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ABSTRACT 

 

This thesis provides the first empirical analysis of statewide police facial recognition systems to 

determine if these systems affect the arrest share of African-Americans in Maryland and other 

implementing states. The question stems from the research of those working at the intersection of 

the privacy, civil liberties, and technology spaces, who in recent years have expressed concerns 

about bias in the algorithms underlying rapidly proliferating police facial recognition capabilities. 

Using arrest and crime data from the Federal Bureau of Investigation’s Uniform Crime Reports, 

combined with data from the Census Bureau’s American Community Survey, I create a panel 

dataset spanning the period 2006-2016, and then run the data through a series of regression models. 

I find inconclusive results when measuring the effect of facial recognition systems nationally, as 

well as when examining Maryland’s alone. This lack of clarity suggests a need for a moratorium 

on police use of facial recognition until a better understanding of the effects of the technology is 

achieved, and the public debate regarding its ethics matures.   

JEL Code: C23, K42 

 

  

 

 

 

 

 

 

 

 



 

 

iv 

 

 

 

 

 

 

 

 

 

Acknowledgements 

The research and writing of this thesis 

is dedicated to everyone who helped along the way, including John Beltran and Khotin. 

 

Many thanks, 

Matthew Schwartz  

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

v 

 

TABLE OF CONTENTS 

 

1. Introduction ..................................................................................................................  1 

 

2. Background ..................................................................................................................  3 

 

   2.1 Definition and Uses of Facial Recognition Technology .........................................  3 

 

   2.2 Facial Recognition and Racial Bias ........................................................................  4 

 

   2.3 Surveillance of Minority Communities ..................................................................  5 

 

   2.4 Suspect Lists ...........................................................................................................  6 

 

3. Literature Review.........................................................................................................  7 

 

   3.1 Government Surveillance and Individual Behavior ................................................  8 

 

   3.2 Impact of Police Facial Recognition and Surveillance Technology. ....................  10 

 
   3.3 Racial Bias in Facial Recognition Systems ..........................................................  11 

 

   3.4 Predictors of Arrest Rates .....................................................................................  12 

 

4. Conceptual Framework and Hypothesis ....................................................................  13 

 

5. Data and Methods ......................................................................................................  16 

 

   5.1 Data Assembly ......................................................................................................  16 

 

   5.2 Empirical Methods ................................................................................................  18 

 

6. Descriptive Statistics ..................................................................................................  21 

 

7. Results ........................................................................................................................  26 

 

   7.1 United States .........................................................................................................  26 

 

   7.2 Maryland ...............................................................................................................  29 

 

8. Discussion  .................................................................................................................. 31 

    

   8.1 Policy Implications  ..............................................................................................  33 

 

   8.2 Future Work ..........................................................................................................  34 

 



 

 

vi 

 

9. Conclusion .................................................................................................................. 35 

 

References ....................................................................................................................... 36



 

 

1 

 

 

1. Introduction 

 
Recent years have seen growth in the literature assessing the effects of facial recognition 

systems on society, particularly racial minorities and other historically disadvantaged groups 

(Garvie et. al, 2016; Klare et. al, 2016; Buolamwini and Gebru 2018).  This paper adds to this 

literature by conducting the first empirical analysis of how statewide facial recognition systems 

affect arrest rates of African-Americans. Though police are increasingly turning to facial 

recognition technologies for a variety of use-cases, the impact of these technologies on 

investigatory outcomes is poorly understood. Audits of existing facial recognition systems suggest 

that they might generate differing accuracy rates depending on the subject’s race (Klare et. al, 

2016; Buolamwini and Gebru 2018), but no researcher has yet sought evidence of these disparities 

in practice. Many recent studies on the impact of government surveillance have focused on online 

behavior (Tucker and Matthews, 2017), leaving “real-world” surveillance outcomes comparatively 

understudied. Furthermore, these studies often eschew a racial lens, presumably due to a reliance 

on aggregated online search data.  

Maryland is an excellent case through which to examine the current facial recognition 

phenomenon. Home to one of the most advanced facial recognition systems in the country, 

Maryland has courted national attention for its use of the technology on several occasions. In June 

2018, a man walked into the offices of the Capital Gazette in Anne Arundel County, Maryland, 

firing a 12-gauge pump-action shotgun through a glass window barricade before continuing his 

barrage into the main working space. He ultimately killed five and injured several others. He was 

quickly captured, but a malfunctioning fingerprint scanner failed to identify him. So, the police 

snapped a picture and moved to query a database then little known to the public, but available to 

police since 2011: the Maryland Image Repository System (MIRS) (Tavarnese and Harmon, 
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2018). Rapidly comparing its database of millions of driver’s license photos and state and federal 

mugshots against the man’s picture, the system returned a match, positively identifying Jared 

Ramos (Rector and Knezevich, 2016).      

When the story of Ramos’s apprehension made national headlines, it was likely the first 

time many in Maryland, and in other states too, became aware that a technology once depicted 

only in science-fiction had made its way into local police departments. However, Ramos’s arrest 

was not the first notable use of the technology. In a less widely-reported 2016 case, the American 

Civil Liberties Union (ACLU) revealed that, in the aftermath Freddie Gray’s death in police 

custody, Maryland authorities queried MIRS to identify individuals in a group of black protestors 

(Stanley, 2016). Though a spokesman for the Baltimore Police Department said the program was 

simply used “to identify those who were involved in criminal wrongdoing", use of the technology 

to survey a predominantly black crowd during a time of heightened anti-police sentiment raised 

the question of whether certain groups face disproportionate targeting (Rector and Knezevich, 

2016).      

These two examples illustrate facial recognition technology’s practical versatility, as well 

as the fact that many questions regarding its use, transparency, and efficacy urgently demand 

answers. As such technology becomes increasingly common in police departments around the 

country, one of the most important of these questions is how the use of facial recognition programs 

affects African-Americans, a group already disproportionately surveilled and incarcerated (Pierson 

et al., 2017). Many of these programs are relatively recent, deployed within the last decade or so, 

and thus analyses of them are scarce. This thesis seeks to fills this knowledge gap.  
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2. Background 
 

2.1 Definition and Uses of Facial Recognition Technology 
 

The Government Accountability Office (GAO) describes facial recognition technology as 

simply “one of several biometric technologies, which identify individuals by measuring and 

analyzing their physiological or behavioral characteristics” (2015). Facial recognition technologies 

measure the “spatial and geometric distribution of facial features” as captured in a picture or video 

and digitize them, creating an algorithmic template for an individual that is stored in a database 

and compared against other templates (Mann and Smith, 2017; Ricanek and Boehnen, 2012).  

Garvie et al. explain that law enforcement typically utilize facial recognition technology to 

accomplish two tasks: facial verification and facial identification. Facial verification involves the 

confirmation of the identity of a suspect through a comparison of their face to an identity claimed 

by that person, as in the case of one-to-one passport matching at international borders (Mann and 

Smith, 2017). Facial identification is the affirmative identification of a suspect absent a claimed 

identity, and often involves one-to-many searches via large databases (ibid). Within the subset of 

facial identification, police can employ a number of tactics, including the tactic used to identify 

Jarrod Ramos (taking and searching the photograph of an uncooperative suspect against a database 

of images), the tactic used to surveil protestors in Baltimore (comparing images or videos collected 

from public or private cameras against a database), or a third tactic in which mugshots of arrested 

individuals are compared to a database of previously collected images (Garvie et al., 2016).  

Response times to facial recognition queries depend on the sophistication of the system 

available to the officer and the authorizing autonomy of the law enforcement agency. Officers with 

smartphone or squad-car software can sometimes generate nearly instantaneous facial recognition 

searches (ibid). At other times, the officer cannot search the image herself and is required to submit 
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the image to a cooperating agency, such as the Federal Bureau of Investigation (FBI), and await 

their approval and response (GAO, 2016).  

2.2 Facial Recognition and Racial Bias 

Facial recognition algorithms have a difficult time identifying black faces compared to 

others for a variety of reasons. The first relates to the nature of darker faces, which have high 

pigmentation counts and relatively low color contrast, which can prevent inadequately configured 

cameras from taking high-quality pictures. (Garvie et al., 2016). In addition, default lighting 

conditions in many spaces privilege lighter faces and exacerbate this issue (ibid). Facial 

recognition systems rely on high resolution images. NIST notes that “improvement of image 

quality is the largest contributing factor to recognition accuracy” and, thus, low-quality images are 

detrimental to performance (Grother and Ngan, 2014). 

 A second issue arises from potential researcher bias injected into such systems during the 

machine learning process. Facial recognition software is built by researchers who “teach” 

algorithms to identify faces through a process which exposes the algorithm to millions of 

photographs of different faces. The algorithm evaluates its own performance after each iteration 

of the training cycle, discarding “behaviors” that lead it to misidentify faces, until eventually it 

learns a process for identifying a face’s most distinguishing characteristics. However, if 

researchers do not train the algorithm using a database of diverse faces, the system may only learn 

how to identify those certain subsets of faces it was trained on, making it less accurate if identifying 

faces it was not trained to recognize. In an international competition for facial recognition systems, 

algorithms consistently performed better on faces from the researchers’ country of origin 

compared to others (Phillips, 2011). This suggests that researcher backgrounds affect supposedly 

color-blind algorithmic performance, a theory bolstered by recent independent audits. For 
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example, researchers at MIT found that certain commercial facial recognition programs are up to 

99% accurate for white male faces and have error rates as high as 35% for black female faces, 

reflecting the possibility of disproportionately white product development teams (Buolamwini and 

Gebru 2018). In addition, one FBI-coauthored study found that Cognitec, a vendor used by 

Maryland and several other states, developed a facial recognition algorithm that is 5 percent to 10 

percent less accurate for blacks than whites (Klare et. al, 2016). 

2.3 Surveillance of Minority Communities 

Potential biases in facial recognition algorithms are compounded by the fact that African-

Americans have historically been subject to racially-motivated surveillance regimes and continue 

to be statistically more likely to be pulled over and brought in for questioning by the police than 

other racial groups, especially whites (Pierson et. al, 2017). Criminologists point to these 

discrepancies as a key contributing factor to findings that black people are incarcerated at rates 

five times higher than those of whites (Nellis, 2016; Wildeman, 2015).  

Racially-based surveillance in the United States goes all the way back to slavery. In 1713, 

the Common Council for the City of New York approved a law that required slaves alone and out 

after-dark to carry a lantern to identify themselves (Browne, 2015). Infringement of the law, which 

allowed any white individual to apprehend an offending slave, was punishable by public whipping 

(ibid). More recent police initiatives like “stop-and-frisk” and the installation of floodlights in 

majority-minority housing projects in New York and elsewhere also underline the fact that 

minorities continue to face intense surveillance in their communities (Goldstein, 2014).  

Other technological advances have been quickly leveraged to monitor minorities. In 

Oakland, for example, newly developed automatic license plate readers were more likely to be 

deployed in majority minority neighborhoods, even when controlling for crime rates (Maas and 
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Gillula, 2015). In Lansing, Michigan, installation of surveillance cameras produced a situation 

where African-Americans were twice as likely to be monitored as whites (ACLU, 2012). The 

concern naturally arises that facial recognition may be just the newest tool in the long history of 

keeping tabs on minorities.  

2.4 Suspect Lists  

Another problem stems from the way facial recognition software programs work in the 

field. Many systems are designed to provide the officer with a list of “most likely matches”, even 

if those matches are actually low probability (Garvie et. al, 2016). In this case, no matter the 

underlying quality of the search, the system will return the officer a list of potential matches to 

investigate further. This can deflect responsibility from the officer, who may defer to the 

algorithm’s assumed certitude and ultimately detain an innocent subject. Moreover, even in higher-

quality searches, most facial recognition systems stop at the point of producing suspect lists; that 

is, they do not affirmatively identify matches. Instead, in proceeding with an investigation, police 

officers have discretion to select which image best matches the probe or comparison image. 1   

However, research shows that humans are very bad at visual facial comparisons, even humans 

who perform this task on a regular basis. For example, in one study, passport officers were no 

better at matching unfamiliar images than an untrained group of college students (White et al., 

2014). In another study, passport issuance officers had a greater than 50 percent error rate in 

matching a probe image to the correct individual from an algorithmically-generated candidate list, 

the same task assigned to police officers running facial recognition searches (White et al., 2015). 

                                                 
1. The probe image is the original evidentiary image in the facial recognition search. It can be a still from a closed-

circuit camera, a photograph taken by a police officer on-site with a suspect, or even, in some states, a high-quality 

sketch.  
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 People are also much worse at remembering, identifying, and matching faces when the face 

belongs to a person of a different race (Megreya et al., 2011; Meissner and Brigham, 2001). This 

phenomenon is called the “other-race effect” and has generated a deep, 30 year-old sub-field 

spanning the psychological and facial recognition literatures. (Brigham and Malpass, 1985).  

These findings make clear the complexity facing future efforts to remove bias from the facial 

recognition process. The improvement of algorithms would only reduce bias at one end of the 

process. At the other end lies the seemingly intractable and inherent limit of human reliability. 

Coupled with the fact that the technology is less accurate for those it is disproportionally likely to 

be used on, the structure of facial recognition queries magnifies the potential for misattribution 

and disparate impact. 

3. Literature Review 

Studies assessing the effects of various forms of government surveillance on citizen behavior 

have multiplied in recent years, though none of these specifically involve an empirical analysis of 

the effects of facial recognition. Instead, many existing studies have investigated potential first-

amendment implications of government surveillance technologies. For instance, an ongoing 

literature debates whether the perception of surveillance creates a “chilling effect”, decreasing the 

propensity of individuals to post dissident messages online, or query potentially illegal or anti-

government search terms, for fear of being observed and labelled as anti-state actors.2 However, 

an under-studied branch of the surveillance literature is how law enforcement use of surveillance 

technologies mediates the dynamic between the police and citizens, particularly racial minorities. 

                                                 
2. Supreme Court Justices first articulated the “chilling effect” principle in rendering decisions in free speech cases 

in the late 1950’s, and the term was later picked up by legal scholars and applied to other first amendment issues. As 

the Columbia Law Review defines it:  “The chilling effect focuses attention on the practical consequences of state 

action for the conduct of the individual” (1969).  
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Previous researchers’ findings that facial recognition algorithms perform poorly on African-

Americans (among other subgroups, including women and younger individuals) suggest the 

potential for disparate impact. But no one has yet sought statistical evidence for such biases in 

policing outcomes.  

3.1 Government Surveillance and Individual Behavior 

Improved hardware and the advent of cloud computing have drastically reduced the cost 

of data storage, allowing for the creation of massive databases. Recent technological achievements, 

including facial recognition, leverage such databases to allow for greater tracking of public 

behavior than ever before. Law enforcement can now collect and analyze still-images and closed 

circuit television (CCTV) videos, culled from public and private sources, on a vast scale. This has 

disrupted the previous state of affairs, where government surveillance mostly captured private 

behavior, often through wiretapping of phones and, later, online surveillance. Nonetheless, many 

existing efforts to measure the effects of government surveillance on citizens have been conducted 

in reference to the private, especially online, domain due to the relative ease of gathering data on 

online behavior compared to behavior in the physical world.  

As noted, previous studies have found that government surveillance, or at least the 

perception of it, may have a “chilling effect” on the expression of anti-state sentiment (Schauer, 

1978). While early studies of the topic, particularly in relation to online behavior (e.g., Krueger 

2005), actually found that perceptions of government surveillance may precipitate feelings of 

anger, thus triggering an increase in online political activity, more recent studies, following the 

shock of Edward Snowden’s revelations of the National Security Agency’s (NSA) vast domestic 

spying powers, have found the opposite (Stoycheff, 2016) (Penney, 2016). Stoycheff, for one, 

found that a majority of study participants who were aware of government surveillance were less 
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likely to share their political views online in “hostile opinion climates” – i.e., when their views 

were the minority opinion.  

Similarly, using aggregated Google search data, Tucker and Matthews (2017) determined 

that, following Snowden’s revelations, internet users worldwide were 4 percent less likely to 

search for personally sensitive and criminally implicating terms (as defined by a Department of 

Homeland Security list). The effect was strongest in English speaking countries. Penney (2017) 

also found that a majority of respondents would be “less likely to speak or write about certain 

topics online” if the government monitored their online activities. 

However, when measuring the influence of surveillance on “privacy enhancing behaviors” 

of internet users, rather than speech, Preibusch (2015) found less of an impact. Tracking users who 

had searched for terms related to Snowden’s NSA leak to see if they also searched for privacy 

related terms, such as instructions for how to create a proxy server, Preibusch concluded that U.S.-

based web users did not seek out additional protections.  

Many scholars have taken the small leap to applying chilling effect theory to facial 

recognition technology. 3 Here, Milligan (1999) notes various ways that humans may adapt their 

public behavior under the presumption of being watched. Iraola (2003) also considers whether 

facial recognition surveillance could be legally challenged by demonstrating a chilling effect on 

free speech. And, most recently, Murphy (2018) examines the potential of chilling effects when 

police body cameras are equipped with facial recognition capabilities. A quality shared by these 

studies, though, is that their methodology primarily arises from potential First Amendment 

questions, rather than the type of empirical assessment I pursue here.  

                                                 
3. An important consideration for the purposes of this thesis is that although chilling effect theory implies that 

citizens’ awareness of police facial recognition capabilities may deter expression of First Amendment rights, many 

individuals may lack awareness of their jurisdiction’s facial recognition policy, though that presumption is not tested 

here. 
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3.2 Impact of Police Facial Recognition and Surveillance Technology  

 
Another vein of the literature surveys the proliferation and broader quandaries of facial 

recognition technologies, illuminating but not yet resolving questions regarding outcomes when 

law enforcement bodies use these technologies.  

Emerging methods of digital surveillance have long catalyzed scholarly efforts to explore 

these ethical and privacy implications (Rule, 1973; Agre, 2001;Gelman & Adler-Bell, 2017).  In 

recent years, research has concentrated on better understanding the scope and impact of law 

enforcement’s attainment of facial recognition technologies. For example, in 2016, Garvie et al. 

produced a report for the for the Georgetown Law Center on Privacy and Technology indicating 

that 117 million individuals live in jurisdictions subject to police facial recognition, and noting the 

opacity of such programs the authors acknowledged that “we don’t know how many of these 

systems—local, state, or federal—affect racial and ethnic minorities.” The report identified 3,947 

law enforcement agencies (roughly 25 percent of all such agencies in the United States) that can 

either run their own or request a facial recognition search, or can access facial recognition after 

signing an agreement with a partnering organization (ibid). Some of these programs are 

expansively networked, such as Pennsylvania’s state-level system, which is accessible to over 

1,000 agencies in the state.  

Comprehensive statistics on usage of facial recognition systems do not currently exist, but 

documents from Georgetown’s report indicate that certain systems are used heavily. For example, 

in its first eight months, Ohio’s system ran over 6,000 searches, and the Pinellas’s County system 

in Florida averages 8,000 searches per month (242 agencies can access that system) (ibid). 

Statistics on arrests stemming from facial recognition queries also do not currently exist, at least 

not in the public domain. 
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Georgetown’s report built on a Government Accountability Office (GAO) investigation 

(2016), which found that, as of December 2015, the FBI’s Next Generation Identification-

Interstate Photo System (NGI-IPS) database of 30 million photos, submitted by a combination of 

18,000 state and local law enforcement bodies, could be searched by 7 partner state law 

enforcement agencies for criminal investigatory purposes. Like the Georgetown report, GAO 

mentions numerous lapses in oversight and administration of current facial recognition programs, 

as well as the potential for misuse in future programs. Likely due to data and transparency 

constraints, neither report is able to pinpoint statistical consequences of such lapses.  

3.3 Racial Bias in Facial Recognition Systems  

Scholars more interested in the technological side of facial recognition have had less of a 

problem peering directly into processes, which has yielded interesting findings regarding the 

deferential effects of facial recognition technology on certain sub-populations. The density of 

studies applying a specific racial focus to surveillance rapidly increased after the 9/11 attacks 

sparked a national debate regarding algorithmic profiling (Graham & Wood, 2003; Introna & 

Wood, 2004; Introna & Nissenbaum, 2010). Around that same time, through direct analyses of the 

technology itself, technical experts began to grow their understanding of biases embedded in 

algorithmic systems. The National Institute of Standards and Technology (NIST), which has tested 

facial recognition systems at the vendor level for more than 20 years  (Phillips, 1997), first realized 

that algorithmic systems could be systemically biased for or against certain subgroups as early as 

2002. In these early facial recognition systems, researchers found heightened accuracy for men 

versus women, older individuals versus younger, and Asians versus all other races. At this 

juncture, the algorithms actually performed better on African-Americans versus Whites (Phillips, 

2003). Givens et al. (2002) subsequently confirmed these results.  
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Yet as studies continued and algorithms became more sophisticated, researchers began to 

find that facial recognition systems performed worse for African-American images, even in 

racially balanced training sets (Klare et al., 2012). Spurred by this finding, ACLU investigators 

found that Amazon’s facial recognition system, marketed to law enforcement agencies nationwide, 

misidentified 28 members of Congress as criminal offenders. A disproportionate number of this 

group were members of the Congressional Black Caucus (Snow, 2018).  In addition, a 2018 MIT 

study found that certain commercial facial recognition software had error rates many times higher 

(up to 20.8 percent) when analyzing women with darker skin tones. (Buolamwini and Gebru). 

IBM, one of the companies implicated in MIT’s research, subsequently updated their software and 

responded with a replicated study that reported decreased error rates for those with darker skin 

tones (IBM, 2018). The latest NIST audits find that heightened error rates for women have 

persisted, though these auditors do not explicitly investigate along racial lines (Ngan et al., 2015). 

3.4 Predictors of Arrest Rates 

As expected, my review of arrest predictors indicates that there is no consensus set of 

criteria that best predicts an arrest rate in a given area. Previous work involves a wide variety of 

approaches and theoretical underpinnings, including social deprivation theory, relative 

deprivation theory, and social disorganization theory.  

Pratt and Cullen’s (2005) meta-analysis of macro-level crime indicators helpfully 

delineates three categories of predictors often employed in crime studies: social-structure 

predictors, socio-economic predictors, and criminal justice system related predictors. Social-

structure predictors draw from relative deprivation theory and include measures of racial 

heterogeneity, mobility, and neighborhood composition (Gase et al, 2016; Chamberlain and Hipp, 

2015); while social deprivation theorists often employ socioeconomic predictors, including 
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poverty and unemployment levels (Sampson, 1986). Others rely on criminal justice system 

predictors, in recognition of the link between crime and policing behavior, which necessitates 

measures of police per capita or even policing policies. (Mello, 2018). Recently, there has also 

been in an increase in crime research incorporating theories of intersectionality to disaggregate 

crime predictors by race and gender (Hefner and Parker, 2013; Roth and King, 2019). For example, 

Gase et al., conclude that racially segregated neighborhoods explain the difference between white 

and black arrest rates (2016). Though predating the most recent work on intersectionality, Pratt 

and Cullen’s (2005) meta-analysis found that strength of non-economic institutions, poverty, and 

unemployment were among the strongest and most stable predictors of crime. 

Though out of the scope of this thesis due to the difficulties associated with data 

availability, another strain of research focuses on individual or micro-level predictors of crime, 

such as negative home environment, number of home moves during adolescence, and educational 

attainment of the mother (Ou and Reynolds, 2010). This approach also often involves examinations 

of individual psychological conditions, such as childhood aggression or stressful life events (Attar 

et al, 1994; Fox et al., 2015). 

4. Conceptual Framework and Hypothesis 

Before empirically testing for a relationship between police facial recognition technology 

and arrest rates of African-Americans, it is important to establish a clear framework for how the 

former may affect the latter. I posit that because face recognition systems perform worst on the 

very population they are most likely to be used on, this population’s risk of arrest increases. 

Disproportionate interactions with police mean that the black population is more likely to be 

subjected to a facial recognition search. Disproportionate representation of blacks in mugshot 

databases, coupled with sub-standard algorithmic performance on the population, likely generates 
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less accurate “suspect lists” for blacks than for other races. This could produce arrests arising from 

unnecessary police contact or misattribution. Thus, I formally express my hypothesis as follows: 

H0= Statewide facial recognition systems do not cause growth in the black arrest share, 

ceteris paribus. 

H1= Statewide facial recognition systems do cause growth in the black arrest share, ceteris 

paribus. 

One caveat, however: predicting the magnitude of any potential impact is difficult given 

the complete opacity behind which police facial recognition systems operate. Very little is 

publically known about how well integrated these systems are into everyday policing practices. 

My tentative position, given these limitations, is to expect only a modest magnitude growth in the 

black arrest share, as I suspect practical limitations of facial recognition in its current form hinder 

pervasive use of the technology. The remainder of this section discusses each step in my 

explanatory framework and weighs its underlying assumptions.  

 Given the literature supporting the notion that compared to other populations, blacks are 

disproportionately surveilled (e.g. Browne, 2015) and come disproportionately into contact with 

the police (e.g. Nellis, 2016; Wildeman, 2015), my first assumption is that blacks are more likely 

than other groups to be subjected to facial recognition queries in jurisdictions that have such 

capabilities. On the other hand, one could argue that jurisdiction-specific uses of facial recognition 

may mitigate the extent to which we can expect disproportionate searches. Indeed, the use of 

ubiquitous real-time facial recognition surveillance could theoretically result in “equitable” 

population-wide searches since everyone is a target. Perhaps such technology would introduce 

new paradigms of policing that eradicate the old tendencies. As noted, operational use of facial 

recognition technology is mostly an unknown quantity today.  
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However, the little we do know about these systems indicates that police departments 

currently make supplementary use of facial recognition technology in the course of routine 

policing interactions (e.g., integrating the technology into squad-cars), rather than replacing 

traditional tactics wholesale (Garvie et al., 2016). Moreover, for most police departments, 

ubiquitous real-time facial recognition is still cost prohibitive (ibid.). Consequently, there is no 

compelling reason to assume the displacement of historical trends and we can infer that blacks are 

at heightened risk for facial recognition searches.  

  The second assumption insinuated in my framework is that, since black populations are 

disproportionately subject to contact with law enforcement, mugshots of black individuals are 

disproportionately represented in the databases that facial recognition algorithms search against. 

We know, for example, that in 2014, African-Americans in Minnesota had a 5:1 arrest rate to 

population ratio (ibid). That is, they represented 5.4% of the state population, but 24.5% of all 

arrests, meaning that the mugshot database in Minnesota is disproportionately full of black faces. 

Nationally, black Americans account for roughly is 11% of the population but 24% of all arrests. 

 This discrepancy could bias arrest rates at least three ways. One possibility is that high 

numbers of black individuals in mugshot databases increase the chances of finding the match for 

a given black suspect compared to other races. Even if facial recognition algorithms are less precise 

when matching blacks, because blacks are overrepresented in these databases, they have a higher 

chance of their image appearing in a search. Another possibility is that high numbers of black faces 

in comparison databases increases the probability of returning high numbers of high-probability 

matches. Searches can be configured to return as many as 50 matches depending on the preferences 

of the investigator (GAO, 2016). With a disproportionate share of mugshots in the database, the 

system can return higher probability matches than for subpopulations with relatively little 
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representation in the database. This provides law enforcement with a more extensive cohort to 

investigate, and introduces a heightened chance of misattribution. A third possibility relates solely 

to the error rates of the underlying algorithms (ignoring mugshot discrepancies). If facial 

recognition algorithms generate more false-positives for blacks compared to other races, someone 

who is the true perpetrator of a given crime is less likely to be positively identified, but more likely 

to appear in an unrelated search. This could lead to investigators apprehending multiple “suspects” 

before arriving at the true perpetrator. Any of these possibilities actualized on a large enough scale 

could further skew the already uneven black arrest rate.   

5. Data and Methods 

5.1 Data Assembly 

To conduct my analysis, I combine data identifying jurisdictions with facial recognition 

capabilities with law enforcement and demographic data to create a panel dataset that runs from 

2006 to 2016. I use data from a 2016 report (“The Perpetual Lineup”), by Georgetown University’s 

Center on Privacy & Technology, to create my indicator for facial recognition capabilities. This 

report is the most comprehensive survey of police facial recognition technology deployment to-

date. The Center conducted preliminary research on publically available sources, and made 106 

public records requests to determine the scope and nature of implementation at various law 

enforcement agencies across the country. The Center requested records from the 50 largest law 

enforcement agencies in the country, along with any agencies they could independently confirm 

as having piloted or implemented facial recognition systems. It was able to confirm facial 

recognition adoption at 51 state and local agencies, with 43 confirmed to be currently using the 

technology. Since I was unable to retrieve corresponding arrest data from local and county level 

police departments, I focus my analysis on state-level programs.  
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As a result of my research into the cache of documents responsive to the Center’s 

information requests, I was able to identify 10 states with statewide facial recognition systems: 

Arizona, Florida, Hawaii, Maryland, Massachusetts, Michigan, Ohio, Pennsylvania, Virginia, and 

West Virginia. Iowa began piloting a system in 2016, but I chose not to include them in the analysis 

as state officials indicated that the system was seldom used. Each state-year combination was 

coded as a “one” if the state was using facial recognition and “zero” if not. The Center also 

confirmed several states that do not use facial recognition systems, though not all of such states. 

Therefore, one complication of my approach was dealing with police departments that did not 

respond or provided limited documentation to the Center’s inquiry. For those jurisdictions, I 

worked to independently verify the presence of facial recognition and where I could not verify 

such presence, I coded the observation as a zero. It certainly is possible, if not likely, that some 

jurisdictions that I could not verify do possess the technology; police departments are not required 

to publically disclose the acquisition of facial recognition capability. As a result, my facial 

recognition indicators are potentially biased.   

 My selection of Maryland for micro-analysis overcomes some of these shortcomings because 

of the relative transparency and seeming high-impact of the Maryland system. I was able to 

establish a clear start date for the program, including the month (March 2011), and found 

documents indicating that the underlying system was highly trafficked by law enforcement 

officials. The state’s MIRS system is housed in the Maryland Criminal Justice Dashboard which, 

by 2011, recieved 60,000-80,000 queries per day (State of Maryland, 2011). The MIRS system is 

home to more than 2 million photos and even allows the matching of “good sketches” (ibid.).   

My arrest data are collected from the FBI Uniform Crime Report (UCR). States compile 

monthly crime and incident reports, including arrests, from local law enforcement agencies to 
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create their state level report, which they then report to the FBI, also on a monthly basis. A 

summary UCR is shared by the FBI each year but states typically report more detailed information 

via their own websites. Jacob Kaplan, a criminologist at the University of Pennsylvania, combined 

these datasets into a single dataset, containing data spanning 1980 to 2016, and it was through this 

that I obtained arrest data categorized by race and ethnicity. For my analysis, I collapsed the dataset 

from the agency level to the state level. I also obtained the measure of police per capita and the 

annual state murder rate through separate UCR files. I gathered demographic indicators for each 

state through the Census Bureau’s Quick Facts database. Unfortunately, online Census data were 

only available dating back to 2006, which limited my panel data set to just eleven years.  

5.2 Empirical Methods 

I use four methods to understand whether facial recognition systems increase the proportion of 

black arrests to total arrests in a given jurisdiction. I begin with a simple ordinary least squared 

(OLS) model, specified as: 

𝑏𝑙𝑎𝑐𝑘𝑎𝑟𝑟𝑒𝑠𝑡𝑟𝑎𝑡𝑒𝑠𝑡  =  𝛽0 +  𝛽1𝑓𝑎𝑐𝑖𝑎𝑙𝑟𝑒𝑐𝑜𝑔𝑠𝑡 +   𝛽2𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑣𝑒𝑟𝑡𝑦𝑟𝑎𝑡𝑒𝑠𝑡 +

𝛽3𝑏𝑙𝑎𝑐𝑘𝑚𝑒𝑑𝑖𝑎𝑛𝑖𝑛𝑐𝑜𝑚𝑒𝑠𝑡 + 𝛽4𝑏𝑙𝑎𝑐𝑘𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑟𝑎𝑡𝑒𝑠𝑡 + 𝛽5ℎ𝑖𝑔ℎ𝑠𝑐ℎ𝑜𝑜𝑙𝑔𝑟𝑎𝑑𝑠ℎ𝑎𝑟𝑒𝑠𝑡 +

 𝛽6𝑚𝑢𝑟𝑑𝑒𝑟𝑟𝑎𝑡𝑒𝑠(𝑡−1) + 𝛽7𝑝𝑜𝑙𝑖𝑐𝑒𝑝𝑒𝑟𝑐𝑎𝑝𝑠𝑡  +  𝛽8𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑎𝑟𝑒𝑠𝑡 +  휀𝑠𝑡  

Where: 𝑏𝑙𝑎𝑐𝑘𝑎𝑟𝑟𝑒𝑠𝑡𝑟𝑎𝑡𝑒𝑠𝑡  is the dependent variable that captures the proportion of African-

Americans arrested to the total population in state s in year t; 𝛽0 is the constant coefficient; 

𝑓𝑎𝑐𝑖𝑎𝑙𝑟𝑒𝑐𝑜𝑔𝑠𝑡   is a binary dummy for facial recognition adoption that takes the value of one if at 

time t state s has adopted facial recognition, and 𝛽1 is the coefficient of interest; 

𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑣𝑒𝑟𝑡𝑦𝑟𝑎𝑡𝑒𝑠𝑡 is the proportion of the a state’s population living under the federal poverty 

line in a given year; 𝑏𝑙𝑎𝑐𝑘𝑚𝑒𝑑𝑖𝑎𝑛𝑖𝑛𝑐𝑜𝑚𝑒𝑠𝑡 is a state’s black median income 

level; 𝑏𝑙𝑎𝑐𝑘𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑟𝑎𝑡𝑒𝑠𝑡 is the percentage of unemployed individuals within the black 
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population above age 25; ℎ𝑖𝑔ℎ𝑠𝑐ℎ𝑜𝑜𝑙𝑔𝑟𝑎𝑑𝑠ℎ𝑎𝑟𝑒𝑠𝑡 is the proportion of black high school 

graduates to the total black population;𝑚𝑢𝑟𝑑𝑒𝑟𝑟𝑎𝑡𝑒𝑠(𝑡−1) is the state’s homicide rate per 100,000 

residents, lagged to one year; 𝑝𝑜𝑙𝑖𝑐𝑒𝑝𝑒𝑟𝑐𝑎𝑝𝑠𝑡 is the number of employed police officers per capita; 

𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑎𝑟𝑒𝑠𝑡  is the proportion of African-Americans to total population in the 

jurisdiction; and ε is an error term. A positive 𝛽1 coefficient indicates that facial recognition is 

associated with an increase in the black arrest proportion from its mean level, ceteris paribus.  

 In addition to a traditional OLS model, I also utilize a fixed-effects model that adds the 

term ∑ 𝛼𝑠𝑡 to capture intra-state, time-invariant characteristics, as well as a model that adds the 

term ∑ 𝛿𝑠𝑡  to control for state-invariant year effects. I run these models over the entire sample, 

rather than just Maryland, to assess the average treatment effect of facial recognition policies in 

the aggregate. These adapted models are specified as:  

State Fixed-Effects 

𝑏𝑙𝑎𝑐𝑘𝑎𝑟𝑟𝑒𝑠𝑡𝑟𝑎𝑡𝑒𝑠𝑡  =  𝛽0 +  𝛽1𝑓𝑎𝑐𝑖𝑎𝑙𝑟𝑒𝑐𝑜𝑔𝑠𝑡 +   𝛽2𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑣𝑒𝑟𝑡𝑦𝑟𝑎𝑡𝑒𝑠𝑡 +

𝛽3𝑏𝑙𝑎𝑐𝑘𝑚𝑒𝑑𝑖𝑎𝑛𝑖𝑛𝑐𝑜𝑚𝑒𝑠𝑡 + 𝛽4𝑏𝑙𝑎𝑐𝑘𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑟𝑎𝑡𝑒𝑠𝑡 + 𝛽5ℎ𝑖𝑔ℎ𝑠𝑐ℎ𝑜𝑜𝑙𝑔𝑟𝑎𝑑𝑠ℎ𝑎𝑟𝑒𝑠𝑡 +

 𝛽6𝑚𝑢𝑟𝑑𝑒𝑟𝑟𝑎𝑡𝑒𝑠(𝑡−1) + 𝛽7𝑝𝑜𝑙𝑖𝑐𝑒𝑝𝑒𝑟𝑐𝑎𝑝𝑠𝑡  +  𝛽8𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑎𝑟𝑒𝑠𝑡 + ∑ 𝛼𝑠𝑡 +  휀𝑠𝑡   

State & Year Fixed-Effects 

𝑏𝑙𝑎𝑐𝑘𝑎𝑟𝑟𝑒𝑠𝑡𝑟𝑎𝑡𝑒𝑠𝑡  =  𝛽0 +  𝛽1𝑓𝑎𝑐𝑖𝑎𝑙𝑟𝑒𝑐𝑜𝑔𝑠𝑡 +   𝛽2𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑣𝑒𝑟𝑡𝑦𝑟𝑎𝑡𝑒𝑠𝑡 +

𝛽3𝑏𝑙𝑎𝑐𝑘𝑚𝑒𝑑𝑖𝑎𝑛𝑖𝑛𝑐𝑜𝑚𝑒𝑠𝑡 + 𝛽4𝑏𝑙𝑎𝑐𝑘𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑟𝑎𝑡𝑒𝑠𝑡 + 𝛽5ℎ𝑖𝑔ℎ𝑠𝑐ℎ𝑜𝑜𝑙𝑔𝑟𝑎𝑑𝑠ℎ𝑎𝑟𝑒𝑠𝑡 +

 𝛽6𝑚𝑢𝑟𝑑𝑒𝑟𝑟𝑎𝑡𝑒𝑠(𝑡−1) + 𝛽7𝑝𝑜𝑙𝑖𝑐𝑒𝑝𝑒𝑟𝑐𝑎𝑝𝑠𝑡  +  𝛽8𝑏𝑙𝑎𝑐𝑘𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑎𝑟𝑒𝑠𝑡 + ∑ 𝛼𝑠𝑡 +  ∑ 𝛿𝑠𝑡 +

  휀𝑠𝑡   

I also employ the synthetic control method (SCM) to examine Maryland alone. SCM allows 

for the construction of a hypothetical counterfactual jurisdiction (i.e., a state with similar 

observable characteristics to Maryland but has not adopted a facial recognition program), allowing 
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me to test for significant differences in arrest rates between these two states in the post-treatment 

period (Abadie and Diamond, 2010). SCM solves for the lack of sufficiently similar, discrete non-

treated jurisdictions (which is necessary for a difference-in-difference model) by aggregating 

characteristics from control jurisdictions to create the synthetic hybrid. SCM also eliminates the 

need to identify control jurisdictions with parallel pre-treatment trends (again, a necessary 

condition for a difference-in-difference methods), and captures non-observable differences 

between jurisdictions that may bias causal estimates. SCM is appropriate in this case because, 

given the lack of transparency and common knowledge surrounding facial recognition adoption, I 

do not expect anticipation or spillover effects (ibid.)  

The primary challenge with any of these models is in isolating the effect of facial recognition 

technology, which may only contribute to a very small proportion of arrests in a given jurisdiction, 

on the arrest proportion of African-Americans. The controls I settled on following my review of 

the crime literature are macro-level indicators, intended to capture as many of the confounding 

micro-factors as possible. With measures of black poverty, income, unemployment, I hope to cover 

sources of socioeconomic deprivation that contribute to crime and arrests. With measures of the 

high school graduate and population share, I hope to cover the natural variation in the state’s 

demographics; obviously, the racial proportion also directly influences the black arrest rates.  

These measures also control for potential effects anticipated by social domination theory, 

which predicts higher black arrest and incarceration rates when the black population grows in a 

majority white jurisdiction (Muller, 2012). I also include the murder rate and police per capita as 

a crude way to capture violent crime and law enforcement allocation in the state. I lag the murder 

rate in acknowledgement that any public pressure and law enforcement response to the publication 

of these statistics are likely not instantaneous.  
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6. Descriptive Statistics 

  Panel A of Table 1 presents pre-treatment descriptive statistics for my key independent 

variable, the black arrest share, as well as several other key Maryland characteristics. In the pre-

treatment period, Maryland averaged around 399,039 arrests per year, with the yearly total 

trending downwards. From 2006 to 2010, total black arrests and the proportion of blacks arrested 

also trended downwards, while the black proportion of the state’s population increased by half a 

percentage point. 

Panel B of Table 1 presents post-treatment (2011-2016) descriptive statistics for Maryland. 

The total arrest count continued its downward trend, as did the black arrest count. In addition, the 

black arrest proportion dropped slightly. Notably, the average post-treatment arrest count was 

almost 25 percent lower than the average count for the pre-treatment period, 2006-2010, and the 

number of total arrests between 2006 and 2016 decreased by almost half. Between 2006 and 2016, 

the black proportion of Maryland residents increased by .09 percentage points. 
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Table 2 presents a comparison of descriptive statistics for the United States as a whole and 

Maryland alone. The table shows that the proportion of black arrests as a share of all arrests is 

much higher in Maryland than the United States as a whole, with blacks representing, on average, 

greater than half of all arrests in Maryland over the 2006-2016 period. However, this can be partly 

explained by the fact that blacks make up nearly 30 percent of the population in Maryland and 

only about 11 percent nationally. Blacks are less impoverished in Maryland than in the United 

States as a whole, but are more likely to have high school educations or less than in the United 

States as a whole. In addition, on average blacks in Maryland earn more than $10,000 more than 

blacks in the nation as a whole.  

 
  

 
 

  

 

 
 
 
Table 1: Descriptive Statistics, Maryland, 2006-2016 

 

 

A. Pre-Treatment 
Statistics 

 
  

  

 

Year  
 

Total  
Arrests 

Black Arrests 
Black Arrest 
Proportion 

Black 
Population 
Proportion 

2006  417,711 236,127 .563 .289 

2007  408,809 229,561 .562 .290 

2008  416,971 236,253 .566 .293 

2009  388,695 217,923 .561 .290 

2010  363,010 199,833 .550 .294 

Total(mean)  399,039 224,139.4 .562 .291 

      

B. Post-Treatment 
Statistics 

 
  

  

Year  
 

Total  
Arrests 

Black Arrests 
Black Arrest 
Proportion 

Black 
Population 
Proportion 

2011  329,309 181,424 .551 .296 

2012  312,549 169,502 .542 .292 

2013  302,466 167,029 .552 .296 

2014  322,009 174,188 .540 .297 

2015  266,496 137,938 .518 .295 

2016  267,049 135,563 .508 .298 

Total(mean)  299,979.8 160,940.8 .537 .296 
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Table 2: Descriptive Statistics, United States and Maryland, 2006-2016 

A. Full Sample    

 Mean S.D. Observations  

Black Arrest Share .243 .174 539 

Black Population Share .102 .096 539 

Facial Recognition Indicator .121 .326 539 

Black Poverty Rate .261 .058 539 

Black High School Graduate Share .181 .037 494 

Black Unemployment Rate 13.636 3.924 458 

Black Median Income 23,694.22 4,858.831 534 

Murder Rate 4.419 2.235 539 

Police Per 1000 3.249 .785 539 

    

B. Maryland Only Sample    

 Mean S.D. Observations 

Black Arrest Share .547 .019 11 

Black Population Share .293 .003 11 

Facial Recognition Indicator .545 .522 11 

Black Poverty Rate .138 .012 11 

Black High School Graduate Share .196 .0043 11 

Black Unemployment Rate 10.454 2.192 11 

Black Median Income 35,010 1,684.261 11 

Murder Rate 7.818 1.355 11 

Police Per 1000 3.675 .177 11 

    

 

  Table 3 presents key descriptive statistics for my treated and untreated observations. That 

is, descriptive statistics conditioned on state’s adoption of facial recognition. The table shows that 

average arrest shares for the two groups are roughly the same. Facial recognition states arrested 

slightly more blacks as a proportion of total arrests, though facial recognition states also have a 

greater share of blacks overall.  Black unemployment and median income, and the murder rates 

are also roughly similar for the treated and untreated groups, but facial recognition states employ 

fewer police per capita on average. Overall, the descriptive statistics suggest that facial recognition 



 

 

24 

 

states versus non facial recognition states may be a good comparison for testing the effects of facial 

recognition technology, but a comparison of Maryland and the United States is not.  

 

 

 

Figure 1 depicts the differences in arrest rates in Maryland compared to the average arrest rate 

for all other states over the panel. Maryland arrests far more blacks than does the average state, 

obviously in large part due to Maryland’s above-average black population share. More 

importantly, arrest rates of blacks were decreasing for both groups in the pretreatment period, but 

clearly at a more rapid rate in Maryland. However, after the adoption of facial recognition 

technology in Maryland, the arrest trend begins to flatten, and, in 2014, actually increases for the 

first time since 2008, before a sharp decrease from 2014 to 2015. Between 2015 and 2016 the 

black arrest rate regains its prior post-treatment slope. Meanwhile, the gradually downward sloping 

trend in all other states continues relatively unchanged after 2011.  

 

    

Table 3: Descriptive Statistics, by Facial Recognition Treatment, 2006-2016 

    

Facial Recognition 
Status 

Facial Recognition 
Non-Facial 
Recognition 

Count 

Black Arrest Share .292(.125) .237(.179) (65)(474) 

Black Population Share .121(.0752) .099(.098) (65)(474) 

Black Poverty Rate .247(.069) .263(.057) (63)(372) 

Black High School 
Graduate Share 

.198(.030) .178(.038) (65)(429) 

Black Unemployment Rate 13.988(4.410) 13.578(3.841) (65)(393) 

Black Median Income 25,539.15(5,175.658) 23,438.53(4,762.946) (65)(469) 

Murder Rate 4.448(.162) 4.414(2.318) (65)(474) 

Police Per 1000 2.811(.389) 3.310(.806) (65)(474) 
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Figure 1: Black Arrest Trends, Maryland versus All Other States, 2006-2016 

 

These statistics highlight the challenge of observing the effects of facial recognition purely 

through baseline characteristics and establish the necessity of using more advanced statistical 

analytical methods. While Figure 1 suggests the possibility that Maryland’s downward trend in 

black arrests may have been temporarily slowed by the adoption of facial recognition technology, 

more investigation is required. Given the steep decline in arrest rates over the sample time-frame, 

any facial recognition effect will need to be isolated and disaggregated from the overall trend. In 

a standard regression analysis, this requires that we identify and account for the decreasing arrest 

rates. This problem is complicated by the fact that the hypothesized facial recognition effect is 

small.  
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7. Results  

I attempt to isolate the causal effect of facial recognition by using a variety of 

specifications, incorporating the controlling variables identified in the literature and described in 

conceptual framework. The results are mostly inconclusive, as I find statistically insignificant 

results when introducing the full slate of covariates and relying on the ordinary least squared (OLS) 

and fixed-effects model for the entire United States, as well as when employing the synthetic 

control model for Maryland.  

7.1 United States 

Columns 1-3 of Table 4 present my simple OLS regression estimates, employing robust 

standard errors. I report the results as a sequential series of specifications, beginning with a simple 

bivariate relationship (column 1) that measures the impact of facial recognition without control 

variables, adding socioeconomic controls in column 2, and adding law enforcement related 

variables in column 3, which represents the full specification. In column 1, facial recognition is 

positively associated with the black arrest share, significant at the conventional levels. However, 

the relationship is not robust to the inclusion of covariates; the relationship reverses direction and 

loses significance in columns 2 and 3. Black median income and the black graduate share are both 

significant, but opposite of the hypothesized direction. Neither police per 1000 nor the lagged 

murder rate are significant.   

Columns 4 through 7 summarize the regression estimates in a model with state fixed-

effects, with robust standard errors clustered at the state level. Here, we see that the bivariate 

relationship is insignificantly estimated and remains so upon the inclusion of the socioeconomic 

and law enforcement covariates. In fact, none of the covariates achieve significance at the 
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convention level.  This remains the case in columns 7 through 9, which present estimates for a 

model that includes state fixed-effects, as well as time fixed-effects. 

 Table 4: Main Regression Results 

Model Specification OLS State Fixed-Effects 

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

Key Independent Variable             
Facial Recognition  0.055*** -0.010 -0.001 -0.004 -0.001 0.001 

 (0.017) (0.007) (0.008) (0.005) (0.006) (0.006) 
Socioeconomic Controls       
Black Poverty Rate  0.000 0.001  -0.000 -0.000 

  (0.001) (0.001)  (0.000) (0.000) 
Black Median Income (in 
thousands)  0.005*** 0.005***  -0.001* -0.001 

  (0.001) (0.001)  (0.001) (0.001) 
Black Unemployment Rate  0.007*** 0.006***  0.000 0.000 

  (0.001) (0.001)  (0.000) (0.000) 
Black High School Graduate 
Share  0.641*** 0.623***  0.046 0.013 

  (0.102) (0.108)  (0.101) (0.082) 
Black Population Share  1.355*** 1.309***  -0.778 -0.657 

  (0.032) (0.050)  (0.687) (0.628) 
Law Enforcement Controls       
Police per 1000    0.010   0.001 

   (0.006)   (0.001) 
Lagged Murder Rate   -0.000   0.002 

   (0.002)   (0.001) 

Constant 0.237*** 
-

0.204*** 
-

0.251*** 0.244*** 0.412*** 0.381*** 
 (0.008) (0.055) (0.068) (0.001) (0.087) (0.082) 
       

Observations 539 432 393 539 432 393 
R-squared 0.011 0.789 0.789 0.001 0.038 0.043 
Socioeconomic Controls NO YES YES NO YES YES 
Law Enforcement Controls NO NO YES NO NO YES 
State FE NO NO NO YES YES YES 
Year FE NO NO NO NO NO NO 
Number of States 49 42 42 49 42 42 

Robust standard errors in 
parentheses       
*** p<0.01, ** p<0.05, * p<0.1       
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Table 4: Main Regression Results, Cont'd 

Model Specification State & Year Fixed-Effects 

 (7) (8) (9) 

Key Independent Variable       
Facial Recognition  0.002 0.004 0.005 

 (0.006) (0.008) (0.008) 
Socioeconomic Controls    
Black Poverty Rate  0.000 0.000 

  (0.000) (0.000) 
Black Median Income (in 
thousands)  0.000 0.000 

  (0.001) (0.001) 
Black Unemployment Rate  0.001 0.001 

  (0.001) (0.001) 
Black High School Graduate 
Share  0.041 0.046 

  (0.103) (0.089) 
Black Population Share  0.063 0.114 

  (0.572) (0.516) 
Law Enforcement Controls    
Police per 1000    0.001 

   (0.002) 
Lagged Murder Rate   0.001 

   (0.002) 
Constant 0.248*** 0.260*** 0.255*** 

 (0.003) (0.076) (0.069) 
    

Observations 539 432 393 
R-squared 0.053 0.108 0.113 
Socioeconomic Controls NO YES YES 
Law Enforcement Controls NO NO YES 
State FE YES YES YES 
Year FE YES YES YES 
Number of States 49 42 42 

Robust standard errors in 
parentheses    
*** p<0.01, ** p<0.05, * p<0.1    
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The inconclusive results reported in Table 4 likely stem from an omitted variable bias: 

failure to control for a confounding characteristic that helps explain the black arrest share. For 

example, the black arrest share could be influenced by factors not accounted for in any official 

data source and thus impossible to control for in this type of model. An implicit change in 

nationwide policing tactics would be one such factor. I discuss theories floated by several scholars 

regarding this possibility in the following section. The black arrest share could also have been 

influenced by some official factor not included in any of the models. As previously noted, the 

literature suggests several micro-level factors associated with arrest rates not included here. 

Though unlikely, recent nationwide variation in those factors could be driving declining arrest 

rates.  

Another possible confounder in the OLS regression analysis is that my approach relies a 

facial recognition indicator that is potentially unreliable. I created this indicator from the 

Georgetown Privacy Center report (Garvie et al., 2016), which included official responses to 

information requests that indicated the status of the jurisdiction’s facial recognition capabilities. 

However, some state police departments did not respond to information requests or provided 

ambiguous responses; thus, I worked to independently verify the presence of facial recognition for 

those jurisdictions through other publically available documentation. Where I could not verify, I 

coded a zero for the indicator. However, it is possible that some jurisdictions do in fact possess the 

technology but do not supply any public documentation to verify this. As a result, the national 

estimates are potentially biased.  

7.2 Maryland 

Estimating the effect of facial recognition in Maryland alone circumvents some, but not 

all, of these shortcomings. Importantly, facial recognition use in Maryland is well-established, 
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restoring the reliability to the treatment variable compared to the Table 4 models. To estimate the 

effect of facial recognition in Maryland, I attempted to use the synthetic control method, as OLS 

regression would not suffice given the limited variation in an eleven year panel and, with its fullest 

specification, eight covariates. Synthetic control model solves for this by leveraging data from the 

rest of the sample. By matching Maryland’s characteristics (specified as the same set of covariates 

included Table 4) to other, non-treated states within the panel, synthetic control creates a 

counterfactual Maryland (as if Maryland never instituted facial recognition) to compare against.  

Unfortunately, poor timing prevented the construction a high-quality counterfactual. 

Several of Maryland’s geographic neighbors, and the states with the most similar pre-intervention 

trends and underlying characteristics, instituted facial recognition programs prior to 2011, and thus 

were ineligible to contribute to the “donor pool”. Virginia, West Virginia and Delaware all had to 

be dropped from the analysis. Without these control units available, the synthetic control model 

lacked strong matches for a comparison, and thus an overlap of pre-intervention trends could not 

be achieved. Furthermore, Maryland’s unique arrest trends (see Figure 1) set it apart from many 

other states on this measure, further complicating the analysis. As reported in Figure 2 below, 

matching on the covariates was insufficient to achieve to the pre-treatment overlap in the treated 

and synthetic control units required for causal analysis.  
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Figure 2: Black Arrest Share, Maryland versus Synthetic Maryland 

 

8. Discussion 

 
Situating facial recognition within the broader changes in criminal justice in Maryland and 

nationwide is difficult. The inconclusive empirical results for Maryland signal that some other 

factor not included in my model likely drove decreasing arrest rates. One possible explanation is 

that implicit changes in policing strategies, especially in Baltimore, drastically impacted arrest 

rates during the sample period. Maryland’s overall criminal justice outcomes are heavily 

dependent on Baltimore, the state’s largest metropolitan area. Following the departure of former 

mayor Martin O’Malley and his “zero tolerance” crime policy, arrests have plummeted. Arrests 

dropped every single year from 2006-2016, though the rate was already dropping by 2003 when 

O’Malley was still mayor. Still, in 2005, the second to last year of O’Malley’s tenure, Baltimore 

arrested over 100,000 of its 600,000 residents (Lee, 2015). By 2016, that figure had dropped to 
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25,432 and some observers credit a shift in tactics by Baltimore’s Police Commissioner from 2007 

to 2012, Frank Bealefeld III. Early in his tenure, Bealefeld announced a departure from zero 

tolerance, replacing it with a new strategy focused on targeting only the most violent offenders 

(Herman, 2010). As Bealefeld explained it, "If sharks are the problem, then sharpen a spear and 

go after sharks. You don't troll through the city with a net” (Hanes, 2010).    

Nationally, since the 1990’s, falling arrest rates have largely tracked with the decreases in 

violent crime (James, 2018). Yet a recent uptick in violent crime has some scholars questioning 

whether the explanation might be a change in policing tactics. One of the more prominent 

explanations of such changes is the “Ferguson Effect”, the idea that recent high-profile 

confrontations between police and black communities have dis-incentivized police from 

undertaking proactive policing policies. Instead of building relationships and trust with these 

communities via regular friendly interactions, the theory posits that police are withdrawing 

completely, afraid of misbehavior being captured on camera.  Hypothetically, arrest rates have 

declined as a direct result, while crime rates have risen as emboldened criminals react to the 

newfound leeway. Overall the literature on this “Ferguson Effect” inconclusive (Pyrooz et al., 

2016; Shjarback et al., 2017), but Morgan and Pally (2016) did find evidence of significant declines 

of discretionary arrests in Baltimore following the Freddy Gray controversy. Former Baltimore 

Police Commissioner Anthony Watts (2012-2015) has corroborated this narrative, saying that 

Baltimore Police “took a knee” following Freddy Gray and a perceived lack of public support 

(Campbell, 2015). If police have in fact pulled out of black communities at the same time that 

numerous statewide facial recognition programs are being introduced, any potential effect of the 

new programs would be muddled. 
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8.1 Policy Implications 

My study’s mixed results complicate consideration of a clear policy response to police facial 

recognition technology. OLS and fixed-effect models that try to estimate the results in the United 

States as a whole are inconclusive; they neither strongly confirm nor deny the existence of a biasing 

effect of facial recognition. The same was true for the synthetic control model in Maryland.  

As a result, I propose that one solution lawmakers might consider is a moratorium on police 

facial recognition until vendors can prove that the technology has uniform accuracy ratings among 

all demographic groups. Under this solution, certain aspects of which were first discussed by 

Garive et al., (2016), policymakers would decide on an acceptable accuracy rate (likely in the high 

90 percent range, since the technology already performs that well for certain demographics) and 

require vendors submit to independent reviews of their systems by NIST, which already tests facial 

recognition systems on a yearly basis, or another third-party organization. Lawmakers could also 

require that police submit comprehensive usage plans that detail how they intend to use facial 

recognition technology, and agree to regular audits to ensure compliance with those plans. 

Satisfying such a check could be conditional on a police demonstration that the technology will 

not be disproportionately leveraged against any sub-group. For example, policies agencies could 

affirm that public surveillance cameras are not, and would not be, disproportionately installed in 

minority neighborhoods or that facial recognition equipped squad cars are not, and would not be 

assigned, to certain beats. 

 A few policy solutions should also be on the table whether or not facial recognition is 

increasing the black arrest rate. For example, the public should be able to review and debate a 

police department’s facial recognition policy prior to implementation. At the very least, to the 

extent that each state’s formal administrative rulemaking processes provides for this, facial 
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recognition systems that utilize existing public infrastructure, such as public CCTVs, should 

follow public notice and comment procedures. The use of mugshots should also be carefully 

regulated, if they are allowed at all. Individuals who have their charges expunged should also have 

their images scrubbed from facial recognition databases. Beyond the racial ramifications of facial 

recognition, the technology poses important ethical and privacy questions that should be carefully 

considered by society, rather than foisted on us just because we now possess the technical ability.  

8.2 Future Work  

My empirical analysis was hampered by fairly severe data limitations, mostly due to the lack 

of transparency of police regarding their use of facial recognition systems. Georgetown Privacy’s 

report provides the only existing landscape analysis of facial recognition proliferation nationwide, 

but that report is incomplete due to pervasive obfuscation by police departments who either refused 

to respond outright to Freedom of Information Act (FOIA) requests or only provided limited  

information.  

We have an even less clear picture of practical usage and outcomes of the technology. Since 

law enforcement agencies don’t have to produce publically-facing facial recognition guidelines, 

or even notify the public of their acquisition, we do not know how and when those systems are 

used. Is facial recognition used in investigating every type of crime, or just violent crimes? Do 

police use the technology every day or only in emergencies? Right now, we do not know. If police 

reported an indicator for arrests produced from facial recognition searches, it would be much easier 

to assess the types of crimes and perpetrators that facial recognition addresses and whether the 

technology is serving the public in an equitable manner.  

 Future work on this topic would certainly benefit from increased clarity on these issues. It 

might also benefit from analysis at the jurisdiction or district level; the literature lacks any micro-
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analyses that determine, in-depth, how a given police department uses its facial recognition 

systems, and the outcomes such use. In my analysis of arrests at the state level, macro-level trends 

in arrests potentially cloud the impact of facial recognition. For example, certain local departments 

might use the technology far less than others, even though all agencies in the state have access to 

the databases. Analysis at the local level, with arrests disaggregated by type, might produce results 

that inspire greater statistical confidence.  

9. Conclusion 

This paper is the first empirical analysis of how statewide facial recognition systems affect the 

arrest rates of African-Americans. I used traditional regression methods, which yielded 

inconclusive results for the United States, as well as the synthetic control method, which was 

thwarted by unique trends in Maryland’s criminal justice profile, as well as by the unavailability 

of regional controls. These conclusions underscore the need for further research, which could, of 

course, be improved by greater transparency and the higher-quality data that might result.    

 I undertook this study in light of the rapid proliferation of police facial recognition 

capabilities, which so far have not been studied in great detail. Increasingly, police are turning to 

facial recognition for a variety of use-cases; yet we know very little about how this policy choice 

affects procedural outcomes. Some scholars suggest that the underlying algorithms powering facial 

recognition perpetuate historical biases in policing, but this study has shown that, with existing 

data and methods, it is difficult to find compelling evidence for such biases borne out in outcomes. 

Future studies that take a micro-level approach may be able to circumvent these limitations.  
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