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“No one can define or measure justice, democracy, security, freedom, truth, or love. No

one can define or measure any value. But if no one speaks up for them, if systems aren’t

designed to produce them, if we don’t speak about them and point toward their presence

or absence, they will cease to exist.”

Donella Meadows
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SUMMARY

This dissertation comprises a �ve-year ethnography that explores the intersection of

data, public services, and socio-technical harm in the context of eviction in one of the

highest evicting cities in the U.S., Atlanta. I argue that public services, like the magistrate

court's provision of “access to justice,” are unique con�gurations of a data pipeline towards

the development of data driven tools and products. This unique con�guration of a data

pipeline can inform how computing scholars consider data work and algorithmic fairness.

Despite being public, administrative eviction data is often not accessible or reliable,

leading to issues of harm, especially when used by commercial entities like tenant screen-

ing services. Studies have shown the inaccuracy and challenges in aggregating adminis-

trative eviction data, �nding that on average 22% of records are either inaccurate or am-

biguous. These datasets cannot be concatenated cleanly either, because of the differences

in state laws over eviction and the differences county to county in terms of how eviction

is processed. However, there is little research that understands the data work to produce

this data. Understanding this which has cascading effects when the data is employed into

algorithms and interfaces like tenant screening services. How eviction is turned into data

and how that data is ultimately used matters, since those affected by eviction data are those

who have historically been marginalized in housing.

I explore how eviction is turned into data across two contexts: grassroots and institu-

tional. I describe and detail the data practices of a housing activist non-pro�t in counting

eviction to support tenants through this process, hold bad actors accountable, and advo-

cate for more tenant rights. I also report on the ways in which the magistrate court system

produces and generates administrative eviction data from public eviction records which

are inevitably fed into algorithmic decision-making systems: tenant screening interfaces.

Gaining a deep understanding of these contexts allows me to design tools and practices that

can intervene into the data�cation of eviction.

xvii



Emphasizing the complexities of eviction data shows how computing and HCI scholars

should aim to gain a holistic understanding of an AI or algorithmic development pipeline.

Gaining this understanding allows one to offer insights into addressing these issues by

developing tools and practices that bridge various stakeholders involved in that data, which

I demonstrate in this work. Ultimately, the dissertation seeks to identify solutions and

insights that can help mitigate the harms caused by large data systems, while offering new

ways for computing to engage with pressing social issues like eviction.

xviii



CHAPTER 1

INTRODUCTION

It's hard to imagine the world we live in today running without data. From the proliferation

of smart devices that collect data on our habits to the proliferation of large language mod-

els embedded into our tools, data is extracted and appropriated for applications all around

us. In the context of digital civics, we see the rhetorics of more and more data echo out

in the vision of the Smart City, or the deployment of digital and computational technolo-

gies in urban contexts [1]. As cities generate more data, this in turn leads to movements

like the Open Data Movement, which demand to make public records freely accessible

for use and re-distribution [2]. The idealized vision of Open Data imagines applications

and services built off civic data, enabling greater transparency and capacity for the pub-

lic to hold governments accountable [3]. This is particularly important when we consider

how public services are becoming more reliant on computational tools and systems. For

example, recent studies have called attention to how data-driven tools, like predictive-risk

models, are employed in child welfare services and whether they can or should be used

at all [4, 5, 6]. What do we do about how harm can be engendered socio-technically

in the public services and systems that run the cities we live in?In this dissertation,

I unpack this question by focusing on a particular city service: magistrate courts and the

administration of eviction. I do so through a �ve year ethnography in one of the highest

evicting cities in the country, Atlanta. Through this work, I contribute to how computing

and human-computer interaction (HCI) scholars can work with communities to develop

technical interventions and ensure fairness and accountability.

Eviction is a persistent and growing threat to more and more people in the U.S. because

of the housing affordability crisis. Homeownership rates have declined since their peak

in 2004 and the subsequent subprime mortgage crisis of 2008, with some housing scholars
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forecasting a possibile drop of twenty percentage points by 2050 (from a 70% high to 50%)

[7]. As the country shifts to more renters, housing costs continue to rise. Surveys by Pew

and the Census Bureau's American Community Survey �nd that over 50% of renters are

cost burdened. The increasing number of renters and the increasing cost of housing trace

the public threat of eviction. A feature of this housing landscape is the use of eviction as a

means to further extract �nancial value from tenants. Studies have shown how eviction has

become a viable business practice for landlords, such as serial evicting (evicting a tenant

repeatedly without displacement) to increase rent debt and fees [8] or using eviction as a

way to further monopolize lower housing submarkets [9].

When a tenant faces a formal eviction administered through the court system, data is

generated via the digitization of the court documents �led in the case. This generates a

record which is then fed to an algorithmic decision making system and compiled into a ten-

ant screening report. These reports compile background information and data on renters to

property management �rms and property owners looking to rent. In October 2023, the Fed-

eral Trade Commission (FTC) and Consumer Financial Protection Bureau (CFPB) reached

a $15,000,000.00 settlement with TransUnion, one of the three major credit bureaus in

the U.S., for failure to ensure accuracy in their tenant screening reports [10]. Inaccurate

information in these reports can severely hamper tenants' capacities to �nd housing [11],

prolonging their search and piling on additional fees during their housing application pro-

cess [10]. One of the primary data sources for these reports are the digitized public eviction

records, an administrative data set which I will refer to as simplyeviction datathroughout

this thesis. What we see then is a classic example of socio-technically engendered harm in

a city service. Data created from magistrate courts are used to produce data-driven tools

like the tenant screening report.

While these datasets are public, they are notopen. Most “Open Data” fails to live up

to its promise, making public data sets available, but not accessible due to a lack of ade-

quate resources. Instead, we are left with “raw data dumps [12],” or in the case of Fulton

2



County - an overt blockage of the data which I, along with other institutional actors, en-

countered through this research. This becomes problematic when policymakers, planners,

and scholars try to use public datasets to ascertain the state of the issues they are trying to

intervene or study, let alone the public engaging with the issue at all. Furthermore, it is du-

bious whether the data itself can be reliable. These issues have not stopped various groups

from leveraging their technical expertise and resources to collect this data. For example,

Princeton's Eviction Lab has undertaken a large scale effort to gather this data and compile

a national database that can inform policymakers on the issue of eviction. Studies from

Eviction Lab highlight the issue of inaccuracies such as a study that audited eviction data

from multiple states and found that 22% of eviction records on average contain inaccura-

cies [13]. Other scholars point out how studying eviction in the U.S. is challenging due to

the heterogeneity in legal eviction processes across different states [14] and even within the

same state [15]. These different juridical and administrative practices inevitably trickle into

the eviction data, creating challenges in comparative analysis [14]. Yet these issues do not

deter scholars from gathering eviction data, such as the local effort here in Atlanta. My in-

troduction to eviction data was through a coalition formed between Georgia Tech (GT), the

Atlanta Regional Commission, and the Federal Reserve Bank of Atlanta to gather eviction

data to ascertain the state of evictions at the onset of the Covid-19 Pandemic.

Despite the large macro-issues of eviction data, there are contestations within the small

circle of scholarship that studies or employs eviction data. On one end are the well-

resourced efforts of groups like Eviction Lab who aim to compile a centralized database.

On the other end are groups like the Anti-Eviction Mapping Project (AEMP) who work

with tenant organizers, collect data with communities, and use the data towards activist

critical visualization practices [16]. These efforts usually involve a combination of ad-

ministrative and self-collected eviction data from tenants. A collective of these grassroots

data efforts have critiqued the Eviction Lab, primarily for only sourcing administrative data

from data brokerages who sell public data sets, like eviction data, to companies that offer

3



tenant screening services [17]. Cross-referencing their grasssroots eviction data to numbers

that eviction lab gathered showed large undercounts of evictions in cities like San Francisco

by over half. We can draw a parallel between community-collected data and Eviction Lab

to Haraway's notion of the gods-eye trick [18], where a large, top-down scienti�c effort

to understand eviction can only speak to one part of the issue. Bottom-up, grassroots data

is not necessarily better, but provides another piece of the puzzle that large data sets do

not contain. The administrative eviction data that Eviction Lab compiles only speaks to

eviction from the perspective of the court, which is shaped by the laws of the state that

dictate what the landlord-tenant relationship should be or look like. This tension between

top-down and bottom-up is one that I will revisit and aim to thread through this thesis on

eviction data.

What I have described thus far is an entangled and complex web of concerns, consid-

erations, human, and technical factors when it comes to counting eviction and trying to do

something with that data. Many of the scholars and studies I have referenced come from

other �elds, such as Planning, Geography, Sociology, Policy, Cultural Studies, and Legal

Studies. The common thread throughout is an interest in data, speci�cally eviction data

whether it is community-based or administratively collected. Here is the point in which

HCI, Computing and the Information Sciences can offer something to the table - to elu-

cidate on the data itself. Scholars from our �eld have long highlighted the consequences

of classi�cation systems and the issues that arise when we count and categorize something

[19]. In this dissertation I take these data concerns that have arisen from the study of evic-

tion and take an ethnographic approach towards understanding the on-the-ground issues of

eviction data from both the administrative court system and grassroots community organi-

zations. As part of studying eviction data, I �nd ways to build tools and practices that can

bridge these various stakeholders through eviction data.

In doing so, I also identify insights that can contribute to HCI and Computing. Of late,

the �eld has become more attentive to how large data-driven systems can engender harm
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which contours the interest area of AI Fairness and Accountability. Much of this work is

geared towards ways to mitigate bias or harm of existing large data sets. Shedding light

on the context of eviction data as a large data set has revealed limitations to how we can

mitigate harm with existing data sets, and as such the limitations of advanced techniques

like Machine Learning to tackle pressing societal issues like eviction. But this work has also

provided new pathways for computing to explore, which I conclude with in this dissertation.

1.1 Research Motivation and Context

In this section I will describe the research motivation and context. I �rst will describe the

motivation by providing a brief overview of eviction. I then will describe the geographic

location of this work, Atlanta, and why this location is one primed for studying eviction

data. I conclude by providing an overview of my primary community and research partner,

Housing Justice League (HJL).

1.1.1 HousingandEviction

Eviction is often conceived as a punitive action: removing a “bad” tenant and marking

it on record. This action can have detrimental mental and bodily effects. Research has

shown the negative impacts on mental and physical health and the risk of homelessness

for families and children when an eviction is on a parent or guardian's record [20, 21].

While punishment is descriptive of the act of evicting someone, context is necessary to

adequately represent the role eviction plays in housing. There are two articulations of how

housing is studied: a commodity and a right. Housing- as-a-commodity views shelter as a

�nancial asset with exchange value. Freedom is realized through increased market choice

[22]. Housing-as-a-right argues that housing inequality stems from the commodi�cation of

land and property. These manifest in the sense of insecurity, alienation, objecti�cation, and

contingent living. Freedom is realized through the reduction of these factors. [22].

Computing has grappled with some of the material outcomes of housing commodi�ca-
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tion. Corbett and Loukissas call on our �eld to address issues of gentri�cation, “a collection

process of settlement by high-income people in a low-income area, resulting in the forced

class and race-based displacement of existing residents” [23]. This work extends this area

of interest and answers calls in our �eld to take a critical race perspective. Ogbonnaya-

Ogburu et al. challenge us to contend with the pervasiveness of racism in our systems [24].

Housing is one area where this pervasiveness persists, and tracing the history of housing is

important to understand how technical systems have come to underpin it today.

The notion of property has long been an instrument to subordinate non-white bodies,

dating back to the settlement of Indigenous land in the U.S. and chattel slavery[25]. After

Emancipation and into the Jim Crow Era, practices such as redlining, the systematic denial

of services such as mortgages, insurance loans, and other �nancial services to residents of

certain areas, based on their race or ethnicity, were adopted. These practices created an

unfair housing landscape and perpetuated racial segregation in the U.S. [26]. The Civil

Rights movement brought laws like the Fair Housing Act which outlawed this form of ex-

plicit racial discrimination. This was an important turning point when we want to consider

the technical aspects of housing and eviction. The U.S. transitioned to a system of �nancial

“predatory inclusion” marked by different credit markets offered to minoritized communi-

ties [27, 28, 29]. Predatory inclusion is marked by technical infrastructures of credit score

standardization, automated underwriting, and risk-based pricing. We most commonly see

it in the form of a credit score or tenant screening report, which are fed eviction data to

produce risk assessments that incur harm. This is a topic other computing scholars in the

ACM Fairness, Accountability and Transparency (FAccT) community have called attention

to and speculated on how to mitigate or repair harms caused by these systems [30].

Financial predatory inclusion resulted in the subprime mortgage crisis[29, 27, 28] and

are part of a larger force of �nancialization in the housing market, whereby markets and

�nancial institutions exact undue in�uence. Commoditizing land into bundled investment

products requires utilizing a seemingly neutral lexicon of numbers and counting, erasing

6



histories of inequity. Fields & Raymond trace these underpinning logics of the housing

market to race and capitalism, shedding light on the current racialized geography of hous-

ing: the corporate landlord [31]. Since the subprime mortgage crisis, private equity �rms

have acquired foreclosed properties to become landlords. They package these properties

into �nancial products like mortgage-backed securities, reinscribing the same inequity cy-

cle. Most of these homes are in racially diverse neighborhoods [32, 31, 33]. Studies �nd

that corporate landlords are more likely to evict and use the threat of eviction [34, 35].

Given this current instantiation of housing, using data towards identifying the corporate

landlord is a thread that weaves itself into my study of eviction data in Atlanta.

Eviction is not always simply a punishment or way to recoup losses; it is also a business

practice. Landlords utilize eviction as a means to extract more �nancial capital from tenants

trapped in the lower housing submarkets, often engaged in a practice of serial evicting

[34, 8]. Housing scholars Teresa and Howell posit that evictions are not a feature but a

“critical mechanism serving to create and maintain class-monopoly submarkets” [9]. Their

analysis of submarkets in Virginia �nds that evictions are common practice. This damages

credit scores [11] and brands evictions onto tenants until forced into last resort housing

submarkets where they have little to no leverage. In short, eviction is a form of power a

landlord exacts on a tenant, particularly in low-income housing neighborhoods and markets

where black and brown communities are overrepresented. Tracing the commodi�cation of

housing to histories of racialization and capitalism [31] requires us to connect practices and

mechanisms of this market - eviction - to these histories.

Given this context, we must revisit the premise of eviction as a punitive action against

a “bad” tenant. This view is rooted in housing-as-a-commodity. Instead, housing-as-a-

human-right forces us to interrogate the conditions and inequalities that commodi�cation

creates.
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1.1.2 GeorgiaandAtlanta

The state of Georgia has one of the strictest landlord-tenant laws in the nation. This makes

Georgia one of the most “landlord-friendly” states in the U.S., as reported by real-estate

and legal outlets [36]. Other factors contributing to Georgia's landlord appeal are the state

ban on any form of rent stabilization and low property taxes. This leads to a large in�ux of

outside corporate and private equity interests in the state [35], Atlanta itself being the na-

tional hotbed for this type of activity. In fact, many of the studies of eviction and corporate

landlords are conducted in this city [34, 35].

Atlanta is also a city that has a primary makeup of renters. 56.5% of the City of At-

lanta's residents are renters according to the U.S. Census American Community Survey

of 2015-2019. Of these renters, 49.2% spend more than 30% of their income on housing

costs, which is considered cost-burdened. Given the appeal to landlords and the growing

number of renters, Atlanta is an ideal site to study eviction and eviction data.

The majority of my work focuses on the City of Atlanta instead of the entire metropoli-

tan area. This is due in part to the various stakeholders and partnerships I have formed,

which primarily involve actors and institutions based in the City of Atlanta. However, it's

not the City that oversees eviction but the county. Each county has its own magistrate court

which oversees dispossessory (the legal term for eviction in Georgia) proceedings. The

largest county in the ciy limits of Atlanta, but also the entire metropolitan area, is Ful-

ton County. Thus, it's not surprising that Fulton County is the highest eviction �ling site

in the metropolitan area, state, and one of the highest in the entire nation. According to

data from the Administrative Of�ce of the Courts of Georgia and the scraping effort, there

were 47,158 eviction �lings in 2022, which is over 900 eviction �lings every week [37].

Studies of these records in aggregate show a low answer rate with approximately 20% of

defendants (tenants) answering their eviction �ling resulting in a default judgement against

them[37]. This means that less than one in �ve tenants are afforded a proper court hearing

where they can defend themselves.
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1.1.3 HousingJusticeLeague

My work in eviction began in two ways. I was �rst introduced to the large eviction data

scraping effort that involved Georgia Tech, the Federal Reserve Bank of Atlanta (FED),

and the Atlanta Regional Commission (ARC). I was asked to continue work by previous

students to �nd ways to make the large eviction data set useful to community organizations

like HJL. Concurrently, I attended a training to become a case worker on HJL's Tenant

Power Hotline, an organizing and eviction hotline that emerged during the Covid-19 Pan-

demic as a form of mutual aid. While I have worked with and accompanied a number of

different stakeholders and organizations throughout this research, HJL has been my con-

sistent partner throughout the past �ve years of �eldwork. Given this deep and ongoing

relationship, this research is primarily situated from the viewpoint of this non-pro�t as I

follow the eviction data in Atlanta. In this section I will provide background information.

Prior to being called HJL, the organization was known as Occupy Our Homes Atlanta

(OOHA). OOHA spun out of the Occupy movement, focused on �ghting home foreclo-

sures through home occupations, eviction blockades, and other tactics targeting predatory

�nancial institutions [38, 39]. Their work responded to the subprime mortgage crisis,

which heavily affected Black and minority communities. By 2014, the work began to

shift. OOHA connected with long-term residents of the Peoplestown neighborhood of At-

lanta and conducted a “listening project.” Peoplestown faced and still faces threats from

undemocratic development and gentri�cation. That campaign resulted in the organization

of a tenant's association at Boynton Village, a HUD-subsidized apartment complex that

was considering not renewing its contract with HUD, which maintains affordability for

residents. This organizing effort secured an agreement from the landlord to renew their

contract and secure affordability for the next 20 years [40].

In 2016, HJL emerged from that partnership and project, registering as a 501c3 non-

pro�t. The work shifted to working with renters in multifamily HUD properties to self-

organize and defend their right to remain. HJL's broad mission is to work withtenants
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to self-organize and defend their right to remain. In meetings, members makes clear that

tenant does not necessarily exclude homeowners. Instead they take a broad de�nition that

includes anyone who does not have full agency over their housing, therefore someone who

is subject to their mortgage can still be included in this de�nition of tenant. Through its

mission and principles, HJL is committed to �ghting for housing as a human right.

HJL is loosely organized as a counter-institution [41]. Typically, counter-institutions

operate through a hub-spoke, af�nity group structure. These are decentralized, small groups

(5-20 members) that operate semi-autonomously without direct oversight of a higher body

in the organization. Af�nity groups make decisions through a consensus process. They

then report back to other af�nity groups through a general assembly or a meeting with all

members or representatives from all af�nity groups. While there may be a Board or Exec-

utive, this committee is commonly tasked with the administrative/legal functions of their

non-pro�t status with the regulatory system and may help set the overall organizational

mission with input from all members. Thus, the structure resembles a hub (the general

assembly) and spoke (the individual af�nity groups). At HJL, there is a Board of Directors,

Executive Director, and one to two full-time employees1. The rest of the larger member-

ship is composed of volunteers, members, and tenant associations. Membership requires

paying monthly, adjustable dues. Membership can be for individuals or tenant associa-

tions, and volunteers may be members but are not obliged. The af�nity groups are called

“working groups.” Each working group is semi-autonomous and has its own operations.

These working groups have changed overtime in make-up and name during the span of

my �eldwork. Every month, there is a general assembly referred to as the “Mass Meet-

ing.” All member-volunteers and prospective members get to hear about current campaigns

and projects of each working group to learn more about the organization and �nd ways to

volunteer.

As a hotline case worker, I began accompanying HJL by joining the Eviction Defense

1During my time with HJL, I have seen multiple paid employees join and leave
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Working Group (EDWG). At the height of my time as a caseworker and organizer (about

two and a half years), EDWG would meet twice weekly viz Zoom to coordinate and orga-

nize. I eventaully became one of the primary organizers of the hotline and managed all of

the data. After the hotline shutdown due to capacity issues and burnout, I transitioned to

working directly with the Executive Director, Alison Johnson, to push policy with the city

and state government. I have also been tasked to coordinate some special projects with the

organization, such as the Court Watch which I detail at the end of this thesis. Currently,

I primarily reside in the Policy working group by supporting the draft of new bills and

measures with research.

1.2 Research Framing

The central question in my research isHow is eviction data produced and used in Atlanta

across community and institutional actors?. I focus on how data and technologies are en-

tangled in eviction. To that end, I view eviction data as a form of classi�cation of eviction,

or a spatio-temporal segmentation of the world as Bowker & Star describe [19]. Evic-

tion becomes data when the act of eviction is recorded which is then classi�ed, whether it

is recorded to the magistrate court system or recorded by a case worker on a mutual aid

hotline. Therefore, there is more than one form of eviction data: the administrative data

that the court produces and the community-collected data from groups like AEMP or HJL.

Whether institutional or grassroots, actors on both ends of the spectrum have an interest in

accessing the data recorded or collected by the other.

To better understand this, I structure my studies to �rst understand the data itself to gain

much needed context. I use my ethnographic �eld notes to bolster my technical analysis

of the technical systems and processes of eviction. These works comprise the �rst two

studies (Chapter 4,5), where I study administrative eviction data and grassroots eviction

data. After gaining an understanding of these data, I then conclude with two studies that

detail the development of technical interventions to address eviction (Ch 6,7). Unpacking
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all of the considerations and concerns across this landscape leads to the following research

questions:

RQ1: How is administrative eviction data produced?

Many scholars have already compiled administrative eviction datasets and studied them

in aggregate to parse out issues and challenges [14, 13]. These studies take a top-down

approach, amassing large amounts to show inaccuracies which contribute to rulings like

the recent FTC and CFPB settlement with Transunion. But none of these studies explain

how these inaccuracies come into being. I answer this question in Chapter 4, where I

provide context of administrative data through a textual and document analysis of eviction

records in Fulton County.

RQ2: What are community collected eviction data practices?

Before �guring out how to connect administrative eviction data to community groups, I

must �rst understand how community organizations manage and conceptualize their com-

munity collected eviction data. I report on this in Chapter 6 through an ethnography of

working on the Tenant Power Hotline which collects and records eviction reported by ten-

ants.

RQ3: How can computing scholars open administrative eviction data sets to use

by community organizations?

I answer this question by detailing an eighteen month design engagement with HJL

where I built and designed a series of data visualizations using the administrative eviction

data set. This is detailed in Chapter 7.

RQ4: How might data collected about those in power foster accountability?

In my last study, I detail a special project I lead with HJL and the Atlanta Legal Aid

Association (ALAS) to collect data about a problematic judge through a court watch. At

this point, all of the data I detail is data about what already exists - eviction. Whether its

community-collected or administrative, eviction data counts and classi�es the action taken

by a landlord to a tenant. Detailing the data efforts of the court watch informs the greater
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computing and FAccT community on why attention should just be focused on working with

existing data sets, but also creating new ones.

1.3 Contributions

My examination of eviction data contributes to three threads of HCI and computing re-

search. First is the thread of work that focuses on data practices of non-pro�t and com-

munity organizations. I add to this area by providing detailed accounts of counter-data

activities through my work with HJL. The second thread is to research that studies civic

data and open data portals. Digital civic scholars are still beginning to consider how inter-

faces mediate goals of the Open Data Movement, and there's limited research that utilizes

document analysis as a method to understanding data labor in civic contexts. Finally, I

contribute to scholarship on fairness and accountability by showing how data in action can

contribute to engendering these principles, demonstrated through the court watch. In the

following chapter I delve into the existing research on these themes and situate my work in

realtion to them.

My work also contributes to other �elds such as Urban Planning, Geography, Sociology,

Legal Studies, and Critical Data Studies. My research dives into the focal point of so many

scholars of eviction, the data itself. A deep understanding of the context of this data enables

more research and scholarship on eviction. My work also demonstrates the deployment of

theories from these �elds in situ, particularly as it pertains to eviction data. For example,

I utilize the principles of Data Feminism [3] to not analyze or assess visualizations, but

detail the design and making of data-driven tools. This adds to the small canon of works

from the Feminist Data Lab at MIT [30, 42].

Aside from the research contributions, my work has contributed to a number of impacts

in Atlanta and the state of Georgia through HJL. The work has lead to a $500,000 city-

funded pilot on Access to Counsel, providing tenants in high-eviction neighborhoods with

free legal representation. I have also contributed to multiple pieces of legislation, whether
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its through conversations with representatives and media, the actual drafting of bills, or

strategizing with others in HJL. These include: S22G0838. EFFICIENCY LODGE, INC. v.

NEASON, et al. a court case where a judge ruled that extended-stay residents be classi�ed

as tenants, HB 404: The Safe Housing Act, which passed in 2024 and ensures a warrant of

habitability, and HB 630: The End Monopolies in Housing Act which targets private equity

and corporate landlords. Currently, I am one of three authors of a draft bill that would ban

junk fees in the Georgian housing rental market.
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CHAPTER 2

RELATED WORK

As a �eld, computing and HCI has always had an eye on data. In this Chapter, I position

my study of the data�cations of eviction across three corpuses. First is the area of Criti-

cal Data Studies, where I look at the epistemological concerns of how we categorize and

classify which underly processes of data�cation. I also detail alternative ways of concep-

tualizing data and how to use or produce data. This grounds considerations of the Open

Data Movement, since my inquiry is focused on a public, civic data set. Next I situate my

work in the extant literature on Digital Civics and how HCI has grappled with housing as

an issue or research context. Because my primary research partner is an activist non-pro�t

organization, I conclude with an overview of how the �eld has studied the non-pro�t sector

and activism.

2.1 Data�cations

2.1.1 TheoreticalGrounding

Data�cation, or the process of turning aspects of life into information to realize value, has

become ubiquitous [43]. While the termdata�cation did not become more widely adopted

in the general publics lexicon until the early 2010's, collecting information to realize value

and support work has long been a practice studied by cognitive and information scientists.

Most notably are the theories of categorization and processes of classi�cation that under-

gird our �eld's study of data. Categories are based on properties that a group ofthings

share. Lakoff further develops the notion of the category through prototype theory, which

argues that categories do not have strict de�nitions or boundaries. Instead, there is a proto-

type which is the most “typical” example of a category other examples relate towards [44].
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Human cognition then is �exible on how we categorize the world which is context depen-

dent. This is important to note since how we see the court datafy eviction differs from how

a community organization categorizes it.

These differences of how eviction is turned into data stem from the socio-cultural con-

textual factors that affect the classi�cation of eviction by these two different actors. Bowker

& Star argue that classi�cation systems are socially-constructed which re�ects the values,

practicalities, and assumptions of those who build and maintain them [19]. Therefore, clas-

si�cation systems and standards are not neutral, nor are they static since they are routinely

updated based on shifting priorities. How HJL and the magistrate court categorize and clas-

sify eviction is based on a different set of values and priorities which permeates through

how they manage eviction data. This thesis takes previous studies of eviction data [13,

14] a step further by questioning the “objectivity,” or default nature of administrative evic-

tion data through a socio-cultural and political lens. To do so, I consider other aspects of

Bowker & Star's work to interrogate the nature of this data, such as their argument that the

labor of classifying and standardizing is often hidden [19]. This is pertinent because Fulton

County Magistrate Court explicitly hid address-based data during the pandemic when the

ARC and FED and GT began scraping administrative eviction data. Given the occlusion by

the county, I had to turn to other methods to study eviction data which is detailed in Chap-

ter 4. Understanding how different actors classify is a prerequisite to understanding

how that information turns into data to realize value, whether its for tenant organizing,

administering dispossessory law in Georgia, or used to feed algorithmic decision-making

systems in the rental housing market.

2.1.2 Critical DataStudies

We live in a data-driven world today. Newell & Maribelli call attention to the social and

ethical concerns of how more and more every day activities and services are reliant on

data to fuel algorithmic decision making [43]. This is particularly pressing as humans have
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become “walking generators of data,” and eviction is one everyday occurence that has been

exploited for data. Critique of data, data systems, and data labor have been a longstanding

interest area for HCI and adjacent �elds. Many early studies explored the disciplining

power of categories in computing [45], and the politics of how work is represented in

Computer-Supported Collaborative Work (CSCW) systems [46]. Similar interest in the

ways people make sense of data exists in HCI research on sensemaking, or “the process

of searching for a representation and encoding data in that representation to answer task-

speci�c questions” [47]. This work on sensemaking has guided research on user interface

design and visualization in HCI for decades. More contemporary research on sensemaking

focuses on algorithms and AI, taking into account the partial, contingent ways both AI

developers [48] and everyday users [49] understand algorithmic behavior. Recent research

on data work practices has also investigated how the the design of algorithmic fairness tool-

kits envision the AI ethics work [50] and the systemic undervaluing of data labour relative

to model development [51].

In conversation with this research, the interdisciplinary �eld of Critical Data Studies has

developed over the past decade amid growing interest in Big Data and AI. In 2012, boyd

& Crawford described the ways Big Data can obfuscate its social construction, leading

to false invocations of objectivity and accuracy [52]. Crawford et al. expand on this by

emphasizing ethical, methodological, epistemological, and cultural critiques of Big Data

[53]. Dalton & Thatcher then coined the term “critical data studies”, reminding readers

that data is situated and calling out Big Data's appearance of neutrality. The overarching

argument of these critiques is the acknowledgment that data is neither neutral nor does data

ever speak for itself [3, 54]. Instead, all data comes from somewhere, and its interpretation

requires people [55, 54]. This highlights the importance of considering the situated, partial,

and political ways that data represents the world, as well as the complex ways in which

people interpret data. These partialities and context stem from how what the data records

is classi�ed.
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One thread of Critical Data Studies are scholars who propose alternative ways of ap-

proaching and considering data. Two frameworks in this category of alternative data ap-

proaches that this thesis pulls from are Data Feminism and Data Activism. D'Ignazio &

Klein coin the term Data Feminism in their book which connects feminist epistemology

with concepts from critical data studies and HCI [3], providing guidelines on stewarding a

design process that is inclusive and plural across the various points of engagement. They do

so by outlining a set of principles that apply the tenets of feminism and standpoint theory

to data work:

1. Examine Power: How does power operate in the world?

2. Challenge Power:How is this work committed towards challenging unequal power

structures to work towards justice?

3. Elevate Emotion & Embodiment: How does this work recognize multiple forms of

knowledge, particularly the recognition that humans are corporeal in this world?

4. Rethink Binaries and Hierarchies: How do we challenge existing systems of count-

ing and classi�cation that oppress like the gender binary?

5. Embrace Pluralism: How does this work synthesize multiple perspectives since no

single knowledge is complete?

6. Consider Context: How does this work account for the locality and context of data?

7. Make Labor Visible: How does this work make the labor of data visible? [3]

These principles are distilled from feminist theories into implementable questions and

guidelines. However, this translation still leaves much up to the researcher or data scientist

to �gure out how they can be incorporated once brought into a project. Feminist approaches

have been adopted in HCI and computing since Bardzell set forth this research agenda [56,
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57]. Recently, research from the FAccT �eld have applied Data Feminism in co-design

engagements with activists to develop data sets and machine learning models on femicide

[42]. Data Feminism has informed this research, and used extensively in Chapter 7 where

I detail designing data visualiations with HJL.

Another alternative approach to data is work on Data Activism. As Milan and van der

Velden note, there are multiple histories, practices, and epistemologies of data activism

[58]. They identify two aspects as “core” to their conceptualization of data activism: “its

sociotechnical nature and the mobilisation factor.” The sociotechnical perspective is es-

sential because data is made by, through, and in the context of associations of people,

institutions, and technology, tangled together [54, 3, 19]. Drawing from Social Movement

Studies, they cast data activism as a process of mobilization because “it brings people (and

information and technology) together for some kind of action variably contentious in na-

ture, and explicitly addressing, confronting, or engaging with data�cation [58].” Crooks

and Currie extended data activism into what they call agonistic data practice. These data

“mobilize the antagonisms that motivate people to act, to imagine alternative political ar-

rangements, and to contribute to long-term collective action [59].” This concept of agonistic

data practices draws upon political theory that argues that contestation is fundamental to

democracy [60].

HCI has explored civic data collection as activism sites, expanding the repertoires of

data activism. Pierre et al. build on data activism by re�ecting on cases of data-centered

participatory design to highlight how epistemic burden is shifted to communities when

they embark on data-intensive projects [61]. Prost et al. explore a practice of place-based

audio, visual, and GPS data collection by walking together with residents, which results

in both novel data and relations [62]. Lu et al. describe using Photovoice (a platform

for photographic documentation and re�ection) as a practice of collective noticing, which

attunes us to our civic environments differently [63]. This thesis adds to this body of work,

and I detail a case of data activism and agonistic data practices in Chapter 7 which details
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a counter-data action [64] in the court room.

2.1.3 OpenData

This thesis focuses speci�cally on public, civic data sets. In the larger discussion and

concern about data�cation is the Open Data Movement, which emerged out of a demand

to make public records freely accessible for use and re-distribution [2]. The idealized

vision of Open Data imagines applications and services built off civic data, enabling greater

transparency and capacity for the public to hold governments accountable [3]. These goals

re�ect the desires of many of the stakeholders I have worked with, whether its HJL, legal

aid, or the institutional scraping effort who wants to hold the court system accountable for

how evictions are conducted and processed.

However, most Open Data fails to live up to this promise due to a lack of adequate

resources, and instead we are left with “raw data dumps” [12]. These formats result in

“zombie data”, left unused since they are not easily accessible to the general public [3,

65]. D'Ignazio and Klein call attention to this issue inData Feminism, arguing that data

scientists should look to feminist theory to provide the context needed to support clear

value and use to various potential stakeholders of public data [3]. Loukissas argues the

same by framing the locality of data, or how data is affected by its local contexts when its

produced and processed [54]. He particularly looks at civic data in many of his examples.

Most Open Data is just made available, but availability is not enough to make the data

truly open. In the case of eviction data, it is not even readily available. Open and Critical

Data scholars argue for public data sets to not only be available but accessible. They argue

for certain best practices, like providing a data manual for every data set so anyone looking

at the data can understand its local settings or its partialities [3, 54]. Part of making public

data sets accessible is to consider the role of actors with data expertise, most notably the

data intermediary. Data intermediaries are actors and groups that bridge the gap between

public data and groups that require support to access and use such data [66, 67, 68, 69].
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These tasks may consist of compiling, formatting, cleaning, and designing the data [68].

HCI scholars have also interrogated Open Data. Loukissas and and Ntbathia argue for

creating Open Data Settings, or contexts and conditions to share Open Data [70]. They do

so by creating a large, collaborative map room that visualized public data. Some studies dig

deeper into the roles of intermediaries [69, 71]. Recently, Dove et. al conduct a qualitative

study where they assess barriers and opportunities to Open Data Programs training more

data intermediaries [71]. Paudel and Soden examine Open Government Data projects for

disaster relief efforts using Data Feminism as an evaluation framework. [72]. This thesis

takes into consideration all of the insights from these recent studies, particularly in terms of

how to set the context and relationship with partners we are opening data to, positionality

as not only a data intermediary but also to act as a data accomplice to support community

organizing work, and how to incorporate critical theory to guide the work and research.

2.2 Digital Civics and Housing in HCI

There is a substantive contingent of Human-Computer Interaction (HCI) scholarship that

has focused on civic technology and conditions which falls under the research agenda of

digital civics [73, 74, 75, 76]. A foundation of this research agenda is the notion of publics

which establishes categories of people, artifacts, and institutions working toward solving an

issue [77]. Digital Civics research has covered a range of problem like public safety [78, 79,

80, 81], transportation [82, 83], food security [84, 85, 86, 87, 88], and housing [38, 89, 90,

91, 92]. This thesis �ts within this research agenda, where I not only study a particular civic

data set but design technologies and technical practices around the civic issue of housing

and eviction. These studies are also done within the larger public of housing advocates and

activists �ghting for more transparency and accountability in the “city service” provided

by the magistrate court.

Housing is a new area of interest for many HCI scholars. Corbett and Loukissas call

for more work in HCI to examine and address issues of gentri�cation as a social justice

21



research agenda. They offer a synthesized de�nition of gentri�cation, “a collective pro-

cess of settlement by higher-income people in a low-income area, resulting in the forced

class and race-based displacement of existing residents [23].” Housing is an integral part

of gentri�cation, especially since it is an issue rooted in the notion of place.

There has been some work in HCI that attends to housing and place. One area of this

research landscape looks at homelessness, which is the consequence of inequitable hous-

ing systems [93, 90]. My work is situated prior to homelessness, speci�cally looking at

evictions. Another focus is on place-making and overall neighborhood change [94, 95].

Kozubaev et al. ran a series of participatory design workshops with residents of affordable

housing units to understand how to deploy smart technology and IoT in multi-family hous-

ing contexts. They identify a series of design implications to consider to inform the local

housing authority on future deployment [96]. These works engage with institutional enti-

ties to some extent and draw out complexities when bridging these actors to the community.

This informed this thesis since I was �rst introduced to the issue of evictions through an

institutional effort.

Another subset in housing-adjacent HCI research focuses on data. Some work looks

at data in the context of housing institutions, either to raise support[89] or to allocate re-

sources [90]. Zegura et al. describe how practices of care were employed in their project

with a community housing advocacy group, WALT, to collate civic and grassroots collected

data. They wanted to understand how to use data science for social good, outside of logics

of ef�ciency [92]. Meng et al. work with a grassroots organizer to engage in community

data collection of neighborhood code violations. This data work is described within the

framework of a caring democracy to demonstrate how data collection can encourage com-

munity members to act for better living conditions [91]. I build speci�cally on this strand

of housing-related digital civic research.
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2.3 Non-pro�ts, Community-based Organizations, and HCI

There has been a considerable body of research in CSCW and HCI in non-pro�ts and

the Community-based Organization (CBO)s. This work examines how they use social

media to share information [97], recruit, train, and manage volunteers [98, 99], coordinate

participation [100], manage internal processes [101], facilitate donations [102, 103], and

collect/analyze data [104, 89, 105]. Data work in non-pro�ts and community organizations

often occur in a context of tight constraints, including limitations on staff time [106, 99],

funding [104, 99], technology budget [106], and technical expertise [106, 99]. While data

can help non-pro�t organizations build narratives that encourage support from stakeholders

[89], resource constraints present challenges to these organizations, making it dif�cult to

take advantage of the potential bene�ts of data. Scholars raise concerns that the current

emphasis on Big Data could create new divides between organizations due to access[52].

While some organizations can collect large quantities of data, they may struggle to use that

data effectively [107].

Much of this body of work sheds light on the challenges non-pro�ts face. Two in

particular highlight how resource constraints can lead to poor data practices [105, 104].

Voida describes the “homebrewed” database, or bespoke arrangements of data [105]. Bopp

et al. builds on this work my highlighting how databases get fragmented due to a lack of

resources and funder requirements that lead to messy data practices. This implicit de�cit

framing only describes one part of non-pro�t data practices though. More recently, Sum

et al. describe how non-pro�t data workers at Asian and Paci�c Islander translate and

remediate data requirements and challenges during Covid-19 [108]. In my study of HJL's

data practices (Chapter 6), I challenge this implied de�cit and argue that more context is

needed on the non-pro�t organization itself to properly assess these practices. Instead,

we should consider these data work arounds as skilled ways to navigate the allocation of

resources and services byCBOs.

23



Grassroots Organizing and Activism in HCI

Given the activist and non-pro�t nature of HJL, this thesis is also situated in community

and activist-oriented scholarship in HCI [109, 110, 111, 112]. Many of these studies de-

scribe the design of technologies or technical practices of actdivist groups. For example,

Dimond describes the design of communication technologies to support social movements

through collective storytelling to stop street harassment [113]. This thesis revisits the site

studied by Asad and Le Dantec, known as Occupy Our Homes Atlanta (OOHA) at that

time. Asad and Le Dantec investigate how ICTs can play a role in augmenting civic en-

gagement that challenges institutional authority through alternative information practices,

looking at OOHA's foreclosure blockades[38]. In terms of data, work has shown that these

organizations sometimes face challenges in access; for example, non-government organi-

zations may struggle to access government data [114]. Alvarado Garcia et al. �nd activists

using data to implement social change by informing citizens, requesting action, and build-

ing capacity. However, these organizations face the challenge of missing or con�icting

data [115]. Accessibility and missing data are issues that I encountered while studying

administrative eviction data.

The ICTs used by activists and grassroots organizations are often appropriated by the

movement in ways that go beyond the original design context of the tools [100, 116]. ICTs

can con�ict with the social movement's values of inclusion and participation, allowing peo-

ple with technical skills to gain more power in the organization. Ghoshal's work attends

to value misalignment between technology tools and the grassroots organizations that use

them, ultimately arguing for developing technologies based on the cultures of the organiza-

tions themselves [111, 112]. The tension between technological affordances and the values

of grassroots organizations creates a gap that can result in more work for certain groups,

which are not necessarily the users bene�ting from that labor. Therein lies one of the cen-

tral questions and challenges of CSCW research to address this gap [117]. Ghoshal's also

suggests that sensitivity to stakeholder values, building on the work of Value Sensitive De-
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sign [118], could be an impactful approach to designing for social movements [111, 112].

These works unpacking value misalignment between ICTs and grassroots activist organi-

zations drew warranted concerns as to how I approached the development of data tools

and practices with HJL. Whitney et al. argue that beyond designing new tools for social

movements, HCI researchers can use their expertise to aid coalitions organizing from the

bottom-up as a method for countering top-down governance. They suggest HCI researchers

use their ability to analyze technology and practice to hold accountable existing systems of

power [110].

There has also been a number of works that focus on housing and eviction within the

�eld of HCI and computing, particularly from AEMP. Halperin et al. detail the design of

a conversational agent to probe how AI can bene�t storytelling to support the anti-eviction

movement. They interview participants who narrate or collect stories of housing inse-

curity and eviction [119]. Halperin and McElroy then detail the design of a community

storytelling map of Covid-19 displacement, and how the default settings of technical de-

velopment - like moving fast and breaking things - can disrupt the goals and values of the

data tools an activist collective is trying to implement [120]. Most recently, work from this

group has become speculative and imaginative, where they created wearables that share

stories of eviction [121]. While this thesis is also focused on eviction, my work is differ-

ent in that it focuses on counter-data actions and using data to hold government actors and

those in power accountable, rather than share and disseminate the marginalization of those

affected by eviction.
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CHAPTER 3

METHODS

This dissertation is the product of nearly �ve years of conducting design ethnography of

eviction, otherwise known as design ethnography [122, 123]. Design ethnography charac-

terizes �eld work as a dynamic and participatory endeavor where the researcher is not just

simply an observer but one that interacts with the site [122]. Since 2020, I have accom-

panied HJL in their work to �ght for housing as a human right, and mitigate the harms of

eviction. This work has also been punctuated by moments of designing tools, practices,

or leveraging User Experience (UX) work to support this mission. Since I am primarily

accompanying HJL, the design work is contingent on the circumstances and needs of the

organization at that time. Coupled with this extended accompaniment is my own ethno-

graphic work at municipal of�ces, along with numerous engagements with city and county

of�cials. In what follows I will describe design ethnography. I then detail the �eld site

along with the data collection and sources I draw form.

3.1 Design Ethnography

Within HCI, anthropology and ethnographic approaches have been employed to under-

stand technical systems and labor in order to recommend improvements and changes [124].

The goal of this apporach is to provide a ”thick description [125]” of the �eldsite to pro-

duce recommendations. These recommendations are often framed as ”design implications”

to bridge gaps in understanding the context of users within socio-technical arrangements

[126]. Since the wider adoption of ethnography in HCI, some scholars have critiqued the

translation of ethnographic insights into design implications since this can often simplify

and erase the nuances [127, 126]. An underlying issue when HCI scholars use ethnography

is a perceived distance between the �eldsite and researcher which allows a rhetoric of neu-
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trality and objectivity. Much of this attitude stems from the �eld of Anthropology itself,

particularly in its early iterations. Anthropologists though have long refuted the capacity

to separate the researcher from the site, highlighting that when we step in to observe or

measure something, we inevitably affect it [128]. Furthermore, objectivity is a situated

perspective [18]. And as Science and Technology scholar Langdon Winner argues, what

we design has politics [129].

In my work, I lean into the fact that I am directly stepping into my �eldsite when I con-

duct ethnography. Therefore, I pull from design ethnography to inform my approach. Since

its early days, design ethnography has been a methodology that is interested in the devel-

opment of new technologies. As anthropologists at Intel Labs state back in 1999, design

ethnography ”focuses on the broad patterns of everyday life that are important and rele-

vant speci�cally for the conception, design, and development of new products and services

[123].” At the time, their focus was on how ethnographic insights can help technology com-

panies develop tools and artifacts that people actually want. However, design ethnography

does not ask users what they want, but produces thick descriptions of what people think,

do, and say to design better artifacts. Since then, this methodology has been employed

to address broader questions of new technology. In her study of autonomous vehicles with

Volvo, anthropologist Sarah Pink argues that design ethnography is a method that ”critically

reveals how dominant narratives have informed design, engineering and policy relating to

emerging technologies [130].” Design ethnography doesn't just observe what people do

and say, but directly interacts with the �eldsite beyond participant observation, by actually

building tools [122].

Design ethnography takes into consideration three concepts of ethnographic �eldwork.

First is the understanding that �eldsites are emergent, which is to say that it is an ongo-

ing con�guation of things and processes we live in, and in which technology is designed

and becomes a part of [130]. While eviction is not a new concept, and is rooted to pro-

cesses that predate this country [131], it is still subject to ongoing processes of change.
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The timespan of this �eldwork is a paragon of emergence, as eviction changed because

of the pandemic and the rapid �nancialization of single family homes into rentals, espe-

cially in Atlanta [31, 132, 133, 134]. Second, design ethnography embraces improvisation

which refers to the ongoing ways that humans ”improvise to take the next steps within the

contingent circumstances of the everyday [130].” In my work developing tools and data

practices that address eviction, I have had to attend to the emergent nature of eviction and

shift my design priorities to meet the improvisations of my community partners. I detail

this in depth in Chapter 6 where I discuss the design of different eviction data tracking

tools. Design ethnography provides a language to describe and discuss the ongoing inven-

tion and reinvention of artifacts, meanings, and ultimately cultures [123]. Finally, design

ethnography attends to sensory and embodied ways of knowing which ripples through our

day to day experiences. This applies to researchers and users [130]. In my ethnography

and design, I pay attention to these lived experiences with the interlocutors I accompany,

or my own personal experiences within the �eldsites that administer eviction like the court

room (Chapter 7).

Design ethnography then is a means to understand people's behaviors, needs, and cul-

tural contexts in order to create technologies, services, or experiences that are genuinely

relevant and meaningful to these stakeholders [122]. The core premise of design ethnog-

raphy is that design solutions need to be informed by the context in which users and par-

ticipants live and work. This echoes the early days of ethnography in HCI, where the goal

was to provide recommendations for how to improve technologies. In design ethnography,

the goal is to produce design interventions. Design ethnographers not only observe but im-

merse themselves in social contexts and integrate design practices within their ethnography

to produce plural understandings of complex socio-technical arrangements. These multiple

understandings is why the approach is powerful at challenging dominant narratives of tech-

nology and solutionism [122, 130, 135]. In many ways, this parallels feminist critiques of

science and technology which challenges the objective, neutral, ”gods-eye trick” of science
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[18]. Instead, there are many forms of knowledge of a particular topic, �eld site, or issue.

These forms of knowledge are situated and contour particular standpoints and positionali-

ties [136, 137]. The goal then is to get at the many understandings of an issue in order to

produce a more holistic view.

These characteristics of design ethnography - emergent, improvisational, and embod-

ied - explains why there is an assortment of design projects and types of artifacts produced

throughout this thesis: document Analysis (Ch. 4), data manuals, data visualizations and

matching algorithms (Ch. 6), and data collection materials and processes (Ch. 7). These

design interventions require appropriation and improvisation where one uses materials and

artifacts to structure social negotiations. Pink et al. argue that design ethnography is not

con�ned to producing immediate solutions or outcomes; instead, it is an incremental and

iterative process that facilitates learning and transformation for both researchers and partic-

ipants [135].” I detail how the tools I have produced for HJL create new relationships and

how these relationships are negotiated through data in Chapter 7. Thus, prototyping and

co-design is open-ended in design ethnography. Throughout this research I am assessing

the value and use of these artifacts which helps me to understand the ways in which evic-

tion undergoes processes of data�cation. I not only observe how eviction is turned into data

but I am actively engaged in the data�cation of eviction, speci�cally in how HJL counts

eviction.

As the researchers at Intel state, design ethnography allows the researcher to express

the relevant context of one culture to another, to provide cogent descriptions of the acts

and behaviors of one context to another [123]. For these anthropologists, that context gap

to bridge was between the workplace and the home. My research aims to also translate

different contexts to each other in a number of ways. At a disciplinary level, I use design

ethnography to address the the gaps I see between two �elds that are attentive to data:

Urban Planning and Computing. Both �elds collect, analyze, and model data as a research

output with their own sets of techniques and tools. Second, I use design ethnography to
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connect the grassroots, community-based work on eviction to the institutional processes

of eviction. Producing thick descriptions of two different forms of classifying and turning

eviction into data allows me to design relevant and meaningful tools that bridge these these

two different sets of eviction data and their relevant stakeholders. Ultimately, by opening

eviction data to the community, I am also opening this data set in ways that both planners

and computer scientists can engage with through my research. Showing that a city service

like magistrate court is also a data pipeline shifts how computing, urban planning, activists,

and civil servants think and act with this everyday act of eviction.

3.1.1 EthicsandStudyingUp

My research orientation draws from a provocation by anthropologist Laura Naderto study

up. Nader noted the abundance of research on ”victims of the system” whereby they ”make

their victimization visible [138].” She argues that when we only study marginalized peo-

ple, we provide insuf�cient knowledge and theory of the social issues we seek to under-

stand. Only studying marginalized people results in problem formulations that divorce the

outcomes of these communities from the larger culture and value systems at play - thus

occluding the underlying causes [138]. Within the �eld of computing, we have seen sim-

ilar calls for a shift in how we study marginalized groups. Recently, To et al. called for a

move away from ”damage-centered design in HCI [139].” They point to how computing's

reliance on frameworks that focus on the marginalized positionality, like CRT [24] and In-

tersectionality [140], ”almost deterministically associates race with racial trauma [139].” I

echo these calls not by focusing on joy, but byonly describing the technology and sys-

tems of eviction instead of details about eviction itself.Although a large portion of my

experience with civic court �ling systems is based on working eviction cases,I do not re-

port on the speci�cs of any tenant's eviction.I also make it explicit and clear to all of my

research partners that I am studying the socio-technical aspects and systems of eviction.

Observing her students' work, who aimed their research at the bureaucracies of the time,
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Nader called upon researchers to shift their gaze towards ”the culture of power rather than

the culture of the powerless [138].” In other words, how do we study the groups with ”the

relative upper hand” in their agency and authority within a certain context [141]? There

are a few reasons to shift this gaze which are apt for the study of eviction. First, there

is already a large amount of scholarship that details the trials and tribulations of tenants

facing eviction [131, 142, 20, 8, 9]. While this standpoint is important to account for, it

only describes one facet. At this point, at best describing more hardship adds one more

account to a large tapestry of work, at worst it distracts from the scholarly contribution and

insights in the form of tragedy porn. Second, shifting the gaze up through research can

engender different outcomes and behaviors from this culture of power, which I describe in

my �nal study that details a shifting of the gaze onto the court by the public (Chapter 7).

Finally, I do not tell the stories of the tenants I work with because I cannot tell it as well as

the tenants themselves. They are the owner of their stories, and I am not entitled to them.

At best I can paraphrase and at worst I can get the story wrong. This risk seems to high

for the sake of academic scholarship, which would primarily just bene�t myself. Hence,

I choose to study up. Nader argues that bureaucracies are faceless, and studying up is a

means to get at ”far away corporations and large scale industries [that] are directing the

everyday aspects of our lives.” This is precisely the situation when it comes to housing and

eviction, where private equity and institutional investors buy more homes and evict more

often [35, 34]. Studying up then, is the ethical orientation that feels most apt for the study

of data�cation, particularly data�cation of eviction.

Threads of HCI research have called attention to the orientation of gazes without explic-

itly connecting to Nader. Steve Mann coined the term ”sousveillance” to label a practice of

surveillance conducted by everyday people with ubiquitous computing, as opposed to gov-

ernments or corporations [143]. Like sousveillance, court watching shifts power relations

regarding who is watched and who watches whom. In parallel, Fan and Fox use ”disruptive

testimony” to articulate how public witnessing in digital civic meetings challenges hier-
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archies [144]. Recently, studies of algorithmic fairness and machine learning (ML) have

explicitly utilized studying up [145, 146, 147]. Miceli et al. utilize studying up to reframe

how we understand data sets and the roles that data workers play in producing them by

critiquing previous research and analyzing current trends in the �eld. Instead of analyzing

how bias may be brought into the construction of data sets by annotators, we should begin

with the assumption that the data itself re�ects power differentials. They use studying up

to shift the �eld from studying bias to studying power relations as the factor that shapes

data sets [147]. Boyd translates studying up to design. She utilizes value-sensitive design

[118] to demonstrate how designing ethical tools and frameworks for upstream actors in

ML is a viable intervention to address algorithmic fairness [146]. Others design alternative

models as a means to re-orient the research focus. So et al. design a speculative model

based on reparations rather than identifying bias with mortgage lending data to imagine

ways to address housing injustice [30]. Most notably, Barabas et al. critically materialize

the concept of studying up by building an alternative recidivism risk assessment model that

utilizes available data about courts and judges [145]. They considered community court

data but deemed it too messy for the model.

My research gaze also takes into account the power asymetry between the systems and

actors who bene�t from eviction (court, landlords), and the evicted (tenants). Again, this is

drawn from the shift to Study Up. Observing her students' work, who aimed their research

at the bureaucracies of the time, Nader called upon researchers to shift their gaze towards

”the culture of power rather than the culture of the powerless [138].” In other words, how

do we study the groups with ”the relative upper hand” in their agency and authority within

a certain context [141]? This thesis details activities aimed at understanding the magistrate

court in Atlanta and the uncovering of landlords. Therefore, there is little to report on the

direct issues and challenges tenants face due to eviction and I instead cite previous research

that dives into detail on the harms of eviction [20]. Threads of HCI research have called

attention to the orientation of gazes without explicitly connecting to Nader. Steve Mann
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coined the term ”sousveillance” to label a practice of surveillance conducted by everyday

people with ubiquitous computing, as opposed to governments or corporations [143]. Fan

and Fox also shift the dynamic between the watcher and the watched, using ”disruptive tes-

timony” to articulate how public witnessing in digital civic meetings challenges hierarchies

[144].

3.2 Fieldsite

Throughout this research, I draw heavily from my experiences as an eviction case worker

which is the foundational site of this dissertation. My work in eviction began during Covid-

19 when I volunteered as an eviction hotline worker for HJL. This �eld site was primarily

remote since the hotline was operated by remote volunteers. I worked a weekly one-hour

shift for twenty two months along with picking up additional shifts sporadically throughout

this time span. In total, I worked approximately nintey hours just doing eviction case work.

Within four months I was not only a case worker but I oversaw the eviction data collection

processes and tools for the hotline until it shutdown in January of 2023. As I continued

to progress my role on the hotline, I also began to volunteer and run trainings. In total I

have conducted seven online trainings for new volunteers. Handling training also required

me to research and stay up-to-date on eviction policy changes, such as the ending of the

CDC Eviction Moratorium. However, as a manager of a hotline I also had to identify cases

that could be developed into a tenant campaign. This brought me to multiple site visits at

apartment complexes and buildings where I supported tenants in organizing regular tenant

meetings. I also answered questions and provided information to tenants at these meetings

or through canvassing which provided me information on slumlord eviction practices and

changes the county implemented when it came to hearing notices.

I also regularly engaged in civic meetings and accompanied HJL's executive director

to advocate for greater tenant protections. These engagements began in 2022 when a new

mayor came into of�ce along with a new slate of city council members. Many of these
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actors wanted to hear HJL's perspective unlike administrations of the past. This involved

multiple meetings with City Council and individual council members, the City of Atlanta's

Mayor's Of�ce, and the City of Atlanta Housing Commission. These engagements brought

me to City Hall and other municipal buildings which I treat as ethnographic sites. I was

called in by these actors to present data or provide expertise a total of six times. Along with

these presentations were about ten visits to provide public comment1 during municipal

convenings. I also had one on one meetings and conversations with various interlocutors

within the county and city which I then record into �eld notes and memos. None of these

interlocutors consented to being recorded, but did allow me to take notes.

My �nal primary �eldsite is the Fulton County Courthouse which is conjoined to county

of�ces. Throughout the time of this dissertation, I have conducted over thirty �ve �eld

visits to the court house, part of these �eld visits include about �fty hours of observation

in eviction court proceedings. The other visits were to observe or use the magistrate and

superior clerks of�ce, the sheriff's of�ce, the record room, the public access terminal, and

conversations in the courthouse corridor. I talked to a total of three judges in person, four

court clerks, and about seven court personnel. These interlocutors also did not consent to

being recorded but allowed me to take notes.

3.3 Data Sources

Given my ethnographic approach, my primary data source are my �eld notes and memos.

For every meeting I have I take written notes. Over the years, I have accumulated sixty-two

written documents of �eld notes from meetings. These documents range in length from

a half page to �ve pages. I also record voice memos as part of my �eld notes. I have

recorded forty-six voice notes that range from 1 minute and 53 seconds to 31 minutes and

12 seconds. I transcribe these voice memos �rst utilizing Otter.AI, an arti�cial intelligence-

based meeting assistant. I then go back over the �eld note to correct and adjust the initial
1All public meetings amongst city of�cials provide a portion of time for the public to comment, typically

at the beginning of each meeting.

34



transcription. Sometimes I refer to these �eldnotes to simply reconstruct what happened

and my observations. Other times I take these �eld notes and do a thematic analysis, at

times coupled with HJL's public meeting minutes.

Another primary data source are the public meeting minutes HJL working groups record

and archive on Google Documents and is provided to all members. These meeting minutes

are typically consist of an agenda and attendance. Notes for each agenda item are written

like a trascription (NAME:NOTE). I primarily worked from the EDWG from 2020 until

the hotline was fully shut down in 2023. I then shifted to working primarily in the Policy

Working Group, which I continue to work within today. Throughout my time as a member

of HJL, a total of 564 pages of meeting minutes were recorded and archived. I use these

meeting minutes to corroborate my �eldnotes, and also conduct a thematic analysis. In

addition to these meeting minutes are also resources, collateral, mission statements, and

organization codes that HJL organizes. Finally, as the data manager for eviction-related

campaigns, I also use the data collected as a data source, such as the analysis of court

watch data collected by HJL used in Chapter 8.

The last primary data source are the public records, meeting minutes, recordings, con-

tracts, and collateral that the City of Atlanta and Fulton County provide online. For the

public records, I primarily look at eviction records and tax assessor records. These data

sources do not require Institutional Review Board approval since they are made public,

which we con�rmed with our IRB. I treat this data as bureaucratic documents. Anthropol-

ogy and the social sciences argue that bureacractic documents documents ”are not simply

instruments of bureaucratic organizations, but rather are constitutive of bureaucratic rules,

ideologies, knowledge, practices, subjectivities, objects, outcomes, even the organizations

themselves [148].” These documents become either primary ethnographic �eld sites (Chap-

ter 4, Chapter 5) or when transformed into aggregated data used as primary data sources to

the tools I have built with HJL.
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3.3.1 DataAnalysis

I have relied on qualitative data analysis to parse through the large body of ethnographic

data accumulated over the past �ve years. The exception would be in Chapter 4, where

I count the occurrences of different actors and templates in documents. As Bradley et al.

have argued, there is a general agreement among qualitative researchers that ”analysis is an

ongoing and iterative process that begins in the early stages of data collection and continues

throughout the study [149]. Throughout this work I constantly review and listen to the data

I have collected. Coupled with this review is the regular presentation of ethnographic data

to my co-authors and participants where we discuss what has happened. Finally, I must

transcribe my voice notes and organize my written �eldnotes. These continual practices are

a part of what other qualitative researchers argue is a vital �rst step, which is to immerse

oneself in the data to comprehend its meaning [150]. It also means I am already iterating

on analysis soon after data collection. During this time the analysis is primarily inductive.

Many qualitative researchers have argued that there cannot and should not be a uniform

approach to qualitative analysis [151, 149, 152, 153]. Therefore, I tailor my qualitative

analysis to the study. Due to the way I immerse and process my ethnographic data in the

early stages, analysis for writing largely involves deductive analysis where I connect themes

to theories [153, 149]. By theme, I refer to ”recurrent unifying concepts or statements

about the subject of inquiry” [149]. Themes characterize the experiences of participants

from general insights of the whole of the data. Themes are identi�ed in the processsing

and discussion of the data. From these conversations, themes are then centered around

existing theories which are proposed during the conversations. I turn to theory to help

explain the phenomena I observe. Hence, deductive analysis involves sharing some initial

themes to arrive at a preexisting theory or framework and then using it to analyze data,

test hypotheses, or explore the data through a lens of existing knowledge. For example,

in Chapter 5 I frame data practices of HJL through the lens of care and tinkering. Other

times, I am evaluating how I have applied existing theories and principles. This is the
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case in Chapter 6 where I used principles of Data Feminism [3] to structure my design

engagement and then retrospecively use it to evaluate my designs.
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CHAPTER 4

THE PRODUCTION OF ADMINISTRATIVE EVICTION DATA

In his book,All Data are Local, Loukissas argues that all data comes from a particular

place and time created by humans and machines enmeshed in speci�c practices [54]. This

echoes arguments by Bowker & Star in their investigation of classi�cation systems [19].

All these rhetorics of data and information call attention to how all data is situated [18, 3].

If we work off of this premise of embracing the local and situated nature of data, we must

study these data's operational context [154, 54].

In other words, we must understand the context of the data and how it operates. This

includes the analytical, discursive, and algorithmic systems that the data supports and �ows

through when it is employed to generate value and lead to effective use for speci�c stake-

holders. This is particularly pressing for large-scale data sets which often are treated as

impersonal and objective. In this chapter, I will describe the operational context of ad-

ministrative eviction data, the �rst form of data�cation in eviction covered in this thesis.

Speci�cally, I will describe the provenance and labor involved in producing these data,

which is fed into large algorithmic decision-making systems such as tenant screening ser-

vices. This labor is contingent and invisible, and my study builds upon a growing body

of research interested in shedding light on data pipelines and data annotation work as an

understudied context of CSCW in relation to Machine Learning and AI [155, 156, 157, 51,

158, 159, 147, 160]. In this work I shed light on how clerical work at the courthouse is a

form of contingent labor that has downstream effects in tenant screening services, leading

to algorithmically mediated inequality.

Many problems with data-driven products, such as models and algorithms, stem from

issues with the data itself. Previous work from researchers at Google highlighted the effect

low data quality can have in the AI development process, resulting in a “data cascade,
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or compounding events that cause negative downstream effects from data issues [51].”

This study was conducted in high-stakes contexts where vulnerable communities can face

the brunt of the negative impact when there is a data cascade. Administrative eviction

data could also be considered a high-stakes context when we consider the pipeline from

court clerk to tenant screening model. Many studies of data practices point to how all

data is created through human intervention, leaving it susceptible to error [161, 162, 163].

However, most of these studies focus on actors like data scientists. Undervaluing data not

only leads to low quality data, but also an undervaluing of the labor to build a dataset [51].

In this work, there are a number of actors involved in the production of an eviction

record who may not even see their work as data work (notaries, marshals, deputies, agents),

but the primary role that digitizes court records to become data are the court clerks. This

role is often overshadowed by the role of judges and attorneys in the courthouse. There-

fore, I look to a subset of data practices scholarship in computing which focuses on the

contingent, undervalued labor commonly referred to as data annotation work [158, 147,

160]. Many of these studies may focus on mitigating bias or the role of the individual data

workers positionality [156, 155, 157, 160]. I am not interested in the subjectivities of the

court clerk, but how that role is a part of a larger context and hierarchy of power through

the judicial system. In this vein, I turn to work from Miceli et al. who use a power-oriented

perspective that shows how structural factors shape the creation of data and data practices

[158]. Speci�cally, I argue that the court and laws are con�gured in a way that makes

certain magistrate courts behave like large generators of data. I build on all of this afore-

mentioned work though, by highlighting these dynamics in a civic context which carries a

different set of implications for the �eld to consider.

4.0.1 Why EvictionData

Eviction data is an ideal dataset to study the issues of low-quality data and under-resourced

data work in high-stakes contexts. A systematic study of 3.6 million eviction records in
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twelve different states found that 22% of the records on average contain ambiguous in-

formation or were unclear whether the eviction was executed or not [13]. Furthermore,

cases with increased complexity, involving multiple lawyers and parties, are more likely to

contain inaccuracies. Another multisite study in four states found that the law and court

regulations shape when and how often landlords evict [14]. Given these different juridical

and legal landscapes, eviction data itself has numerous challenges for how it can be studied

in aggregate, let alone aggregated by these tenant screening services to affect landlord de-

cisions to rent. Finally, a recent mixed-methods study by Sudeall and Pasciuti in the state

of Georgia found that courts administer landlord-tenant law differently based on local prac-

tices. This is in spite of the fact that all of these courts are governed under the same state

code [15]. These authors study three different county magistrate courts of different sizes,

and describe eviction court as an “assembly-line” or processing cases. These factors lead to

the inaccuracies for which some of these services, like Transunion, have been �ned by the

FTC and CFPB[10]. My work builds on these studies by describing how these inaccuracies

come into being by highlighting challenges on this “assembly-line.”

Atlanta, Fulton County to be more precise, is an ideal site to study the mass processing

of evictions. Fulton County Magistrate Court is one of the highest evicting courts in the

country, averaging nearly 700-900 eviction �lings a week [37, 164]. However, the choice

to study Fulton County came with challenges. During the institutional scraping effort,

the magistrate court started to block address-level data once it was privvy to the scraping.

Fulton County Magistrate Court became adversarial, preventing the open release of their

data after multiple attempts from the researchers and institutions. Therefore, to conduct

this study I had to pull from studying up methods to investigate this bureacratic assembly-

line [138, 148]. This shifting of the research gaze is one that is gaining traction in studies

of data pipelines and algorithmic fairness [145, 147]. However, since I am studying a civic

data pipeline the methods and techniques I use are different than those who study image

data annotation for instance. I had to do manual analysis, reading a sample of 360 eviction

40



cases across 2019-2021. I conducted a document analysis [165, 148] of these �lings to

understand all of the actors who play a part in the creation of an eviction record.

My motivation to study this assembly-line of data comes from the existence of tenant

screening services. These services utilize criminal, eviction, and credit score records as

data sources to assess risk to a tenant and inform landlords' decisions on securing a tenant

[166]. Some have estimated over 2000 companies offer tenant screening services [167].

Research shows that landlords will rely on these services to assess the risk of renting to

a tenant [168, 11, 169]. Because these risk assessments are effectively a data report of

numbers and �gures, these seemingly neutral and objective services end up replicating

patterns of housing discrimination and inequality despite laws like the Fair Housing Act

which protects against discrimination for certain categories like race [168]. The use of

aggregated public data like criminal and eviction records continues a long legacy of racial

inequality given the disproportionate impact of incarceration and eviction for Black and

Hispanic communities [142, 170, 171, 172, 173].

Despite the large impact tenant screening can have, a number of studies have found

many of these services to be inaccurate, have high error rates, and rarely accompany any

explanation of the data used to fuel these technologies [174, 167, 175]. Some studies have

noted landlords taking blanket screening policies, only looking for the existence of criminal

or eviction records to determine their decision [174]. This is problematic, because there is

a difference between the existence of an eviction record, and whether that �ling resulted

in the execution of a writ of possession or forced removal of a tenant. A tenant could

have been wrongly �led against and had their case dismissed which a blanket screening

policy would overlook. For reference, a study in Washington D.C. found that only 5.5% of

eviction �les resulted in their execution [176]. Recently, a behavioral study using simulated

tenant screening reports with landlords tested how they formulate their decision-making by

presenting these data in different ways [11]. The study found that landlords tend to rely

on the “score” given by these reports without looking into the details of the data, and most
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landlords did not distinguish between the existence of an eviction record and if that eviction

was actually executed or not [11].

Bowker & Star argue that classi�cation systems are so entrenched in daily life, that

they go unnoticed [19]. What they describe is a form of “naturalization” that is rampant

in data-driven systems which many other critical data scholars have called out [3]. This

process of naturalization facilitates widespread acceptance of the arbitrary ways a system

has decided to sort the world, ingraining it in people to simply accept it as natural. This is

the issue in eviction which is traced in the forms and �elds of an eviction record. We treat

eviction as a punishment of a bad actor, a “bad tenant.” Meanwhile, the primary generator

of American wealth is to become a property owner, and many people have built their wealth

on amassing large amounts of property especially in Atlanta [35, 133, 132, 34]. And we

know these “landlords” use eviction to extract more �nancial capital (IBID). This leads to

the conception that a tenant is transient, which is not really the case anymore which I will

cover in Chapter 6.

If we wish to shift this arbitrary decision to make tenants seem bad, we have to �rst

look at the data and its context. Loukissas states that understanding the locality of data

requires one to look into the invisible labor involved in its generation and production. The

document analysis is a way to contour the invisible labor of the various hands that produce

different parts of an eviction �ling. Reading the handling of these documents allows me

to approximate the conditions in which administrative eviction data manifests. In doing

so, I can peel back and trace the classi�cation of eviction and the actual purpose it serves.

In what follows in this chapter is background information on eviction and eviction �lings

in Fulton County, more detail into the methods of this study, my �ndings and �nally a

discussion.
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4.1 Background and Context

In this section, I walk through different scales of cascading context of administrative evic-

tion data. I start of by providing a high-level overview of the �ow of eviction data: from

when it is �rst created to where it ultimately ends up. From here, I then describe the evic-

tion process in Georgia to contextualize the particular �ow of eviction data I have primarily

studied in this thesis. I walk through each “typical step of the �ling process in Fulton

County. Finally, I provide background information on accessing administrative eviction

data in Fulton County itself. These factors ground my approach and methodology in this

study and my research orientation overall on the data�ciations of eviction.

4.1.1 TheFlow of EvictionData

It is important to frame the motivations and incentives to evict. Eviction is not simply a

punitive measure, but a viable business practice. Housing scholars Garboden and Rosen

uncover how �ling for eviction and starting the process allows landlords to collect unpaid

rents plus late fees. Many do so without actually removing the tenant. Therefore, this

practice, which is referred to as serial �ling, can more accurately be considered a collector-

debtor relation, where the court is the mechanism to collect on this debt and accrue fees [8].

Others have corroborated and built upon this �nding. Filing eviction as a business prac-

tice is more prevalent amongst large-scale landlords than small-scale landlords. A recent

study found that while eviction may carry a more morally fraught decision with a “mom-

and-pop” landlord, large-scale landlords �le more often and for much smaller sums [177].

This makes eviction a “routine business practice.” The identi�cation fo these practices are

corroborated in local studies of eviction in Atlanta, where we see corporate landlords evict

or wield the threat of eviction at a higher rate[35, 34]. This arms-length relationship large,

corporate landlords have translates into larger adoption of algorithmic decision making

systems, like tenant screening [178]. However, a recent study still found that over half of
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Figure 4.1: A screenshot of online Court Portal powered by Tyler Technologies, as seen in
the bottom right corner.

small-scale landlords use these tools [178]. Given the large adoption of screening services

amongst corporate landlords and how Atlanta is the epicenter for corporate landlord activity

[133, 134, 132], understanding the �ow of administrative eviction data in this particularly

place is highly salient if not an imperative.

Administrative eviction data begins when there is a dispossessory dispute between a

landlord and tenant. This dispute is then �led into the court system by the landlord who

becomes the plaintiff in the case. Whether submitted by hand or electronically, this �ling

produces documents which comprises a public eviction record. How each county manages

and publishes these records can vary [15, 14]. Counties in large metropolitan areas are more

likely to digitize their records and provide digital portals while smaller, rural counties may

still handle the process by paper. This is often due to budget constraints. If and how they

are digitized depends on the county, with no universalized system. Counties like Fulton and

DeKalb in Atlanta work with a vendor to digitize their documents. In this study's context,

Fulton County contracts a company called Tyler Technologies to manage their digital court

portal (Figure 4.1 and �ling system which is calledOdysseyEFileGA(Figure 4.2). Once
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uploaded digitally onto this platform, these public records can get scraped by third parties

such as data brokerages [179]. Tyler Technologies is also a data brokerage, where they

compile the records on their platforms. In Georgia, this subsidiary is calledRe:searchGA

(Figure 4.3). This platform allows a user to search through these records in aggregate, for

instance searching by date. However, to do so one must pay a fee. This is different from

the public online court portal, which only allows a user to search by name or caseID.

Once this data is compiled brokerages like Tyler can sell this data to tenant screening

services for a fee since there is no national or centralized database of eviction [180, 11].

Additionally, we know that most of these datasets are inaccurate [13]. Given the large

number of tenant screening services [167] and the byzantine nature of these data networks

[181], it creates challenges towards �guring out how to expunge records since there is no

clarity on the trajectory from aggregation to selling. It's also dif�cult to back trace the

source of the dataset and the inaccuracy. In the case of Fulton County though, we have

a single vendor who acts as both the software developer for public access portals AND

the broker who sells special access to these public data sets. Hence, this study focuses on

unpacking how these inaccuracies come into being, prior to getting scraped, in a speci�c

locale where we have more assurance of how this data moves from courthouse to screening

service.

What I have just illustrated is the �ow of administrative eviction data from origin to

product feature. The generator of this �ow is essentially a city service, the magistrate court

system. The magistrate court fashions itself as a city services because it provides “access to

justice.” This is a term I came across numerous times when speaking directly with judges

and clerks. It is also embedded in the langauge the court uses to talk about itself on the

website.

“The Magistrate Court of Fulton County exists to serve the citizens of Fulton County.

Here, you may choose to represent yourself. If you choose to represent yourself, you are

not required to have an attorney to appear in this court, which makes the Magistrate Court
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Figure 4.2: A screenshot of the OdysseyEFileGA system built by Tyler Technologies,
marked on the bottom right corner.

accessible for self-represented parties. No jury trials are held in Magistrate Court and our

jurisdictional level is $15,000 in civil cases.”1

The court's tagline is to “Inform, Engage and Empower Our Community.” All of this

rhetoric shows how the court system envisions itself as a city service, where they can pro-

vide hearings in front of a judge for everyone. This city service is the progenitor of a

data pipeline though, one that produces data that feeds features of a tenant screening ser-

vice used to deny housing. The communities most impacted by these denials are ones that

have been historically excluded from housing [178, 11, 177]. Understanding a city service

as a data pipeline provides an entry way into understanding how eviction is not simply a

sociological issue, but a computing one as well.

4.1.2 TheEvictionProcessin GeorgiaandFiling in FultonCounty

I illustrate the �ow of eviction data to demonstrate how the city service the magistrate

court provides is a part of a data pipeline towards data-driven algorithms and tools. Now

1Found at magistratefulton.org, accessed Februray 20, 2025
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Figure 4.3: A screenshot of re:SearchGA, an aggregate database research system built by
Tyler Technologies that allows a user to search court records in aggregate. Tyler Technolo-
gies is marked in the lower right corner.

that the big picture of administrative eviction data as a data pipeline is painted, here I will

describe the actual eviction process in Georgia. Eviction process is dictated by state code,

OCGA § 44-7-51, that all courts must comply to. In this portion of the state code, an

eviction is referred to as a “dispossessory action.” Before �ling. First the landlord must

give a “demand for possession,” or a verbal or written notice that they are about to �le an

eviction. If the tenant does not cure or give back possession during this time, the landlord

can then �le an eviction. Below is a list of steps or moments in the �ling process. For each

step I also provide the “typical” document you would expect to see during this portion of

the �ling.

1. Landlord starts an Initial Filing in the Court ( Dispossessory Af�davit) If the dis-

pute between the tenant and landlord is not resolved after the demand for possession,

the landlord or someone on their behalf can start an Initial Filing to start the formal

eviction process. They do so by �ling aDispossessory Af�davit, a document where

they of�cially state that they are seeking possession of the property and any past rent
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due.

2. Court Issues Summons to Tenant (Af�davit of Service) Once theDispossessory

Af�davit is �led into the court system, the court issues a summons where a consta-

ble or private process server will deliver theDisposessory Af�davitto the tenant.

They can either serve the tenant in person or by tack and mail.2. TheDispossessory

Af�davit has a section “SUMMONS” which provides instructions for the tenant to

answer the �ling. The server then signs theDispossessory Af�davitto af�rm it was

served properly. If its a private process server, they must also notarize the now served

Dispossessory Af�davit. This signed and notarized version is then the next document

�led into the record, as an “Af�davit of Service.”

3. Tenant Files an Answer into the Court (Answer Form) Once theDispossessory

Af�davit is served, the tenant has only seven business days to answer. Tenants answer

using anAnswer Form, typically using a template provided by the court or system

they are using to �le. Tenants can either �le online or in person at the court house. If

a tenant does not �le an answer, they will lose by default. Typically, only one out of

�ve tenants answer their eviction in Fulton County [37]. Furthermore, most tenants

�le an answer without providing a valid legal defense [15]. This will cause the tenant

to be scheduled in a separate eviction court calendar where they virtually do not have

a chance to dismiss their case, known as the judgment on pleadings calendar [15].

4. Court Issues Hearing Date to Parties (Notice of Hearing) Once the answer is �led

into the record, the court will schedule and issue a court date. These cases are then

sorted into court calendars for Landlord-Tenant court. The case will get scheduled

and sorted by how a tenant �led the answer. Tenants that �le an answer with a

valid legal defense are scheduled into a Pro Se calendar where both parties receive

a hearing. These Pro Se calendars range from 12-15 cases per calendar. Tenants

2If no one is present, the server will tack it to the door and also mail the document on the same day.

48



that �le without a valid legal defense are scheduled into a Judgement on Pleadings

calendar, typically consisting of up to �fty cases. These calendars are described

as a form of “herding cattle” to undergo “mass sentencing” by court personnel and

lawyers. Once scheduled the court issues the next document that is �led, aNotice of

Hearing, which provides the court date and instructions on attendance.

5. Day of Hearing (No Document)On the day of the hearing3, parties must appear

at court and can plead their case. If the tenant does not appear, the landlord gets

a default judgment and can move forward with the eviction. If a landlord does not

show up, the case gets dismissed. However, a landlord can always re-�le another

eviction against the tenant.

6. Court Issues Judgment after Completion of Hearing (Judgment) After the hear-

ing, a decision is made by the court. This decision is then written into aJudgment

document by the Judge. This document states which side won, and grants approval

for the landlord to move ahead with the eviction process along with the total sum of

past due rent the tenant owes.

7. Landlord �les for Possession into the Court (Writ of Possession) After theJudg-

mentis issued and �led into the record, the landlord can go ahead and evict. To do so,

they must apply for aWrit of Possession, which will be granted once theJudgment

document is of�cially �led into the record stating the plaintiff won. Usually, the ap-

plication will also be notarized. This Writ of Possession is then signed and approved

by a Judge. It does not have to be the same Judge who presided over the hearing.

8. Court appointed Actor sent to Eject Tenant (Writ of Possession) Once theWrit

of Possessionis signed and approved by a Judge, the court will send a Marshal or

3In the context of magistrate court, the premise of “access to justice” also means that the court does not
see cases over judgments greater than $15,000 and there is no jury trial. Hence the term hearing is used even
though colloquially we may hear the term “trial” more often when parties appear in front of a judge to testify
and present their evidence.

49



Deputy to the property to remove the tenant. The Marshal or Deputy will then note

on the Writ of Possession if the tenant had already vacated, was forcibly ejected, or

if there was an issue with removing the tenant that day and they had to return later.

What I've just walked through is the “typical” process of eviction and the correspond-

ing �ling documents in Fulton County Georgia. Again, terms and templates for these doc-

uments may differ slightly county to county which other research has already noted [15].

I use the term “typical” very loosely, because it is not common to see a �ling that goes

exactly the way I have just described. First, some of these steps utilize the same document

that requires different set sof signatures for different steps of the eviction process. The

Dispossessory Af�davit is not only the intitial �ling, which is handled by the plaintiff, but

also the Summons from the court which is served by a constable or process server. The

same can be said for the Writ of Possession, where it is also �rst �led by the plaintiff, nota-

rized, signed by a judge, and then signed by a Marshal once the forced removal is complete.

Across all of these cases there were inconsistencies in documents getting notarized. Using

a third-party process server typically required a notary, but I saw a number of cases where

it was served and not notarized. In many ways, notaries seemed like a “nice to have” to

ensure a clerk would accept a �ling. Within this skeleton of an eviction �ling process,

confusion can occur and things get �led out of order regularly. A number of cases applied

for a Writ of Possession before a Judgment was �led into the record. It is unclear whether

this was an actual premature action or if the clerk simply just inputted the documents out

of order into the Odyssey system.

Many cases are also left ambiguous meaning the outcome is unclear. If the outcome is

unclear then there is a strong possibility basing a decision off of this data is presumptuous

at best, and outright inaccurate and incorrect at worst. This paralells �ndings from other

researchers who �nd at least one in �ve records on average have an unclear outcome [13].

Most often, this looks like cases where the plaintiff is awarded a default win because the

defendant did not answer, or a Judgment issued by the court but no Writ of Possession is
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sought after by the plaintiff. In these cases, it is unclear if the tenant was actually evicted,

meaning removed and displaced from the property. If a default win is awarded but no

Judgment or application of Writ appears in the record, this could mean the tenant reached

an agreement with the landlord outside of court, however this would not be re�ected in

the record. Because these interactions aren't recorded, the use of eviction data from these

cases becomes problematic when they are used in algorithmic decision making [11]. Other

likelihoods are that the tenant has vacated, thinking the seven day period to answer is a

seven day period to leave. This was something I had to explain repeatedly as an eviction

hotline worker to tenants.

There are also a number of additional type of �lings a plaintiff or defendant can make to

argue for their case. For example, during this study I found a number of “letters” submitted

by both defendants and plaintiffs. These were direct messages the parties sent to the court

to further explain their case, ask for a refund on �ling fees, express frustration, gossip, or

any other number of things. Other types of �lings aside from the more standard ones enu-

merated above were contextually necessary. For example, veterans are provided extended

set of protections that makes their eviction process differ. Many cases had Af�davits of

Non-Miltary Service, where the plaintiff certi�ed with the federal government that the de-

fendant was not serving in the military. These contexts had different federal level eviction

processes that override the state code and must be adhered to, but they weren't always.

I dive further into all of these factors and nuances when in the Findings section. But

what I want to highlight and provide background on is how complex this process is already.

This complexity was something I had to constantly relearn as an eviction case worker.

These complexities had to manifest in the many different documents associated with a

single �ling, a single data point. In the next section, I conclude with an ethnographic

description of the particular time and place in which I studied this administrative eviction

data.
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4.1.3 AccessingEvictionDatain FultonCounty

At the onset of the Covid-19 pandemic, researchers at Georgia Tech, FED, and ARC built

a sophisticated scraper to pull eviction records from the �ve major county court systems

in metro Atlanta (Fulton, DeKalb, Gwinnett, Clayton, Chatham). Once scraped, the court

data was standardized into a schema make it accessible to policymakers, legal experts, and

academics. The scraping effort pulled data variables related to the case (�leDate, caseID,

caseStatus), parties (all plaintiff and defendant �elds), the �ling process (eventNumber,

eventDate, eventName, eventDescription), and the judgment (judgementType, judgement-

For, judgementComp). Table 4.1 provides a description of each variable. This data was

used to create an eviction tracker to understand the landscape of eviction during Covid-19

and the CDC eviction moratorium [37]. However, data on the case �ling process (event

data) were blocked from Fulton County. The only thing they could track was if a case was

�led and if tenants answered.

Administrative Eviction Data in Fulton County has been elusive since the moment I

�rst began this work. I was brought in to �nd ways to make this data useful to tenant

organizers, but never had full data on the primary county HJL organized within, Fulton

County. There were multiple instances where the leadership of Fulton County Magistrate

Court was obstructive towards researchers pulling data. First, the court blocked address-

level data �elds from the eviction records in the summer of 2020 when they found out

about the scraping effort. I only had full data for Fulton County until July of 2020. There

were multiple attempts by the to get this data unblocked, where the researchers who were

a part of the scraping effort spoke to different personnel of the magistrate court. They also

submitted an Open Records Requests to no avail. None of this data was ever provided

openly despite it being public record.

After the scraping effort stopped meeting regularly, full data of the public eviction

records was granted to a single actor, ARC, in order to provide data for the City of At-

lanta's Access to Council pilot. In late Fall of 2023, I was asked to attend meetings as

52



Table 4.1: Data variable table of the administrative eviction data in the schema of the
institutional scraping effort.

Variable Description
�leDate The date this record is created.
caseID The unique ID made of numbers and letters. Each county has a different

syntax for these IDs.
caseStatus The status of the case. Usually “OPEN” or “CLOSED” but each county

has different names and values. For instance, Dekalb also has a status of
“Administratively Closed” along with “OPEN” and “CLOSED.”

plaintiff The person who is �ling for the eviction. It is not always the landlord but
LLC companies or agents for multi family unit evictions and serial evictors.
Often, single family unit eviction �lings will be the landlord.

plaintiffAddress The address of the plaintiff, which is often a business address.
plaintiffCity The city of the address of the plaintiff.
plaintiffPhone The plaintiff's phone number if it is included as part of the address entered.

This is uncommon and only happens in Cobb county so far.
plaintiffAttorney The attorney for the Plaintiff. There can be more than one.
defendantName1 The tenant (often whose name is on the lease) who is being evicted.
defendantAddress The tenant's address. This will tell you what apartment complex or house

the eviction is happening at.
defendantCity1 The city of the tenant's address.
defendantPhone1 The tenant's phone number if it is recorded in the address.
defendantAttorney1 The tenant's attorney. Rare for a tenant to have an attorney. Often you will

see “Pro Se” which means they are representing themselves.
defendantName2 Other defendants. Usually this is entered as “all others” which means the

eviction is including anyone else that lives at that address.
defendantAddress2 Usually the same as the main tenant's address.
defendantCity2 The city of the tenant's address.
defendantPhone2 The tenant's phone number if it is recorded in the address.
defendantAttorney2 If the second defendant had a different attorney but usually not the case.
eventNumber The number order of when a court event happened. (i.e. the �rst event has

the eventNumber of “1”)
eventDate The date of the court event.
eventName The name of the court event.
eventDescription We have not seen this collected even though there is a �eld for it.
judgementType The nature of the case. Usually lists a value like “dismissed” or “order and

judgement” meaning there was a court order and judgement because the
defendant went through many formal steps of �ghting the eviction.

judgementFor Who won the case, the Plaintiff or Defendant. This is not always listed,
even if a case has a status of “CLOSED”

judgementComp The amount of money awarded to the winning party. It is unclear if this
includes fees.
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a part of an eviction-focused working group organized by the Mayor's Of�ce. The of-

�ce wanted to produce another eviction diversionary measure. One meeting was focused

on administrative eviction data, where the City was sorting through the mechanics of this

eviction diversion initiative but required this dataset to inform the design of the initiative.

During that meeting, the city planners asked how to access this data. ARC was the only

organization at the meeting who had access, and shared that even their access was severely

limited. They could only run the scraper once per case, which meant they could not grab

every single caseEvent variable. This meant there was no insight into the the �ling process

with the data they were allowed to collect. ARC did not want to risk their acute access to

the data, and balked at sharing it during that meeting. It was clear that the county magis-

trate court wouldn't even allow the City of Atlanta4, which covers almost the entirety of

the county, to access this data.

Another debate occurred during this meeting amongst the leading experts on eviction

data in the metro Atlanta area. Concerns were voiced about how the diversion initiative was

getting shaped by how the court painted the challenges of eviction. At a previous working

group meeting that included a larger set of stakeholders (of which included landlord and

market rental entities), the Fulton County chief magistrate judge kept reiterating the chal-

lenges of a backlog. To the researchers at the data subgroup meeting, there was no backlog

because most cases did get processed all the way to a judgment, and less than 20% of ten-

ants answered. These cases were left “open” but did not require any other processing from

the judge because of the inaction from either party. They could go ahead and close over

80% of the cases and remove the backlog. Calling attention to a backlog seemed to be a

way to garner more resources to a city service that was causing more harm than good. The

contention around the existence of a backlog made me pull all of the court calendars for

eviction for a two week period which are publicy posted on the Fulton County Magistrate

Court website. Out of 42 court calendars posted in October of 2023, nearly half (20) of the

4In the U.S., a City and County are two separate but interrelated municipal entities that have separate but
overlapping jurisdictions.
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calendars were comprised entirely of cases that were �led in Fall of 2022. Based on this

sampling, there did appear to be a backlog of cases since �lings from over a year ago were

only just now going to hearing.

The lack of transparency from Fulton County coupled with a disconnect between what

the magistrate court saw as a “backlog” and what the researchers read from the data serve

as the research motivation behind this study. I wanted to understand if a backlog actually

existed and in doing so understand the labor behind processing eviction cases, which is also

labor to produce data into a pipeline fed to algorithmic decision making in tenant screening

services. Given the ongoing relational dynamics that affected how this administrative data

set was contested over, I had to turn to other ways of conducting ethnographic �eldwork

beyond my off-the-record interactions with various actors related to this court. In what fol-

lows, I detail my methodology to count and approximate the complexity by trying to count

the humans and tools involved to produce a single record. As other computing scholars

point out, low-quality data has downstream effects which accrues technical debt [51], yet

few study this area of the pipeline let alone in civic contexts [158]. Understanding how a

database and dataset is compiled is paramount, because these types of mundane decisions

that are shrouded in bureacracy are infrastructural decisions [19, 182]. As Bowker has

stated before, “the database itself will ultimately shape the world in its image: it will be

performative [183].” Unpacking the complexity can highlight the proness to error, which

unearths the arbitrariness in the schema which dictates not only eviction but how eviction

becomes a scarlet letter for a tenant.

4.2 Methods

4.2.1 DocumentAnalysisto UnderstandDataSettings

Studies of eviction have already pointed out the challenges in administrative eviction data.

Porton et al. conduct a top-down analysis of aggregated eviction records across twelve

states to uncover the prevalence of inaccuracies and ambiguities [13]. Nelson et al. take
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an ethnographic approach, combining �eld data from qualitative work in four different

cities in order to connect how the demographics, policies, laws, and “institutional life”

of eviction court affects how eviction is processed. Highlighting these differences affects

the administrative data, creating comparative analyses issues when trying to centralize or

employ these data sets in other contexts [14]. These works draw out the detrimental effects

that occur when data brokerages scrape this data, �atten their nuances, and sell them to

companies that build tenant screening services. However, none of these works focus on the

data setting itself. They are more interested in the policy-related and sociological aspects

of eviction and the challenges of using data to support these types of research.

I build on these works by focusing on the operational context of administrative eviction

data in a high-�ling county [54]. To do so, I zoom in even further than this prior research to

examine the data settings. What I mean by data settings is to understand the invisible work

and labor of processing eviction from an information perspective. We can think of this as

the work of classi�cation which undergoes intense data�cation by feeding into a larger data

pipeline. Both Bowker & Star who study classi�cation, and Loukissas who focuses on data

settings, point to the invisibility of this type of labor [54, 19]. Speci�cally, I wanted to

understand the work of court clerks who are often overlooked in studies of the court. When

I spoke with lawyers and other researchers who have spent extensive time at the court

house, none of them knew any clerks personally or could connect me with them. Often,

they mentioned that the job of a clerk has a high “churn” rate, since it is underpaid and

overworked. Clerks are the primary actor who mediate between the various actors that are

responsible for different parts of a �ling, such as the parties, attorneys or agents acting on

the behalf of plaintiffs. Clerks also have to mediate and process actions that the court itself

takes, like when a Judge enters a Judgment or a constable serves a Dispossessory Af�davit.

Gaining insight into this “invisible labor” was challenging because of the unwillingness of

Fulton County to be open. Of the clerks that I did speak with, none were allowed to go on

the record.
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Hence, I turned to a body of research on bureaucracy that was familiar with studying ac-

tors that are closed off, studying up [138]. This turn in anthropology called on researchers

to shift their gaze up, towards institutions and bureacracies that administer over social is-

sues rather than only studying those affected by the issue [138]. One underexplored avenue

to study a bureaucracy is to study the documents produced by a bureacracy. Anthropologist

Matthew Hull argues that documents play an active role in the function of bureaucracy,

shaping how different stakeholders behave and make decisions [148]. This was exactly

what I observed in the various documents that comprise an eviction �ling. For example,

applications for a Writ of Possession required a Judgment document. Without this docu-

ment, no other actions on the eviction could take place. Additionally, which I will cover in

more detail later, different actors would pick up the work where another actor would leave

off. In the case of the Judgment and Writ of Possession, one judge may enter the Judgment

but an entirely different judge will approve the application for the Writ. For these actions to

happen between the plaintiff, judge, and marshal, these documents had to be �led to shape

the action of forcibly removing a tenant. Hence, documents do not simply record an event,

but also de�ne how that event is understood and acted upon in the context of bureacracy

[148].

Since these documents are available for public view, I relied on them to conduct this

analysis. Here, I turned to HCI scholar Jenna Burrell's framing of using document anal-

ysis as a method to study up and understand the data�ed state [165]. She points to how

before the wide adoption of computer automation in government use, rules, forms, and

processes were a stand-in for human decision-makers. This made clerks interchangeable

and minimized human discretion in enacting administrative control. This is precisely what

I see in an eviction �ling, where clerks hand off parts of a �ling for another to process, and

rejections occur based on technicalities rather than the discretion of a clerk. Burrell goes

on to draw a distinction between document analysis and forms of text analysis like content

and discourse analysis. These more commonly used methods rely on either forms of quan-
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titative text analysis like word frequencies or bigrams. More theoretically informed text

analysis, like discourse analysis, care about the meaning and semiotics of the text on the

document. I am interested in neither. Instead, document analysis attends to the materiality

of the document itself, such as how it is handled, stored, and invoked[165]. Only reading

the text “leads to a �attened understanding of what they can do” [165].

Given the perceived precariousness and lack of transparency in court clerk work, I

also pull from queer information scholar Cait McKinney's approach to document analy-

sis. McKinney uses document analysis to study precarious information infrastructures, like

queer archives that are underresourced [184]. In one chapter, she studies lesbian informa-

tion hotlines that began running in 1972. She reads the hotline worker's logs and notes they

left each other to see how cases were handled and distributed amongst the workers. The

hands that touch the call logs and the notes they leave each other are traces for how she

reads the information work of these hotlines. I do the same with these eviction records,

looking for notes and and markings by clerks as ways to trace how they communicate the

distirbution of work to each other and process an eviction �ling.

4.2.2 AnalysisSet-Up

Public records are one of the primary document types that Burrell calls upon HCI and

Information Science scholars to focus on to study up into the data�ed state. She points out

how even public records carry their own barriers to access, and public records are unevenly

digitized. This echoes many of the critiques that scholars of the Open Data movement call

out when it comes to the availability of public data, let alone its accessibility [3]. Because

these documents and data are public records, no Institutional Review Board approval was

necessary after consulting with the IRB. I began this work by showing up to the Fulton

County Magistrate Court's record access center, and requested every document associated

with a single Pro Se court calendar of eviction cases. This took over forty minutes for

the clerks to print for me, and cost $0.50 page. I paid a total $93.00 for 186 pages of
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documents.

With these 186 pages, I did a preliminary analysis to identify patterns. I asked myself

while reading the following questions: what is typically �led, what is the purpose of each

document in a case step, and what can I notice from the annotations and mark of the doc-

ument itself. This is how I could match the caseEvents collected from the administrative

court data to the actual documents which I detail in the list in section 4.1.2. I also paid atten-

tion to who appeared on these documents and how they appeared. This produced an actor

list for eviction �lings: Defendant, Plaintiff, Lawyer, Process Server, Constable, Judge,

Notary, Clerk. I also pieced together how Clerks mark these documents, speci�cally with

a stamp. This stamp consists of the court name, the way the document was �led, initials,

a date and time, the name of the chief clerk, and the case number of caseID. I was able to

ascertain the initial �eld as the clerk who handled that particular document and �ling step.

I �gured this out by matching the 2-3 character initial to the �eld that required a clerk's

signature (Figure 4.4).

After this preliminary analysis my questions reframed to how many humans could I

count and approximate from these documents. Following this line of thinking, I produce a

set of fourteen variables I wanted to systematically count from the documents (Table 4.2).

I conducted this count analysis with the assistance of two data workers hired through a

Georgia Tech data service5.

We used Airtable and created an intake form for myself and the data workers to go

count through each record. Aside from these variables to count, we also took qualitative

notes on each case record. These qualitative notes ranged from curt observations to at times

paragraphs of notes. I asked the data assistants to leave questions and take notes in this �eld

if they noticed mistakes and human errors. We would then meet as a group to discuss these

notes and observations together. Collecting these data points through document analysis

were ways for us to approximate the number of humans involved in producing the record,

5Data Works: https://dataworkforce.gatech.edu/
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Figure 4.4: An image of a dispossessory af�davit from the set of documents of the prelimi-
nary analysis. The top circle shows the stamp that clerks use to mark every document �led.
The lower circle

60



Table 4.2: Data variable table of the administrative eviction data in the schema of the
institutional scraping effort.

Variable Description
Plaintiff Lawyers The names of lawyers that represented the plaintiff. Could be more than

one.
Dispossessory Af�davit
Template

From preliminary analysis there four standardized templates commonly
used. We created codes (A,B,C,D) for these templates to count their occur-
rence.

Who Filed Af�davit Field on Dispossessory Af�davit. Options were “OWNER”, “ATTOR-
NEY”, “AGENT”, “LESSEE”, and “OTHER.”

Unique Stamps Number of stamps with unique initials in an eviction record. Used to ap-
proximate number of different clerks who handled a record. One template
did not allow the clerk to initial the stamp, in which case we did not count
this stamp as a part of the unique count.

Unique Number of Sig-
natures

Number of unique signature which we used to approximate as a unique
person involved in the record and �ling. This includes parties, attorneys,
judges, clerks, notaries, and more.

Process Server Name of process server
Typer of Process Server Single choice data point to determine whether dispossessory af�davit was

served by court Deputy or a private process server
Judge Name of Judges who presided over different steps of the �ling. Could be

more than one.
Plaintiff Input Method Single choice data point for how plaintiffs and their attorneys �lled out

the �elds on the documents, including signatures. Options were “HAND”,
“DIGITAL”, or “HYBRID.” Hybrid denotes using both hand and digital
input methods.

Defendant Input Method Single choice data point for how defendants �lled out the �elds on the
documents, including their signatures.

Court Input Method Single choice data point for how actors of the court (clerk, judge, marshal,
deputy) �lled out the �elds on the documents, including their signatures.

Agent Input Method Single choice data point for how agents and private process servers �lled
out the �elds on the documents, including their signatures.

Notorized Checkbox (Yes or No) if a �ling was notarized
Clerk Annotations Checkbox (Yes or No) if a clerk highlighted or jotted down notes on any

step of the �ling
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the work to process it by the clerks, and identify inconsistencies across the documents

involved in an eviction record.

We conducted this analysis on a a sample set (n=360) of records. I pulled a total of

360 records from 2019-2021. This range was chosen because I could safely assume these

cases would have �nished processing given the fact that cases in 2022 were still getting

scheduled for hearings by late 2023. Of the 360 records, I pulled 120 records from each

year, ten cases each month. These cases were chosen at random using the caseIDs from

the scraped administrative data. The only constraint I put on the case selection was to do

a 50/50 split between real person and non-real person6 plaintiffs. I did this split given the

rampant amount of corporate landlord activity in Atlanta and their known eviction practices

[35, 34]. In total, pulling these records produced over 5600 pages of documents to read.

To read these documents, I used the public court record portal (Figure 4.1) by inputting the

caseID and going through each �ling. In total there were two rounds of reading done on

this set of documents. This was necessary given the labor intensive nature of reading each

document which required double checking.

In what follows are the insights from this document analysis. Again, each record in the

sample is ultimately transformed into a data point that is sold to power tenant screening

services. Capturing all of the complexity of a single record was a way to understand the

data setting of processing eviction. It was a way of understanding the beginning of this

data pipeline produced alongside this city service. I had to gain this understandeing be-

fore in order to eventually design a tool with this data set which I will detail later in this

dissertation.

4.3 Findings

In this section, I provide 4 insights from the document analysis. First, I provide general

counts of actor types along with the challenges in counting them. Second, I describe the

6Plaintiffs that have non-human name, often including strings like LLC or INC.
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variance we found across the �lings, speci�cally in the Dispossessory Af�davit. I then

parse through the variance by looking at who are the primary users of the eviction �ling

system and process along with their choices. Finally, I describe a discrepancy found in one

particular year of �ling, 2020, which demonstrates the impact federal policies can have on

these processes.

4.3.1 ManyCooksin theKitchen

There were a total of 2529 unique signatures counted across the 360 cases. We look for

uniqueness at the case level. On average, a �ling would have an average of seven unique

signatures. The largest number of unique signatures in a �ling was nineteen, the smallest

number of signatures in a �ling was one. Since signatures are a proxy for a human,that

means on average, approximately seven different humans were involved in the pro-

duction of a single data point in this sample. The most complicated �ling had up to

nineteen different humans involved. Each signature is a proxy for a human being, but

some humans appeared across multiple cases. For example, attorneys would appear across

a number of cases since ones that specialize in landlord-tenant will have ongoing clientele

throughout the year. It was too onerous for us to catalog and count every unique signature

across all of the cases since some actors are likely to sign off on multiple cases. But we

did produce a rough breakdown for the type of actor that signed documents in a �ling, and

counted unique actors for that category type.

There were 359 unique defendants 333 unique plaintiffs. Twenty six out of the twenty

seven repeat plaintiffs were non-real person or corporate landlords. Only one real person

plaintiff appeared in more than one case, the landlord of the one repeat defendant. We did

count the unique signatures of agents who are also allowed to �le on behalf of a party.

In total, we counted 46 different lawyers in this sample set, which means at least 46

lawyers were involved in the production of this sample set of administrative eviction data.

Overwhelmingly, most lawyers represented plaintiffs (45 out of 46). There was only one
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case where a defendant retained legal representation. In total, 218 cases (61%) did not have

legal representation on either side. Most of the cases with legal representation ( 39%, 142

cases) were ones with non-real person plaintiffs which we use to assume it is a corporate

landlord plaintiff. When we break down legal representation by real person (180 cases total)

and non-real person plaintiffs (180 cases total), 65% or 118 cases with a corporate landlord

retained a lawyer. For real person plaintiffs, only 15% or 26 of these cases retained a lawyer.

These �ndings align with my assumptions based on previous literature studying magistrate

courts and the aggregated eviction data [35, 34, 15]. Because corporate landlords evict

at a higher rate, they are more likely to have legal representation. Actual Pro Se (self-

represented) parties which would be real person plaintiffs and tenants are less likely to

retain a lawyer given the cost barrier. Again, magistrate court does not require one to have

a lawyer which is why it fashions itself like a service to the community.

There were a total of 31 different judges counted across this sample. Thus we can

assume that at least 31 judges were involved in producing this 360 record data set. To

assess judge signatures, we had to refer to a publicy posted list of judges appointed to

magistrate court and pair their name with images of signatures we found. At the time of

this study, there were only twenty six judges of�cially serving in Fulton County Magistrate

court. Only thirteen of the twenty six magistrate judges on the bench were involved in any

of the 360 �lings read based on the signatures we matched. This means that eighteen of the

31 unique judge signatures were from part-time judges. To con�rm that a signature was

truly a judge, we had to manually search these names cross-referencing them with either

the bar association or their LinkedIn. On average, two judges will sign off on a case. The

most judges counted in a single case was six. The mode in terms of number of judges on a

case was one, this is due to cases that never make it to a hearing due to default wins.

We counted a total of seventy unique process servers. We cross referenced signatures

to a publicly posted list of court approved private process servers7. Fifty-�ve were private

7https://www.magistratefulton.org/DocumentCenter/View/9369/Standing-Order-Process-Servers-
2024?bidId=
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process servers in this sample and there were at least �fteen different constables/marshals.

The �fteen constable/marshals is an undercount because we only counted and identi�ed

signatures for the serving of the Dispossessory Warrant, not for the Writ of Possession.

Identifying unique process servers was possible since many signed the documents digitally,

making their name legible. Nine out of the seventy process servers accounted for 56% of

the signatures, having ten or more appearances across the sample. Not every case was

served, but we also found cases with multiple Dispossessory Af�davits �led and served.

It is safe to assume that at least seventy different servers were involved in the production

of this sample data set. We did not count the number of unique signatures for notaries

that appeared because most signed by hand and there were issues with signature legibility.

Additionally we had nothing to match it to. The same goes for miscellaneous parties, such

as af�davits from personnel at the Veterans Affairs of�ce who cleared if a tenant was a

serving in the military or not.

Many clerk signatures were from the chief clerk8 at the time. These signatures looked

like a saved signature that is digitally inputted. We counted this as a unique signature,

since a human must have inputted it. But this would paint a picture of a single clerk, the

chief clerk, processing all of the case load. We knew this could not be feasible. Counting

the total number of clerks was not possible through signature. There is no publicly posted

list of clerks like there are for judges. Instead, we counted the number of unique stamps

(stamps with a unique initial) at the case level to get a sense of how many clerks touched a

record. That means, if the initial “ABC” appeared in Case X then it would count once for

that case but not others. Since these were initials, not signatures, we also cannot guarantee

that an “ABC” on Case X is the same “ABC” on Case Y. When it came to stamps, we saw

an average of four unique stamps per case. The most stamps we found in a single case was

�fteen, and the least was one. What we can glean from this is thateach case involved at

least four different clerks, with at most �fteen clerks working on a single case.

8An elected position that oversees the entire clerk's of�ce and personnel
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We did not catalog all of the different initials we collected, primarily due to data work

fatigue from reading these records online. We had to access the records digitally because

of the cost prohibition in printing all of the records from the court house. The online

portal allowed you to read every �rst page of a document, and we bought the entirety of

a document on a case by case basis. Searching more than three records in a row would

result in a series of Captchas to solve before we could keep searching. The portal would

also repeatedly log us off, especially if we were idle. This was challenging since we were

reading each document. Additionally, each document would require the opening of a web

browser tab. 91 out of the 360 cases had more than ten different �lings. It would not be

unusual to have over �ve tabs open when reading a single case. And if any tab went idle,

the portal would log us off. I will detail more of these user experiences in Chapter 6.

It is hard to decide who to count and not count as a data worker in this sample data

set. Defendants and plaintiffs are often �ling themselves, thus are part of the data work

involved in producing an administrative eviction data set since they �ll out the forms. No

data is created until a plaintiff �les, and the court does not know how to act until after

the seven day answer period for tenants. If a tenant �les an answer determines how the

court proceeds with prcessing the case. However, I will draw a line by categorizing a data

worker as one who is handling a �ling but not facing or seeking an eviction themselves.

Lawyers, judges, servers jobs are to �le, process, and thereby produce the data. Thus,

in total, there were at least 147 (46 lawyer, 70 servers, 31 judges) unique data workers

involved in this data set who were the plaintiff or defendant. This number is likely much

larger since we were not able to get a count of unique clerks or notaries across the sample,

just on a case level. Counting out the data workers means this data was about roughly

699 different people represented in the parties. This is based on the unique defendants and

plaintiffs. Again this is also an undercount, since counting a corporate entity as a single

person would likely be inaccurate.Counting conservatively, there were at least 846 (147

data workers, 699 parties) humans who had had a hand in producing this 360 sample
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Figure 4.5: A breakdown of the different Dispossessory Af�davit Templates found in the
sample. “B/NEW” and “C/New” are variants of their respective template (B and C) where
language in the Summmons section did not include a link for electronic �ling. “NEW” was
a template only seen once and a case that had no DA. “Xfer from Superior Court” was a
case that transferred in from a different court.

data set. On average, each case entangled seven different people, and took at four clerks

to process.

Counting all of the humans is a way to contour the data setting of producing admin-

istrative eviction data, allowing us to peer from one sliver into the working bureacracy of

magistrate court. What we see are an inordinate number of cooks in the kitchen, with

different spoons from different people dipping into the pot throughout the process.

4.3.2 Variationsin theDispossessoryAf�davit

In this section, I describe observations of the way these actors �led and the documents they

used. I focus on the Dispossessory Af�davit (DA), describing the variation and different

ways it is �led and used. The choice of the DA is purposeful. I relied on Burrell's structured

questions when analyzing documents: is the document legally required, and if so how have

practices of the document creation adapted over time? What does the document complete

or effect? And �nally, is this document ever consulted and under what circumstances [165]?

The DA is what triggers the entire production and processing of eviction, having onto-
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logical signi�cance to court-administered eviction. This document is legally required for

an eviction to exist in the court and get recorded. It is also the document where I noticed a

lot of variance during the preliminary analysis of the twelve cases I procured from the court

directly in paper. There were four unique templates (A,B,C,D) we found of the document

�led across cases, three of which appeared in the preliminary analysis. These variances had

material impacts had material impacts on how other actors (defendants, clerks, constables,

judges) proceeded. It is also a document that is consulted constantly by these actors. It col-

lects the most signatures from a wide array of actors at different points in time (plaintiffs,

attorneys, agents, process servers, clerks). I also observed the consultation of the af�davit

during eviction hearings I attended. To understand the DA, we systematically counted who

�led the af�davit, the templates used, and how each party inputted the �elds (Table 4.2).

Figure 4.5 has a full breakdown of each template and Figure 4.6 has a breakdown of who

�led the DA.

The DA requires one to �ll out a �eld that states who is �ling the af�davit. This can

be the plaintiff themselves, which is referred to as the “Owner” on the DA. Attorneys are

their legal representation. An Agent is a third party expediting company, like the company

named “Evict Them For Me” or “PDQ Services” which stood for “pretty darn quick.”

These third parties will �le for landlords for a nominal fee, promising a speedy eviction.

Some cases retained a lawyer and used an agent (97 records), others only used an agent

without a lawyer (66 records). When we look at just Non-Real Person Plaintiffs (Corporate

Landlords), we see that they overwhelmingly use agents whether they had an attorney or

not(139 records out of 180, 77%). Whereas Real Person Plaintiffs, the “mom and pop”

landlord, primarily �led their DA's themselves (119 records out of 180, 66%).

Overall, two templates accounted for more than 80% of the cases. The most commonly

found template was Template C: 169 records out of 360, 47% (Figure 4.7). This is not

surprising, because this template is the one found posted on the magistrate court's website.9

9https://www.magistratefulton.org/DocumentCenter/View/89/Dispossessory-Af�davit-PDF?bidId=
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Figure 4.6: A breakdown of who �led the Dispossessory Af�davit in the sample. The
owner would be the plaintiff themselves. An agent is a third-party expediting company.
Lessee is a case where a tenant sublet to another tenant. “Undertermined” were for DAs
that left the �eld blank.

Template C was widely used by Real Person Plaintiffs (148 records out of 180, 82%). This

aligns with what we found in terms of legal representation for real person plaintiffs, where

only 15% had a lawyer. Unsurprisingly, 76.9% of the plaintiffs who used Template C DA's

�lled it out by hand. Template C is the publicy available template given by the court that

is designed for landlords to �ll out themselves. In the “Summons” section10, Template C

points tenants to �le their answer electronically on OdysseyEFileGA (Figure 4.2).

The second most common template was Template A: 126 records out of 360, 35%

(Figure 4.8). This template was primarily �led by Agents (118 records out of 126 total,

94%), and primarily used by non-real person plaintiffs (115 records out of 126 total, 91%).

Again, the use of an agent doesn't mean the plaintiff did not also retain legal representation.

Only 36 out of the 126 records that used Template A did not have a lawyer representing the

plaintiff on the case. And of the remaining 90 cases that used Template A and had a lawyer,

85 of them were �led by an agent. When we looked at how the �elds were inputted, only 1

record ( less than 1%) of these af�davits were �lled out by hand. In the “Summons” section

of Template A, we see tenants pointed to a completely different �ling system not built by

10portion of the Dispossessory Af�davit that gives the defendant instructions on what to do next
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