 Business precincts are those with large commercial areas (i.e., the 1%, 6™, 14® and 18™), which
we expect to be policed not predominantly on their residential dynamics, but also on the behavior
of visitors who pass through.
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race or ethnicity is not significant predictors are low-level crimes (e.g., quality of life
crimes) or other misdemeanors.

The results for violent crime deserve additional discussion, given the
frequency of stops for suspected violent crimes and their importance in policy and
practice.5¢ In this model, neither the total crime rate nor the share of crimes that are
violent are significant predictors. Stops in this model are explained by only the
racial composition of the precinct and the patrol strength in the precinct. This
suggests that in the search for violent crime suspects, the search seems to be based
solely on the racial composition of the area.

The results for weapons stops also deserve special attention, for the same
reasons. In this model, racial composition is significant, the crime rate is not
significant, and the share of crime for weapons offenses is significant but negative.
This suggests that the search for weapons is (a) unrelated to crime, (b) takes place
primarily where weapons offenses are less frequent than other crimes, and (c) is
targeted at places where the Black and Hispanic populations are highest. Similarly,
for drug stops, crime is negative and significant, and the share of crime complaints
for drugs also is negative and significant, while the racial composition variables are
positive. This pattern suggests that the search for drug offenders is (a) negatively
related to rates of crime or drug offenses specifically, and is (b) concentrated in
neighborhoods with high proportions of Black and Hispanic residents. It also is
noteworthy that the coefficients for the two racial composition variables are quite
large.

The overall pattern in Table 5, especially for the most serious and most
frequent crime and stop categories, suggests evidence of differential treatment in
stop activity of police precincts based on the difference in the racial composition of
the precinct between minorities and Whites. These effects are observed over and
above any considerations of crime, and beyond the effects of the number of officers
who are deployed and available to make stops. Perhaps most important, and in
contrast to the stated policy goals of stop and frisk, these effects and are present
even when crime rates are not significant predictors of stop activity.

b. Sensitivity Tests

To test the robustness of these results to alternative assumptions about the
factors that explain stops, the eight models in Table 5 are replicated seven more

56 See, e.g., Spitzer Report, supra note 39. See, also, Letter from Commissioner Raymond Kelly
to City Council Speaker Christine Quinn, supra note 6 (citing the relevance of stop and frisk
activity to rates of murder and robbery, among other crimes).
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times, each with a variation on the modeling assumptions. In the first sensitivity
analysis, the control for patrol strength is removed. The second sensitivity analysis
is limited to stops that are not radio runs, to focus on the stops that are likely to
require more discretion on the part of the officer when determining suspicion. The
third sensitivity analysis eliminates both “radio runs” and the control for patrol
strength. Stops made pursuant to “radio runs” differ from other discretion-based
stops. In “radio runs,” officers are dispatched to a crime scene or location based on a
citizen report or a report by another officer and where a suspect description may be
provided by the dispatcher given {as opposed to a “crime in progress” where no
description is given). Discretion may be exercised in a narrower manner in these
instances, since the officer will be focused on a specific circumstance and her “gaze”
is constrained in this way.

The fourth sensitivity test again includes radio runs as well as other stops,
again include the control for patrol strength, but focus on more residential areas by
eliminating stops made in the “business precincts” (1, 6, 14, and 18). In the fifth
sensitivity analysis we return to our baseline model but add a control for the
percent of the precinct population that lives in public housing. In the sixth model,
the baseline models are re-estimated, splitting the crime control into separate
controls for violent crime and property crime (both lagged and logged). Finally, in
the seventh sensitivity analysis, we re-estimate the baseline models, but including a
control for precinct land area.

The sensitivity tests basically confirm the baseline tests in Table 5, with some
variations. Table 6 shows the results of these models, focusing on four critical
variables: total crime, the crime-specific share of crime relevant to each model, and
two racial composition variables. Recall that these are interpreted as Percent
Minority compared to Percent White. The first panel in Table 6 repeats the results of
the models in Table 5, to provide a comparison for interpreting the seven variations.

Variant 1 omits Patrol Strength. The racial composition variables are
significant for five of the eight models. This result is observed for crime-specific
models of stops for violent crime, drug crime, weapons stops, and trespass (for
Percent Black only). A nearly identical pattern results in Variant 2, where radio
runs are omitted. This is important, since the non-radio run stops are those
instances where officers exercise their discretion and their “search” is not
constrained by either the urgency of a crime in progress or by the contours of a
specific suspect description. In several of these models, crime is significant, but the
pattern of racial composition effects remains significant. So, when looking only at
stops where officers have complete discretion, the patterns of racial composition
effects that exceed crime effects persist.
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Variant 3 compounds Variants 1 and 2, omitting both patrol strength and
radio runs. Not only are the results the same, but the coefficients for the two racial
composition variables are larger.

Variant 4 omits business districts. In the City’s primarily residential areas,
the racial composition variables again are significant for models of total crime,
violent crime, drug crimes, and weapons stops. The same pattern is observed in
Variant 5 (when a covariate is added to the model to control for the percentage of
the precinct population living in public housing)}, and in Variant 7, which controls for
land area and, in effect, population density and police-citizen exposure. .

Variant 6 splits total crime between violent and non-violent crime
complaints, to focus specifically on the category of crime that receives the most
attention in terms of policy and strategy. The same pattern of effects for the racial
composition variables is observed: controlling for a wide variety of social and
legally-relevant factors, including crime, the Percent Black and Percent Hispanic
composition of the precinct (compared to the Percent White) predicts the stop rate
for total crime, violent crime, weapons and drug stops. But what is interesting here
and important is the seeming statistical irrelevance of violent crime as a predictor of
stop patterns. Stop patterns instead are predicted efficiently by non-violent crimes.
Given the emphasis in narrative and in various policy documents on violent crime,
this is an unanticipated set of resuits.

2. Summary

A set of regressions tested whether stop patterns are explained by crime
(controlling for population size), and whether the racial contribution of the precinct
“explains the stop patterns net of crime and other legally and socially relevant
control variables. The results show consistently, across the most policy-relevant
and frequent crime categories, that racial composition predicts stop patterns over
and above any predictions made by crime or other factors. In effect, overall stop
patterns in the precincts are predicted more by the Percent Black and Percent
Hispanic (compared to Percent White) than by observed crime. These results are
robust to a set of alternate controls and alternate set of conditions and contexts.
The durability of the results across both crime types in the baseline models and
across variations in suggests that in fact, the racial composition of an area plays an
important role in conduct of stops that exceeds the role of crime, social conditions,
or the allocation of police resources.
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C. Test2
1. Analytic Design

Test 2 presents an alternate strategy to identify the effects of race on
patterns of stops. The additional dimension of this test is an analysis of individual
effects by racial groups within precincts. The test uses the multilevel modeling
strategy described in Section ILB.2. In this test, the data are structured so that
individual racial groups (referred to as “Level 17} are nested within each precinct
(“Level 2"). Precincts are, in turn, nested within the 24 calendar quarters of the
analysis {“Level 3”). The outcome of interest is the number of stops made of
suspects of each racial group, in each precinct, in each calendar quarter, or total
stops of each group-precinct-quarter observation. The racial differences in stop
patterns are estimated at level one, with a series of dummy variables to indicate
each group (“Black”, “Hispanic”, and “Other Race”, with Whites omitted to serve as a
basis for comparison). Coefficients on the dummy variables represent the different
prevalence of stops among each racial group. The availability of suspects to be
stopped, and other factors that might predict police activity, are controlled with
Level 2, or precinct level, characteristics. The same set of covariates that were used
in the previous set of analyses is used here to test the contributions of precinct
crime and social conditions on stop patterns. In addition, a set of seasonality
controls is included to adjust the estimates for differences in crime rates by time of
the year.57

There are two parameters that convey information about the racial
distribution of the stops. The firstis a test of the significance of the individual-level
race predictors described above. Because stops of Whites are the omitted group, the
Black, Hispanic, and Other coefficients represent differences between Whites and
each group. A positive value of a group’s regression parameter (unstandardized
coefficient, or b in the model resuits) means that the stop count for that group is
greater than that of whites - in other words, that controlling for precinct crime and
demographic conditions, persons in this racial or ethnic group are more likely to be
stopped. As in any other significance test: a p-value of less than .05 shows the
finding to be systematic and not a chance occurrence.

The second test assesses whether, in addition to the comparison of minority
groups to Whites, stop patterns of individual minority groups differ systematically

57 There is a ibng tradition of studies of the seasonality of crime and the theoretical explanations
for why crime varies by season. See, e.g., John R. Hipp et al., “Crimes of Opportunity or Crimes
of Emotion? Testing Two Explanations of Seasonal Change in Crime,” 82 Social Forces 1333
(2004).
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from each other.58 To do this, we test for equivalence of the race coefficients, in the
form:

Ho:Yo1=Y11=0

where Yo1 is the effect of Black (compared to White) on number of stops and Y11 is

the effect of Hispanic (compared to White) on the number of stops. If there is no
difference, the result of the Chi-square test of the differences will be not significant.
No difference in this case would mean that there are no differences by race among
Blacks, Whites and Hispanics. The results of the test are reported at the bottom of
each table.

As before, models are estimated first for all stops, and then crime-specific
models are estimated that control for the portion of all crimes specific to the crime-
specific stops for each model. Sensitivity analyses test the robustness of general
findings to varying model assumptions (i.e, which variables are included or how
they are measured) and to varying but legally or statistically important subsamples
of study populations.

2. Results
a. Total and Crime-Specific Models

In Tables 7-10, the results are divided into two “panels.” The top panel
compares the stop patterns of each race group within precincts. The regression
coefficients for Black, for example, show the significance and effect size of stops of
Blacks on the total number of stops in the precinct from 2004-9. The lower panel
shows the effects of the precinct-level variables, similar to the variables that were
tested in Test 1. The effects in the upper panel are conditional on {(or net of) the
effects in the lower panel.

Table 7 shows results from the models predicting stops, by race, per
precinct-quarter, Asin Tables 5 and 6, the first column presents estimates from the
model examining total stops, and subsequent columns represent crime-specific
stops. Each model’s results indicate that stops of Black and Hispanic suspects are
more common by precinct, controlling for the precinct context in which stops take
place. For example, the coefficients on precinct characteristics in Table 7's “total
stops” model indicate that stops, on average, are more prevalent in high-crime and
high-population precincts and calendar quarters, in precincts with large Black and

58 Technically, this is a test of whether the effects of each parameter (race group) on the slope
outcome are the same or different.
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Hispanic populations, and precincts where more officers are deployed. The
coefficients on the race-group indicators indicate that after controlling for these
precinct characteristics, Blacks and Hispanics are stopped in greater numbers than
Whites, and suspects of other races are stopped less.

In the crime-specific stops in subsequent models, the precinct characteristics
that predict stop patterns vary slightly by type of suspected crime, with {lagged and
logged) crime complaints predicting drug stops, weapon stops, trespass stops, and
quality-of-life stops, but not violent or property crime stops. Precinct percent Black
is associated with more stops on suspicion of violent, drug, weapons, and trespass
arrests, but fewer stops on suspicion of quality-of-life offenses. Precinct percent
Hispanic is associated with more stops on suspicion of violent, drug, and weapons
offenses, and fewer stops on suspicion of quality-of-life offenses. However, while
the precinct-level relationships vary, the “Level One” relationship is robust:
controlling for precinct characteristics - including crime levels and the relative
availability of individuals of each racial group to be stopped (based on their
population representation) - Blacks and Hispanics are stopped more often than
Whites are. Moreover, the larger magnitude of the Black coefficient, combined with
the significant chi-squared test comparing Black and Hispanic stop levels, indicate
that Blacks are stopped more frequently than both Whites and Hispanics.

b. Specific Subsets of Precincts

Tables 8, 9, and 10 show similar results when narrowing the focus by three
sets of precinct characteristics: residential areas, commercial areas, and precincts
that are racially mixed or predominantly white. Table 8 shows the results for tests
excluding the four “commercial” precincts, and focus exclusively on places that are
primarily residential. Table 9 analyzes only those four precincts that are intensive
commercial areas. These are areas where residential population is less important
than residential areas in local crime conditions. Table 10 examines predominantly
White or racially heterogeneous precincts.

Table 8 shows the results for the models excluding the four commercially-
dominated precincts. For Total Stops, Blacks and Hispanics are significantly more
likely to be stopped than Whites, net of the other crime and social contextual factors
in the precinct. The results of the hypothesis tests confirm what the individual
regression parameters show. This finding is reproduced in each of the crime-
specific models. The effect sizes vary: they are largest for Blacks and Hispanics for
violent crimes, trespass, and weapons offenses. The effects are smaller but still
significant for property offenses and disorder or quality of life offenses, offenses
that are less typically associated with any particular type of place or population
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group. The effects for the Level 2 precinct characteristics are similar to the effects
reported in the regression models in Test 1.

To some extent, these results are simple reflections of the overall tendency
for the number of stops of Blacks to exceed stops of Whites. But the regression
coefficients in the upper panel are adjusted for the coefficients or effects in the
lower panel, which are the precinct-level effects. Controlling for crime levels and
other non-racial characteristics, there are statistically significant differences
between Blacks, Hispanics and Whites across all crime types, regardless of the
characteristics of the places where these stops take place.

Table 9 shows the same models for the commercial precincts, where racial
composition of the population has a different meaning and structure than in the
City’s residential areas. Since the local racial composition and other social
contextual factors are less relevant to local conditions in these precincts than are
crime conditions, they were omitted from the models. The tests here, then, are
limited solely to the precinct crime conditions and patrol strength. The models
produce the same results in these precincts, using a simple set of controls for crime,
crime-specific events, and patrol strength. Blacks and Hispanics are consistently
more likely to be stopped than are Whites in these places, both for total stops and
for each of the crime-specific categories. Both the regression coefficients and the
hypothesis tests are significant, and confirm the disparity.

Table 10 shows the same models examining the 32 precincts with the upper
50 percent of White population in the City in 2006.5° These precincts are either
racially heterogeneous or predominantly White.5¢ Focusing on these areas reduces
the risk that observed racial disparities in stop rates are driven solely by the
elevated stop levels in predominantly Black precincts, reported in Tables 5 and 6. In
the subsample of White and mixed race precincts, Blacks are stopped significantly
more often than are Whites or Hispanics, a pattern that is also present when
focusing on stops for violent crime, drug offenses, weapons possession, or trespass
offenses. On the other hand, Whites in these precincts are more likely than Blacks to
be stopped for property or quality of life offenses.

59 These 32 precincts span ail five boroughs, and include 9, 10, 13, 17, 19, 20, 24,45, 49, 50,
60,61, 62, 63, 66, 68, 70, 76, 78, 84, 90, 94, 100, 104, 106, 107, 109, 111, 112, 120, 122, 123.
The four business precinets — 1, 6, 14, 18 — are excluded from this analysis, and are treated
separately in other analyses.

6¢ The average percent of the population that is White in these precincts is 51 percent, and ranges
from 30 to 84 percent. The average percent Black population in these precincts is 11 percent,
ranging from less than one percent to 41 percent.
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V. Claim 2 ~ Lack of Reasonable and Articulable Suspicion

A. Overview

Plaintiffs cite two specific Fourth Amendment violations. First, they allege
that there is a pattern of stops of City residents (and presumably visitors) that are
done outside the parameters of “reasonable and articulable suspicion” as set forth
under the Fourth Amendment and subsequent caselaw.6* In addition to reviewing
the empirical evidence for these claims, I also examine evidence regarding the
intersection of the Fourth and Fourteenth Amendment claims. Specifically, I assess
whether each of these claims are more likely to affect Black and Latino citizens.

B. Reasonable and Articulable Suspicion
1. Standards and Thresholds

Fourth Amendment jurisprudence demands that a suspect’s behavior reach a
threshold of reasonable and articulable suspicion (RAS) that justifies the police
intervention.52 Under New York law, police need an “articulable reason” to justify
approaching a suspect for the purpose of requesting background information or to ask
“basic, nonthreatening questions”, applying the familiar DeBowur standard for searches
and seizures.®3 To ask “more pointed” questions indicating that the suspect is under
suspicion of violating the law requires a “founded suspicion that criminal activity is
afoot.”* Current practice, as reflected in the UF-250 data, is for an officer to first
determine that the circumstances of the encounter with an individual meets the standards
for RAS before proceeding to detain and question that person, and then to record the
bases for RAS within the catergories listed on the form. This categorization of
information takes place after the stop has been completed.

The categories available for NYPD officers to record the bases of RAS are a
set of indicia derived from aggregate experiences of officers in conducting stop and

61 Second Amended Complaint, David Floyd et al. v. City of New York et al., U.S. District Court
for the Southern District of New York, 08 Civ. 01034 (SAS), October 2008, at § 2.

62 See, Barry Kamins, NEW YORK SEARCH & SEIZURE § 2.04 (Matthew Bender, Rev. Ed. 2009),

63 See generally People v. De Bour, 352 N.E.2d 562 (1976) (articulating the standard for search
and seizure under New York common law).

6% 1d.
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frisks over many years, and cabined by both federal and New York State caselaw.
Accordingly, the most natural way to think about these indicia of suspicion is that
they are group-based identifiers rather than markers of individual behavior. For the
most part, suspicion attaches to group-based traits, conditions, and behaviors: the
police identify sets of individuals with motives, such as individuals who match a
drug courier profile, individuals whose behavior fits a patter of someone casing a
store for a possible burglary, individuals who fit an eye-witness description,
individuals who occupy a specific location where crimes may be prevalent, or
individuals whose movements signal that they are concealing contraband. These
are not individual markers of suspicion, but in fact are constructed categories that
the officer who has determined that a suspect is “suspicious” must use as an
organizing scheme to express the bases of suspicion. In other words, if a suspect
“looks like a perp”, as former NYPD officer Perry Baconss characterized as the basis
for many stops, the categories of RAS on a UF-250 provide an institutional
mechanism for re-organizing the behaviors or other information that formed that
signal.

2. Implementation of the Legality Standards

The constitutional sufficiency of stops was determined from the primai‘y
“circumstances of the stop” and the “additional circumstances” noted for each
record in the UF-250 database. Stops are classified as either “legally justified”,
“unjustified” based on noted justifications, or of indeterminate legality. Based on the
memorandum in Appendix D, each of the nine “circumstance” categories was
analyzed to determine whether it would be sufficient to justify a stop on its own, or
if it would be legally sufficient only when applied in conjunction with other stop
factors or additional circumstances that were present in the case.

Because stop circumstances are listed in a check-box format on the back of
the UF-250 form, officers may indicate any number of the 10 circumstances listed,
or that “other” circumstances apply. There are therefore 1,024 possible
combinations of primary circumstances that could be indicated, a number that
grows exponentially when considering the 1,024 possible combinations of
“additional circumstances” that could apply (plus “other additional circumstances).
The enormous number of combinations of circumstances made an analysis of the
legal sufficiency of individual cases extremely difficult, unwieldy and uninformative.

65 Perry Bacon, BAD COP: NEW YORK’S LEAST LIKELY POLICE OFFICER TELLS ALL (2009).
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Instead, using the analyses of prima facie sufficiency or conditional
sufficiency of each stop circumstance discussed in Appendix D, stops were classified
as justified, unjustified, or indeterminate, according to the following criteria:

1. Stops are justified if the circumstances provided are considered sufficient as the
sole rationale for the stop and need no additional information or qualification (i.e.,
Casing, Drug Transactions, or Violent Crime)

2. Stops are justified if the circumstances listed are conditionally justified (e.g.,
carrying a suspicious object, fitting a suspect description, acting as a lookout,
wearing clothing indicative of a violent crime, furtive movements, or a suspicious
bulge in one’s clothing), and an “additional circumstance” is also indicated.

3. Stops are unjustified if no primary stop circumstances are provided. For
example, stops are unjustified if the only listed circumstances is that the suspect
was present in a high crime area. Stops that list “Other Stop Factors” only are
unjustified.

4. Stops are of indeterminate legality if the circumstance or circumstances listed
are (all) conditionally justified, and no additional circumstances are provided.

5. Stops are of indeterminate legality if the only circumstances listed are “other
circumstances” or if no additional circumstances are indicated.

The estimates of legal sufficiency are most likely generous. That is, this
coding scheme overestimates the extent to which stops are legally justified since
some of the combinations of “conditionally legal circumstances” and “additional
circumstances” are still insufficient to justify a stop without detailed circumstantial
information. 66

3. Descriptive Statistics
a. Stop Factors by Crime Type

Table 11 shows the percentage of cases citing each stop factor and additional
circumstance, by category of suspected crime. Radio runs are excluded from this
table, since these are instances where officers are responding either to specific
circumstances or other information that narrows their discretion with respect to
RAS. With the exception of furtive movements and high crime area, the stop factors
and additional circumstances are cited unevenly across the crime categories, though

66 See Appendix D for discussion of the subjective and conditional nature of each Stop
Circumstance.
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stops and arrests as individual occurrences, each subject to Fourth Amendment review
standards,” determining their legality based on the familiar De Bour standard for
searches and seizures, rather than assessing the legality of the tactic itself.”* This is
because location alone does not provide the reasonable suspicion necessary for an
investigatory stop.” Yet, by checking off “other” as a stop factor in the majority of
trespass stops, the question of the circumstances of the stop become highly questionable
and, in turn, constitutionally problematic.”6

The highest rate of unjustified stops was for weapons offenses. Nine percent
of the radio runs and 12.3 percent of the non-radio runs were classified as
unjustified. This results in large part from the extensive use of furtive movements as
a stop justification for weapons offenses: 60 percent of stops where a weapons
offense was suspected were justified in whole or part by furtive movement. Another
legally indeterminate stop factor, suspicious bulge,”” was cited in 34.4 percent of
weapons stops, and high crime area in nearly half the weapons stops. The use of
these broad, highly discretionary and ill-defined indicia of suspicion, which on their

73 See, e.g., People v. Crawford, T1I9 N.Y.S5.2d 18, 19 (N.Y. App. Div. 2001) (failing to question
the legality of TAP and finding officer had “an objective credible reason” to approach suspect);
People v. Thompson, 686 A.D.2d 242, 243 (N.Y. App. Div. 1999) (failing to assess legality of
vertical patrols when upholding a conviction for drug possession); People v. Plower, 574
N.Y.S.2d 337, 338 (N.Y. App. Div. 1991) (same).

74 See generally People v. De Bour, 352 N.E.2d 562 (1976) (articulating the standard for search
and seizure under New York commeon law).

75 See, e.g., United States v. See, 574 F.3d 309, 313--14 (6th Cir. 2009) (finding unconstitutional
stop that took place in high crime area because police lacked sufficient additional factors to create
reasonable suspicion).

76 Similarly, if stops that take place during vertical patrols turn out to be systematic seizures, then
the practice may violate the Supreme Court’s ruling in City of Indianapolis v. Edmond, which
struck down a narcotics roadblock because it constituted systematic, suspicionless seizures for the
purpose of general crime control. City of Indianapolis v. Edmond, 531 U.S. 32, 34, 36 (2000)

77 Without more evidence or information available to the officer, the observation of a bulge ina
suspect’s clothes, even a suspect’s waistband, cannot lead to reasonable suspicion and justify a
stop or a frisk. See People v. Barreto, 555 N.Y.S.2d 303, 304 (1st Dep’t 1990} (holding that an
officer who saw a suspect run holding his waste and saw bulge in the suspects waistband lacked
reasonable suspicion); People v. Williams, 554 N.Y.S.2d 23, 24 (1st Dep’t 1990) (noting that case
law consistently holds that “mere observation of an unidentifiable bulge in a person’s pocket is
insufficient” as basis for handgun frisk). Nevertheless, an officer may frisk an individual if he
observes a bulge that is plainly shaped like a firearm. People v. Prochilo, 41 N.Y.2d 759, 762
(N.Y. 1977).

-57 .-



own are constitutionally problematic, may be contributing to the elevated rate of
unjustified weapons stops. This is a weighty issue in thinking about the accuracy of
the current regime for ascertaining RAS, since weapons offenses comprise 19.0
percent of all stops and ranks second in stop frequency behind only felony property
crimes. '

4, Stop Factors and Stop Patterns
a. Analytic Strategy

The previous analyses examine the derivation and application of stop factors
in the conduct of stop and frisk activity. Conclusions regarding the legality of stop
patterns - that is, on their legal sufficiency to meet constitutional standards for
reasonable and articulable suspicion - were based both on a benchmark of
constitutional standards and on the validity of their application to various contexfs.
These two dimensions of RAS have challenged Fourth Amendment jurisprudence
both before and after Wardlow.78

The next analysis approaches this question in a different way. If RAS is
functioning well as a set of standards that guide the discretion of officers making
stops under the SQF guidelines articulated in the NYPD Patrol Guide,” the inclusion
of these standards in a regression analysis predicting stop patterns should result in
an overall improvement in the explanation of patterns of stops. That is, if the stop
factors as implemented reflect a consistent and accurate pattern of the application
of Fourth Amendment RAS standards, model fit - in other words, the capacity of a
statistical model to capture the variance of a phenomenon across sampling units -
should improve.8® Also, the regression coefficients for non-legal factors should

78 Mllinois v. Wardlow, 120 S. Ct. 673 (2000). See, e.g., Bernard E. Harcourt and Tracey L.
Meares, “Randomization and the Fourth Amendment”, supra note 71. See, also, Bernard E.
Harcourt, “Rethinking Racial Profiling: A Critique of the Ecoﬁomics, Civil Liberties, and
Constitutional Literature, and of Criminal Profiling More Generally,” 71 U, Chi. L. Rev. 1275,
1292 (2004); Sherry F. Colb, “Innocence, Privacy, and Targeting in Fourth Amendment
Jurisprudence,” 96 Colum. L. Rev. 1456 (1996); William Stuntz, “Terry’s Impossibility,” supra
note 71; Debra Livingston, “Police Discretion and the Quality of Life in Public Places: Courts,
Communities and the New Policing, 97 Colum. L. Rev. 551 (1997).

79 New York City Police Department, Patrol Guide Manual (2006 ed.), § 211-11, 696-7.

80 The goodness of fit of a statistical model describes how well it fits a set of observations.
Measures of goodness of fit typically summarize the discrepancy between observed values and
the values expected under the model in question. Such measures can be used in statistical

- 58 -



diminish in magnitude and the variables representing the legal standards should
become the strongest predictors of patterns of stops for each of the several types of
crimes.

This test was conducted by re-estimating the regression models discussed in
Sections IV.B. supra and in Table 5 supra. For each model in Table 5, the same model
was completed again, this time including a variable for the percent of all stops in the
precinct where each factor was checked. So, each model for this analysis included
variables for (1) precinct racial composition, (2) precinct socio-economic status, (3)
local crime conditions,8! the percentage crime complaints that corresponds to the
suspected crime for the model, (5) patrol strength, (6) a dummy variable indicating
that the precinct was (or was not) one of the four business precincts, and (7) the
average number of stops in the precinct and calendar quarter where each stop
factor and additional circumstance was reported. Also, since multiple factors were
checked for each stop, a variable for the average number of factors for each stop was
included. All models controlled for the residential population of the precinct.

Table 13 summarizes four features of these analyses for each crime-specific
model. First, it shows which of the stop factors or additional circumstances were
significant positive predictors of the number of stops. Next, the table shows the
negative predictors. These are stop factors or additional circumstances that were
significantly less likely to be checked off on the UF-250 for each type of crime. Then,
the table shows the marginal RZ, or explained variance, of the new models that
include the stop factors. Fourth, it shows the change in R? - that is, the
improvement over the model without stop factors or its weakening ~ when the stop
factors and additional circumstances are included. Finally, the table expresses the
change in R?as a percent change.

b. Results

The significant positive factors for Total Stops were lookout and high crime
area. Both seem odd as predictors in a general model of stops that is nonspecific
with respect to type of crime. Lookout reflects, perhaps, the high number of felony
property crime stops, which is the most frequent stop category. High crime area is
cited as a frequent factor in all types of crimes, including the two most common
crime categories - property and weapons. The frequent and promiscuous use of

hypothesis testing. See, e.g., David W. Hosmer and Stanley Lemeshow, “Goodness of Fit
Statistics for the Logistic Regression Model,” 9 Communications in Statistics 1043 (1980).

81 [Local crime conditions included the total number of crime complaints in the previous calendar
quarter, and, for the crime-specific models, the percentage of complaints that are specific to that
model.
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high crime area suggests that officers may rely on this factor as a rationalization
under conditions of uncertainty” as to the other constitutional bases for the stop.8?
The negative factors do not suggest any particular pattern or logic for this model.
Overall improvement in model fit is .07 (seven percent), a negligible improvement
over an already robust R2 of .74. Here, then, the stop factors and additional
circumstances do little to improve the model, and raise questions as to the validity
of the selection and application of which among the stop factors are actually
invoked. In other words, it is hard for an observer to draw a picture of RAS based on
which stop factors or additional circumstances are invoked.

The results of the crime-specific models vary along the five criteria for
assessing the value-added of the stop factors and additional circumstances. In
general, the positive predictors fit the specific crime category. In other cases, the
significant positive predictors seem meaningless with respect to the type of crime:
Quality of Life/Disorder crimes are predicted by lookout and associating with
criminals. Neither of these factors are suggestive of the types of suspected crimes in
this category, and hint that stops for this type of suspected offense are based on
vague criteria with respect to that particular set of offenses. The negative predictors
suggest no particular pattern or meaning with respect to the suspected crimes of
which they are putative predictors.

82 See, Ferguson and Bernache, High Crime Area Doctrine, supra note 67, for a review of the
elasticity of the concept of “high crime area” and its challenges to reviewability, both in doctrinal
caselaw and in practice.
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