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Abstract

Predictive policing has quickly become widespread in the United States. Practitioners claim it
can greatly increase police efficiency and base decisions on objective statistics. Critics say that
these algorithms reproduce discriminatory outcomes in a biased justice system.

In this thesis, I investigate fare enforcement in New York City and what might happen if pre-
dictive policing were applied. First I analyze legal precedents on discrimination law to create
a framework for understanding whether policy is legally discriminatory. In this framework
the fairness of a government policy is judged based on how different groups are treated by the
process of carrying out the policy. Three elements must be examined: a comparison group
that is treated fairly, discriminatory burden for the disadvantaged group, and government neg-
ligence or intent. Next, using this framework, I perform data analysis on fare evasion arrests
in New York City, and find evidence of discrimination. Finally, I examine predictive policing
to determine what its effect on fare enforcement might be. I conclude that predictive policing
algorithms trained on the arrests will be ineffective and seen as unfair due to the institutional
practices that impact the data. This examination sheds light on how machine learning fairness
could be analyzed using societal expectations of fairness.
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Chapter 1

Introduction

Machine learning fairness has become one of the most intensively researched aspects of applied
machine learning in recent years. It’s problem statement is eminently appropriate: in a world
filled with biased systems, how can we ensure that our models do not incorporate false
inferences based on societal prejudices? Machine learning fairness literature has tended to
approach this issue with a particular spin: use statistical techniques to make learned models
adhere to one statistical definition of fairness or another. Unfortunately, this goal does not
address some fundamental aspects of ensuring fairness: what are the societal expectations for
fairness? What effect do the institutions that carry out the model’s recommendations have on
the outcome? And how does the specific policy context of the problem space impact fairness
considerations? In this thesis, I will attempt to address some of these questions with regard
to a particular policy situation and hypothetical machine learning tool: the use of predictive
policing in the case of New York City Subway fare enforcement.

Fare evasion, the act of using public transit without paying, has become an area of national
debate in recent years. City transit authorities say that there is rising loss of revenue from
the crime while advocates for racial minorities across the country have claimed that the
enforcement of fare evasion disproportionately affects minorities and is racially biased. This
has lead to a number of policy responses, from downgrading evasion to a civil offense to hiring
more officers and cracking down. In New York City, the conversation around fare evasion has
grown into a crescendo with the Mayor and Governor defending their crackdown on evaders

13



14 CHAPTER 1. INTRODUCTION

against lawmakers and activists who condemn the move as damaging to minorities. In the
midst of this, a lawsuit was filed against the NYPD in which one former transit officer said
he was “tired of hunting Black and Hispanic people” after being ordered to ignore White
and Asian fare evaders and instead focus his efforts and Blacks and Hispanics (Goldstein &
Southall, 2019). It is in this context that I investigate in this thesis. In particular, I examine
claims of biased police practice using a data set of fare evasion arrests. In order to do so, I
analyze legal precedent on police discrimination to determine how our society has come to
understand what qualifies as racist policy and apply that understanding to how I examine
the data. Once finished with that task, I move on to predictive policing, the use of statistical
methods to predict what places and times are most likely to experience a particular crime, in
order to understand its hypothetical effects in this case. One might hope that using statistical
effects will increase the accuracy of resource deployment for fare enforcement and decrease
human bias by grounding decisions in mathematical rigor. I examine the problems of predictive
policing methods and what solutions have been put forward in order to address these hopes.
In this analysis, I will focus more holistically on the entire system that the machine learning
algorithm is placed in. This recognizes that the algorithm will be paired with that system,
helping it to carry out its work. If the general system is unfair, then the algorithm too will be
considered a part of it or worse an exacerbating force even if it meets some isolated notion
of fairness. In doing so, I bring together a number of disciplines, methods and analyses to
develop a notion of machine learning fairness field that more critically examines the problem
of discrimination.



Chapter 2

Fare Evasion in New York: Policy
Conversation

$300 million per year, 4% of all fare revenue, that’s how much the New York State Metropolitan
Transit Authority (MTA) claims they lose every year to fare evaders (Metropolitan Transit
Authority, [2019). This estimate has increased since 2017 (see Albert et al., 2020), page 169)
leading many New York leaders to call for changes to policy in order to address it. In August of
2019, New York Governor Andrew Cuomo and New York City Mayor Bill DeBlasio announced
a combined effort to combat fare evasion with the hiring of 500 new police officers and 70
new non-police fare inspectors (Rubinstein, [2019). This rise in reported fare evasion and
the subsequent response have prompted a vigorous discussion, especially when there are
allegations of racial bias in fare enforcement practices and questions about the veracity of the
MTA’s data. The debate about how to handle fare evasion is not unique to New York City and
it is not new there, but the choice to hire these 500 new officers has created a more urgent

conversation around the issue.

On the opposing side to this debate are those who say that the New York Police Department’s
(NYPD) Transit Bureau and MTA Police Department’s (MTAPD) enforcement of fare evasion,
especially the use of arrests, is discriminatory. According to NYPD data, between October 2017
and June 2019, 70% of tickets and 90% of arrests for subway fare evasion were of Black and
Hispanic New Yorkers (NYPD, [2020) despite them being only about 60% of New Yorkers and
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Figure 2-1: Rising estimates of fare evasion on the New York City Subway have led to calls for a
crackdown. (see Albert et al., 2020}, page 169)

transit commuters (Census Bureau, 2015). This has led many community groups to accuse the
NYPD of racial bias. The Community Service Society, an anti-poverty think tank, put out a
report in 2017 analysing arrests in Brooklyn in 2016. The report found that not only were Black
New Yorkers far more likely to be arrested than Whites for fare evasion but also that heavily
policed subway stations (that is those with high rates of arrest per rider) were concentrated
in high poverty, Black neighborhoods B. H. Stolper and Jones, [2017. In an updated analysis
from 2020, they used city-wide data to show that similar patterns occurred across New York
City: heavily policed stations were concentrated in poor, Black and Latino communities (H.
Stolper, [2020)). In addition to this statistical data, at least one lawsuit has been filed accusing
the NYPD of explicit profiling, former transit officers accuse one commander of ordering them
to “write more Black and Hispanic people” because they were “stopping too many Russian
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and Chinese” (Goldstein & Southall, 2019). Following this troubling claim, the New York
Attorney General has announced plans to investigate the NYPD to see if they have a pattern of
targeting racial minorities in enforcement of fare evasion (“Attorney General James Launches
Investigation Into NYPD For Alleged Targeting Of Communities Of Color On NYC Subways”,
2020). After the hiring of the new officers, several controversial videos of police actions on
the subway (@SofiaBNewman, 2019) prompted protests (ABCy Eyewitness News, [2019b) and
condemnation from city leaders (ABC7 Eyewitness News, 2019a). Following the protests,
several New York legislators wrote a letter to Governor Cuomo urging him to reconsider the
transit officer hirings. They argued adding police officers to the transit system will have a
discriminatory burden on poor New Yorkers of color (Ocasio-Cortez et al., [2019).

In addition to the concerns about racial discrimination, there has long been debate about the
correct approach to enforcement of fare evasion. In 2017, Manhattan District Attorney Cy
Vance began a policy of no longer prosecute criminal fare evasion in court with the explicit
goal of reducing the offense’s impact on the criminal justice system (Vance, 2017). While this
would mean that fare evasion as a crime would no longer be tried, civil courts that handle
fines or other civil penalties would continue to hear fare evasion cases. Following the hiring
of the new transit police, many have argued that this investment is similarly a bad use of
resources, arguing that subway crime is at historic lows (New York Times Editorial Board,
2019) or that the police officers are a bad investment in preventing fare evasion (Colon, [2019)).
Others argue that while crime is down in official NYPD numbers, that this is an undercount
(Mccarthy et al., 2019)) or that they do not account for rising assaults against workers (Utano,
2019)). Pro-enforcement writers also argue that the only solution to fare evaders is to crack
down and that DA Vance’s policy has led to the rise in fare evasion (New York Post Editorial
Board, 2019) (Utano, [2019). In the midst of this, the Inspector General of the MTA has called
into question the data showing rising fare evasion, accusing the survey of underestimating
error and highlighting the survey designers’ warnings against the use of the data for decision
making (Keating, 2019). Finally, early results from the crackdown have not been conclusive.
While MTA evasion rate estimates increased in 3rd Quarter 2019 immediately following the
hiring of the officers they fell again in the Fourth Quarter, though they still remained above
the level of the same estimate in early 2019 (see Albert et al., 2020, page 169).

New York is not alone in wrestling with this issue. Cities across the nation have had similar
patterns in enforcement of fare evasion. In Portland, Oregon, Black evaders were more likely
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to be banned from their transit system than White evaders (Njus, 2016). In Minneapolis,
Minnesota, Black and Indigenous riders were much more likely to be ticketed or arrested for
fare evasion (Moore, 2015)) and in Los Angeles, California, the sheriff’s department was subject
to federal investigation for disproportionate policing of fare evasion against Black Angelenos
(Carino, 2017). In Washington D.C., where fare evasion is estimated to be happening at higher
rates than in New York City (Zickhur, [2020)), the city council decriminalized the offense,
making the penalty a $50 civil fine (Siddiqui, [2018). In making that decision, the city council
cited the fact that Black Washingtonians made up 91% of those ticketed or arrested for fare
evasion and a lack of convincing evidence that fare evasion arrests prevent other crimes. The
council passed the measure despite strong opposition from the region’s Metro Transit Authority
which claimed that fare evasion was having a significant negative impact on revenues. The
experiences of other cities puts the conversation in New York City into a broader context,
a nationwide discussion around racial discrimination, the logic of fare enforcement and the
fairness of cracking down or letting up on fare evaders.

This thesis focuses on two areas of this debate: (i) it examines the question of whether fare
enforcement is discriminatory in New York using new data, and (ii) then examines the impact
of a new technology, predictive policing, on the fare enforcement issue. The first focus will
attempt to answer the question: with what data we have available to us, what evidence of
discriminatory practice do we see? Using that data I show that, while conscious discrimination
is impossible to prove here, there is reason to be concerned that the current practice of fare
enforcement puts a discriminatory burden on Black and Latino New Yorkers.

Given that context, the thesis will then focus on common techniques in predictive policing.
A major driver of the use of this technology is its claims that it can increase efficiency and
decrease crime. I will show that in this instance, the technology will inaccurately predict and
will exacerbate the issues of discriminatory fare enforcement, creating issues that technologies
to create “fair” predictive policing algorithms cannot feasibly resolve.



Chapter 3

Fairness in Policing: Legal Tests

One way to think about how American society decides whether a practice is fair is through
the courts. Non-discrimination law, enshrined as a right in the 14th Amendment and fleshed
out through court cases and legislative mechanisms, is a wide-ranging area of the law. Here I
focus specifically on law relevant to policing policy. In examining the way that the courts and
law have treated discrimination claims in this area, I construct a framework for understanding
what criteria and information are necessary to show that a police practice is unfair to a
particular group. More specifically, I analyze what the courts have found convincing when
presented with statistical bases for discrimination claims in order to better understand the
data and statistics therein that are available for understanding fare enforcement.

In 2013, a federal judge in the Southern District of New York ruled that New York City had
violated the Fourth and Fourteenth Amendments in its application of a policy of discretionary
Stop and Frisk from 2004 to 2012 (Floyd v. City of New York, 2013). Stop and frisks, or Terry
stops as they are known in the legal world, are stops made by police officers based on some
suspicion of illegal activity they observe on the street. In the case laying out their legality,
Terry v. Ohio, an officer observed some men “casing” a store for a robbery and upon stopping
and searching them (a stop and frisk) discovered they had guns (Brantingham, 2018) (Terry v.
Ohio, 2013)). The Supreme Court of the United States ruled that this practice was constitutional
despite being a warrantless search and In later decisions, the ability to search was expanded
to include any suspected illegal objects on the persons stopped.
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From 2004 to 2012, the New York City Police Department adopted an explicit policy of patrolling
and using these Terry stops to drive down crime and seize weapons and other contraband. The
mayor at the time, Micheal Bloomberg, motivated the policy and defended its discriminatory
impact following the 2013 decision saying that, “the proportion of stops generally reflects our
crime numbers does not mean, as the judge wrongly concluded, that the police are engaged in
racial profiling; it means they are stopping people in those communities who fit descriptions
of suspects or are engaged in suspicious activity.” (“Micheal Bloomberg: Stop-and-Frisk Keeps
New York Safe”, 2013). Though he later claimed after he was mayor that “95 percent of your
murders and murderers and murder victims fit one M.O. You can just take the description,
Xerox it and pass it out to all the cops. They are male minorities, 15 to 25....and the way you
get the guns out of the kids’ hands is to throw them against the wall and frisk them.” (Allyn,
2020)).

A directive like the one that Bloomberg espoused in his later justifications would, in fact, fail
the test for unlawful racial profiling, and the justification that crime rates differ is insufficient
if an overt racial test is applied, as we will see. Judge Shira Scheindlin in the Floyd case
found that the police had acted in a systematically discriminatory manner while executing
that policy based on statistical, institutional and personal evidence judged against several
legal tests. These tests provide a bar for which general violations of the constitution must
clear, a menu of criteria for claims against the Fourteenth Amendment and specific criteria
for evidence in support of those claims. It is these tests, and specifically the ones relating
to statistical evidence, that we will consider to understand how the legal system has decided
cases of systematically discriminatory police behavior.

Protection against discrimination is guaranteed by the 14th Amendment to the United States
Constitution. Its first section reads

All persons born or naturalized in the United States, and subject to the jurisdiction
thereof, are citizens of the United States and of the State wherein they reside.
No State shall make or enforce any law which shall abridge the privileges or
immunities of citizens of the United States; nor shall any State deprive any person
of life, liberty, or property, without due process of law; nor deny to any person
within its jurisdiction the equal protection of the laws (US Constitution, Amendment
XIV, Sec. 1).
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The italic text is called the equal protections clause, which is the specific language that
guarantees that citizens the right to not be treated differently under the law. Importantly,
this clause does not deal with government action that merely has disproportionate impact on
members of a racial group, it protects only against intentional discrimination.

At the federal level disparate impact claims without evidence of discriminatory intent are
permitted under Title VII of the Civil Rights Act of 1964 (Miller, 1998, page 177-178). New
York City allows civil complaints against the NYPD for biased policing in cases where profiling
can be shown. Profiling may be shown either through overt discrimination or “policies and
practices” that result in biased policing. In the case of policy, if the city is able to argue it serves
a neutral and legitimate policing purpose that can’t be served by a less biased method, that
policy is not considered to be discriminatory (NYC Administrative Code § 14-151(C)). But how
do we define what counts as a policy and how can plaintiffs show these types of claims?

The question of what types of policies can be challenged on these grounds is answered by the
Supreme Court case Monell v. Department of Social Services of the City of New York. This case
gives citizens the ability to file claims against “actions pursuant to official municipal policy”
that violate their constitutional rights. Official policy encompasses lawmaking decisions, acts
of policymakers or “practices so persistent and widespread as to practically have the force of
law.” (Monell v. Department of Soc. Svcs., [1978)) It is this last point that is relevant to police
practice or statistical analysis of discrimination. If plaintiffs can show that a practice was
widespread and that there was “deliberate indifference” to addressing discriminatory impact
of that practice, then that practice can be considered explicit government policy whether it is
put into words or not.

With regard to the Fourteenth Amendment claims, discrimination can be tested against its
Equal Protection Clause which, again bars only intentional discrimination. But the test for
what is an intentionally discriminatory policy is nuanced. There are three ways a plaintiff
might plead intentional discrimination according to the Second Circuit: pointing to a law or
policy that explicitly considers race, identifying a facially neutral law applied in an intentionally
discriminatory way, or that a facially neutral policy has an adverse effect that was motivated by
discriminatory animus. Importantly though, a plaintiff need not show that this discriminatory
intent or animus was the primary factor in making the policy, only that it was one of the
factors considered. Finally, the Supreme Court has recognized that discriminatory intent is
often difficult to find direct evidence of so they allow that simply a “discriminatory impact”
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could serve as the starting point for a case. Under these circumstances the burden would shift
to the government to show that the impact would have occurred even without consideration
of race. Finally, if the judge is unconvinced of this explanation the policy will be ruled
unconstitutional under the Equal Protection clause.

In Floyd v. City of New York, the important fact finding is whether a policy, explicit or implicit,
had a discriminatory impact motivated by discriminatory intent. But how does the court
make this determination? The judge in Floyd relied primarily on statistical evidence to find
that discriminatory policy was present and then found institutional evidence of discriminatory
intent through deliberate negligence and explicit rhetoric at the managerial level. I will focus
on the statistical proof provided since it will be most relevant to considering how fairness
concerns will be addressed and discovered using statistical evidence.

The primary question in Floyd the court seeks to answer using statistical evidence was whether
Black and Hispanic people were stopped more frequently than they would have been if officers
had not been racially motivated in deciding who to stop. In order to make this comparison, the
court relied on a statistical benchmark for what the unbiased rate would have been proposed
by an expert witness for the plaintiffs. The benchmark was in concept an estimate of the
supply of individuals of each racial group who are engaged in targeted behaviors and who
are available to the police as potential targets for stopping. In practice, she relied on the
population and demographics of neighborhoods patrolled conditioned on the reported crime
rate in the area, to produce a rough estimate of the number of possible suspects in an area.
She explicitly rejected a benchmark consisting of the demographics of crime perpetrators in
reports as this benchmark would presuppose that those stopped are criminals, a fact in contest
in the case. This test resulted in several findings important to the court:

1. The NYPD carried out more stops in places with more Black and Hispanic people,

2. Within any given area the NYPD was more likely to stop Black and Hispanic people
regardless of the demographics in that place,

3. Black people were 30% more likely to be arrested (rather than ticketed) than White
people when stopped under suspicion of the same crime,

4. Blacks and Hispanics were more likely to be subjected to force when stopped,

5. And, the odds of a stop incurring further law enforcement action (the chances that the
person stopped was ticketed, arrested, or prosecuted for the suspected crime) were lower
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for Black people stopped than for White people stopped implying that Black people were
more likely to be stopped or searched frivolously.

The judge in the case ruled that this statistical evidence showed that the NYPD was applying
the policy of Stop and Frisk in a manner that was not motivated by policing of high crime areas
and suspicious people but based on racial categories. This discrimination was in some ways
to the direct detriment of their ability to achieve the goal they had articulated: to stop people
who might have committed or might in the future commit a crime. This indicated that there
was racial profiling at play in Stop and Frisk.

In the concluding paragraphs of the decision, the judge refutes several claims that she sees
as inadequate to defend against accusations of discrimination. Interesting enough to bear
repeating here. First, from a constitutional standpoint, racial profiling cannot be justified by
factual differences in crime rates among racial groups. Second, the use of crime data gathered
by police is, in and of itself, a fallible way to identify the criminal population and can not
be relied on for targeting purposes as a defense against discrimination claims. And finally,
the presence of reasonable suspicion of a crime is insufficient to provide a defense against
the racially motivated nature of an enforcement action. The judge gives as an example the
decision to enforce speeding only against Hispanics expressly and let others go, saying that
“there is no dispute that [that policy] would violate equal protection.” While it would certainly
be appropriate to target resources toward those suspected of crimes, intentionally doing so
against a class of people in general is unconstitutional. The judge concludes this section
by stating that “individuals may not be punished or rewarded based on the government’s
views regarding their racial group, regardless of the source of those views”, an important
principle for detecting and preventing discriminatory actions by the government. The judge
also provides motivation for this principle, stating that the “targeting of certain races within
the universe of suspicious individuals...will increase the likelihood of further enforcement
actions against members of those races as compared to other races, which will then increase
their representation in crime statistics. Given the NYPD’s policy of basing stops on crime
data, these races may then be subjected to even more stops and enforcement, resulting in a
self-perpetuating cycle.”

Another frame of reference for discrimination claims is the disparate impact arguments made
possible by the Civil Rights Act of 1964 and the New York City anti-profiling law. Since the
New York law provides specific tests to apply and is more specific to police profiling in New
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York City, we can limit ourselves to consider the criteria laid out there. Despite its similarities
to the Civil Rights Act of 1964. The city law defines and bans “bias-based profiling” which it
defines as “an act of a member of the force of the police department or other law enforcement
officer that relies on actual or perceived race, national origin, color, creed, age, lineage or
citizenship status, gender, sexual orientation, disability, or housing status as the determinate
factor in initiating law enforcement action against an individual, rather than an individual’s
behavior or other information or circumstances that links a person or persons to suspected
unlawful activity.” (NYC Administrative Code § 14-151(C)) The law provides plaintiffs with
two ways to prevent this profiling: 1) they can prove that there is explicit profiling that is not
justified by compelling government interest and narrowly tailored or 2) they can show that a
policy had disparate impact on their class of people and go through a burden shifting process
(NYC Administrative Code § 14-151(C)). This burden shifting process is the most different
from claims under the Constitution and it refers to a series of steps where the two parties must
attempt to argue for their side. First, the plaintiff must show there is disparate impact to begin
the claim. Then for the policy to be have a chance of being upheld, the government must
show that the policy is important to advancing a law enforcement goal or else the policy is
unlawful. If the government does so, the plaintiff must then provide alternative policies which
do not cause as disparate of an impact or the policy is determined to be lawful. Finally, the
government must show that these alternatives do not achieve the law enforcement objective
or the policy is ruled to be discriminatory. In this way, the legal system tests policies that have
unlawful discriminatory burden but do not rise to the level of intentional discrimination. This
law is one other way we can understand what is required of parties to justify discrimination
claims and defenses.

Having examined these two theories of how to test for discrimination, we can construct a
framework to think about proving discrimination in the legal system using data. To the le-
gal system, one principle seems above all: process. To be more explicit, discrimination law
is concerned with whether individuals are treated fairly (i.e. given equal consideration and
treatment given their position when encountering the government policy) during the process
of the government carrying out a policy. In judging said process, there are several necessary el-
ements to consider in order to determine if discrimination is happening. First, the comparison
to a benchmark, nondiscriminatory case in which the policy is behaving fairly. For example, for
a law or punishment applied unevenly, plaintiffs could show that another, similarly situated
group of people that differ in a discriminatory way are not subject to that law or punishment
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such as defendants of a different race. Second, there must be a discriminatory burden shown,
meaning that one group is being treated different from another. Importantly, this burden
must not be the only way to effectively carry out a legitimate, non-discriminatory government
interest but it is on the government to prove that a nondiscriminatory alternative is unaccept-
able. Finally, there must be some level of wrongdoing on the part of the government involving
knowledge of the discriminatory impact. This means there must be institutional evidence of
“deliberate indifference” and/or intent in constitutional claims or a suitable alternative policy
for statutory disparate impact claims. For this bar, data is an inexact and insufficient level of
evidence since it cannot show the disparities were not accidental. Conversely, it is insufficient
for the government to explain away policy known to be discriminatory using data that “proves”
it was justified (like the representation of certain classes in crime reports), they must show
that the policy was not intentionally discriminatory and necessary to carry out government
business. This three part test of benchmark, burden and knowledge is the primary concept with
which I will analyze discrimination going forward.

With these tests, the subtext of the Floyd decision becomes clear: the court applied benchmark
and burden to reach the conclusion that there was evidence of discrimination and examined the
government’s words, actions, and arguments to decide that the government had not shown the
policy to be non-discriminatory. First, the court looked at the statistics of stops when compared
to the demographics in the areas patrolled conditional on how much crime is reported there
(see Floyd v. City of New York, 2013, page 50-51). They found that Black and Hispanic areas
and people were disproportionately patrolled and stopped in comparison to the baseline see
Floyd v. City of New York, 2013, page 59. They then looked at another baseline, how those
stopped by the police were treated and found that Black and Hispanic people were more
harshly treated and less likely to have their stops proceed to prosecution or other action to
see whether Black people were stopped with a lower level of suspicion see Floyd v. City of
New York, [2013, page 59-60. Taken together, these two baseline comparisons show that not
only is there evidence of the disparate impact of the stops on Black and Hispanic communities,
there was also over profiling that was the result of Black suspects being subject to a "lower
level of objective suspicion" (see Floyd v. City of New York, 2013 page 63). The court then
used records, testimony and statements to determine if the city had knowledge of these racially
discriminatory practices. The court found that in several ways the NYPD and "the City has
been deliberately indifferent to violations of the...Fourth and Fourteenth Amendment..." (see
Floyd v. City of New York, |2013, page 60). This case is just one example of how the framework



26 CHAPTER 3. FAIRNESS IN POLICING: LEGAL TESTS

can be applied to test for discrimination but can serve to motivate what we can do with data
alone.

So what can we hope to discover from data and what will we fail to do? First, its important
to acknowledge that examining institutional and testimonial evidence is outside the scope of
this work as we do not at this time have access to (or the resources and time to pursue) such
evidence. That means that while we can find evidence of discrimination and show the kinds
of disparate impact present in current policy, we will not be able to conclusively say that the
government was enacting this policy knowingly. Fortunately, there is already evidence from
other sources that suggests that this might be the case given that one transit police commander
(who has since been promoted) explicitly ordered officers to target Black and Hispanic evaders
over White and Asian ones (Goldstein & Southall, 2019). The second weakness we have to
acknowledge is one relating to the benchmarks we can consider. In fare enforcement, the
data that is available to us is extremely limited. The NYPD has been ordered (‘Judge Orders
NYPD To Produce Fare Evasion Data”) to release more complete data on their enforcement
practices including tickets, but they have yet to do so. The MTA also performs surveys of fare
evasion using their own employees but that data is not made public either (apart from city
wide estimates (Albert et al., |2020)). What we can do is make reasonable assumptions in
order to resolve this benchmark problem. The major assumption I will make to perform the
discrimination analysis going forward is that while there are likely differences between fair
evasion arrest rates between populations, those are likely relatively modest. For example, in a
2011 study researchers found that stations in poor areas had around 2-4 times the evasion rate
as those in wealthier areas (Reddy et al., [2011). That magnitude of difference in evasion rates
seems reasonable to assume between different groups of people even if we can’t measure it
directly. Following this assumption, we can use more readily available benchmarks like simply
comparing rates of prevalence in the general public and in arrest data to determine the level
of enforcement for different groups of people (while keeping in mind that differences of up to
400% might be due solely to differences in evasion rate). The goal of this analysis will be to
determine whether there is evidence that some discriminatory factor was a part of how fare
evasion was enforced in New York. I will use this analysis going forward whenever considering
discriminatory burden.



Chapter 4

Analysis of Arrest Data

The previous chapter examined what tests and criteria of discriminatory policy the courts
have applied to statistical patterns of law enforcement. To reiterate the test I will use: I
will examine whether fare enforcement data contains evidence that some groups are being
burdened in comparison to a benchmark to determine if discriminatory factors influenced fare
enforcement in New York. To complicate this analysis, we do not have access to data about
who actually commits fare evasion and where that occurs, only who is arrested, the most severe
possible outcome for a police interaction on this basis. For that reason, we will largely use city
and transit commuter demographics to do this analysis which requires the assumption that fare
evasion is relatively evenly spread in New York City, based on previous evasion data we assume
there is around a 200-400% between populations of different evasion rates (Reddy et al., [2011).
While this certainly is not fully true, using this group baseline give us a rough estimate of how
enforcement impacts various communities. To answer the question of discriminatory factors,
we will examine three categories of statistics (modeled on similar comparisons from Floyd)
using fare enforcement data from the NYPD: 1) do arrests disproportionately fall on one group
of people? 2) are arrests geographically concentrated in certain areas? And 3) are certain
groups arrested at higher rates systematically, indicating some level of profiling? Through
these questions, we can establish whether there is evidence that discriminatory policing might
be occurring.

A note about measuring the magnitude of discrimination and confounding variables: all data in
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the criminal justice is inherently not ground truth data. In particular, the data we use is arrest
statistics from policing patterns by the NYPD, which carries with it significant biases in data
collection. For illustrative examples from other contexts, we can look to drug arrest statistics
and the practice of stop-and-frisk by the NYPD. In nationwide drug arrest stats there are well
documented demographic and geographic biases in the data produced by police arrests. Drug
arrests during the 1990s war on drugs were found to be about 49% Black for drug distribution
and 36% for drug possession while a national survey found that drug sellers were 16% Black
and drug users were 13% Black (Langan, 1995). Similar data was used to show that, in 2011
in Oakland, while drug users were present in much of the city, arrests were concentrated in
poor non-White areas (Lum & Isaac, 2016)). A similar study found that stop-and-frisk in New
York led to higher rates of stops for minority suspects than were present in arrests for crimes
and lower “hit rates” (the percentage of stops that resulted in charges) for those populations.
This was true even controlling for the place of arrest. In fact, stops in predominantly White
areas were higher when compared to arrest rates in the racial categories and lower hit rates,
presumably because there was a lower bar for suspicion (Gelman et al.,[2007)). The authors of
that study even concede that arrests are not an actual measure of crime rate but that it was
the best available. With all of this in consideration, we move to our own data analysis that has
no similar baseline to compare to. It is fair to say that we can not make as clear of conclusions
about discrimination since we lack a clear comparison. On the other hand, all data on policing
is flawed and collecting data to measure the difference from the baseline is infeasible for this
work so we will rely on the analysis we can do here.

4.1 Data Overview and Cleaning

The data I examined comes from the NYPD’s open data set of historic arrests (“NYC Open
Data: NYPD Arrests Data (Historic)”). This data set includes an entry for every arrest in New
York City from 2006 to 2018, a total of 4,798,339 arrests. Each entry includes the arrest’s
date, location, the crime alleged in the arrest, demographic information about the arrestee
and information about the arresting authority like the precinct. But I am not interested in
every arrest made in New York, I just want to examine arrests for evading fare, or as it is
formally known in New York State Law “Theft of Services” which is New York Penal Law
Section 165.15(3). This offense has its own code in the arrest data set, so I restrict the analysis
to arrests that have been tagged with that code. Finally, arrests for this offense can include
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“intent to obtain railroad, subway, bus, air, taxi or any other public transportation service
without payment” (New York Penal law), so we need to restrict only to arrests that are related
to subway fare evasion. Figure4-1/shows these arrests against a map of New York City and the
subway lines. Looking at the distribution of distances from arrests to the center of the closest
subway station (Figuref4-2), the vast majority of arrests occur within 250m of a subway station,
about 1-3 city blocks Because most arrests for fare evasion are public transit related and
most occur very close to a subway station, I set the cut off for the maximum distance from a
subway station to 25om. I then assume that arrests occurring further than that from a subway
stop are likely arrests for taxi or bus fare evasion and those within that distance are subway
fare evasion. This rough estimation will likely result in some false positives, but it is likely
accurate to say that those arrests occurred due to patrols at the subway station, either at the
station turnstiles or at bus stops in the station area. Going forward, when doing analysis on
these arrests, I use this subset of arrests that occurred within 250m of a subway station and
when I do station analysis, I will use the station closest to each arrest as the station where the
arrest occurred.

In addition to the arrests, I also incorporated subway turnstile data to account for the usage of
the station. The data spans 2010 through the present, though I will primarily use the turnstile
entries for 2010 through 2018 as those track with opportunities for fare evasion since New
York City uses a turnstile system for fare collection.This data comes from the MTA’s turnstile
database which logs data from every turnstile unit in the city every four hours (“MTA: Turnstile
Data”). This data had to be cleaned to account for its record keeping artifacts and significant
outliers were removed. It was then merged with the station location data by hand and down-
sampled to daily counts to match the time resolution of the arrest data. I also combined the
data from turnstiles entry areas that open onto the same station interior while sometimes these
are separated in the station location data. This might introduce some error in our estimates
of station business but in my view it is less arbitrary than attempting to divide the traffic for
stations that are considered the same station since these entrances don’t have different names
in the turnstile data set. The most heavily used stations are busy Manhattan transit hubs
like Grand Central, Times Square and Penn Station. The distribution of mean daily entries is
shown in Figures-1, The vast majority of stations are less busy with several moderately busy

1This distance is calculated using the Haversine distance between the arrest’s coordinates and the centroid of
the station geometry. While using Haversine distance over Euclidean distance likely does not hugely impact the
results, I did so anyway.
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stations and a few dozen very busy stations. This means that a more accurate measure of
arrest intensity is arrests per rider since some stations might have many arrests simply due to
there being 10 or more times more passengers entering there. After this cleaning, I primarily
use this data to scale arrests by the business of the station to approximate a measure of arrests

per rider.
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DATA OVERVIEW AND CLEANING
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Figure 4
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Distribution of Arrest Distances from Nearest Subway Stop
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Figure 4-2: histogram of distance to closest station for NYPL 165.15(3) arrests.
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Distribution of Mean Daily Station Entries
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Figure 4-3: Station histogram of mean daily entries.
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4.2 Overview of Arrest Statistics
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Figure 4-4: Yearly arrests.

There are several important high level patterns in the arrest data. As seen in Figure[4-4] arrests
for fare evasion rose from 2006 to 2012 and stayed relatively stable until 2015. They then fell
rapidly though 2018, the most recent year for which we have data.

Looking at demographic arrest data and demographic data from the Census’ American Com-
munity Survey (Figure [4-5), we see that arrests are disproportionately of Black and Latino
young men. The data shows that all races made up relatively similar proportions of the city’s
population and those who ride transit to work. This means that Black transit riders were 10.2
times more likely than Whites to be arrested. Latinos were 5.2 times more likely. Asians, on
the other hand, were 1.6 times less likely to be arrested than Whites. Males were slightly less
likely than females to ride transit to work but male transit commuters were about 5 times more
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likely than female commuters to be arrested for fare evasion?] The ACS commuting data does
not include schoolchildren and workers under 16 so instead I estimate differences in how likely
all New Yorkers are to be arrested for fare evasion. New Yorkers under 25 were 1.4 times more
likely than New Yorkers 25-44 years of age to be arrested for fare evasion and New Yorkers
45+ years old were 2.9 times less likely to be arrested.

There is also significant geographic variation in arrests in addition to demographic disparities.
Manhattan and the Bronx have higher portions of the arrests than they do transit commuters
living there while Brooklyn and Queens have fewer arrests than commuters. Manhattan likely
hosts a larger share of fare evasion arrests than it does transit riding residents due to it having
many of the largest transit hubs in the city and it being the destination for many commuters.
The Bronx also experiences a much larger share of the arrests in relation to its share of New
York’s population and transit riders. In fact, the difference in arrest rates between stations
is enormous. Figure shows a histogram of the arrest rate at every station. The majority
of stations see less than 1 arrest in 100,000 entries to that station |3 while some stations see
as many as 15. This means that an evader (assuming that all riders are equally likely to be
evaders [*) is more than 17 times more likely to be arrested at the most heavily policed station
than at the majority of stations. This is likely the cause of the geographic variation shown on
the borough scale. Those boroughs with a higher proportion of arrests are also those with the
stations that have the highest arrest rates. Examining this variation in arrest rates between
stations will make up the bulk of the analysis here.

2Data from both the NYPD and the Census Bureau classify all people as either male or female and make no
distinction for gender non-conforming people.

3four saw none at all

4This is obviously quite a strong assumption but I use it here to gain a bit of clarity about differences between
stations. It is likely that the difference is lower than 17 times but without a better way to estimate this is the most
appropriate estimation
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Figure 4-5: Race statistics of fare evasion arrests compared to city and transit commuter population.
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Figure 4-6: Sex statistics of fare evasion arrests compared to city and transit commuter population.
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Figure 4-7: Age statistics of fare evasion arrests compared to city and transit commuter population.
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Figure 4-8: Arrest location by borough and population/transit commuter distribution.
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Figure 4-9: Station histogram of total arrests per 100K entries.
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4.3 Patterns of geographic discrimination

Figure 4-10: Stations colored and scaled by arrests (left) and arrests per 100k entries (right).

In this chapter, I examine maps and correlations between arrest rate and demographics. Ex-
amining arrest rate emphasizes how heavy a police presence the average rider will experience
at a particular station. This also de-emphasizes the role of major transit hubs in the data. As
we can see in Figure the map of total arrests has only a few hot-spots, including transit
hubs in midtown Manhattan. If we scale by arrest rate, we can see that there are many more
stations that have higher numbers of arrests per passenger than those evident in the total
arrest data.

Next we examine where those stations that have high rates of arrest tend to lie based on
neighborhood demographics. In Figure we can see the stations’ arrest rate mapped onto
a map of city census tracts colored by what percentage of the city is below the Federal poverty
line. Here we can see that while poverty is prevalent in many areas in the city and heavily
policed stations often lie within high poverty communities, there are several high poverty areas
without highly policed stations, largely in Queens and Southern Brooklyn. In Figures and
[4-13] we examine similar maps for the percentage of a tract that are Black or Hispanic/Latino,
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and we see a similar phenomena: while highly policed stations are clearly more heavily
concentrated in Black and Latino communities, there are others that do not see as high a
concentration of heavily policed stations. In fact, as we can see in Figure[4-14] the most heavily
policed stations are concentrated most heavily in those where multiple factors overlap. The
Bronx and Harlem in particular have high poverty rates, are heavily Black and Latino and have
the largest concentration of heavily policed stations. Brooklyn’s poor communities of color
are also heavily impacted by fare evasion policing. In particular, heavily policed stations are
common in the Black communities of Crown Heights, East New York and Bedford-Stuyvesant
as well as the Latino neighborhood of Bushwick.
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Figure 4-11: Map of stations scaled by arrest rate and census tracts colored by poverty rate.
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Figure 4-12: Map of stations scaled by arrest rate and census tracts colored by percent of tract who are
Black.
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Figure 4-13: Map of stations scaled by arrest rate and census tracts colored by percent of tract who are
Hispanic or Latino.
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Figure 4-14: Map of stations scaled by arrest rate and census tracts colored by percent of tract who are
Black or Hispanic/Latino and poor.
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We can also quantify this correlation using multi-linear regression that takes these factors
into account. In order to do so, I estimated the population demographics of every station’s
surrounding census blocks by summing the ACS population and demographic estimates of
the census blocks whose centroids lie within 60oom of each station. I then estimated the
regression coefficients using an ordinary least squares estimator and tested the significance of
the coefficients using a Student’s t-test with threshold 0.05. The results of this regression can be
seen in Table The R-squared value for this regression was 0.523. The correlation between
the arrest rate at a subway station and the demographics of its surrounding neighborhood is
statistically significant for the Latino, poor Black,and poor Latino rates. Each percentage point
increase in poor Black or poor Latino rates corresponds with an 8.69% or 8.23% increase in
arrest rates from the mean. Each percentage point increase in Latino rate corresponds to a
1.3% decrease in arrest rates. These strong correlations with demographic factors indicate that
poor Black or poor Latino areas are disproportionately impacted by the enforcement of fare:
the policy of fare arrests is being applied in a way that has a disparate impact on vulnerable
neighborhoods.
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coefficient | std error | t-test | P>|t| | bottom 25% | top 97.5%

Intercept 0.5945 0.719 0.827 0.409 -0.818 2.007
White rate -0.0014 0.008 -0.179 | 0.858 -0.017 0.014
Black rate 0.0044 0.012 0.368 | 0.713 -0.019 0.028
Poverty rate -0.0109 0.018 -0.596 | 0.552 -0.047 0.025
Latino rate -0.0285% 0.012 -2.449 | 0.015 -0.051 -0.006
Black poor rate 0.1881* 0.040 4.740 | 0.000 0.110 0.266
Latino poor rate 0.1773* 0.036 4.888 | 0.000 0.106 0.249

Table 4.1: Regression results for arrest rate correlated with ACS demographic data. * indicates

statistically significant correlations. The first column reports the estimated regression coefficient and
the following report statistics about the distribution of that estimate.
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4.4 Unequal policing within stops - evidence of explicit profil-
ing

Finally, I will examine how demographics of arrestees vary within each station and how they
compare to the demographics of the surrounding neighborhood. For this analysis, we again use
the demographics of the census tracts whose centroids lie within 6oom of the station. Figures
4-15 show racial statistics for arrests on the y-axis and surrounding areas on the x-axis.
The red line represents demographic parity, defined here to be when arrests are the same
percentage of that race as are the percentage of people of that race in the surrounding area.
The two most striking characteristics are the patterns for White and Asian people compared
to the pattern for Black people. White and Asian people are arrested at systematically low
rates: very few stations lie at or above demographic parity. This is especially apparent for
White arrestees and New Yorkers, most stations have proportions of White arrestees that are
well below their incidence in the surrounding area. Black people, on the other hand, are
systematically over-represented in arrestees when compared to the surrounding area. In fact,
at 98.7% of stations, White arrests are at or below demographic parity with the surrounding
area and 97.7% of stations Asian arrests are at or below demographic parity. Almost no
stations have Black arrests below demographic parity and few are at it. This is especially
apparent when looking at the low end of the surrounding area axis: in the narrow range of
stations in areas that have almost no Black residents, it is very common for the majority of
arrests to be of Black New Yorkers. This is also true quantitatively, 94.5% of stations have
Black arrest percentages above demographic parity with the surrounding area. Finally, there
is less of a pattern for Latino arrestees: many stations are at or below demographic parity
and many stations are above demographic parity. Looking at the numbers, 52.4% of stations
have Hispanic/Latino arrests above demographic parity and 47.6% are at or below it. This
indicates that while Latinos were arrested more often than Whites and Asians in comparison to
neighborhood demographics, it was not as systemic or to the same degree as for Blacks.

There are at least two possible explanations for this phenomenon: (1) Black riders evade at far
higher rates than White and Asian riders, and Latinos evade at somewhat lower rates; or (2)
NYPD officers arrest Black and Latino riders more often for the same offense or with a lower
level of suspicion of wrongdoing than for White and Asian riders. The second explanation
would be explicit racial profiling by the NYPD, an unconstitutional discriminatory policy. This
might take two forms, both of which are unconstitutional. In the first case, generally speaking,
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Black fare evaders are arrested while White fare evaders are not. That makes this policy
selective enforcement on race. In the second case, Black fare evaders might be subject to a
lower bar for arrests. For example if Black riders are arrested if their record shows that they
have evaded at least twice, while a White evader might need to be ticketed ten times before
being arrested. The second policy amounts to racial profiling, since the evidence required for
an arrest is much lower for Blacks. These two possible policies under the second explanation
would be unconstitutional no matter how accurate the first factor was. That is, that Black
riders did indeed evade fares more often than White or Asian riders. This is because the
second explanation amounts to explicit racial consideration which is unconstitutional unless
there is no other way to achieve government policy (almost certainly not the case here). While
we have no way of determining which of these explanations is more influential using only
this data, there is evidence for the second explanation from sworn testimony. In 2019, several
ex-NYPD transit officers alleged that commanders in the transit bureau had directed them to
target Black and Latino fare evaders and prioritize them over White and Asian evaders(New
York Times Editorial Board, |2019).
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Percent of Arrests White

Percent of surrounding area White

Figure 4-15: Proportion White of arrests vs. surrounding area at each station, red line represents
demographic parity.
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Percent of Arrests Asian
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Figure 4-16: Proportion Asian of arrests vs. surrounding area at each station, red line represents
demographic parity.



4.4. UNEQUAL POLICING WITHIN STOPS - EVIDENCE OF EXPLICIT PROFILING 51

Percent of arrests Black

0 20 40 &0 80

Percent of surrounding area Black

Figure 4-17: Proportion Black of arrests vs. surrounding area at each station, red line represents
demographic parity.
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Figure 4-18: Proportion Hispanic/Latin of arrests vs. surrounding area at each station, red line
represents demographic parity.
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4.5 Conclusion

What we have shown is that there is evidence of a practice that meets all three of our criteria
for discriminatory burden against the benchmark: 1) arrests are disproportionately made up
of young, Black and Latino men by a wide margin, 2) arrests are heavily concentrated in poor
Black and Latino neighborhoods and 3) arrests are disproportionately made up of Black New
Yorkers in almost 95% of stations and disproportionately less like to be of White and Asian New
Yorkers in a similar proportion of stations. We assessed the first claim by comparing arrest
demographics with general demographics of transit riders. The second claim was investigated
using correlations between neighborhood demographics and the rate of arrest per rider at
a given station. And the final claim was shown by comparing the demographics of arrests
at each station with the demographics of a surrounding area and observing systemic trends.
Since these differences between groups far outstrip the differences seen in previous studies
about fare evasion that we are relying on for our baseline assumption, the conclusion we must
come to is that there is evidence of significant discriminatory consideration in the NYPD’s
enforcement of fare evasion.
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Chapter 5

Predictive Policing: Methods, Fairness
and Context

Predictive policing is a rapidly growing part of the way that police departments across the US
(and the world) conduct their business. In one 2012 survey, 38% of departments said they use
predictive policing and 70% expected to in the next 2-5 years (Police Executive Research Forum,
2014). The technology’s backers and sellers claim it can as much as double the efficiency with
which police proactively patrol for crime. Detractors point to serious issues with transparency,
question the legitimacy of prediction and raise serious concerns about how it will compound
discrimination in policing. In this chapter, I will explore the technology, examine some of the
more popular models in detail, review the concerns that it raises, with a particular focus on
discrimination, and discuss what has been proposed to deal with those issues.

What actually is predictive policing? If we were to believe those who make it, it can tell us
when and where crime will happen before it happens, as well as what type of crime it will
be. That might sound like divination or science fiction (and many news outlets have framed
it as such, often referencing The Minority Report to evoke visions of a world where crime is
prevented before it happens) but the promise and function of this technology is actually much
more subdued. As one RAND Corporation report put it “Predictive policing is the application of
analytical techniques...to identify likely targets for police intervention...by making statistical
predictions” (Perry et al.,[2013)). More specifically, predictive policing estimates risk using data
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from police and criminal justice records. In current practice, there are two kinds of risks that
these technologies estimate: the risk that a particular location will have a specific type of crime
occur there and the risk that a particular person will commit a crime. Prediction on places
is far more common than those that attempt to predict future perpetrators. The only known
program to predict on people has recently been decommissioned after years of contention
about its utility, fairness and legality (Charles, [2020) (Saunders et al., 2016) (Tucek, 2019)).
Place-based prediction, on the other hand, has spread widely across the US. PredPol, one of
the most popular of these programs, claims that they help make law enforcement decisions
for 1 in every 33 Americans (Company, 2020) and a 2015 Forbes report found they were in 60
US police departments (Huet, 2015). It is this type of predictive policing technology we will
focus on because of its popularity and hypothetical applicability to fare evasion.

Place-based predictive policing is not much different from data-based policing practices that
have been common for decades. Known as crime mapping, these techniques grew from
efforts by the NYPD to understand the areas of the city that were most prone to have crimes
occur, starting with very basic crayon on paper maps in the 1980s, evolving to maps with
pushpins by 1990 and becoming computerized with the introduction of CompStat in 1994
(IBM, Predictive Crime Fighting). These methods identify places where crime is common for
the purpose of intensifying police presence in those areas, with the logic that placing more
cops will deter criminal activity and allow cops to more swiftly respond to crime. And, since
crime is often heavily concentrated in very small areas in a city, this technique, known as
hotspots policing, has been shown to reduce several types of crime in the city as a whole
(G. O. Mohler et al., 2015). The growing reliance on these tools for decision making, like
the officer allocation decisions these crime maps are used for, is a long-standing trend in the
criminal justice system with such data-based approaches used in recidivism risk assessment
since as early as 1928 (Ferguson, 2017, see footnote 33 referencing JC Olson, Training to See
Risk). Today, these types of assessments are common in criminal courts, where alleged sex
offenders have been detained before trial using these tools and over 85% of juvenile courts
use some actuarial system, as well as family court and civil confinements in addition to the
recidivism assessments that have a longer history (Ferguson, 2017, page 1121-1122). Place-
based predictive policing fits into this broader context and can be thought of as the use of
more advanced statistical methods for prospective crime analysis when compared to tradition
crime mapping. As Andrew Ferguson puts it in his article, "Policing Predictive Policing”, “The
move toward predictive policing, then, is more a shift in tools than strategy” (Ferguson, 2017,
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page 1123). These new predictive tools fall into two general categories: methods that use the
presence of past records of crime primarily for prediction and those that look at geographical
locations’ relationships to crime (Perry et al., 2013). The models most widely referred to
as “predictive policing” are advancements to these two categories or combine the advanced
methods to produce correlations based on the most data possible (Upturn, [2016). The records-
based models divide the area in question into an even grid and use some metric or modeling
technique to estimate the risk of crime in each of the grid squares. Traditional hot spot
approaches would use a running sum of the previous N days of crimes and then broadening
the prediction by using covering ellipses or kernel density estimate on the count data (Perry
et al.,|[2013). These methods are generally not termed to be “predictive policing” but are used
by most police departments (Perry et al., 2013}, page 55). PredPol, the most popular current
predictive policing model, uses an approach that incorporates a near-repeat effect. The logic
goes that crimes in a certain area often cause nearby similar crimes. In the case of burglary
it might be because the criminal finds success there or knows of local weaknesses or in the
case of gang shootings, they prompt retaliation (G. O. Mohler et al., 2o15)). Given a discrete
cell with coordinates x, y and a time ¢, the conditional intensity of events is modeled in this
approach as

Ay t) = pxy) + ) g(x = xiy = yit = 1) (5.1)

ti<t

where t, x',y' is the time and coordinates of the i-th past event. yu(x,y) represents the back-
ground rate of crime, much like the hot spots approach, and g(x) is a kernel for incorporating
the near-repeat effects. This kernel gives more weight to records that are nearer in time
and space to the considered location (G. O. Mohler et al., |2015). Risk Terrain Modeling is
another very popular predictive policing methodology and is a good example of the location-
based relationship approach. They consider geographic locations, such as bars, clubs or liquor
stores, and assess risk based on empirical relationships between the proximity of places and
the frequency and number of crimes (Perry et al., 2013) (Kennedy et al., 2o15). This is a
markedly different approach from PredPol since it focuses on long term trends in crime and
environmental factors rather than attempting to predict bursts of criminality. Finally, there
are those methods that combine these two approaches. Hunchlab (now Shotspotter Missions)
uses a random forest approach to combine a near-repeat model, locations like those considered
in RTM and seasonality/event data (Azavea, 2015). What is common to all of these methods
are a set of concerns that have been raised regarding effectiveness, transparency, validity and
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fairness.

While these methods have quickly become very widespread, the evidence that they are effective
at assisting police in officer allocation is unclear. The companies that promote the technology
have largely relied on secrecy and internal studies to promote the efficacy of their techniques.
Only one company, the Predictive Policing Company which owns and operates PredPol, has
conducted a peer reviewed study on the effects of their technology on crime (Ferguson, [2017,
page 1161) and that study only involved the subset of their technology focused on property
crimes (G. O. Mohler et al., pois). The study found significant benefits from using the
technology using a randomized control design. The algorithm accurately predicted twice
the crime as expert analysts did and resulted in a 7.4% reduction in crime (G. O. Mohler et al.,
2015). No peer reviewed studies have been conducted on the Predictive Policing Company’s
technology since it was expanded to include gun and drug crimes yet they use their peer
reviewed study on their property methodology as justification for selling those areas of their
technology (The Predictive Policing Company, [2013, page 2). In addition, that examination
focused on a very short time period and localized testing, only 510 total days spread over three
neighborhoods in Los Angeles. This limitation has led to questions over the generalizability
of the study. A similar study by the RAND Corporation (which does not market a predictive
policing tool) found no significant effect on crime from their use of a logistic regression
predictive policing model (Hunt et al., 2014). While these studies use different models and
study designs, the fact that they are the only two randomized control trials that test the
effects of predictive policing on crime and the fact that they conflict are concerning given the
widespread use of technology of this kind. More peer reviewed studies with larger testing
areas, time periods and more diverse methodologies is necessary to truly understand the
benefits or lack thereof of predictive policing

The only other company with extensive studies into their tool’s effectiveness is the Risk Terrain
Modeling and they have released several showing that interventions driven by their tools are
effective, but none of them are peer reviewed (page 1161 Ferguson, |2017, see note 295). Other
predictive policing companies have not released detailed studies and many do not even release
specific methodologies or standardized accuracy figures (Upturn, 2016). All of this is to say
that despite the adoption of this technology nationwide, there is at best limited evidence that
it is a fundamental change or even a measurable improvement to current police practice and
that most companies rely on internal reports or opaque vagueness when reporting tests of



59

their products.

Compounding this uncertainty around effectiveness is a strong lack of transparency from most
predictive policing firms. Despite their role in providing decision making support for public
agencies making very influential decisions about where to send police patrols, most predictive
policing companies release only brief overviews of their methods. Many companies provide
only examples of the kinds of information that might be considered in their algorithms and
the general type of algorithm used along with only a couple of vaguely or imprecisely worded
metrics for success (Upturn, 2016). Other companies, in particular those behind PredPol and
RTM, provide more in depth reports on the general math concepts behind their algorithms,
along with more specific descriptions of the input data. But they do not specifically describe the
way their algorithms work. The Predictive Policing Company, for example, provides a general
form of their algorithm in one paper (see equation|s.1) (G. O. Mohler et al., 2015) and a specific
application in another (G. O. Mohler et al., 2015) but does not provide the mathematical form
of the algorithm that is actually used by PredPol in predicting crimes beyond the general form
in equation This lack of specificity is more concerning with the knowledge that PredPol
is actually the most robustly publicized predictive policing model on the market. Adding to
this transparency problem is the historic and ongoing issue with a lack of accurate police data
(Harmon, 2014) that raises questions about the public’s ability to verify police data when it
is being used in predictive systems. The compounding problems of data and methodology
opacity present serious issues for predictive policing. Trusting that these systems are working
well seems impossible without some change to the status quo.

Not only are the methods of these predictive policing algorithms opaque but they have come
under fire for questions around the theoretical grounding and validity of their methods. Pre-
dictive policing methods were inspired by hot spot policing and the robust body of research
indicating that such policing tactics can reduce crime generally, not just in high crime areas
(Braga et al., o19). PredPol attempts to expand on this concept by combining it with the
concept of “near-repeat” or “exact-repeat” crimes (G. O. Mohler et al., 2015). The theory goes
that criminals, seeing success in a specific place or weaknesses in defenses against robbery will
return to the same location to perpetrate the crime again. Another explanation is that the area
has environmental or temporal factors that prompted the crime and that those will continue
to exist in the location. This theory has had significant empirical research into its validity and
been backed up by those studies (Ferguson, 2017, page 1128-1129). Unfortunately, for crimes
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outside of these limited property offenses there has not been the same level of longstand-
ing theoretical basis for near-repeat effects. In fact, when the Predictive Policing Company
expanded PredPol to include gun crimes, they had to look beyond gun crimes to “precursor of-
fenses” like assault and robbery and greatly increase the amount that records further in the past
influence the “near repeat” component of their model (The Predictive Policing Company, [2013).
Additionally, they have not released any peer reviewed or internal trials of the non-property
crime prediction models. Methods like RTM take a similar philosophy and simply attempt to
best predict where hot spots will happen using environmental factors and correlations based
on historical data without incorporating the near-repeat effects. Other methods that use more
exotic regression methods and incorporate data like social media have no solid empirical so-
cial science. While these are nowhere near as popular as PredPol or RTM, they have quickly
grown in numbers (Upturn, 2016). These methodological weaknesses are not insurmountable
but they represent a trend in the space of allowing the hype of results from relatively limited
tests of theory-backed technology to fuel the use of less and less methodologically rigorous
techniques likely resulting in less verifiable predictions and results.

Finally, and most relevantly for this thesis, the use of these technologies has raised many
concerns regarding their discriminatory potential. The first is the data that these algorithms
use. For much of the history of the United States, police departments have been accused of
acting in discriminatory ways, using profiling or discrimination to determine how to patrol,
stop and arrest citizens. This is exemplified by significant differences in crime commission
and arrest rates (Langan, 1995) (Edwards et al., 2020), findings of discriminatory policing
(Floyd v. City of New York, [2013)), and consent decrees that the federal government has
made with police departments to reign in these practices (Richardson et al., [2019). This is in
addition to the data errors and reporting flaws that have long plagued police databases which
might introduce biases of their own (Harmon, 2014)) (Poston & Joel, 2015). One study by the Al
Now institute found that in many instances, police departments had implemented or purchased
predictive policing tools while they were under consent decree involving racially discriminatory
policing practices, implying that the data they used would have been tainted by those practices
(Harmon, 2014). These departments represent the most egregious cases of discriminatory
police practice and the use of predictive policing based on those practices represents a problem
of identification: how can we be sure that these systems are ever predicting crime accurately
as they assume that police data represents crime? There is generally a recognition among
predictive policing practitioners that the biased data problem is more systemic than the small
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subset studied in the AT Now report. Most predictive policing systems incorporate both arrests
and reports of crime (both are recorded by police officers) in order to attempt to capture
much more of the crime that occurs throughout the city. Additionally, some practitioners
intentionally exclude some data to reduce bias. PredPol, for example, does not use police
traffic stop records or drug related offenses “to remove officer bias from the equation and
eliminate the risk of generating predictions based on officer discretion” (Company, [2017).
Building on this concern is one of “feedback loops” in these algorithms. The logic is that since
predictions are used to direct police activity and that activity is likely to create more records of
crime in the area, that the algorithms will eventually enter a feedback loop: more police, more
records, more predicted likelihood of crime (Lum & Isaac, 2016). Lum & Williams showed in
a 2016 paper that assuming a 20% increase in crime records in the predicted areas would lead
to greatly increased confidence ( 3x the odds of prediction) that those areas were likely to be
hotspots as compared to no increase in crime records (Lum & Isaac, |2016)). They hypothesize
that this hypothetical increase in records might be because more officers are there to observe
crimes first hand or might have incentives to increase arrests. Another study showed that this
phenomenon would cause predictive policing algorithms to produce a much higher predicted
crime rate than the true rate of crime (Ensign et al., |2017). That study proposed a way to
alleviate these concerns through data selection: use a learning method that prioritizes data
from areas without many records in order to more accurately capture the rate of crime despite
the sampling bias due to the feedback loop (Ensign et al., 2017). The creators of PredPol have
also put forward a method to deal with fairness concerns: simply penalize predicting crimes
in the same locations during learning (G. Mohler et al., 2019).

While there are a broad set of criticisms about predictive policing, the technical literature by
the creators of these systems has tended to focus on one aspect of its use while paying lip ser-
vice to the other concerns. In a 2016 letter, 17 national civil society groups raised six important
considerations: transparency, lack of alignment with community needs, constitutional rights,
the implicit utility of predictive systems to increasing police activity, a lack of focus on miscon-
duct and a lack of knowledge about racial and geographic impact (“Predictive Policing Today:
A Shared Statement of Civil Rights Concerns”, 2016)). Scholars have raised similar concerns
and proposed holistic solutions challenging the institutions of government (Ferguson, [2017)
to check them (Bennett Moses & Chan, 2018). The technical literature has focused almost
exclusively on the sixth concern, its racial and geographic impact. These papers also either
explicitly make or allude to assumptions regarding some of the others, often that they are re-
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solved or not important to the point that they are attempting to make. These assumptions fall
under three main categories: assumptions about the effects of police targeting, assumptions
about the measurement and use of a “true” crime rate and assumptions about the nature of
police actions and activities.

The most central and undisputed assumption present in almost any paper on predictive policing
relates to the desirability of targeting police activity. Many of these papers cite criminology
literature that finds that the majority of crimes occur in very few areas, accounting for a few
percent of the cities area (G. Mohler et al., |2019, page 2454), or rely on other papers that
make this assertion as a baseline to criticize or build on (Lum & Isaac, 2016, page 17) (Ensign
et al., 2017, page 2). Additionally, these papers take as a fact that sending additional officers
to an area where crime is truly occurring will lower the crime rate and improve society, or else
why would the task of assigning officers or the secondary goal of doing so fairly be important.
While neither of these assumptions are unfounded or necessarily wrong, they do immediately
rule out any consideration of the civil society criticism of these technologies being primarily
used to “intensify enforcement, rather than to meet human needs” (“Predictive Policing Today:
A Shared Statement of Civil Rights Concerns”, [2016)).

The second set of assumptions that the technical literature relies on are that there is a true crime
rate, measurable with statistics, and that it is the primary goal to measure and police according
to that statistical estimate. All of the predictive policing literature makes these assumptions
and is structured around that goal of measuring and policing according to those statistical
measures. Technical scholars (both proponents and detractors) use varying methodologies
of crime rate estimation in their arguments (Lum & Isaac, 2016, page 16) (G. Mohler et al.,
2019}, page 2). Lum and Williams, for instance, use national drug use information to argue
that predictive policing concentrates policing resources in a small area of the city despite the
relatively even spread of drug use across the city (Lum & Isaac, 2016, page 17). While the
authors do acknowledge the possible fallibility of the national data, which is measured using
an annual survey on drug use, they still peg accurate reflection of it as their normative goal.
An additional concern with attempting to use national public health survey data like the one
used by Lum and Williams is that using such data to direct law enforcement resources could
reduce trust in it and therefore its accuracy and usefulness. Another study, by Ensign et. al.,
uses a mathematical model of policing to attempt to correct predictive policing models toward
the true crime report rate present in police data (Ensign et al., 2017, page 2). In addition to
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the misalignment of goals possible in considering such statistical measures, there is also the
question of whether such a measure can be accurate given longstanding issues with police
data reporting that are more serious than other government agencies (Harmon, [2014). There
have been numerous instances of data errors, biases and flaws and new ones are often being
uncovered by research. For instance, in Los Angeles, the LAPD were systematically reporting
one type of crime wrong, making seven years of crime data inaccurate (Poston & Joel, 2015))
and nationally, a large proportion of crimes are not reported, about 42% according to a 2010
survey by the Bureau of Justice Statistics (Langton et al., 2012). A more recent trend is the
increase in crime reports due to gentrification. Trends in police data show that places with new
populations of whiter, richer residents in neighborhoods with majority minority populations
have higher rates of police action (Laniyonu, [2018) and higher rates of calls for service handled
by the police (H. Stolper, 2019). This would create new crime data that are not necessarily
caused by increases in the true crime rate but new residents in certain neighborhoods reporting
more crimes. These phenomena, along with the more political concerns, raise questions as to
the validity of using police produced data to predict crime.

The third assumption made in the literature is one of individual level policing practice. This
assumption is that fairness goals are in the regime of even assignment of policing resources
to areas that warrant policing without consideration of officer or precinct level discrimination.
Lum and Williams make brief mention of “which persons to detain and what neighborhoods
to patrol” (Lum & Isaac, 2016) but subsequently focus exclusively on the geographic question.
Ensign, et al. make an explicit assumption that an officer will record crime equal to the true
crime rate in an area and make no direct mention of individual level bias (Ensign et al., 2017).
The paper by Mohler, et. al. introducing a fairness constraint to the learning process explicitly
makes equality of patrol levels based on demographic distribution the goal rather than arrest
outcome or racial discrimination reduction (G. Mohler et al.,|2019, page 2454). None of these
analyses can address the concerns raised by the civil society groups that there is no focus on
officer misconduct or intentional discrimination. This means that this set of goals is vulnerable
to intentional discrimination or profiling since, despite officer deployments being based on
data, if discriminatory practices continue, these predictive models will continue to be seen as
part of a discriminatory system.

The use of predictive policing has quickly become widespread in the United States making
understanding its methods and its problems increasingly important. These methods are
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largely an incremental improvement on historical methods for predicting crime hotspots but
their methods and institutions differ in significant enough ways to present new problems. Their
effectiveness is unclear, transparency is sorely lacking, the validity of the methodology used
in these models is not proven in all cases and there is the risk that they will not only entrench
current discriminatory policing practices but also intensify them. The technical literature
has largely avoided these questions, instead focusing on a narrow subset of fairness concerns
causing a gap between what many in civil society argue is necessary to prevent serious harm
from these algorithms and what technical experts have proposed. Applying these technologies
without considering discriminatory potential among many aspects as well as technical validity,
provision of transparency and robust research will result in outcomes that are likely undesirable
and an erosion of trust in the police. However, when considering new predictive policing
applications, addressing the concerns laid out here should be a priority.



Chapter 6

Applying Predictive Policing to Fare
Evasion

In a resource constrained, high stakes situation like fare enforcement on the New York Subway,
it might be worthwhile to look to predictive policing as a means to achieving multiple policy
goals at once. The NYPD’s goals are to allocate officers to catch fare evaders as efficiently as
possible and to address critics in the community who allege that fare enforcement is biased
and concentrated in certain areas. In fact, these policy goals are the main selling points
of predictive policing. Practitioners claim they will double the accuracy of crime analysis,
significantly reduce crime rates, and remove discriminatory bias from decision making. Critics
counter that these claims are based on shaky evidence and merely paper over discriminatory
outcomes with “objective” statistical products. If we were to apply these predictive systems
and their proposed fairness methods to fare evasion, the question therefore becomes: would
they achieve either of these policy goals or as the critics say, will they end up entrenching or
even furthering discriminatory behavior?

In this chapter, I will address both the effectiveness and the discriminatory potential of the
use of predictive policing tools. To address effectiveness, I will examine popular methods to
determine if fare enforcement is a suitable application. When addressing fairness concerns,
I will apply the analysis of fare evasion data, and discuss the effects of using predictive
technology on nondiscrimination and equal protection questions. I will also examine the
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effects of technical fairness methods for predictive policing to see what, if any, changes they
would make.

The suitability of predictive policing methods in a particular application refers to whether the
structure and basis of the model is grounded in the reality of the predicted crime. One area
that is of particular concern for these methods is a lack of suitable data in the fare evasion
realm. Many predictive policing practitioners choose to rely on crime reports as well as arrest
and ticket data to attempt to remove enforcement decisions as a source of bias. While this
method is not foolproof, it works better for some crimes than others. Some property crimes in
particular are reported at much higher rates than violent crimes (Langton et al., 2012). While
fare evasion has not been studied with regards to its reporting rate, it is more likely than not
very rarely reported to the police since there is no victim other than the general public. This
means that we will have to rely primarily on officers’ records of crimes, either tickets or arrests.
In this analysis, I will focus on arrest data since that is what is publicly available at this time.
The use of this data creates a much more limited and biased sample of fare evasion that will
fall prey more easily to the issues of discriminatory algorithms.

An additional issue with the validity of these methods is model appropriateness. The major
assumption of many predictive policing models that gives them advantage over more basic
methods is the self-exciting hypothesis. This hypothesis is simply that crime begets more
crime, that very recent records in a place are predictive of future crime in that location[f] The
most popular and influential predictive model, PredPol, uses a model of crime that is modeled
after from one used by seismologists to predict aftershocks (see equation|s.1). They apply this
model since it assumes that an event will directly produce similar events in the same area, an
phenomena called a near-repeat (G. O. Mohler et al., [2011). Figure shows the histogram
used to motivate this assumption. It shows counts of the time between burglaries that occur
in the same 200 meter area. The significant features in this plot are the peak indicating that
many event pairs occur on the same day and the downward trend from that peak to a baseline.
Figure [6-2| shows the same plot for our fare evasion arrest data, using 50 random days of arrest
data starting on 100 random days in 2015. Significantly, there is no peak for arrests occurring
on the same day and no downward trend. Indicating that fare evasion events do not create
other fare evasion events in the same area. This means that any model that heavily relies

IThis hypothesis is not one that models like Risk Terrain Modeling use since models like RTM rely on totally
different data and model architecture. It is also difficult to class these models as “predictive”.since they largely
calculate risk factors not probabilities of crime occurring.
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on a self-exciting hypothesis will not fit the data well, creating unavoidable inaccuracy and
a lack of predictive power. This assumption is not restricted to PrePol, however. The NYPD
predicts crime using a similar algorithm that relies on a different form of the same general
model as PredPol which also weights records nearer in time to the prediction target more
heavily (Levine et al., 2017). Other companies’ models operate similarly (Upturn, 2016)). This
weakness, combined with the difficulty of obtaining largely unbiased data, makes it extremely
difficult to apply predictive policing to fare enforcement in any meaningful way.

120 - r T T

100 4

# Event Pairs

20

0 10 20 30 40 al
Time (days)

Figure 6-1: Histogram of times (less than so days) between burglary events separated by 200 meters
or less (G. O. Mohler et al.,
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Figure 6-2: Histogram of times (less than 50 days) between fare evasion arrests at the same station
starting on 100 random days in 2015.

The discrimination potential of applying predictive policing methods to fare enforcement
springs from two aspects of current police practice. First, there is significant disparate ge-
ographic burden under the current practice.The stations most heavily policed are located in
neighborhoods populated by poor, Black and Latino New Yorkers. In addition to this, there
is reason to believe that these arrests are not concentrated in these areas due to an accurate
reflection of the distribution of fare evaders since. Finally, the data indicates that arrests are
based on discriminatory systemic profiling which will create discriminatory potential for any
allocation outcome.

In Chapter 4, we examined fare evasion arrest data to find patterns of geographic inequality in
fare evasion arrest rates. These arrests were found to be heavily concentrated in poor, Black
and Latino areas with the majority of stations with very high arrests per rider located in those
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areas (Figure[4-14). There was also a significant correlation between the percentage of an area
that is poor and Black or poor Latino and the rate of arrest in that area (Table[4.1). In addition
to this factual evidence of the disparate geographic impact of fare evasion enforcement, there
is circumstantial evidence that this disparity is not due to corresponding differences in true
evasion rate. In a 2011 study, Reddy, Kuhls, and Lu sent independent observers to subway
stations across the city for over a year, recording over 250,000 legal, illegal and questionable
entries during that period. Geographically, they found patterns of evasion that indicated that
poorer, less used stations saw greater levels of evasion per entry but that the busier stations
saw many more evasions per hour. Significantly for our purposes, they found that poorer
stations saw about a 2-4 times higher rate of evasion compared with stations in wealthier
areas. In our data, we find that the stations where arrest rates are the highest see rates that
are more than 17 times as high as the majority of stations (and we find that many stations
do not have any arrests over eight years of data). Also importantly, we do not find a similar
correlation between arrest rate and relative poverty in the surrounding area of the station (see
Tablé4.1). This would imply that the causes of the geographic difference in fare evasion arrest
rates are related more heavily to demographic factors than to the economic ones present in
the 2011 study. While we have no way to compare exactly how their data were distributed
across the system, it is very likely that fare evasions are more evenly distributed across the
system than arrests for that offense and that those evasions are less heavily concentrated in
minority areas This concentration will create inevitable problems for a station-based model of
fare evasion based on these records as that algorithm will be working with evasion data from
an enforcement bias. Additionally, problems with feedback loops similarly seem inevitable:
because the NYPD already allocates enforcement in a way unrepresentative of a more accurate
measure of evasion, any algorithm trained using that data will continue to be unrepresentative,
creating a less and less accurate model of fare evasion.

A perhaps more insidious risk of discrimination comes from more institutional, personal and
intentional discrimination. In Chapter 4, I found that even within stations there is a significant
and systemic bias in who is arrested for fare evasion: Blacks are disproportionately likely to be
arrested at nearly every station and Whites are disproportionately unlikely to be (see Figures
l4-18). Adding to this statistical evidence is recent allegations that a well regarded
commander in the NYPD transit bureau explicitly carried out this profiling as policy, ordering
officers to emphasize arresting Black and Latino evaders and letting White and Asian ones go
(Goldstein & Southall, po1g). The issue here is one of personal and institutional barriers to
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Figure 6-3: 2010 fare evasion statistics (Reddy et al., . Left: evasions and station busyness. Right:
evasions and station poverty..

a fair enforcement system, if officers and commanders decide to enforce the law differently
against different races of people, there is simply no way to get away from the discrimination
of that policy. The reason for this goes back to the model of process-based fairness found in
the legal field: with officers and commanders taking race explicitly into account, individuals
cannot be treated by that policy without discrimination. If a predictive policing system entered
that context purporting to be a fair way to allocate enforcement resources, it will simply be
directing this discriminatory mechanism in a marginally different way.

The technical literature has come up with a few proposals to address the fairness question.
These methods hope to use technological methods to reduce the discriminatory outcomes
that might arise from using these predictive tools. It is worth examining each of them in
turn. The least impactful in terms of outcome would be Ensign, et.al.’s sampling method to
reduce the feedback loop problem (Ensign et al., 2017). While this method would help to
reduce the increasingly detrimental effects of having an unfair prediction algorithm, its value
is largely to accurately represent the rate of crime present within the given data. Since this
data is already fundamentally inaccurate due to the collection method and strongly biased
in a discriminatory way, accurately reflecting it will not produce an algorithm that increases
public trust or address discrimination concerns. The second method proposed is a penalty
on having predictions that produce different outcomes for different groups (G. Mohler et al.,
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Figure 6-4: Fare evasion arrests per 100k passengers.

2019). This, depending on the importance given to nondiscrimination, will have the effect of
distributing officers more evenly throughout the system. The major issue with this approach
is that it does not fundamentally affect the basis for prediction and the predictions produced,
it simply adds some bias towards more uniform predictions. That means that it will maintain
all of the issues of the data being used in prediction while requiring an explicit trade off for
effectiveness. This will likely result in no stakeholders being happy with this approach since
the NYPD will see this as eroding the effectiveness of the tool and fairness advocates will not
get a fundamental change to the way prediction is made.

A radically different approach might be to eschew the fare enforcement data all together.
While this would not necessarily be predictive policing, in my view it is the logical conclusion
of distrusting the arrest data. One algorithm does just this: TRUSTS, proposed by Yin, et. al.
in 2012, assumes all riders follow a rational behavior meaning that they pay the fare if the
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expected cost of being caught is greater than the price per ticket. It then distributes patrols
to maximize revenue on this assumption taking into account only ridership and assuming
fare evaders evenly distributed among riders (Yin et al., [2012). Essentially, the algorithm is
attempting to maximize the likelihood that any given rider has their ticket checked. This
approach nicely avoids the problems of geographic discrimination but it is a drastic departure
seeing as it will not take into account any patterns of evasion. While this is desirable to
counter problems with geographic concentration of policing, some level of focusing is likely
a good thing since some stations might be more vulnerable to evasion than others to some
extent. In that way, this method trades total geographic fairness for flexibility of resource
allocation.

Unfortunately, none of these approaches can hope to address the second aspect of discrimina-
tion concerns: the implementation. Each of these approaches would have to assume that the
officers act in a fair and unbiased way while patrolling their assigned plots in order to ensure a
nondiscriminatory outcome. Fatally for that assumption, the fare enforcement environment is
one where that assumption does not hold. Even if arrests were evenly distributed across New
York, that would not eliminate biased policing since within each area demographics still play a
driving role in who is arrested. If police officers on an individual or institutional level explicitly
target people on the basis of discriminatory factors, no algorithm or set of patrol recommen-
dations can alleviate that. For a concrete demonstration of this, we need look no further
than the TRUSTS algorithm. Following its publication, the Los Angeles Sheriff’s Department
experimented with using it to allocate its fare enforcement operations (Yin et al., |[2012). It was
during these years, community organizations allege, that LASD officers policed fare evasion in
a racially discriminatory manner (Chandler, 2017). That allegation is the subject of an ongoing
federal civil rights investigation and a similar data analysis to the one conducted in this thesis
found geographic and demographic disparities based on the neighborhood where many arrests
occurred (Dorji & Fraade, |2016). In this case, the LASD did not apply this algorithm widely
and has committed instead to “transitioning” away from fare enforcement (Chandler, 2017)
but it illustrates that using or moving toward “fair” resource allocation techniques for fare
enforcement cannot solve the underlying issue: people endowed with the authority to target
enforcement actions can drive discriminatory outcomes.

All of these concerns taken together, there is currently no path forward for predictive policing
in this context, as it would produce an inaccurate, biased model that perpetuates issues with
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policing due to serious issues with the pragmatic situation.

Without significant changes to government practice on the part of the police department,
we will not have data that can accurately measure fare evasion. Additionally, most predictive
models will have a very hard time extracting useful predictions from that data given differences
in how fare evasion happens and what motivates it.

On top of these accuracy concerns, fare enforcement in New York City is currently a dis-
criminatory burden on poor, Black and Latino New Yorkers, making a model based on that
enforcement similarly biased. Finally, due to the in-location discrimination pattern, technical
attempts to address the data bias will not be successful in creating fair outcomes and would
likely be largely used to justify discriminatory behavior instead of changing it. For these
reasons, there is much work that must be done outside of the data analysis space in order for
any predictive tool to be effective. If the NYPD wishes to achieve their goals of efficient and
fair fare enforcement they must start with policy, not technology.
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Chapter 7

Conclusion

In this thesis I have examined the question of predictive policing fairness by examining a
policing system and predictive policing’s possible place in it using different disciplines and
techniques. One way to think about how American society decides if a practice is fair is
through the courts. The courts have laid out a three part test for determining whether a
process is fair — specifically when the government undertakes said process. These three parts
involve a comparison benchmark, demonstration of discriminatory burden vs. that benchmark,
and proof that the government had knowledge of this discriminatory burden. I applied the
first two parts of this test to examine fare evasion in New York City. In doing so, I assembled
a data set of fare evasion arrests by the NYPD and analysed it looking for specific evidence
that the NYPD had treated different groups of people differently. I found that arrests are
disproportionately made up of young, Black and Latino men by a wide margin, that arrests
are heavily concentrated in poor Black and poor Latino neighborhoods, and that arrests are
disproportionately made up of Black New Yorkers in almost all stations and far less likely to be
of White and Asian New Yorkers. Given these differences, I conclude that there is significant
discriminatory harm from the current practice of fare enforcement by the NYPD.

Next I turned to predictive policing: the use of machine learning to calculate the risk of crimes
occurring at certain times and in certain places. Using the knowledge of popular methods for
predictive policing as well as societal concerns, and some of the solutions proposed for fairness
considerations, I turned to the technology’s possible application to fare evasion in New York
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City. I found that predictive policing would likely be only able to produce an inaccurate,
biased model that perpetuates issues with policing. The model would likely be inaccurate
because predictive policing models are largely ill suited for fare evasion data. Additionally,
though there are some methods proposed to reduce or eliminate geographic bias in police
data, in the fare enforcement situation racial bias persists regardless of location. Therefore,
any model of fare evasion will be part of a system that seems unfair and will not be working
to address serious aspects of that. Do to the discriminatory nature of NYPD fare enforcement,
no matter what the predictive technology tells the them to do, they will still end up acting in
a discriminatory manner. In this analysis, I focused more holistically on the entire system that
the machine learning algorithm is placed in. Recognizing that the algorithm will be paired
with that system, helping it to carry out its work. If the general system is unfair, then the
algorithm too will be considered a part of it, or worse, an exacerbating force — even if it meets
some isolated notion of fairness.

While this particular case is relatively limited, there are likely many similar situations for using
predictive policing and machine learning for governance. Institutions where longstanding
practice has created outcomes and corresponding data that are undesirable. In these cases,
while it might be possible to create a technical device that is less discriminatory than pure
human decision making, humans will still be involved in the process. If those humans continue
to act in such a way that maintains discrimination, no algorithm will be able to fully escape
that reality.

On the other hand, if in the face of some institutional discrimination, the algorithm is given
full control over the decision making process we have no way of isolating that algorithm from
the discrimination that is apparent from data of past practice. We might be able to install
some fairness technique or another, but without fully throwing away all the information from
previous practice we will still base our decisions on that data to some degree. In addition to this
concern, handing over control to an algorithm risks inexplicable or undesirable decisions and
errors. There will also be the legitimate political concern that the algorithm is simply acting
as the institution would, and amounts to a continuation of the status quo in lieu of meaningful
reform. This makes the prescription to fix this issue clear: do not base important decision
making on algorithms using past practice as reference unless that practice does not violate
fundamental rights. Significant progress toward repairing the institution using human decision
making is a prerequisite, to these technologies, not a side effect. In this way, these technologies
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could serve as a motivating or revealing source of social change but they themselves are not
what will change society, it is people who will do that.
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