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Introduction

America has a crushing medical debt crisis. One in ten Americans owe significant medical debt, and one in
a hundred owe medical debt over $10,000." Medical debt contributes to racial inequity and can exacerbate
poverty, and it can place even the most well-off in vulnerable positions due to its overwhelming nature.”
Medical debt can also weigh on Americans through constant bills and bad credit, requiring taking on
another job or extra work hours and inducing general anxiety or worry. The impact of medical debt on
community members has become a large enough problem that local governments around the U.S. have
programs or proposals to purchase and forgive residents’ medical debt." New York City has budgeted $18
million over three years to cancel $2 billion of medical debt, impacting up to 500,000 residents, through a

partnership with the national nonprofit RIP Medical Debt."”

A substantial amount of this medical debt is collected through lawsuits in state courts, but it is difficult to
tell how substantial. The lack of state court data available to researchers makes it a hard question to answer.
Even when state court case data are accessible, knowing which of those cases are medical debt collections is
often difficult. The first step in researching how medical debt moves through courts is to be able to identify

it.

This report examines the impoverishing effects of medical debt, providing an overview of research on the
crisis, particularly work centered on data. It then details why court data is a key piece of this research, but
also why it is a difficult resource to utilize. The report evaluates various methods of identifying medical debt
in court data, which would unlock research. This evaluation includes a novel method that we developed
which utilizes physician consultation in medical debt collections plaintiff identification, which performs

well compared to other methods and may be promising for future research.
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|. The Impoverishing Effects of Medical Debt

Medical debt is the most common type of debt tradeline found on credit reports, and the estimated amount

of medical debt in collections ranges from $80 billion to $140 billion.” Recent research estimates that over

a third of U.S. adults held a medical debt balance in 2021.% !

Beyond the initial financial burden of a medical bill, patients may experience an array of negative
consequences to their physical, emotional, and financial wellbeing. Patients with medical debt anecdotally
report delaying medical care for other issues to avoid additional bills,” and a 2023 Commonwealth Fund
survey found that over a third of adults with medical or dental debt delayed or avoided seeking care or
medication specifically because of their existing debt." In a 2016 Kaiser Family Foundation/New York
Times survey, those with medical bill problems postponed health care at a rate almost three times greater
than those with no medical bill problems.™ ? Nearly 60% of adults in the Commonwealth Fund survey
reported their health problem worsening after they delayed or skipped care due to cost.* Beyond medical
care choices, people with medical debt sometimes have to make tough decisions between paying oft their
debt or paying for necessities; nearly 40% of adults with medical or dental debt had to decrease spending
on their food, heat, or rent* Furthermore, those with medical debt have a higher risk of personal
bankruptcy® It is not difficult to understand how one bill can result in bankruptcy when monthly payments

put patients in the red.* Moving on from medical debt and bankruptcy can also be complicated by lower

credit scores that result from those financial situations. Over a third of adults with medical or dental debt

! Although some studies report an overall decline over the past decade in debt metrics—such as mean debt in collections (Kluender, end note v.)
or being in a family that has had problems paying medical bills (Robin A. Cohen & Emily P. Zammitti, Division of Health Interview Statistics,
NCHS, Problems Paying Medical Bills Among Persons Under Age 65: Early Release of Estimates from the National Health Interview Survey,
2011-June 2016, NATIONAL CENTER FOR HEALTH STATISTICS (2026), available at http://www.cdc.gov/nchs/nhis/releases.htm)—the effects of
medical debt are still felt strongly by patients struggling to navigate the medical and legal systems.

2 Even in surveys of the general public, the percent of adults reporting that they have avoided or delayed medical care in the prior year due to costs
ranges from 25% to 64% [Lunna Lopes, Alex Montero, Marley Presiado, & Liz Hamel, Americans’Challenges with Health Care Costs, KAISER
FAMILY FOUNDATION (Mar. 1,2024), https://www.kff.org/health-costs/issue-brief/americans-challenges-with-health-care-costs/; Megan
Brenan, Record High in U.S. Put Off Medical Care Due to Cost in 2022, GALLUP (Jan. 17,2023), https://news.gallup.com/poll/468053/record-
high-put-off-medical-care-due-cost-2022.aspx; Collins (end note viii.); Ann Waller Curtis, New Care Payment Research Shows Americans Can’t
Afford Their Medical Bills, BUSINESSWIRE (Feb. 14,2018)].
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said they received a lower credit rating, which can negatively impact getting a loan or a job. A single medical
bill can create a cycle that hinders the ability to take care of oneself and one’s family, stay healthy, maintain

a stable income or pursue education or a higher-paying job, and ultimately be able to pay off debt.

Exacerbating the effects of medical debt are the disparities among lawsuits, judgments, and garnishments
for those who are younger, Black, Latin/Hispanic, of low income, and located in the southern U.S.* These
groups are more likely to have medical debt and to experience a greater frequency of lawsuits and wage
garnishments. Waldman and Kiel reported medical debt plaintiffs sued defendants in majority-Black
Census tracts over, on average, four times the rate they sued in majority-white tracts.™ In 2020, the
Consumer Financial Protection Bureau found that “the mean medical debt in the lowest-income zip code
decile in the U.S. was $677—more than five times higher than the mean medical debt in the highest-income
zip code decile, which was $126.” If a lawsuit results in wage garnishment, the extent to which wage
garnishments can affect low-income earners is particularly extreme. There are accounts of paychecks, after

garnishment and other deductions, totaling less than a dollar for over 60 hours of work.™

Some research suggests that being insured may not make a significant difference in medical debt. Studies
following Medicaid expansion in 2014 showed reductions in medical debt in collections and new debt listed
on credit reports while other types of debt remained similar between expansion and non-expansion states.™
Himmelstein et al., however, found no difference in rates of bankruptcy due to medical debt between
expansion and non-expansion states.™ Their analysis could indicate that Medicaid expansion is insufficient
to address how medical debt intersects with the insurance gap. This may be due to debt from out-of-network
providers or services not fully covered under an insurance plan.™ High-deductible health plans (HDHPs)
may also be a cause, as they can force patients into paying thousands of dollars in deductibles (as high as
$7,900 in 2019) before their insurance starts covering costs.™ * More research is warranted to make strong

claims about how Medicaid expansion and being insured affect medical debt.

3 HDHPs been on the rise for several years (Cohen (end note xx.)). Even a hospital executive cited high deductibles as cause for reconsidering their

hospital’s payment policies (Jay Hancock & Elizabeth Lucas, VCU Health Will Halt Patient Lawsuits, Boost Aid in Wake of KHN Investigation,
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Il. Hurdles to Court Debt Collection Research

Researching medical debt in court cases is difficult due to a lack of available data and challenges in
identifying medical debt cases from among the court data that are available. State and local court data are
infamously unavailable for research.® Civil court data availability is more limited than criminal data and,
within that narrowed subset, medical debt data are yet scarcer. Medical debt data face the limitations of the
civil justice data they are a part of, as well as further complications. Civil justice data are lacking because
there are important aspects of civil justice where records are not kept. Courts often do not record
information such as demographics of parties or the origin of the debt. Conducting medical debt reform is
also hampered by the lack of standardized and clear policies for health care institutions to offer financial
assistance, communicate with patients who have medical bills, and collect debt. Difterent locales, sometimes
even across hospitals in the same city, implement vastly different financial assistance, billing, and debt
collection practices. Members of the American Hospital Association follow Internal Revenue Service
guidelines, but the guidelines only require that hospitals have a financial assistance policy and that they
make “reasonable efforts” to identify a patient’s eligibility for assistance before they start debt collections.™"

Because federal medical debt protections are ineffective, states can implement protections to fill the gap.

Two institutions have recently released comprehensive resources that make it easier to review medical debt
policies in the United States. The Commonwealth Fund report reviews the federal and state protection
standards.*" They also created a supplemental interactive map that provides a state-by-state bulleted listing
of what policies are in place for five categories: financial assistance standards, community benefit
requirements, billing and collections, lawsuits, and reporting requirements.*” While The Commonwealth
Fund laid out what currently exists, Innovation for Justice uses their Medical Debt Policy Scorecard to assess

current policies against what they hope to achieve.™ They assigned each state a ranking based on the extent

KFF HEALTH NEWS (Oct. 9, 2019), https://kfthealthnews.org/news/vcu-health-will-halt-patient-lawsuits-boost-aid-in-wake-of-khn-
investigation/). In 2006 close to half of employer-sponsored health plans had a deductible, but in 2019 over 80% had a deductible (Kaiser Family
Foundation, 2019 Employer Health Benefits Survey, § 7 Employee Cost Sharing, KAISER FAMILY FOUNDATION (Sept. 25, 2019), available at
https://www.kff.org/report-section/ehbs-2019-section-7-employee-cost-sharing/). The average deductible amount also increased in 2019, to over
$1600, almost triple what it was in 2006. Unfortunately, HDHPs are also more common among lower-income workers because the plans are less

costly for employers to provide.
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to which a state meets a policy idea intended to advance a medical debt objective. For example, one objective
is to “reduce the negative consequences for debtors after court”, and implementing a policy to deny seizures
of bank accounts would contribute towards achieving that objective. If a state does not have a policy
addressing that, then they receive no points. Both of these scorecards provide a picture of each state’s policies

but are unable to show the effects of those policies on the ground.

'The research which would show effects of policy changes seems to be dominated by investigative journalism
and reports published by think-tanks or non-profits rather than peer-reviewed research studies.
Additionally, not all of these reports and journalistic articles provide detailed methodology. From the reports
that include their methods, it is clear that court case data lack the array of variables that would enable greater
depth of research. Much of the peer-reviewed research using court data focuses mostly on statistics
surrounding the number of lawsuits filed in a certain geography, the amount of debt under dispute, the
amount requested for garnishment, and what variables may contribute to disparities. Going beyond the
basic statistics would require courts to collect more information, change their methods of collection, or link

their data to other administrative datasets.

For researchers, civil justice data are both inaccessible and lacking. The data are inaccessible because, where
data exists, researchers cannot get at them. Courts keep records, but access to those records is often limited
by the rules of the court (including charging large fees for access) or the media in which they are stored
(such as paper records or antiquated electronic systems). Different data elements may have different
accessibility in the same jurisdiction, e.g., some case information may be stored digitally while other
information on the same case is stored in paper records. Courts also vary in what variables they collect in
their documentation, often missing data that would provide greater understanding of how individuals
experience medical debt in the court system. Cooper et al. were able to get “information on the plaintiffs
and defendants, the filing date, the filing county, the court’s decision, the judgment amount, and the court
fees”, but the court data lacked information on defendant race/ethnicity and whether an individual lawsuit
was related to unpaid medical bills or another issue with the hospital ™ Ericson and Gross were able to
collect the case filing date, hospital suit filing date, and the complaint amount from Maryland court case
data.*" But because Maryland court data does not provide information on hospital collection rates, hospital

contracts with attorneys, administrative costs, or revenue that hospitals received from each case, they had to
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estimate net revenue based on the complaint amounts. When that information is not recorded, it does not
exist in the data. Minnesota case files contain the original amount in controversy, original creditor name,
default judgment disposition, writ of execution, fines, and fees. ™" However, the Minnesota State Bar
Association Access to Justice Committee had to impute demographic information (e.g., race, ethnicity, and
income) based on names and addresses because the civil courts do not collect demographic data. The type
of debt is also not recorded in court documents; for the Committee to identify medical debt cases, they had
to hand-review documents and classify the debt based on the original creditor. If researchers wish to explore
garnishments or satisfaction of debts in Minnesota, they will find the court data insufficient. The
garnishment process takes place outside of the court; rather the plaintiff’s attorney has the duty of serving
garnishment summons and does not have to file any record of it with the court. If a consumer decides to
object to the garnishment, that paperwork also is sent to the plaintiff’s team and not the court. When partial
or full debt payments are made, reporting on satisfaction happens in less than half of debt lawsuits in
Minnesota. This can extend negative consequences for consumers’ credit because there is no filing in court
records that documents their debt payment. This data gap in debt case outcomes also limits what research

can be done and how much evidence is built to inform new court policies.

'These two issues can also overlap. For example, key information such as the amount in controversy in a case
may only be recorded in the plaintiff’s pleading (the document filed to start the case) or in the judgment. In
some jurisdictions, these documents may be accessed only by court employees and not outside researchers.
When they are available to external parties, the data may be only available in pdfs or paper documents at

the court and, thus, not machine-readable for data purposes.

Researchers for the Community Foundation of Greater Chattanooga were able to obtain case filing dates,
case types, party names, defendant addresses, judgment amounts, and other details about service and
garnishments from docket data via Tennessee Case Finder.®™ However, they had to hand-review court
documents to get original claim amounts, requests for attorney’s fees and post-judgment interest, and
identities of original creditors in debt buyer cases. Another limitation in the Tennessee court files was the
lack of details on whether the Civil Summons and other documentation were properly served to the correct
person. Proper service is necessary for the defendant because the documentation notifies them of the lawsuit

and the date, time, and location of the hearing. Improper service means that people may not even know
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there is a case against them until after garnishment has started or a lien has been placed on their property.
Other states require officials to document the service method in greater detail, which can provide researchers
with more insight into what is actually happening in the litigation process. Moreover, the documentation
in Hamilton County sometimes provided very limited information on the actual lawsuit-only identifying
the debt collector’s name and the debt amount—which is unhelpful for the consumer to verify basic
information on the case, such as the origin of the debt, whether the amount is correct, or if they actually

owe anything at all.

States like North Carolina and Texas require debt collectors or buyers to provide proof of the validity of the
debt, providing protection for consumers and an extra barrier to wasting time and resources of the court. In
states like Minnesota that allow hip pocket filing, plaintiffs can serve consumers but do not need to provide
proof that the debt is valid.® Only when a judgment occurs (either after the consumer responds or starting
21 days later with no response from the consumer) will the court issue a case number or require proof of
valid debt. Moreover, proof of validity is only required from debt buyers in Minnesota, and those documents

do not have to be provided to the consumer.

As medical debt cases are a subset of civil justice cases, the same barriers to access apply, and they are also
inaccessible and lacking. However, even if those data-specific hurdles are overcome and access to civil justice
cases is possible, researching medical debt cases is often extremely difficult because it is challenging to

determine which of those civil court cases are medical debt cases.

Medical debt collection cases are rarely categorized as such in court data available to researchers. In our
survey of court data made freely available for researchers by courts, only two states categorized medical debt
cases at all: Arkansas and Connecticut. Arkansas uses a case type category tag for consumer debt that arises
from medical expenses.™ Connecticut’s categorization is more limited, as they label small claims debt
collection (with separate categories for medical debt arising from a hospital vs. non-hospital source), but
only small claims cases and not larger suits.™ Instead, they have a larger catch-all category for all
collections. Although having some degree of categorization is valuable for these states, research into their

medical debt cases is still hampered by the general difficulties of researching civil court data.
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The other 48 states (and the District of Columbia) lack medical debt categorization of their researcher-
accessible court case data. These states may have internal medical debt case categories, but these are not
accessible for outside researchers. Even if there are states that may be open to providing those data to
external researchers, it is difficult to target those states for research without extensive prior discussion with

individual states.

Without official categorization, identification by researchers of which cases are medical debt collections is

a vital step to understanding the extent of medical debt collection occurring in America’s courts.
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lll. Methods for Identifying Medical Debt

Once access and authorization to research court data has been secured, a method of identifying which
records in that court data are medical debt (med debt) collection is required. Focusing on efficient methods
of string-based identification, we examined how different methods, focused on examining plaintift names,
performed when run on a verified dataset of med debt cases. Then, we ran those same methods on a larger
dataset of debt cases, which included both med debt and other potential case types, and evaluated the
methods on both number of records identified and accuracy. Several of the methods we looked at have been
used previously in various settings to identify either med debt or debt cases as a whole. We also developed
and examined a novel method, in conjunction with our physician collaborator, which focused on using
subject matter medical knowledge to identify likely plaintiff names. The results of our case study indicate
that this novel method was more successful than previously used methods at identifying med debt cases for
the tested dataset (Connecticut court cases), and employing similar methods to this physician consultation

method may prove fruitful for low-overhead court med debt identification in the future.

For many researchers, especially those with a background in policy instead of data, it is also important that
this method have computation and labor efhiciency. With that in mind, our research into identifying medical
debt from court records focused on methods which do not require advanced computing power or specialized
infrastructure aside from basic statistical programing tools. Researchers familiar with handling data in the
Python or R programming languages should be able to employ these methods on a cloud computing
platform such as the Civil Justice Data Commons or even a personal computer with appropriate batching
for large datasets. The methods here are less complex and promise less revolutionary results than techniques
such as Probabilistic Soft Logic or Topic Modeling, but they are more accessible for more research with

sparser data, which we see as a valuable feature in med debt identification.*

# Variations and precursors to the methods used here, as well as more complex methods of identification, were highlighted at the Civil Justice
Data Commons Clustering & Classifying Methods Convening in September 2022 [ James Carey, Convening of Civil Justice Experts on How to
Cluster Data, CJDC BLOG (Nov. 11, 2022), https://www.law.georgetown.edu/tech-institute/initiatives/georgetown-justice-lab/civil-justice-data-
commons/cjde-blog/convening-of-civil-justice-experts-on-data-clustering/]. These included a Georgetown and University of Southern California
collaboration on a Probabilistic Soft Logic method, which utilized the computing power of USC’s Information Sciences Institute [ Yixiang Yao,
Weizhao Jin, Srivatsan Ravi, Labeling without Seeing? Blind Annotation for Privacy-Preserving Entity Resolution, arXiv:2308.03734 (Aug. 7,
2023), https://doi.org/10.48550/arXiv.2308.03734].
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For each of these plaintiff name-based string identification methods, a matching algorithm was used to
compare a set of strings to plaintiff names in the court case data.” The major difference between the different

methods is how that set of strings was derived. Those methods are described below.

For this research, we used two different matching algorithms to attempt med debt identification. The first
is a simple substring-based search.® In this algorithm, the method’s set of strings is compared to all
substrings in the potentially matching plaintift name. If there was a match found, the case record is marked
as identified. The second algorithm is a fuzzy matching algorithm based on Levenshtein distance, where a
similar substring comparison occurs but the algorithm allows for the possibility of changes in the string,
including substitution, insertion, or deletion of characters. This results in fuzzy matches, which do not have
to match the searching string exactly and can allow for typos or other differences in how a string is recorded.
In our case study, a similarity to the search string of 95% was required. This threshold is standard in fuzzy
matching, though future research could experiment with different thresholds, or indeed fuzzy matching
based on distances other than Levenshtein. These two algorithms are referred to as “simple” and “fuzzy”

below.

The Methods

Physician Consultation Method
Our novel method of plaintiff name-based identification focuses on a set of strings derived through an

iterative process with the help of a subject matter expert, physician Dr. Fatu S. Conteh. This process focused
on court records from Oklahoma and built upon concepts used by Open Justice Oklahoma for their own
med debt identification.” Dr. Conteh worked in conjunction with Massive Data Institute data science
experts to iterate on R code which developed and tested this set of strings on the Civil Justice Data

Commons’ Oklahoma Datasets. ™ These iterations, which took place in conjunction with a series of

5 In programming and data science, “strings” refers to strings of text characters, which could form parts of words, word themselves, or collections
of words.

¢ A “substring” is a subset of the text characters in a string.

7 Open Justice Oklahoma presented on these methods at the Civil Justice Data Commons Clustering & Classifying Methods Convening (see
footnote 4.) and have made their R code for the process publicly accessible [medical-debt Repository, Open Justice Oklahoma Github,

https:/github.com/openjusticeok/medical-debt (last accessed Apr. 10,2024)].
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monthly consultations and joint programming work, were done on expanding sets of data and incorporated
specific strings that, based on the Physician’s expert knowledge, were likely to include med debt. The
resulting set of strings included terms which are substrings of common organization names that med debt
cases may be filed under but were honed to maximize matches while minimizing false identification.
Examination of the identified cases in each iteration also resulted in the determination of which cases were
being falsely identified. The set of strings was pruned to minimize these cases, and an ‘excluded’set of strings
was also created. The matching algorithm takes this excluded set of strings and excludes any resulting
matches from being marked as med debt. The sets of strings created by this process were then exported to

be used with matching with other datasets, as we did in this case study.

Machine Learning Generated Terms Method
Researchers at the University of Guelph have worked in the Civil Justice Data Commons to conduct similar

plaintiff name-based medical debt identification based not on the input of a subject matter expert but
instead machine learning.*" 8 Their work involved running machine learning Natural Language Processing
algorithms on known med debt cases to identify common substrings in them, which were then used as
signifiers for med debt in other data. Like our physician consultation method, this machine learning (“ML”)
method was initially developed using data from the Civil Justice Data Commons’ repository of Oklahoma
court data. Like our physician consultation method, an ‘excluded’ set of strings was also developed, to help
prevent false matches. The sets of strings that were identified by machine learning were then exported to be
used with string matching algorithms. Although the sets of strings were generated by machine learning,
there is no active machine learning iteration involved in their use. This lowers the technical and
computational overhead of their use, but it also means this method is less adaptable than active Natural

Language Processing run directly on a target court dataset.

Manual Review of Top Cases Method
One especially low-overhead, though potentially labor-intensive, method of identifying medical debt

plaintiffs is through manual review. January Advisors, data science consultants who frequently work on court

data, used this method in their work on consumer debt in Michigan.* They identified which plaintiffs

8 Eric Sartor and Julia Hohenadel from the University of Guelph worked on this method, which was also presented on at the Civil Justice Data

Commons Clustering & Classifying Methods Convening (see footnote 4.).
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were most likely to be the source of consumer debt by conducting a manual review of the top 100 filers of

civil cases, flagging those that appeared to be collecting on consumer debt.

For our plaintiff name-based identification of med debt, we used a similar process as this method. We
reviewed the top 100 and top 1000 filers of our civil cases for the target jurisdiction (Connecticut civil cases
for our case study). This manual review identified the names of the plaintiffs who were filing the greatest
number of cases and, based on manual review by our researchers, high volumes of cases were filing medical
debt collections among the frequent-filer plaintiffs. Those manually identified plaintiff names were then
used as a set of strings for matching. As might be expected, these strings were less pruned and honed than
those found during other methods, as they were directly taken from the plaintift names in the case records.
However, they do have the advantage of capturing plaintiffs with names that do not appear to be medical
organizations based on their face, but local knowledge gained from examining cases indicate that they are
in fact a medical organization filing med debt claims. An example of this would be a plaintiff called Local
Hospital Network which filed cases under the name “LHN.” The manual review for this method took several
hours of focused legal research, which would be the same for every new jurisdiction it is performed on, but
had lower overhead than the months of physician-based consultation in our novel method. For this method,

there were no excluded sets of strings.

CMS Facility Names Method
Finally, we used records of medical facility names provided to the public by the Centers for Medicare &

Medicaid Services as a set of strings, narrowed to fit our target jurisdiction.™" This method uses CMS’s
register of hospital facilities similar to the way the manual review method uses top plaintiff names. The
downside of this method is that the names that facilities register with Medicare may not match with the
name they use when filing a med debt claim. However, it has the benefit of being an authoritative list that
includes many facilities which may not be in the top 100 or top 1000 filers of civil cases by volume in a
jurisdiction. Future research could explore the CMS Medicare register as a resource, going beyond hospital
facilities and also including individual providers, though research would be required to ensure overmatching

is pruned. For this method, there were no excluded sets of strings.
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Case Study®

For this report, our case study was Connecticut court data in the Civil Justice Data Commons. As
mentioned above, Connecticut is one of the few states that has any researcher-accessible data, which
includes a case type for medical debt. This made it an ideal dataset to test different identification methods,
as they could be compared against this verified subset. However, Connecticut only has a med debt case type
for small claims, i.e., cases under an amount in demand of $5,000.° This means there is also a wider range
of possible cases that are med debt collection but categorized as other debt case types because their amount
in demands exceeds the threshold for small claims. We used the methods detailed above to attempt to

identify these additional cases, once they had been tested against the verified medical debt.

For each method, we ran the set of strings with both the simple algorithm and fuzzy algorithm. For those
methods which included a set of excluded strings, we ran fuzzy matching both with and without these set
of strings. Some of the excluded strings were derived with the intent of preventing matches of strings that
are close to the included strings but do not represent medical debt. When these are used with the fuzzy
matching, in some cases they may be too close to the included set of strings and, thus, result in missing

accurate identifications.

Figure 1 shows the number of case records identified using each method/algorithm combination when ran
only on the verified medical debt cases, based on case type. The novel physician consultation method, when
combined with fuzzy matching, identified the greatest number of cases at 80%. This, alongside the method
used with the other algorithms, shows a marked increase in cases identified over the other methods. The
Machine Learning-based method identified around a third of all cases when used with fuzzy matching, and

other methods did less well.

?'The code used in this case study is available at on the Civil Justice Data Commons GitHub at

https://github.com/Civil-Justice-Data-Commons/Case_Studies_in_Medical Debt_Identification/.
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Verified Med Debt Identified

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Phys. Simple 21,313 Cases, 71%

Phys. Fuzzy Excl.

Phys. Fuzzy No Excl. 24,215 Cases, 80%
ML Simple 17,038 Cases, 57%

ML Fuzzy Excl.
ML Fuzzy No Excl. 19,686, 65%
Manual 100 Simple 5,875, 19%
Manual 100 Fuzzy 5,875, 19%

Manual 1000 Simple 15,576, 52%
Manual 1000 Fuzzy 15,633, 52%
CMS Simple 11,368, 38%

CMS Fuzzy

CT Med Debt Verified 30,138, 100%

Figure 1: Verified Med Debt Identified

Table 1, included at the end of this report, included details on all overlaps between identified records.
From this table, it can be seen that there is a significant overlap between all other methods and the cases
captured by the physician consultation method. This indicates that the method is capturing most of the
cases the other methods are, in addition to cases that they are not. However, there is an approximate 15%
subset of cases which the machine learning methods identify but the physician consultation method does

not.

Figure 2 shows the number of verified cases each method identified, separated by year. The Connecticut
dataset is not of constant size year-over-year and is less complete for some time periods, so this figure

should not be taken to indicate that there are no med debt cases in the early 2000s. What it does show,
however, is that general trends in case numbers are consistently reflected across the methods, even if the

magnitude of cases is not.

In the Connecticut case data, small claims cases include the amount demanded (which is always less than

$5,000 for small claims). Using this data element, we can examine the average dollar value of the cases
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each method identified. Figure 3 shows this examination. Based on this data, it appears that most methods
slightly overestimate the average dollar amount. This indicates that plaintiffs with names that are more
recognizable as medical organizations may be filing high dollar value claims. Once again, the physician
consultation method combined with fuzzy matching gets closest to the actual average from verified cases.
However, all methods have their average clustered close to $1,500, their Q1 close to $1,000, and their Q3
close to $2,500. For a rough approximation of the average value of claims, even the least accurate methods
may suffice. This contrasts with estimating the overall number of med debt cases, where methods such as

the Manual Top 100 fail to capture close to the current number of cases.

Verified Med Debt Identified Cases per Year
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Figure 2: Verified Med Debt Identified Cases per Year
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Figure 3: Verified Med Debt Amount Demanded

In addition to running the methods on the subset of cases which were verified med debt based on case
type, we also ran them on a larger set of civil cases that could possibly be medical debt. The first narrowing
step was to limit cases to those coded with a case type which could possibly contain medical debt
collection, including the broader Collections case type and cases which had been transferred from Small

Claims to the broader civil court.

Figure 4 shows the total number of cases identified from this dataset that includes all the possible
locations of med debt of any dollar amount. The general ratios of cases identified between the different
methods are fairly consistent with those when the methods were run against only verified med debt
records. Likewise, Figure 5 indicates that the year-over-year matches closely to that of the verified med
debt cases. More years are included as the Civil Justice Data Commons has case records for years further

in the past for non-small-claims cases.
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Table 2, at the end of this report, likewise shows that the overlap percentages between identified records
are similar. Once again, the physician consultation method combined with fuzzy matching seems to

produce the greatest number of identified records.

However, this may be due to incorrectly identified records. To account for this, we conducted a manual
review of cases records identified to estimate the accuracy of each method. Figure 6 shows the results of
this manual review. For each method and algorithm combination, we performed 10 samples of 100 records
each and conducted manual review on the identified cases to verify if they were med debt or not. Overall,
every method is largely accurate. Although the physician consultation method with fuzzy matching is less
accurate than some of the other methods, it still averages over 97% accuracy in its case identification.
Surprisingly, this review also indicates that the use of excluded sets of strings may not result in a

meaningful accuracy increase.
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Figure 4: Total Cases Identified
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Takeaways and Further Research

Our case study indicates that our physician consultation method shows promise for identifying medical
debt collection cases with a low overhead for new jurisdictions, as it functioned well on Connecticut court
data after being developed using Oklahoma data. The method of employing machine learning-derived sets
of strings also shows potential, though in this case it underperformed the physician consultation method.
Additionally, the matching algorithm used does make a non-trivial difference, with fuzzy matching

consistently performing better than simple string matching.

However, none of the methods were perfect, and even in the best case only found 80% of verified med debt
cases. This shows both how messy and difficult to parse court data can be, as well as why researcher med
debt identification is currently not a substitute for improvements in court data, particularly more complete
case categorization around medical debt. Without greater advances, we can only see a fraction of the picture
of med debt in America’s courts, and study of the medical debt collections crisis cannot be complete. Novel
methods of case identification by researchers, though, may help fill in the blanks, so long as those researchers
have access to court data through programs such as the Civil Justice Data Commons and through courts

opening their data to outside research.
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