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Abstract

Legal financial obligations (LFOs) such as court fees and
fines are commonly levied on individuals who are convicted
of crimes. It is expected that LFO amounts should be simi-
lar across social, racial, and geographic subpopulations con-
victed of the same crime. This work analyzes the distribution
of LFOs in Jefferson County, Alabama and highlights dis-
parities across different individual and neighborhood demo-
graphic characteristics. Data-driven discovery methods are
used to detect subpopulations that experience higher LFOs
than the overall population of offenders. Critically, these
discovery methods do not rely on pre-specified groups and
can assist scientists and researchers to investigate socially-
sensitive hypotheses in a disciplined way. Some findings,
such as individuals who are Black, live in Black-majority
neighborhoods, or live in low-income neighborhoods tend-
ing to experience higher LFOs, are commensurate with prior
expectation. However others, such as high LFO amounts in
worthless instrument (bad check) cases experienced dispro-
portionately by individuals living in affluent majority-white
neighborhoods, are more surprising. More broadly than the
specific findings, the methodology is shown to identify struc-
tural weaknesses that undermine the goal of equal justice un-
der law that can be addressed through policy interventions.

1 Introduction

In various forms, excessive legal financial obligations
(LFOs) menace all corners of the United States of America.
Over the past several years, researchers and advocates from
across the country have made a compelling case that fines,
fees, and forfeitures related to court cases constitute a sys-
tem of criminalized poverty, keeping low-wealth offenders
and their families under surveillance and engaged with the
justice system long after their court cases are otherwise re-
solved. For a variety of historical and political reasons, this
system is deeply entrenched in Alabama, where every year,
courts assess millions of dollars in court costs, fines, fees,
and restitution (collectively, legal financial obligations or
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LFOs) (Flynt 2004). Individuals against whom these LFOs
are assessed face severe collateral consequences. Of nearly
1,000 Alabamians surveyed in 2018, 83% had forgone ne-
cessities like rent, food, medical bills, car payments, and
child support; 44% used payday or title loans; 38% commit-
ted an additional crime, all to service their LFO debt (Nel-
son 2018). Even so, almost half were jailed at some point
because of unpaid LFOs (Nelson 2018).

Particularly, Black people are overpoliced in Alabama
compared to white people. For example, even though both
Black and white people use marijuana at about the same
rates, Black people in Alabama are more than four times
as likely as white people to be arrested for marijuana pos-
session (Nelson et al. 2018). And overall, about 55% of
Alabama’s jail and prison population is Black, despite the
state’s population being only about 27% Black (Nelson et al.
2018). Since every criminal conviction in Alabama results in
some type of LFO, these disparities drive a form of racial-
ized wealth extraction that depletes Black wealth and con-
tributes to Alabama’s racial wealth gap.

A general understanding of the facts that Black people
disproportionately bear the debt burden and that many peo-
ple owe debt they will likely never have the ability to pay is
not the same as knowing in detail what drives these dispar-
ities and injustices. While the human consequences of ex-
cessive LFO debt are well documented, relatively little is
known about patterns in the distribution of such debt or pre-
cisely which administrative and criminal legal mechanisms
drive it. The purpose of this study is to fill this gap in un-
derstanding by quantitatively analyzing the characteristics
of debt for different social groups and measure existing dis-
parities in LFOs.

Jefferson County, home to about 665,400 people, is Al-
abama’s most populous county. Its county seat, Birming-
ham, played a storied role in the civil rights movement of the
20th century as Black Americans fought for equal rights and
treatment under law. In the decades since, the county—and
the laws that govern it—have evolved, but racial inequities
driven by history and habit persist. The population of the
county is 53% white, 42% Black, with others making up the



balance.

In 2021, the Jefferson County judiciary agreed to partici-
pate in a project developed by research and advocacy organi-
zations aimed at eliminating these inequities and improving
the fair administration of justice. The findings presented here
are essential to developing usable, evidence-based interven-
tions. Toward this end, we acquired sensitive data from five
and a half years over 2014-2019 created by the Jefferson
County court and maintained by Alabama’s Administrative
Office of Courts. With support from the judiciary, whose
wish to gain clarity about the nature and scope of fine and fee
inequities was a major driver of this research, the data was
obtained and placed in a secure location for analysis. An im-
portant contribution of this work, setting aside the analysis
conducted, is the collection and preparation of this dataset.

A significant challenge when analyzing bias is accounting
for multiple potentially correlated factors (dimensions) such
as income, education level, and neighborhood racial distri-
bution, among others. As more dimensions are taken into
account, the number of subpopulations given by each com-
bination of factors grows exponentially. This motivates the
use of intelligent algorithms to efficiently find the most vul-
nerable subpopulations, understand their characteristics, and
measure the disparities they experience.

In this work, two methodologies are applied to character-
ize and analyze the fairness of LFOs in Jefferson County, Al-
abama: (1) descriptive statistics and (2) subpopulation dis-
covery. The former focuses on comparing central tendency
statistics (such as mean, median, and mode) across different
pre-defined subpopulations. The latter intends to automat-
ically find which subpopulations are experiencing signifi-
cantly larger LFOs compared to the background population.

In addition to being a novel study design for the questions
being explored, the analytic approach used here generated
insights of a scale and scope that is significantly different
from anything previously available to advocates and prac-
titioners. By creating coherent picture of how LFOs operate
across all available charges and demographics, this approach
made it possible for the first time observe outcomes at scale
and laid the groundwork for exploring options for address-
ing it.

2 Previous Studies

Racial and ethnic disparities in the criminal legal system
have been widely documented. Black Americans (20%) are
more likely to report that they are unfairly stopped by the po-
lice compared to whites (3%) (Pew Research Center 2016).
Moreover, Black Americans experience worse outcomes
than whites in prosecutorial charging (Berdejé 2017), sen-
tencing (Rehavi and Starr 2014), and pretrial detention (Sut-
ton 2013). Ultimately, people of color are more likely to be
incarcerated than white people (Bronson and Carson 2017).

However, one practice that has received less attention
within the broader scope of research focusing on criminal le-
gal system disparities is the levying of fines and fees, more
formally referred to as legal financial obligations (LFOs).
LFOs are often used by court systems across the United
States to sanction people convicted of offenses—and now

constitute the most common sanction within the criminal le-
gal system, especially for low-level misdemeanor charges
(Bing, Pettit, and Slavinski 2022). Indeed, in the past several
decades, states have added new monetary sanctions to their
penal codes or have increased fine amounts (Harris 2016).

Studies have identified racial and ethnic disparities in the
levying of legal financial obligations. However, such analy-
ses are often methodologically limited or are not amenable
to actionability. First, some studies have only examined dis-
parities across a narrow subset of infractions, which does not
offer a comprehensive account of how such disparities may
vary across different infraction severity levels (Bing, Pettit,
and Slavinski 2022). Others have analyzed a broader con-
tinuum of severity levels ranging from petty misdemeanors
to felonies, but further studies are needed that can yield
additional nuance, by examining disparities across specific
charges and across severity levels (Stewart et al. 2022).

Second, research examining disparities in LFOs has
largely focused on individual-level attributes, which often
include race and ethnicity, and income (Bing, Pettit, and
Slavinski 2022; Stewart et al. 2022; Meredith and Morse
2017). However, these studies do not always account for
race/ethnicity and income simultaneously, nor do they focus
on other key variables, such as age, which have been linked
to likelihood of arrest.

Taken together, research examining disparities in legal fi-
nancial obligations has been fragmented. Studies often ex-
amine a narrow set of severity levels or do not examine dis-
parities across specific charges. Studies also focus on a nar-
row set of individual characteristics and often overlook the
role of local geographic factors (e.g., neighborhood charac-
teristics). Thus, robust analytical methods are needed that
can comprehensively address these methodological limita-
tions and offer a unified, detailed, and actionable assessment
of disparities in LFOs.

3 Materials and Methods

As we summarize in this section, four datasets were gath-
ered: criminal master, LFOs, census tract, and charges. As
data preparation, sensitive fields were anonymized and cu-
rated, addresses were mapped to census tracts to obtain ad-
ditional socioeconomic data, and all datasets were joined for
further analysis and modeling. Two fairness analyses were
carried out, namely (1) descriptive statistics and (2) subpop-
ulation discovery.

Data

With support from the Jefferson County judiciary, four data
tables created by the Jefferson County court and main-
tained by the Alabama Administrative Office of Courts were
obtained and stored securely for preparation and analysis.
They represent approximately 27,000 cases (approximately
13,000 are complete cases which means no missing data)
constituting 5% years of data over the years 2014 to 2019
from 163 census tracts. The criminal master table con-
tains demographic information of the offender, charge in-
formation, and case information. The LFOs table lists the
total LFO amount, amount paid, and balance for individ-
ual offenders. The charges table is a taxonomy of possible



Factor Values

Race Black, White
Age Young (< 30), Middle-Aged (30 to 54), Old (> 55)
Gender Male, Female

Table 1: Offender features and possible values

Factor Values
Median Income Low (<$30,000), High (>$30,000)
Racial Distribution Black-majority, White-majority
Perc. of High School Grads Low (<85%), High (>85%)
Perc. of College Grads Low (<30%), High (>30%)

Table 2: Census tract features and possible values

charges. The census tract table contains data on percentage
of high school graduates, percentage of people graduating
college, percentage of population by race, and median in-
come for individual census tracts. The criminal master table
was joined with the census tract table by using the Census
Geocoder address look-up tool. The charge details were also
appended to it. Further details about the raw data tables are
provided in Appendix A.

The data was cleansed to remove missing values and out-
liers. Additionally, census tract demographics such as me-
dian income, high school-educated proportion, and college-
educated proportion were binned for a more interpretable
analysis. Tables 1 and 2 show the resulting feature sets and
their values. Race, Age and Gender are characteristics of the
offender. Given the racial distribution of Jefferson County,
Alabama, only Black and white races are considered, which
account for over 95% of the total population. Median In-
come, Racial Distribution, Percentage of High School Grad-
uates, and Percentage of College Graduates are features of
the census tract where the offender’s primary address is lo-
cated. The Percentage of High School and College Grad-
uates is calculated on the 25 years old or above popula-
tion. Further details about the data preparation procedures
are provided in Appendix B.

A subpopulation is defined as a subset of offenders de-
termined by a combination of values of the three offender
features and four census tract features, resulting in an expo-
nential number of possible subpopulations. Given the cardi-
nalities of the features here, there are 5103 different subpop-
ulations.

Fairness Analysis

Two types of fairness analysis are conducted, namely (1)
descriptive statistics and (2) subpopulation discovery. De-
scriptive statistics analysis compares central tendency mea-
sures (e.g., mean and median) of LFOs between manually
hypothesized subpopulations, for instance, comparing LFOs
between Black-majority and white-majority census tracts.
In subpopulation discovery, we use a data-driven search
method named Multi-Dimensional Subset Scan (MDScan)
to find subpopulations that have higher-than- or lower-than-
expected LFOs without relying on pre-specified subpopula-
tions (Speakman et al. 2023). This discovery method can
identify a subpopulation spanning multiple features. The

goal of both fairness analyses is to better understand how
LFOs are distributed across subpopulations of offenders.
Traditional statistical analysis requires the subpopulation to
be described first (e.g., Black offenders) and then the analy-
sis of the fines follow. In contrast, subpopulation discovery
has subpopulations as the result of the analysis and not the
prerequisite.

The primary target variable in the analysis is the fotal
amount of legal financial obligations being charged to the
offender. There are other relevant consequences an offender
may experience, such as imprisonment time and loss of their
driving privileges, but they are beyond the scope of this pa-
per.

It is worth highlighting that the LFO amount varies de-
pending on the charge. For example, breaking/entering a ve-
hicle would generally result in smaller LFOs than possession
of controlled substances. Also, charges can be either felonies
or misdemeanors and they have different classes A, B, C, or
D, depending on their severity. Therefore, all analyses pre-
sented in this study are conducted separately for each charge.
Since meaningful analyses require a sufficiently large sam-
ple size, we filtered the dataset to the top 30 charges by vol-
ume of LFOs.

MDScan is an exploratory analysis method comprising
an iterative ascent procedure that maximizes a scoring func-
tion (typically a likelihood ratio or goodness-of-fit measure)
over the exponentially-many subpopulations spanning mul-
tiple features. A brute-force search would be computation-
ally infeasible for even moderate sized datasets and man-
ual attempts to increase the score may be viewed as data-
dredging or ‘p-hacking’. MDScan is guaranteed to converge
to a local optimum such that any single change to the iden-
tified subpopulation would decrease the score. In this work,
the Berk-Jones non-parametric scoring function was used.
Further details about MDScan are provided in Appendix C.

4 Results

In this section, we present the results of the fairness analysis,
both descriptive statistics and subpopulation discovery.

Descriptive Statistics

First, let us present some key facts about the debt landscape
drawn from the data that lead to hypotheses of LFO dispari-
ties. Although only 42% of the population is Black in Jeffer-
son Country, 58% of the cases correspond to Black offend-
ers, and 63% of the cases are from Black-majority census
tracts. Additionally, 76% of cases have LFOs that are not
fully paid or collected, hinting that offenders may be fac-
ing financial difficulties. Also, 75% of cases correspond to
census tracts characterized by low income (less than USD
$35K). We hypothesize that Black individuals, and people
living in majority-Black neighborhoods and neighborhoods
with a high proportion of low-income households experi-
ence disproportionately high debt burdens.

To investigate this hypothesis and quantify potential dis-
parities in LFOs in Jefferson County, we compare central
tendency measures between Black and white populations.
Albeit unidimensional (as it only considers race as a sin-
gle feature), this approach provides a good initial high-level
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Figure 1: Descriptive statistics comparisons for possession of marijuana Ist Degree (Class C Felony). The blue bars represent

Black offenders and the green bars represent white offenders.

understanding of the variability in LFOs, which is later com-
plemented by subpopulation discovery.

For a given charge, the average total LFOs, average out-
standing balance, average amount paid, and total number
of cases were computed across the two populations (Black
and white). As an example, Figure 1 shows this comparison
for the specific charge of Possession of Marijuana 1st degree
(class C felony). Three main results are:

1. On average, Black offenders are charged with 52%
higher LFOs than white offenders for Possession of Mar-
ijuana 1st degree.

2. On average, Black offenders pay 42% more in LFOs than
whites for Possession of Marijuana 1st degree.

3. Black offenders are over 13 times more likely than whites
to get charged with a Class C felony for Possession of
Marijuana 1st degree.

The results for this and other charges were placed in a
dashboard that allows policymakers and scientists to easily
interact with the statistics.

In Alabama, first-time possession of any amount of mari-
juana can be charged as either a Class A misdemeanor or a
Class C felony, depending on whether the charging entity be-
lieves the marijuana is for personal use. Second-time posses-
sion for personal use is always charged as a felony. Fines and
fees can run into the thousands of dollars, with felonies car-
rying steeper financial penalties than misdemeanors. Given
longstanding research indicating that Black and white peo-
ple use (and therefore possess) marijuana at close to the
same rate (Burlew, McCuistian, and Szapocznik 2021), ar-
rest rates and LFOs for the offense of possession should be
roughly similar across the two races. However, the data tell
a different story: for Possession of Marijuana Ist degree,
Black offenders are charged 52% higher LFOs, pay 42%
more, and are over 13 times more likely to be charged, com-
pared to whites.

As a second insightful example, the map in Figure 2
shows the characteristics of the 320 total cases in Census

Tract 118.02. 29% more Black people (4.0K) live in the
tract than white people (3.1K), but there are 2.85 times
more cases involving a Black offender than white (237 vs.
83). Thus, on average, Black individuals are 2.2 times more
likely to be charged in the tract (across all charges).

The descriptive statistics analysis presented thus far re-
lies on manually specifying the subpopulations and target
variables. Through the dashboard, additional analysis could
be conducted to assess different charges and census tracts.
Though this approach allows scientists and policymakers the
flexibility to freely explore different subpopulations and dis-
cover racial disparities, it is not scalable when considering
multiple features (e.g., income, education level, age, etc.),
due to the large number of combinations to explore.

Subpopulation Discovery

Upon running the automated MDScan algorithm on the most
common 30 charges in Jefferson County, it was found that
subsets of the Black population were consistently identified
as having most anomalously high LFOs. Example results
are presented for /st and 2nd Degree Possession of Mari-
Jjuana, as well as for Negotiating a Worthless Negotiable In-
strument (i.e., giving a bad check). Among all charges ana-
lyzed, 1st Degree Possession of Marijuana exhibits the high-
est level of disparity. As mentioned previously, there is long-
standing research indicating that Black and white people use
(and therefore possess) marijuana at close to the same rate
(Burlew, McCuistian, and Szapocznik 2021), so arrest rates
and LFOs for the offense of possession should be roughly
similar across the two races. Given this established baseline,
outcomes of MDScan for 1st and 2nd Degree Possession of
Marijuana were of particular interest.

The most anomalous subpopulation found by MDScan for
the Ist Degree Possession of Marijuana charge is illustrated
in Figure 3. Among the 194 people charged with 1st Degree
Possession of Marijuana, the algorithm found that middle-
aged, Black males are 9.8 times more likely to receive a high
LFO. A high LFO was defined by the algorithm as being
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over USD $2,337. The anomalous subpopulation constitutes
41% of the total population charged with 1st Degree Posses-
sion of Marijuana. However, it represents 85% of the total
population with an LFO over USD $2,337. Appendix D pro-
vides a worked example of obtaining the 9.8 odds ratio from
other relevant quantities.

Among the 443 people charged with 2nd Degree Posses-
sion of Marijuana, MDScan found that young or middle-
aged black people living in tracts with low college educa-
tion are 60% more likely to receive a high LFO. A high LFO
was defined by the algorithm as being over USD $716. This
anomalous subpopulation constitutes 67% of the total popu-
lation charged with 2nd Degree Possession of Marijuana.

In Alabama, Negotiating a Worthless Negotiable Instru-
ment (NWNI) is the legal term for making a payment with
a check that later bounces. Based on the analysis of the
800 people with this charge, MDScan found that middle-
aged males living in tracts with high income, high college
educations and white majority are 4.67 times more likely
to be assessed a high LFO (over USD $803). This sub-
population comprises 5% of the total population charged
with this offense. This subpopulation (living in high-income,
high-college-education, majority-white neighborhoods) is
unusual compared to the overall trends identified in the anal-
ysis for other charges. The debt load in NWNI cases partly
increases with the amount of the check that triggered the
charge. For any number of reasons, individuals who live in
majority-white, affluent neighborhoods convicted of NWNI
charges seem to be writing bad checks in higher amounts
than other individuals convicted of the same crime in Jeffer-
son County.

5 Limitations

As noted previously, this analysis was performed on cases
where we had complete information on the 7 factors be-
ing accounted for about the offenders. Missing information
about offenders could be due to challenges with data col-
lection and storage or could reflect more deeper social chal-
lenges in getting access to information such as zip codes for
certain offenders. The study can be continued to understand
those data collection challenges and assess if the disparity
widens or narrows down when that population is added into
the mix.

The results section of the paper focuses on the most vul-
nerable subpopulation identified by the algorithm. This does
not mean there are not other vulnerable subpopulations in
the dataset. The study can be continued to identify other
vulnerable subpopulations in the dataset for the charges of
interest.

6 Actionability of Results

The legitimacy of the American legal system is premised
on the notion that all who are subject to it are entitled to,
and receive, “equal justice under law.” But for many reasons,
equal justice under law is difficult to achieve. Impartial con-
sideration of what causes the legal system to fall short of
its aspiration to deliver equal justice to all is crucial in all
reform efforts. It is even more critical in a place where, in

living memory, Black residents’ peaceful demands for equal
treatment were met with state violence. Jefferson County,
Alabama has repeatedly been at the epicenter of battles over
how courts at all levels will interpret their duty to ensure
equal justice. It has been the crucible of reform and the cru-
cible of reaction. Given the county’s history, concerns about
bias in any criminal legal reform effort are warranted.

The idea for this research was generated by a multidisci-
plinary team that included data scientists, judges, and social
policy advocates who work closely with people impacted
by LFO debt they struggle to pay. The fundamental purpose
of that collaborative, called the Jefferson County Equitable
Fines and Fees (JEFF) Project, is to explore and map how
LFOs operate in Jefferson County, to the end of identify-
ing ways to end harmful inequities and improve the fair ad-
ministration of justice. LFOs implicate two thorny areas of
social policy: criminal justice and revenue. For practical, po-
litical, and cultural reasons, evidence-based change in these
two policy areas is difficult to accomplish.

Because they do not rely on human decision-making
about the sequence of queries input to identify anomalies or
disparities, the discovery methods used to identify subpop-
ulations in this analysis are more insulated from the usual
forms of bias that may infect and compromise efforts to
advance the cause of equal justice. For instance, the find-
ing that LFOs disproportionately impact Black residents and
people who live in low-wealth and majority-Black neighbor-
hoods shocks the conscience, but it does not challenge lived
experience and the bias it can generate. Jefferson County’s
history of racism is well documented and known to its res-
idents, and would reasonably be expected to inform any re-
form effort (ami 2022). But the finding that individuals liv-
ing in affluent majority-white neighborhoods are dispropor-
tionately likely to experience high LFOs in worthless check
cases is genuinely surprising and points to the distinctive
promise of this methodology: by revealing results we would
not have thought to seek, it hones our ability to identify the
structural weaknesses that undermine the goal of equal jus-
tice under law.

In 2022, the results of this analysis were presented to
members of the judiciary of Alabama’s 10th Judicial Cir-
cuit, which has jurisdiction over the majority of Jefferson
County. The findings prompted concern and additional fund-
ing was obtained to support research into drivers of dispari-
ties. Over the next few years, it is expected that the Circuit
will develop, pilot, and track the consequences of targeted
interventions aimed at eliminating the disparities first iden-
tified through this analysis. If successful, LFO debt dispari-
ties in Jefferson County should shrink; the overall burden of
LFO debt should no longer fall most heavily on low-income
neighborhoods with disparately high Black populations. The
evidence generated by this analysis will not serve as a sil-
ver bullet, but by thoroughly and for the first time illuminat-
ing the system as it exists, it created space for new thinking
about what can and should be done.

Since this analysis was completed, the JEFF collabora-
tive has conducted additional qualitative and quantitative re-
search and analysis within Jefferson County, which in turn
served as the basis of practice and policy recommendations



presented to high-level stakeholders within all branches of
Alabama’s state government. The JEFF Project also serves
as the framework for a national initiative that will ask similar
questions about the fairness and efficiency of LFO schemes
in jurisdictions in five different U.S. states.

7 Ethical Considerations

Our work sought to take the measure of demographic and
neighborhood disparities and create a map of how these dis-
parities (which reflect the racist and classist values of the
men who framed Alabama’s constitution) as they play out
in Jefferson County, Alabama in the form of legal financial
obligations. We did this in the hope that illustrating the depth
of disparities, and teasing out details about what drives them,
would support the creation a roadmap for a more equitable
alternative system.

Two years on, our findings are being leveraged by sys-
tem actors to do just that. But misuse potential exists be-
cause the same information that illuminates opportunities
to reduce demographic and neighborhood disparities could
also be used to identify ways to increase them. If state actors
wished to increase the debt assessed against any given vul-
nerable subpopulation, they could use our methods to iden-
tify opportunities to do so. To mitigate this risk and ensure
that we understood this community’s concerns, our team
partnered with a community-based organization whose staff
includes individuals whose lives and neighborhoods are neg-
atively impacted by legal financial obligations.

A Data Collection Details

Figure 4 shows a relational data model of the four data tables
used in this research. They are detailed as follows.

1. Criminal Master: contains demographic information of
the offender, including race, sex, and age; charge infor-
mation, such as type (felony or misdemeanor) and class
(A, B, C, or D); and case information, such as offense,
arrest, filing, and indictment dates.

2. LFO Amounts: for a given offender, the data includes to-
tal LFOs, amount paid, and outstanding balance.

3. Charges: provides a dictionary of all possible charges in
the system, including types (felony or misdemeanor) and
class (A, B, C, or D).

4. Census Tract: a census tract is a small geographic terri-
tory within a county used for statistical purposes. Cen-
sus tracts are designed to be relatively homogeneous in
terms of demographics, economic status, and living con-
ditions (Dominguez-Berjon et al. 2005). On average, a
census tract population is around 4,000 inhabitants. Since
no granular socio-economic data are available for offend-
ers, census tract data can be used as a proxy to understand
the impact of education, income, housing, etc. Examples
of census tract data are percentage of high school gradu-
ates, percentage of people graduating college, percentage
of population by race, and median income.

B Data Preparation Details
Data Encoding

Many government systems still use legacy data management
tools such as COBOL, which rely on older data encoding
formats. Most of the datasets we analyzed were provided
in fixed-width format, where fields have a constant num-
ber of characters regardless of the value length, and unused
characters are filled with spaces. This added an additional
layer of complexity, especially around formatting numeric
fields with decimals. Using data dictionaries, all datasets
were parsed into CSV format via Python scripts.

Mapping Addresses to Census Tracts

The U.S. government provides an online Census Geocoder
address look-up tool (geo 2022) for public use. The tool al-
lows a user to submit an individual address or upload batches
of up to 9,999 addresses. It also provides various geographic
data for an address, including latitude, longitude, and corre-
sponding census tract. The tool is not perfect and the FAQs
provide helpful information when inconsistencies are en-
countered. For example, if the same group of addresses is
run through the tool twice, the number of positive matches
may vary. This is a known issue and related to the tool’s
processing load capabilities. There are also specific situa-
tions where a match will not be found because the address
or address range does not exist in the database. An address
not being in the database can be because the address is non-
residential or non-commercial, because it was recently con-
structed or demolished, the address range data was missing,
or for other reasons. If an address is located in a sparsely
populated area, tract information may not be provided be-
cause it could identify individuals or companies which is a
violation of U.S. Code Title 13.

From the original Criminal Master dataset, addresses
were extracted, cleaned, and de-duplicated. A total of 19,414
addresses were run through the Census Geocoder tool. Of
the 19,414 addresses, 12,577 (65%) had a match while 3,598
(19%) did not. Another set of 3,028 (16%) addresses re-
turned empty content. This can happen when processing ad-
dresses in bulk and requires multiple runs of the data through
the tool. A small fraction of 211 (1%) addresses were re-
turned with match-type designation “tie”. This means there
were multiple possible results and further investigation was
necessary.

Addresses in the criminal master dataset for prisons,
county jails, or other county organizations (where people
charged with a crime might reside), returned “no match”
since commercial addresses are excluded from the Census
Geocoder database. Also, in some cases, the address was
marked as “TRANSIENT” which meant the person was
homeless. This would also return “no match”.

Data Merge

Once addresses were mapped to census tracts, it was possi-
ble to join the Criminal Master dataset with the Census Tract
dataset, with the goal of expanding the demographics data
available (as only race, sex, and date of birth of the offender
were available). Since the offender’s income and education
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Figure 4: Relational data model. This diagram includes only a subset of the most relevant columns for each of the datasets.

level were unavailable in the data obtained from the court,
neighborhood (census tract) demographics were used as a
proxy. Racial distribution (percentage of Black and white
populations) are also part of the Census Tract dataset. The
birth date was used to compute the age of the offender at the
time of the offense.

Finally, our dataset was merged with the Charges dataset,
which is a dictionary of all charges in the state of Alabama,
with their corresponding type (felony or misdemeanor), and
class (A, B, C, or D, depending on the severity).

Data Cleaning

Case-level and census tract-level data was cleansed to re-
move missing values and outliers. Specifically, cases in the
data with no matching census tracts, no education level, cen-
sus tracts with less than 1000 in total population, non-felony
or misdemeanor charge type cases, and cases with no charge
type were removed from the data. Additionally, census tract
demographics such as median income, high school-educated
proportion, college-educated proportion were binned (i.e.,
categorized) for a more interpretable analysis. Details of the
binning are described in Tables 1 and 2. For the census tract-
level data, extra features were generated to conduct analysis,
including total number of cases, number of cases per 1000
people, median total amount, median amount paid, median
outstanding balance, percentage with outstanding balance,
and white-to-black population ratio.

C MDScan Details

Multidimensional subset scanning (MDScan) is a general
bias scan method. It detects and identifies which subgroups
of features have statistically significant predictive bias for a
binary, multi-class or numeric outcome.

Traditional statistical analysis requires the subpopulation
to be described first (e.g., Black offenders) and then the anal-
ysis of the LFOs follow. In contrast, subpopulation discov-
ery has subpopulations as the result of the analysis and not
the prerequisite. This contrast persists with regression tech-
niques as researchers must specify which feature(s) will be

used in the model before it is fitted/trained on the outcome
of interest. Regression techniques and tests of significance
are examples of confirmation analysis. While these methods
are ubiquitous and useful, John Tukey reminds researchers
that exploratory analysis is also critical: “Finding the ques-
tion is often more important than finding the answer” (Tukey
1980).

MDScan is an exploratory analysis method originally
developed as a tool for bio-surveillance (Neill and Ku-
mar 2013). It has since been extended to detect predictive
bias (Zhang and Neill 2016), heterogeneous treatment ef-
fects (McFowland, Somanchi, and Neill 2023), and system-
atic deviations in data and models, more generally (Speak-
man et al. 2023). MDScan is an iterative ascent procedure
that maximizes a scoring function (typically a likelihood ra-
tio or goodness-of-fit measure) over the exponentially-many
subpopulations spanning multiple features/dimensions. A
brute-force search would be computationally infeasible for
even moderate-sized datasets and manual attempts to in-
crease the score may be viewed as data-dredging or ‘p-
hacking’. MDScan is guaranteed to converge to a local op-
timum such that any single change to the identified subpop-
ulation would decrease the score. These guarantees and ef-
ficiencies are due to the linear-time subset scanning (LTSS)
property of the scoring function (Neill 2012; Speakman et al.
2016).

In this work, a non-parametric scoring function was max-
imized over all possible subpopulations. Non-parametric
scoring functions make fewer assumptions on the underly-
ing distribution of the outcome of interest than their para-
metric counterparts and this is critical if the outcome distri-
bution is bi-modal and/or heavily skewed. Non-parametric
measures do not rely on means or standard deviations but
rather on ranked order statistics. For example, parametric
assumptions may report the mean LFO amount for a crime,
whereas a non-parametric would report that 30% of LFOs
exceeded a given threshold. Common examples of non-
parametric goodness-of-fit measures include Kolmogorov-
Smirnov, Higher Criticism, Anderson-Darling, and Berk-
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Figure 5: Analysis table for 1st Degree Possession of Marijuana
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Figure 6: Additional charges and their MDScan analysis outcomes
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Jones. All of these measures satisfy the LTSS property and
may be optimized within MDScan (McFowland, Somanchi,
and Neill 2023; McFowland, Speakman, and Neill 2013).
The Berk-Jones statistic was used in this work; it maximizes
the divergence between the expected and observed number
of LFOs that exceeded a threshold dollar amount.

D Additional Results
Worked Example of Odds Ratio Computation

Figure 5 illustrates how to obtain the odds likelihood value
from the subpopulation and the high dollar threshold value
for 1st Degree Possession of Marijuana. The same can be
repeated for other charges as well, once the subpopulation
and the high dollar threshold value have been identified by
MDScan.

Results from Other Charges

Figure 6 illustrates a table with other additional charges and
their outcomes from the MDScan analysis.
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