
Dismissal with Prejudice? Race and Politics in Personal

Bankruptcy�

Sumit Agarwaly Souphala Chomsisengphetz Robert McMenaminx

Paige Marta Skiba{ k

June 16, 2010

�We would like to thank the PhD Program in Law and Economics at Vanderbilt University for �nancial support.
Susan Carter and Crystal Cun provided outstanding research assistance. We would also like to thank Gene Amromin,
Gadi Barlevy, Marianne Bertrand, Chau Do, Tracey George, Richard Hynes, Erik Hurst, Joni Hersch, Bob Lawless,
Rob Mikos, Don Morgan, Derek Neal, Erin O�Hara, James Orr, Joe Peek, Rich Rosen, Mel Stephens, Kip Viscusi,
Michelle White and audiences at the 2010 American Economics Association Meetings, American Law and Economics
Annual Meeting, University of Chicago, ISB, System Applied Micro Conference, DePaul University, and New York
University for helpful comments and suggestions. The views in this paper do not necessarily re�ect those of the
Federal Reserve System, the Federal Reserve Bank of Chicago, or the O¢ ce of the Comptroller of the Currency.

yFederal Reserve Bank of Chicago
zO¢ ce of the Comptroller of the Currency
xFederal Reserve Bank of Chicago
{Vanderbilt University
kCorresponding author: paige.skiba@vanderbilt.edu.



Abstract

We exploit the random assignment of judges in personal bankruptcy proceedings to test whether

race and politics bias judges granting debt discharges in chapter 13 (reorganization) and chapter 7

(liquidation) bankruptcy proceedings. To do so, we have collected a random sample of 9,526 bank-

ruptcy petitions. As race is not reported on court documents directly, we use information on name

and zip code to calculate a Bayesian-likelihood estimate of individual debtors�race. Controlling for

debtors�demographics and �nancial situation, results show that white judges are 21% more likely

to dismiss the chapter 13 petition of an African American debtor relative to a white debtor. In

chapter 13, judges have the most discretion and debtors actually appear in front of the judge at

a con�rmation hearing. We do not �nd signi�cant e¤ects for chapter 7 cases. Bankruptcy judges

who were appointed by a Republican president are less debtor�friendly than those appointed by a

Democrat.

JEL Codes: J71 (Discrimination), K35 (Personal Bankruptcy Law), D12 (Consumer Economics:

Empirical Analysis), D14 (Personal Finance), G21 (Banks; Other Depository Institutions; Micro Finance

Institutions; Mortgages)

Keywords: Personal Bankruptcy, Household Finance, Judges, Discrimination, Law and Economics



1 Introduction

The purpose of the US Bankruptcy Code is to give �nancially distressed consumers a �fresh start,�

allowing them to maintain enough assets to avoid subsequent penury. The Code also provides

complex guidelines for how and which debts are dischargeable, who can �le, and when. Inherent

in such an involved set of rules are imbedded strategic incentives and signi�cant discretion in use,

interpretation and implementation of the Code.

Crafters of the modern bankruptcy system have had to consider exactly this, weighing the

balance of rights and incentives of debtors against those of interested parties (lawyers, trustees,

creditors, and judges to name a few). For example, debates surrounding reforms in 1978, which

rang in the modern era of bankruptcy law, revolved around lawmakers worrying about how much

power judges should have and to what extent incentives or biases may creep into their decision-

making. Our paper focuses narrowly on this �creep:�the extent to which two such factors, political

leaning and racial bias, play a role in the interaction of debtors and judges.

Using a unique random sample of 9,526 hand-collected, detailed bankruptcy petitions �led by

debtors under chapters 7 (liquidation) and 13 (reorganization) we investigate the extent to which

judges�decisions to allow a debtor to discharge debt are a¤ected by the race of the debtor and the

political a¢ liation of the judge. We are able to avoid the usual omitted-variables biases plaguing

empirical studies on racial bias by exploiting the fact that bankruptcy judges are assigned to cases

randomly, a fact we document empirically in Section 3.4.

We �nd that white judges are 21% more likely to dismiss the chapter 13 petitions of African

American debtors relative to white debtors and that bankruptcy judges who were appointed by a

Republican president are less debtor�friendly than those appointed by a Democrat. These results

are intuitive to us because judges have the most discretion in chapter 13 relative to 7, and debtors

appear in front of the judge at a hearing in chapter 13 but almost never in chapter 7, thus making

race salient in some cases and not others. Estimates are robust to controlling for judge �xed e¤ects,

time �xed e¤ects, and state �xed e¤ects. Though we cannot take a de�nitive stance on the cause

of apparent racial disparity in dismissals, we explore several channels in Section 7 and attempt to

test between statistical- and taste-based discrimination. (See Aigner and Cain, 1977 for a review.)

Bankruptcy petitions do not explicitly include information on race, nor can we directly observe

judges�political a¢ liation because bankruptcy judges have not been political appointees since 1984.

Thus we employ two new methodologies to estimate these demographic characteristics. First, we
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use Bayes�Theorem to estimate �race likelihoods�of debtors (as in Elliott et al., 2009). In short,

we calculate the probability that a debtor is of a speci�c race by combining �rst name, last name,

and zip code to obtain varying con�dence levels with which we can predict race. Our method is

derivative of Bertrand and Mullainathan�s (2004) use of �African American sounding names�and

�white-sounding names�on �ctitious job applicants�resumes to study racial discrimination in labor

markets. Results are robust to varying certainty of race from 50% up to 90% as well as coding race

as a continuous variable. This methodology is described in more detail in Section 3.2.2.

We proxy for political a¢ liation of bankruptcy judges by the political a¢ liation of their ap-

pointer. Prior to 1984, bankruptcy judges were appointed by the president. Since 1984, committees

of court of appeals judges appoint bankruptcy judges. We code a judge as a Democrat (Republi-

can) if they were appointed by a Democrat (Republican) president or majority Democrat (Republic)

committee of appeals court judges.

Our race results contribute to the vast literature documenting the role of race in economic

settings. Given the depth of economics research alone on discrimination, just a sliver of which we

document here, we were surprised to �nd that our paper appears to be the �rst to document racial

bias in personal bankruptcy proceedings. Racial discrimination has been documented extensively

in labor markets (Bertrand and Mullainathan, 2004; Altonji and Blank, 1999), credit markets

(Agarwal, Anwar, and Stephens, 2009; Munnell et al., 1996; Pope and Sydnor, 2009), sporting

events (Price and Wolfers, forthcoming) and �scal stimulus funds in the aftermath of the current

�nancial crisis (Mian, Su�, and Trebbi, 2009). Moreover, numerous studies have tackled the speci�c

issue of whether judges and juries are neutral with respect to race, typically in criminal law contexts,

with the consensus that they are not. For example, Abrams, Bertrand, and Mullainathan (2009)

use the random assignment of judges to criminal cases from Cook County, IL and �nd a substantial

white-African American gap in incarceration rates. Ayres and Waldfogel (1994) use assumptions

about competitive pricing in the bail bonds�market and �nd that judges set �seemingly unjusti�ed

high levels� of bail for minority defendants. Anwar, Bayer and Hjalmarsson (2010) look at the

racial composition of juries to identify di¤erences in convictions of white and African American

defendants in the Florida criminal court. In light of the overwhelming evidence in the criminal

context, and armed with the intuition that bankruptcy judges may not be particularly di¤erent

than criminal judges, our paper �lls a gap in an important consumer context.

To place our interest in bankruptcy judges�decision-making in context, it is useful to look back at
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the debates resulting in the modern bankruptcy landscape. These debates motivate our hypothesis

that race and, especially, politics may a¤ect judges�decision-making in bankruptcy, just as in other

contexts. Debates leading up to the 1978 reform focused intensely on the importance of potential

political bias entering the bankruptcy process (see Posner, 1997 for an excellent review). Many

changes were being considered, including increases in power and status of bankruptcy judges and

changes to judges�appointment processes and their tenure. Those weighing in shared the intuition

that political leanings of judges must be considered in the reforms, especially when deciding how

bankruptcy judges are to be appointed� should the president appoint bankruptcy judges, or should

a panel of judges elect bankruptcy judges? Attorney General Gri¢ n Bell, for example, succinctly

described worries regarding the possibilities of bankruptcy judges becoming political appointees

like other types of federal judges: �[S]ome judges are Democrats and some are Republicans.�1 Most

recently, however, the 2005 Bankruptcy Abuse Prevention and Consumer Protection Act, a major

overhaul largely considered a boon for creditors�interests, took discretion away from judges.

In sum, all of these reforms turned on how use and implementation of the system may be

biased due to political persuasion or incentives written into the laws, which, for example, could

tip bankruptcy judges (intentionally or unintentionally) in favor of one interest group or another.

Despite all of these concerns about bias in decision-making, our paper is the �rst to explore these

issues explicitly.2

The rest of the paper is organized as follows. Section 2 provides a brief outline of US consumer

bankruptcy law, the role of judges, and �lers�incentives. Section 3 discusses the data and Section

4 the empirical strategy. Section 5 describes the results and Section 6 robustness checks. Section

7 provides interpretation of the result and Section 8 concludes.

2 Background

2.1 US Personal Bankruptcy Law

When �nancially distressed individuals are unable to maintain their debt obligations in the face

of negative adverse shocks, e.g., illness, job loss, divorce (see, for example, Sullivan et al., 2003),

1Hearing on H.R. 8200 Before the Subcommittee on Civil and Constitutional Rights of the House Committee on
the Judiciary, 95th Congress (1977).

2For an experimental approach to studying judges� behavioral heuristics biases, see Rachlinski, Guthrie and
Wistrich (2006, 2007).
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they can �le for bankruptcy, which is intended to provide a �fresh start� to people in the face of

such distress. The law provides a complex set of remedies in which an individual can resolve her

debt when her default option is �in-the-money,�i.e., her liabilities are greater than her assets. (See

White 2007a for a more detailed discussion.)

Federal and state laws determine how much of an individual�s assets must be used to pay

o¤ the debt and how the assets should be divided among the various creditors. In an economic

sense, bankruptcy law provides partial �consumption insurance.� Speci�cally, in the absence of

bankruptcy protection, a household facing �nancial distress may su¤er a long-term consumption

drop. This could lead them, in turn, to becoming homeless3, turning to crime, or to a worsening

of medical or marital problems, all of which could result in negative externalities on the immediate

family and the society in general. Bankruptcy law, therefore, is meant to allow an individual to

keep some of her current wealth and future income, regardless of her current debt obligation. There

are two ways in which this can be achieved, as we describe below.

2.2 Chapter 7 vs. 13

The Bankruptcy Code provides two alternative procedures for individuals �ling for bankruptcy,

laid out in chapter 7 and chapter 13. Bankruptcy proceedings under either chapter determine both

the amount a debtor is required to repay and the distribution of the repayment across creditors.

In chapter 7 bankruptcy, also known as �liquidation,� all non-exempt assets are liquidated and

distributed to creditors using the �absolute priority� rule, under which creditors are ranked and

each creditor is paid in full before a lower priority creditor receives anything. Secured debt, however,

is handled di¤erently. The debtor has an option of continuing on the payment schedule in order to

avoiding losing the collateralized asset to liquidation. Most unsecured debts are discharged. Under

chapter 13 bankruptcy, the individual keeps her assets but is obliged to draft a plan to pay o¤ all

creditors in agreed-upon amounts in 3-5 years. The amount to be paid o¤ to creditors must be no

less than would have been paid if the debtor had �led under chapter 7. Such a payment plan must

be approved by a bankruptcy judge. When (and if) the repayment obligation is completed, the

remainder of the debt is discharged.

When deciding whether to �le and under which chapter to �le, debtors typically meet with a

3For more on the link between housing, home foreclosure and bankruptcy, see Li and Carroll, 2008; Li and White,
2009 and Mann and Mann, 2010.
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bankruptcy lawyer.4,5 The most common reason for �ling under chapter 13 is to save secured debt,

typically one�s home.6 Under chapter 13, consumers propose a repayment plan to the judge to

pay o¤ a fraction of their secured debt. They are allowed to keep their home even if they are in

signi�cant arrears. Filers who do not complete their plans (the vast majority, in fact) can convert

to chapter 7, which allows consumers to discharge most of their debt. Debtors may �le for chapter 7

or 13 to save their house from repossession because of an automatic stay provision which prohibits

creditors from demanding payments or contacting the debtor while in bankruptcy. Commencement

of bankruptcy paperwork leads to this injunction prohibiting creditors from repossessing property

or foreclosing on a home. Thus, people may begin the paperwork with the sole intention of gaining

a stay against creditors.7

We are particularly interested in the distinction between chapter 7 and 13 as it pertains to

the interactions between the judge and the debtor. Unlike chapter 13, chapter 7 �lers almost

never appear in front of a bankruptcy judge and nearly all petitions are approved. If they are not

approved, it is typically because the debtor did not complete the required paperwork. Chapter

13 �lers must appear in front of the bankruptcy judge at a con�rmation hearing at which their

repayment plan is approved or dismissed by the judge. This is generally the only time debtors

appear before the judge. Chapter 13 �lings can later be dismissed if debtors fail to make the

payments prescribed by their repayment plan.

In sum, there is substantial discretion in chapter 13 bankruptcy proceedings. Braucher (1993)

put it succinctly: �Chapter 13 trustees and judges can and do administer the law in ways that

create incentives and disincentives not apparent in the Bankruptcy Code and or reported in court

4Debtors can �le without an attorney but most do not.
5Lefgren et al. (2009) and McIntyre et al. (2010) both explore the issue of how unsophisticated households

navigate the bankruptcy process by modeling both chapter choice among consumers and bankruptcy lawyers�strategic
incentives. They show that lawyers��nancial interests are paramount in personal bankruptcy outcomes and that often
those interests are not in line with the debtor�s best interests. Legal fees are also quite important. To �le under
chapter 7, a debtor needs to make an up-front cash payment for all legal fees (often in the range of $1,000-$1,400);
meanwhile, in chapter 13, attorneys will accept modest up-front payments of only 20% of total fees before �ling
occurs. Because of the up-front costs, many people are directed into a chapter 13 �ling (as documented in Lefgren et
al., 2009) or wait to �le in anticipation of a tax return or in order to save enough money to start the process (Mann
and Porter, 2009).

6See also Eraslan, Li and Sarte, 2007 and Athreya, 2006 for nice reviews.
7After chapter choice, the next step in the bankruptcy process is a meeting with the trustee. Attorneys do not

know which trustee will be assigned until after they meet with their debtor. In chapter 7 cases, the main meeting
with the trustee is the �341 meeting� or �meeting of creditors,� but in fact, the 341 meeting is a meeting of the
trustee, debtor, and lawyer (no creditors actually attend). Lasting only a few minutes, the 341 is typically a pro
forma meeting where the parties sign paperwork.
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decisions.�Bankruptcy reform legislation in 2005 eliminated some but not all of this discretion.8

Unfortunately our dataset�s time span does not allow us to test the e¤ect reform had on racial bias.

Given the intricacies of the Bankruptcy Code, many recent studies have argued that debtors

who are knowledgeable about the legal incentives of these procedures can engage in an optimal

credit default and bankruptcy decision-making that maximizes their individual �nancial wealth.

While our paper is silent on issues of strategic bankruptcy, the number of papers documenting

this phenomenon are noteworthy. White (1998) and Fay, Hurst and White (2002) argue that if

a high-debt borrower knows about the enormous bene�ts from �ling for bankruptcy and can act

strategically in advance, she can realize larger �nancial bene�ts from �ling (also see Agarwal, Liu,

and Mielnicki, 2003; Ausubel and Dawsey, 2004 on this topic). Indeed, many states, most notably

Texas and Florida, provide substantial exemptions that allow debtors to keep a home in bank-

ruptcy with no limit on its value. Beyond strategic and consumption-insurance motives, a few

studies have explored how the decision to declare bankruptcy is a¤ected by credit-risk character-

istics, bank relationships and unexpected income such as lottery windfalls (Agarwal et al., 2009a;

Hankins, Hoekstra and Skiba, 2010). Strategic use of the personal bankruptcy system has regained

the attention of academics and policymakers most recently in light of the recent surge in mortgage

foreclosures and the subsequent �nancial crisis; there is renewed interest in the idea that democ-

ratization of consumer credit and the subsequent over-indebtedness has resulted in the dramatic

rise in personal bankruptcy �lings (White 2007b). Others have suggested that the loss of social

stigma/social capital can also explain the rise of consumer bankruptcies (Gross and Souleles, 2002;

Agarwal, Chomsisengphet and Liu, 2008).

8The Bankruptcy Abuse Prevention and Consumer Protection Act of 2005 (BAPCPA) was signed into law in
April 2005 after heaving lobbying from banks and credit card companies. BAPCPA was meant to reduce the number
of �abusive �lings� by consumers who were not truly in �nancial distress but were simply gaming the bankruptcy
system. This reform� the largest change in bankruptcy law in the United States to date� made it more di¢ cult for
debtors to �le under either chapter. The biggest change was the income-based means test. The test was designed to
channel consumers into chapter 13 over chapter 7, thus making a full discharge of all debts more di¢ cult. Debtors
wishing to �le chapter 7 must now have an average income during the last six months below the median income in
their state for a similar household size. Debtors who do not pass the means test can attempt to �le under chapter 13.
BAPCPA also increased up-front time and pecuniary costs of �ling: Consumers must wait longer between consecutive
�lings. Filing fees are higher, and debtors must undergo credit counseling with a certi�ed agency within six months
before �ling. They also must complete a debt-management course before they discharge any debt as well as submit
tax returns. There is some debate about whether the bankruptcy reform indeed reduced abusive �lings (see White,
2007a, 2007b and Hynes, 2009).
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3 Data

We collected a unique dataset of bankruptcy petitions that provide unprecedented details on bank-

ruptcy �lers and judges. The breadth and depth of our random sample of bankruptcy petitions

from Public Access to Court Electronic Records (PACER) is noteworthy. We collected PDFs of

more than 11,000 bankruptcy petitions spanning 1999 to 2005 across 50 states. Each petition en-

compasses all of the (typically handwritten) paperwork that debtors submit to the court. These

documents allow us to observe all information observed by the bankruptcy judge in order to make

their approval/dismissal decision.

3.1 Bankruptcy Petitions

We started with 11,701 petitions. Due to missing and unusable information, our �nal usable sample

is 9,526. Petitions are organized by Schedules A through J with each schedule listing information

speci�c to each debtor. For example, Schedule A details debtors�real property assets and claims

associated with these properties; Schedules B and C detail personal and exempt property, with

up to 100 di¤erent �elds to be completed for the two schedules. This yields dozens of variables,

but not all petitioners are required to provide information on all of these variables. Hence, many

of the petitions do not have all the schedules attached, or if they are attached they are frequently

not fully completed. Data on estimated assets, estimated debts, the outcome of the case, and the

number of creditors come directly from the �Summary Sheet� attached to each petition and are

used as control variables in our analysis. This sheet also indicates which chapter the debtor �led and

records any previous bankruptcy �lings within 6 years. The advantage of restricting our controls

to these estimates and broad variables is to avoid the missing schedules; however, information on

wages, monthly expenditures, and debtors�relationship status come from various schedules.9 We

obtained information about the marital status and number of dependents of the debtor, as well as

the combined monthly wages of the debtor and his or her spouse from Schedule I.

9A married couple can �le for bankruptcy jointly, often for the same fee as �ling individually. If an individual
decides to �le without his/her spouse, the �ler is considered to own one half of all assets and debts in most states.
In community property states (Arizona, California, Idaho Louisiana, Nevada, New Mexico, Texas, Washington and
Wisconsin), however, all property acquired during marriage is considered part of the estate and will be counted as part
of an individual�s assets or debts even if only one spouse �les. In chapter 13 �lings, a spouse�s income is considered
in the calculation of the repayment plan even if the spouse does not �le. After an individual �les, the automatic stay
period applies to the spouse�s debts as well, but once the �ler�s debts are discharged, a non-�ling spouse will remain
liable for any of his or her debts.
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3.2 Race and Gender

3.2.1 Judges

The petitions described above were matched to demographic information about judges obtained

primarily from a private company called Leadership Directories, Inc.10 This source publishes pro-

�les of bankruptcy judges that contain information on their careers, education, and professional

memberships. While gender and race are not explicitly stated, the pro�les do contain photographs

of many judges from which we can infer race and gender. For those judges where a photograph was

not included, we searched news sources, legal sites, award ceremonies, membership organizations,

and government historical records to code information about race and gender.

3.2.2 Debtors

Because we do not have pictures of the debtors and their petitions do not report race, our determi-

nation of their race is more complicated. Our method is derivative of Bertrand and Mullainathan�s

(2004) labor market outcome study which utilizes the (admittedly limited) information a name may

provide about an applicant�s race. As mentioned in Section 2.1, chapter 7 debtors rarely appear

before a judge. Even in the event that a debtor does not appear before the judge, it is possible the

judge infers race from name and neighborhood of residence, just as employers did in Betrand and

Mullainathan (2004). We compute a probability that the debtor is of a given race by comparing

debtors�names and addresses to two measures provided by the US Census Bureau. The Census

compiles a list of surnames occurring more than 100 times in the 2000 Census. For the 151,671 sur-

names listed in this �le, they have the frequencies and percentages of name by race sorted into six

mutually exclusive categories: Non-Hispanic White, Non-Hispanic African American, Non-Hispanic

Asian and Paci�c Islander, Non-Hispanic American Indian and Alaskan Native, Non-Hispanic of

two or more races, and Hispanic.11 The Census also compiles demographic information by ZIP

Code Tabulation Areas (ZCTAs), Census-de�ned areas that are roughly equivalent to zip codes as

of the 2000 census. The Census 2000 summary �le has race information that can be organized in

a similar way. With the Census data, we can determine 1) the probability a debtor is of a certain

10We attempted to contact the courts directly to inquire about judge demographics but all declined to provide
information.
11Any non-zero values less than 5 are suppressed by the Census Bureau to maintain con�dentiality. We evenly

distributed the residual observations across all suppressed �elds.
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race with a given last name and 2) the probability a debtor lives in a zip code given a certain race.

With Bayes�Theorem, we calculate the probability that a debtor is of a speci�c race by combining

these two pieces of information using the formula described in Elliott et al. (2009):

b(ijj; k) = n(ijj) � z(kji)
n(W jj) � z(kjW ) + n(AAjj) � z(kjAA) + n(Hjj) � z(kjH) + n(Ojj) � z(kjO)

.

This is the probability a debtor is of race i 2 fW;AA;H;Og; where W = white, AA = African

American, H = Hispanic, O = other; given surname j and zip code k. n(ijj) is the probability of

race i given surname j. z(k ji) is the probability that a debtor is in zip code k given the debtor is of

race i. For simplicity, we combine Asian and Paci�c Islander, American Indian and Alaskan Native

with Multiracial. For surnames that we cannot match to the Census Bureau�s list of names, we take

the distribution of the residual population as reported by Elliott et al. (2009) and assign race using

those probabilities. Applying this formula, we have probabilities for every race the debtor could

possibly be. We assign a race to a debtor by choosing the race that has the highest probability

and is above a certain cuto¤. The cuto¤ used in our main results is 50%, with 75% and 90% used

in our robustness tests. Likewise, we use Census data to determine debtors�gender for use in our

controls. The Census Bureau conducted the 1990 Post-Enumeration Survey to collect demographic

data and reported the results on their website as two �les, a list of female names and a list of male

names. The lists comprise 90% of the Survey results and 4,275 and 1,219 unique female and male

names respectively, representing over 3 million individuals. The �les have names and the percent

of individuals in the sample with a given name. Similarly, we use male- and female-frequency share

of the debtor�s and spouse�s �rst and middle names from Census data. We calculate two sums: A)

the frequency of females with the debtor�s �rst and middle name and the frequency of males with

the spouse�s �rst and middle name, and B) the inverse to �nd a measure of a debtor being male

and spouse being female. Finally, we assign the gender to be female if A) is larger and male if B)

is larger. In the event that no names can be matched to the �les or these two values are the same

we code it as missing and drop the observation from analysis.
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3.3 Political Ideology

We have no explicit data on whether a bankruptcy judge is a Democrat or Republican. Thus

to determine a judges�s political leaning, we assign the judges to a political party based on who

appointed them. Prior to 1984, bankruptcy judges were appointed by the president; therefore,

we infer that all bankruptcy judges appointed by a Republican president are Republican and all

judges appointed by a Democratic president are Democrats. After 1984, committees of appeals

court judges assumed the responsibility of appointing bankruptcy judges in their districts. To

determine the ideology of a judge in the post 1984 regime, we have to know the composition of the

district appeals courts. The Federal Judicial Center has information on all appeals court judges,

including which president appointed each judge, when they were appointed, and when their term

expires. Using the sitting president�s party as the appeals judge�s party, we can calculate the party

distribution in each appeals court for any given year. We assign a bankruptcy judge appointed

by a majority Republican (Democratic) appeals court to be Republican (Democratic). We use

two additional variables in our analysis: the Cook Political Report�s Partisan Voting Index (PVI)

of congressional districts�and median income at the zip code level. We use the most recent PVI

available, which is calculated using congressional districts�voting results from the 2000 and 2004

presidential elections. The scores range from -50 to 50 with -50 being the most Democratic possible

and 50 being the most Republican possible. The lowest observed value in our data is -44 for the

16th district of New York, and the highest value is 26 for the 3rd district of Utah. The second

variable, median income, comes directly from the 2000 Census Bureau and is reported in ZCTA�s

which, as described earlier, map closely to zip codes as they existed in 2000.

3.4 Randomization

Our empirical strategy relies on random assignment of judges to cases.12 We conduct two tests to

check our assumption that cases are randomly assigned to judges. Both tests yield similar results,

supporting the claim that judges, given that they work in the same location, are randomly assigned

cases. First, we do the simple test of taking each judge individually and testing whether his or her

12For example, Rule 1073-1 of the Bankruptcy Code of the Minnesota in Assignment of Cases reads: �Each case
shall be assigned to a judge by random allocation as determined by order of the judges. Unless otherwise ordered,
the judge assigned to the case shall thereafter hear all matters and preside at all times in the case. All adversary
proceedings arising in or related to the case shall be assigned to the same judge.� Further, bankruptcy lawyers do
not know which judge will be assigned to their case until after they �le their paperwork with the clerk of the court
(thus, after they meet with the debtor).
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caseload is di¤erent than those of his or her peers working in the same bankruptcy o¢ ce. This

test is similar to Ashenfelter, Eisenberg and Schwab (1995). We look at those judges who have at

least one other bankruptcy judge working in the same district and have at least 10 cases in our

sample. This creates a subsample of 166 judges from which we derive a test sample and a control

sample. For each variable of our analysis we test whether a given judge�s caseload is signi�cantly

di¤erent with regard to this single variable than the caseload of all other judges in that court. Our

results, shown in Table 1, support the hypothesis that cases are indeed randomly assigned based

on geographical features. While one might worry that time could be a factor, the majority of our

cases come from just two years, 2001 and 2002, giving us con�dence that we can bypass testing

randomness by geography and time. Employing this methodology while splitting the data further

leads to samples too small to glean any information about randomness of the samples.

In our second test, we adapt Abrams, Bertrand, Mullainathan�s (2009) simulation methodology.

Speci�cally, we use 1,000 simulations that are designed to randomly assign cases to eligible judges

and test the distribution of the simulation results against our true empirical distributions. To

create these simulated datasets we take all the cases from a given bankruptcy o¢ ce in a given

year and randomly assign them to the judges in that court, keeping the caseload the same as

the empirical distribution. Manufacturing data like this for all bankruptcy courts in all years, we

create a simulated dataset that is, by construction, a random assignment of cases with each court

and judge having the same number of cases as in the empirical distribution. For each judge in

the simulated dataset, we �nd the distribution of several variables. For example, we calculate the

percentage of debtors that are white for each judge. We then calculate the inter-quartile range

of these judge distributions, collapsing the entire simulated dataset into one number� the inter-

quartile range of judges�distributions of a given variable. Using the white-debtor example, if we

had nine judges in the simulated data, assigned 20%, 40%, 55%, 60%, 80%, 85%, 90%, 99%, and

100% white debtors respectively, the inter-quartile range we would collect would be (90%-55%)

35%. We repeat this simulation 1,000 times giving us 1,000 observed inter-quartile ranges. We

then calculate the empirical data�s judge inter-quartile distribution and test whether the empirical

inter-quartile range is consistent with the randomly-assigned simulated datasets. The inter-quartile

distributions for African American, male, and total monthly expenditures shown in Figures 1a-c,

do con�rm that judges are randomly assigned to cases.

The results from the two methodologies are very similar and we report both due to their
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respective advantages and disadvantages. The simple comparison of the types of debtors a speci�c

judge faces against their courts�distribution of debtor types is a fairly easy and intuitive concept,

but it does not tell us directly whether the entire sample is randomly assigned. Alternatively, the

simulation gives us a test statistic for the sample as a whole to show that, while certain judges

might have odd-looking distributions, this can easily be explained in a world of randomly assigned

cases and that random case assignment is a plausible assumption.

3.5 Summary Statistics

Because the dataset and race-identi�cation strategy are novel, we take time to elucidate basic

summary statistics. Table 2 provides summary statistics about debtors�assets, debt, and creditors

by race and gender for the 9,526 �lers. 75.5% are white, 11.6% are Hispanic, 9.9% are African

American, and 2.9% are Other (Asian, Indian American, etc.). 29.7% of the debtors are female.

Roughly half of the debtors within each demographic category have estimated assets less than

$50,000. An interesting summary statistic not included in the table is that 2.5% of the Asian debtors

have assets above $500,000. Estimated debt is less than $50,000 (29.5% of the sample), $50,000

to $100,000 (23.1%) and $100,000 to $500,000 (45.8%) for the debtors within each demographic

category (also see Figures 2a-c). While 58.2% of the debtors within each demographic category

have fewer than 15 creditors, it is interesting to note that 1.9% of the debtors have between 50 and

99 creditors.

Table 2 also gives a breakdown of secured versus unsecured debt, wages, and expenditure by race

and gender. As discussed earlier, the chapter-choice decision is a¤ected by the balance of secured

to unsecured debt. Petitioners who have signi�cant secured debt are typically better o¤ �ling

chapter 13. Looking over the breakdown of secured debt by race and gender, we see that whites

compared to African Americans and Hispanics have higher secured debt. Interestingly, African

American debtors have lower secured debt relative to whites and other races, but not compared to

Hispanic debtors. African American debtors have the lowest unsecured debt relative to all other

races. Monthly wages and expenditures are the highest for whites. Not surprisingly, consistent

with labor studies (see, for example, Goldin, 1989; Bertrand, Goldin and Katz, 2009; Blau and

Khan, 1997; Macpherson and Hirsh, 1995), the wages for the males are signi�cantly higher than

the females. However, both the secured and unsecured debt is also signi�cantly higher.13 The

13We also looked at the number of cases that were converted from chapter 13 to chapter 7 by race. A total of 113
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number of �lers with prior bankruptcies is 8.4% for African Americans and 3.8% for whites. The

fraction of petitioners who are married is roughly the same across the racial categories (not shown).

Table 3 has summary statistics on bankruptcy judges. Our sample includes 304 judges. There

are a total of 332 bankruptcy judges in the United States.14 The overwhelming majority of the

judges are white males: 77% are men and 94% are white. The average judge is 56 years old. Among

our sample, the average caseload for these judges is 31 cases. The average law school graduation

date of these judges is 1973 and the average judge was appointed to the court in 1992.

Table 4 and Figure 3 report the summary statistics for the debtor�s chapter choice in �ling the

petition and the outcome of the judge�s decision (to either dismiss the case or discharge the debt).15

Overall, 22% of the petitioners �led for chapter 13; interestingly, 19% of the whites and 45% of the

African Americans in our sample �led for chapter 13. The fraction of chapter 13 �lings is roughly

the same for the males and females. African American judges had just 15% of their petitioners

�le chapter 13; but Asian judges see 43% chapter 13s. Finally, if the race of the judge and the

petitioner was the same then 18% �led for chapter 13, while if the races were di¤erent then 32%

�led for chapter 13.

Figures 4a- e show chapter, race, dismissal rates and caseload by PVI. Chapter 13s are increasing

in PVI score (recall higher PVI equates to more Republican). Dismissal rates are also increasing in

PVI; The more Republican a county is, the more likely a dismissal. Figure 4d plots the distribution

of minority judges across PVI scores and Figure 4e the caseload.

4 Empirical Speci�cations

Our goal is to determine how race and politics a¤ects the bankruptcy process. Section 3.5 provided

comparative statistics suggesting that some di¤erential treatment by race may exist. We now

explore this possibility more precisely with regression analysis. Section 3.5 also showed that chapter

choice has a strong relationship with dismissal. Chapter 13 petitions have a dismissal rate of 36%

as opposed to 1% for Chapter 7 petitions.

To properly frame discussion of dismissals, we must �rst examine how debtors are deciding

cases were converted (79 for whites, 12 for African Americans, and 22 for Hispanics).
14http://www.fjc.gov/history/home.nsf/page/bankruptcy_judges.
15Judges may dismiss a case due to failure to make a payment plan, failure to pay �ling fee, or other reasons. The

majority of the dismissals in our dataset fall into the �other� category. Our results are qualitatively similar if we
disregard the dismissals due to failure to submit a payment plan or pay the �ling fee.
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which bankruptcy chapter to �le under. We do this by estimating an ordinary least squares model

with dependent variable = 1 if petitions is �led under chapter 13 and dependent variable = 0 if

�led under chapter 7. We control for state and quarter di¤erences with �xed e¤ects and include the

�nancial and demographic information about the debtors describe above. After analyzing chapter

selection, we can move on to judges�decisions to dismiss a bankruptcy petitioner. Our work is

made easy by the fact that judges are assigned randomly to cases as documented in Section 3.4.

We estimate an ordinary least squares model with dependent variable = 1 if the judge dismisses

the case and dependent variable = 0 if the judge allows the debtor to discharge debt.16 Again, our

controls include dummies for state and quarter, along with personal and �nancial information of

the petitioner, which includes debt, number of creditors, monthly expenditures, monthly wages, a

marriage indicator (1 if debtor is married), number of dependents (zero if not �lled in by debtor),

and an indicator for whether the debtor previously �led bankruptcy. Since 95% of the judges are

white, we restrict the sample to only white judges and drop the judge-race indicators.17 We now

turn to the main results and then discuss several extensions and robustness checks.

5 Results

Table 5 estimates the debtors�selection of which chapter to �le based on demographic and �nancial

information. The �rst speci�cation tests chapter choice and race of the debtor using total assets,

secured debt and non-secured debt in $100,000 as controls. It also includes an indicator for home

ownership, whether the debtor is self-employed or unemployed, married, and the number of de-

pendents. We also control for number of creditors, whether the debtor was involved in a previous

bankruptcy, monthly wages and expenditures, and state and time �xed e¤ects. African American

debtors are 9.5 percentage points more likely to �le chapter 13 than chapter 7 compared to white

debtors. Speci�cation 2 includes all the same controls as speci�cation 1 but adds a variable with

information on dismissal rates and attorney fees. The variable di¤erence in dismissal rates is the

rate of chapter 13 dismissals minus the rate of chapter 7 dismissals for a given race and state. At-

torney fees is similar, in that it is the di¤erence in attorney fees from chapter 13 and 7 for given race

and state. We see that the greater the disparity in chapter 13 dismissal rates for a race, the lower

16Other speci�cations (e.g. logistic regression models) yielding qualitatively and quantitatively similar results are
discussed in Section 6.
17 In the robustness section we do include all the judges and �nd very similar results.
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chance of �ling under chapter 13. Even with this added information about expected outcome, we

still see that African American debtors are about 10.4 percentage points more likely to �le chapter

13 than their white counterparts.

Table 6 reports the results of judges�decision to dismiss the petitions or discharge the debt

based on the race of the petitions. This speci�cation controls for time and state �xed e¤ects. White

judges are 3.2 percentage points more likely to dismiss bankruptcy petitions of African American

debtors. Since the average dismissal rate is 6.6% (for white debtors it is 4.7%), this translates into

a 48% (68%) increase in the dismissal rate for African American petitioners. The Hispanic and

�other�debtors are also more likely to be dismissed, but the results are not statistically signi�cant.

Chapter 13 cases are 20.1 percentage points more likely to be dismissed. We �nd these results

intuitive because very rarely are chapter 7 cases dismissed. The more creditors that debtors have,

the less likely their case is to be dismissed. Relative to petitioners with less than 15 creditors,

those petitioners with 16 or more creditors are 1.8 percentage points less likely to have their �lings

dismissed. However, if a petitioner has �led bankruptcy previously, she is more likely to be dismissed

by 7.5 percentage points. Speci�cation 2 restricts the sample to chapter 13 �lings only. Chapter 13

�lings by African American debtors are 5.5 percentage points more likely to be dismissed. Given

the mean dismissal rate is 29% (for white debtors of 24.59%), this is a 18.6% (22.2%) increase.

Married debtors are more likely to be dismissed in chapter 13 as shown in speci�cation 2. There is

not a signi�cant e¤ect of self employment in either regression. In both speci�cations, petitions are

more likely to be dismissed the more children debtors have.

In Table 7, we expand upon the speci�cation of Table 6 and conduct a more rigorous investiga-

tion of the role of a judge�s race, gender and political ideology on a decision to dismiss a petition.

To do so, we again restrict our sample to white judges only for simplicity, but then split judges

up by gender and their political ideology. The omitted category is male Republican judges in a

Republican county. We also control for the political ideology of the county in which the bankruptcy

court is located. Our results indicate that white-male-Democratic judges in Republican counties are

9.3 percentage points more likely to dismiss the case of an African American debtor than, translat-

ing into a 81.6% above the average dismissal rate for white-male-Democratic judges in Republican

counties (11.5%). Equally important, white-female-Republican judges in Republican counties are

5.3 percentage points more likely to dismiss the case of African American debtors, translating into

37.3% over the average dismissal rate for white-female-Republican judges in Republican counties
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(14.2%). Interestingly, while white-male-Republican judges in Democratic counties are 2.9 percent-

age points more likely to dismiss bankruptcy petitions on average, white-male-Republican judges

in Republican counties are 1.7 percentage points less likely to dismiss petitions of Hispanic debtors

though this result is not statistically signi�cant. Finally, white-female-Democratic judges in Demo-

cratic counties are on average 3.5 percentage points more likely to dismiss bankruptcy petitions.

To further examine the role of judges�politics in�uencing outcomes, we separate judges ap-

pointed by the president from those appointed by panels of appeals court judges. By looking at

presidentially-appointed judges, we have more con�dence in the assigned political a¢ liation, since

there is a more direct political connection. Table 8 modi�es the speci�cation of Table 7 by adding

indicators for judges�party a¢ liation interacted with the regime in which the judge was appointed.

This is taken one step further in speci�cation 2 where we interact the judge�s political leaning

and debtors� race. The results indicate that presidentially-appointed Republican judges have a

higher propensity to dismiss a case than presidentially-appointed Democratic judges and even ap-

peals court-appointed Republican judges. We do not see that presidentially-appointed Republican

judges are signi�cantly more likely to dismiss African American debtors than white debtors. We

do see that appeals court-appointed judges, regardless of political a¢ liation, do dismiss African

American debtors with higher probabilities that white debtors.

Table 9 looks at heterogeneity in the dismissal/discharge decision of the judges. Speci�cations

1a-b looks at the role of young versus old judges, the intuition being that younger judges may be

less racially biased due to the fact that, empirically, racial disparity has been decreasing over time.

We would therefore expect them to have a lower dismissal rate than older judges have for the cases

of African American debtors. We estimate our regressions separately for the judges under and over

the age of 55. In a regression not reported, older judges are more likely to dismiss cases in general,

regardless of race. Results reported in speci�cations 1a and 1b indicate that younger judges are

2.6 percentage points more likely to dismiss petitions of an African American than a white debtor,

while older judges are 3.8 percentage points more likely to dismiss the petition of an African

American relative to a white debtor. We also see older judges are 1.6 percentage points more likely

to dismiss petitions of a male debtor than those of a female debtor while younger judges are 1.8

percentage points less likely to dismiss a male debtor than a female debtor. In speci�cation 2, we

test whether judges treat white debtors from low-income and high-income neighborhoods di¤erently,

with the intuition that the judges may treat the white debtors from low-income neighborhoods the

16



same as African American debtors, as in Morris (2005). Surprisingly, we �nd that judges are less

likely to dismiss the case of a white debtor from a low-income neighborhood, in comparison to a

white debtor from high-income neighborhood. These results are not statistically signi�cant, but

directionally suggest that white borrowers from low-income neighborhoods are treated di¤erently

from African American debtors.

Finally, we address the concern that we may be picking up age e¤ects in speci�cation 3. for

example, if younger debtors may be more likely to be dismissed, and African Americans in general

are a younger demographic, we may su¤er from omitted variables bias. In fact, African American

debtors are the oldest of the race groups. Also, age does not show up signi�cantly in the regressions,

even when adding a squared-age term as in Agarwal et al. (2009) who document that �nancial

mistakes are most severe in the elderly and in general take of a U-shape with respect to age.

6 Robustness

Table 10 reports the results from a series of robustness tests. Speci�cation 1 drops 974 debtors

that had assets greater than debt. Since assets are greater than debt, the judge likely dismisses

these cases on the grounds that these debtors do not need to �le bankruptcy at all. While it is

reasonable (and advisable) for a debtor to �le for chapter 13 if their secured assets are greater than

the debt, we test whether this had any adverse impact. We �nd that even controlling for these

situations in which assets are greater than debt, white judges are 4 percentage points more likely

to dismiss the case of African American debtors. Speci�cation 2 controls for judge �xed e¤ects.

While controlling for judge �xed e¤ects may bias the results, we �nd that when including them

white judges are still more likely to dismiss the case of an African American debtor. Speci�cations

3, 4, and 5 conduct robustness checks with respect to our race estimation of the debtor in three

di¤erent ways. Speci�cation 3 increases the threshold to estimate race of the borrower from 50%

to 75%. Speci�cation 4 uses a 90% cuto¤. Essentially, our results are unchanged. Speci�cation 5

changes the way we assign debtor race by using probabilities of �rst names of the debtor.18 While

results are not signi�cant, they are directionally similar. Speci�cation 6 shows results for dismissal

outcomes by non-white judges. Because our sample sizes are prohibitively small (only 4% of the

18Data on �rst names was provided by Massachusetts birth certi�cates and New York (excluding New York City) for
the 1970�s. Data has �rst name frequencies by race. We use the same methodology applied to �rst name distributions
as we did with the Census-provided last name distributions to calculate race probabilities. Regression results use
race assigned with a 50% cuto¤.
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judges are non-white), they were excluded in the main analysis. We do not �nd convincing evidence

that non-white judges exhibit any racial bias in their adjudications of bankruptcy cases.

Table 11 reports our two main speci�cations as logistic models rather than OLS. Speci�cation 1

is the same as Table 5, Speci�cation 1 on chapter choice. We see that our results are quantitatively

and qualitatively the same. Speci�cation 2 is analogous to speci�cation 1 in Table 6 in that we

examine dismissal decisions of white judges. Although the direction and statistical signi�cance are

similar, we see smaller e¤ects using the logistic model than the ordinary least squares model.

In results available upon request, we explore the possibility of strategic use of the variation in

state bankruptcy laws, i.e., the possibility that debtors move (illegally) in order to �le bankruptcy

in states with more debtor-friendly laws (Elul and Subramian, 2002). We do not �nd support for

the claim that forum shopping is driving our results. We calculate the number of people �ling in

other states than where they reside (235 people). Further, indicators for wage garnishment, levels

of home exemptions, and property exemptions according to state laws do not explain the change

in �ling behavior (though combined, they could account for 75% of people that move). Moreover,

those movers would not necessarily bene�t the most by moving, which is what one would expect

(even adding a substantial cost for �ling out of state). Additionally, dropping these observations

does not a¤ect the coe¢ cients at all. These results are in contrast to recent studies arguing that

debtors who are knowledgeable of the legal incentives of bankruptcy procedures can engage in an

optimal default and bankruptcy decision that maximizes their individual �nancial wealth. White

(1998) and Fay, Hurst and White (2002) argue that if a high-debt borrower knows about the

enormous bene�ts from �ling for bankruptcy and can act strategically in advance, she can realize

larger �nancial bene�ts from �ling (also see Agarwal, Liu, Mielnicki, 2003 and Ausubel and Dawsey,

2004 on this topic). Indeed, Texas and Florida, provide substantial exemptions that allow debtors

to keep a home in bankruptcy with no limit on its value as described above.

7 Interpretation

To interpret our results, we explore how they mesh with standard models of discrimination. First,

we explore statistical discrimination which provides speci�c predictions in labor markets.19 This

19Statistical discrimination has also been documented outside labor markets in criminal contexts. For example,
Knowles, Persico and Todd (2001) who test between taste-based and statistical discrimination in the context of police
searches. In their model, police maximize successful searches at tra¢ c stops. A possible extension to our work here
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model predicts that all workers of a certain group who are on average less productive will receive

lower wages, even if a speci�c individual from that group is highly productive. In the personal

bankruptcy arena, the appropriate measure of �productivity� is not particularly intuitive to us,

nor is the analogue of employers�s maximization problem. However, since the majority (one-third

on average in the US) of debtors in chapter 13 fail to complete their repayment plans, this comple-

tion ability may be a �productivity�measure that judges are considering. In our case, statistical

discrimination would predict that if judges perceive African Americans to be more likely than

whites to fail to complete their chapter 13 plan, judges would be more likely to dismiss the chapter

13 plans �led by African American debtors before they commence. Unfortunately our data do not

allow us to observe completion rates of chapter 13 plans for di¤erent types of debtors, only the

percent that start their plan.

Statistical discrimination has two other theoretical predictions in a labor market setting: Em-

ployees will invest too little in human capital because they are not commensurately compensated,

and job applicants who are hired will be on average the most productive. Again, empirical tests

of these models in our setting are not obvious. But, just like how employees anticipate employers

maximization problem in labor market models of statistical discrimination, strategic chapter choice

and types of debt incurred by �lers in anticipation of judges� decision-making may matter. In

results available upon request, we �nd little evidence that minority debtors are required to enter a

more aggressive repayment plan in the chapter 13 setting, which could be evidence of taste-based

discrimination.20 We also �nd that older judges are more likely to dismiss bankruptcy petitions

than younger judges. Implicit racial biases are yet a third manifestation of discrimination, as evi-

denced in the Implicit Association Test.21 Price and Wolfers (forthcoming), for example, use the

�snap� decision-making required of NBA referees to argue for the presence of so-called implicit

own-race bias. While we cannot observe how much time judges contemplate each case, we do �nd

that judges in courts with the most business �lings (as measured by the total number of �lings they

preside over, chapter 11 business �lings included) exhibit the least evidence of racial bias.

is a model analogous to theirs with judges maximizing the number of completed chapter 13 plans or minimizing
fraudulent petitions.
20We study di¤erences in how aggressive this plan is by race. In results available upon request, examine what

percentage of a debtor�s income, after expenses, must go to paying o¤ debts under the chapter 13 plan a judge
con�rms African-American debtors do not pay signi�cantly more to their repayment plan than white debtors do.
21See Greenwald and Banaji (1995) for a review.
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8 Conclusion

Our results show there may be racial bias in personal bankruptcy proceedings. We document that

African American debtors appear to have less of a chance of successfully completing the bankruptcy

process relative to white debtors, controlling for factors which should a¤ect the judicial decision-

making process. These results have signi�cant implications for the perennial policy debate on use�

and abuse� of the bankruptcy process. Our evidence on biases by bankruptcy judges, especially in

chapter 13 cases, suggests that more consistent bankruptcy procedures may be appropriate. This is

true especially in light of the rising importance of chapter 13 relative to chapter 7 �lings following

the bankruptcy reform of 2005 and the mortgage crisis. (See White, 2009 for further discussion.)

Bankruptcy reform of 2005 was meant to reign in �abusive �lings� and limit consumers�ability

to �le for bankruptcy. While there are at least as many detractors as fans of this 2005 reform,

most would agree that we need a bankruptcy system that is neutral to race. What is certain is

that additional research on the fairness of the personal bankruptcy system is needed before policy

prescriptions can be applied.
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Figure 1a: Test of Random Assignment: African American Debtor

Figure 1b: Test of Random Assignment: Male Debtor

Figure 1c: Test of Random Assignment: Total Monthly Expenditures

Notes:  Figures 1a, 1b, 1c report results of a simulation where we randomly assign judges cases from their 

bankruptcy court and calculate the distribution's inter‐quartile range (IQR). We repeat the simulation 1,000 

times.  The grey bars are a frequency distribution of the IQR's with number of cases on the left axis and the 

lower bound of the bucket on the bottom axis. The black bar is the empirical data's distribution.
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Notes: Figures 2a, 2b and 2c provide summary statistics of debtors' financial position by race.

Figure 2a: Assets and Debt Frequencies

Figure 2b: Assets by Race Frequencies

Figure 2c: Debts  by Race Frequencies
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Figure 3: Chapter and Dismissal Rates by Debtor Demographics

Notes: Figure 3 reports the dismissal and chapter choice outcomes of debtors by demographic 

characteristics. Figure 4a reports the percent of debtors filing chapter 13 in a given political area as 

reported by the Cook Partisan Voting Index, where negative values indicate more Democratic voting and 

positive numbers indicate more Republican voters, by debtors' home county. Figure 4b reports similar 

political information by race of the debtor.

Figure 4a: Chapter 13 Rates by Political Score

Figure 4b: Debtor Race by Political Score
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Figure 4c: Dismissal Rates by Political Score

Figure 4e: Number of Cases by Political Score

Notes: Figure 4c reports the Cook Partisan Voting Index, where negative values indicate more Democratic 

voting and positive numbers indicate more Republican voters, by debtors' home address for dismissal 

decisions. Figure 4d shows judges' race by political score of the county of the majority of its cases, and 

Figure 4e shows the number of cases by political leanings. 

Figure 4d: Judge Race by Political Score
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Average P‐Value
Standard Deviation of 

P‐Values
Median P‐Value

Number of Judges 

Significantly Different

White Debtors 0.50 0.29 0.51 8

African American Debtors 0.46 0.29 0.45 15

Male Debtors 0.49 0.29 0.51 10

Debtor Income 0.49 0.28 0.50 4

Debtor Secured Debts 0.44 0.29 0.42 14

Debtor Non‐Secured Debts 0.47 0.26 0.50 7

Estimated Assets 0.45 0.29 0.46 18

Estimated Number of Creditors 0.51 0.28 0.51 6

Monthly Expenditures 0.48 0.31 0.48 10
Number of Dependents 0.51 0.28 0.51 4

 Table 1:  Random Assignment of Judges

Notes: Table 1 reports the results of testing judges' case distribution of a given variable to the distribution of all other cases in the judge's bankruptcy court.  

The sample is restricted to judges with at least 10 cases and courts with at least 2 judges.  
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Table 2: Borrower Characteristics – Assets, Liabilities, and Number of Creditors

$0‐$50K $50‐$100K $100‐$500K $500K+

Total 9,526    46.5% 16.6% 36.0% 0.8%

White 7,195    75.5% 45.2% 16.0% 38.0% 0.8%

African American 947       9.9% 48.6% 21.2% 29.7% 0.5%

Hispanic 1,103    11.6% 49.5% 18.5% 31.2% 0.8%

Other 281       2.9% 61.9% 9.6% 26.7% 1.8%

Female 2,833    29.7% 58.9% 16.5% 24.0% 0.5%

Male 6,693    70.3% 41.3% 16.6% 41.1% 1.0%

$0‐$50K $50‐$100K $100‐$500K $500K+ 1‐15 16‐49 50‐99

Total 29.5% 23.1% 45.8% 1.6% 58.2% 39.9% 1.9%

White 27.3% 22.6% 48.5% 1.6% 58.2% 39.8% 2.0%

African American 33.9% 27.2% 37.9% 1.0% 58.8% 38.6% 2.5%

Hispanic 39.8% 22.2% 36.5% 1.5% 56.5% 42.0% 1.5%

Other 30.2% 27.0% 37.7% 5.0% 60.9% 38.4% 0.7%

Female 42.1% 26.3% 31.0% 0.6% 67.7% 30.9% 1.4%

Male 24.2% 21.8% 52.0% 2.0% 54.1% 43.7% 2.2%

Number Mean Std.dev Mean Std.dev Mean Std.dev Mean Std.dev

Total 9,526 $    56,635  $    210,976  $ 73,953  $    93,905   $         2,770  $ 16,127  $      2,697  $      1,855 

White 7,195 $    58,000  $    120,112  $ 77,158  $    96,253   $         2,859  $ 18,126  $      2,768  $      1,841 

African American 947 $    37,775  $       38,165  $ 62,080  $    66,827   $         2,449  $    1,449  $      2,405  $      1,286 

Hispanic 1,103 $    57,827  $    570,060  $ 59,796  $    78,967   $         2,459  $    2,278  $      2,463  $      2,405 

Other 281 $    83,900  $    263,877  $ 78,938  $  148,169   $         2,300  $    1,632  $      2,403  $      1,522 

Female 2,833 $    47,429  $    328,910  $ 53,292  $    78,435   $         2,551  $ 29,532  $      2,052  $      1,125 
Male 6,693 $    60,532  $    132,382  $ 82,246  $    98,232   $         2,861  $    2,070  $      2,966  $      2,025 

Panel B

Panel A

Number Share
Estimated Assets

Monthly Expenditures

Notes: Tables 2a, 2b and 2c present summary statistics for the key variables on debtors' assets, liabilities, number of creditors, debt (secured and 

unsecured), wages, and monthly expenditure for our full sample of 9,526 debtor as a function of their race and gender. While we do not report the f‐

values of a two‐sided f‐test for the equality of the variables mean conditional on the race, most of them are statistically significant.

Estimated Debts Number of  Creditors

Panel C

Non Secured Debt Secured Debt Monthly Wages
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Mean Std. Dev

Male 77.0%

White 94.4%

African American 2.3%

Hispanic 1.6%

Asian 1.6%

Republican* 69.5%

      Republican White* 64.9%

Age 55.8 7.2

Case Load 31.3 36

Year Graduated From Law School 1973.2 7.6

Year Appointed to Court 1992.4 9

Year of Expiration 2013.9 5.4
# Judges

* indicates percent out of the 270 judges assigned a party affiliation.

Table 3: Judge Characteristics

304

Notes: Table 3 presents summary statistics for the key variables on judges' gender, 

race, age, caseload, year of  law school graduation, year of court appointment, and 

year of expiration for the 304 judges in our sample.
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Chapter 13 Chapter 7 Chapter 13 Chapter 7

Total 9,526 860 2,118 768 92 1,350 7,316

White 7,195 479 1,377 416 63 961 5,755

African American 947 224 430 217 7 213 510

Hispanic 1,103 147 282 129 18 153 803

Other 281 10 29 6 4 23 248

Female  2,833 277 581 255 22 326 2,230

Male 6,693 583 1,537 513 70 1,024 5,086

White 8,935 783 1,960 699 84 1,261 6,891

African American 108 4 16 2 2 14 90

Hispanic 179 7 10 5 2 5 167

Asian 304 66 132 62 4 70 168

Female  2,440 208 526 172 36 354 1,878

Male 7,086 652 1,592 596 56 996 5,438

No 2,753 443 873 408 35 465 1,845
Yes 6,773 417 1,245 360 57 885 5,471

No 3,782 357 809 313 44 496 2,929
Yes 5,744 503 1,309 455 48 854 4,387

No 5,315 595 1,293 533 62 760 3,960
Yes 4,211 265 825 235 30 590 3,356

Chapter 13 Chapter 7 Chapter 13 Chapter 7

Total 9,526 860 2,118 768 92 1,350 7,316

White 76% 56% 65% 54% 68% 71% 79%

African American 10% 26% 20% 28% 8% 16% 7%

Hispanic 12% 17% 13% 17% 20% 11% 11%

Other 3% 1% 1% 1% 4% 2% 3%

Female  30% 32% 27% 33% 24% 24% 30%

Male 70% 68% 73% 67% 76% 76% 70%

White 94% 91% 93% 91% 91% 93% 94%

African American 1% 0% 1% 0% 2% 1% 1%

Hispanic 2% 1% 0% 1% 2% 0% 2%

Asian 3% 8% 6% 8% 4% 5% 2%

Female  26% 24% 25% 22% 39% 26% 26%

Male 74% 76% 75% 78% 61% 74% 74%

No 29% 52% 41% 53% 38% 34% 25%

Yes 71% 48% 59% 47% 62% 66% 75%

No 40% 42% 38% 41% 48% 37% 40%

Yes 60% 58% 62% 59% 52% 63% 60%

0% 0% 0% 0% 0%

No 56% 69% 61% 69% 67% 56% 54%
Yes 44% 31% 39% 31% 33% 44% 46%

Same Race and 

Gender

Notes: Table 4a presents summary statistics on frequencies of the key variables on bankruptcy petitioner outcomes: chapter choice, dismissal and discharge by the race and 

gender of the debtor and judge as described in Section 3.6 for our full sample of 9,526 debtors and 304 judges. Table 4b presents the same statistics as percentages.

Debtor

Judge

Same Race

Same Gender

Table 4b: Bankruptcy Petitions %

Total Dismissed Chapter 13

Dismissed Discharged

Debtor

Judge

Same Race

Same Gender

Same Race and 

Gender

Table 4a: Bankruptcy Petition Frequencies

Total Dismissed Chapter 13

Dismissed Discharged
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Variable Coeff P‐val Coeff P‐val

Constant ‐0.329 0.495 ‐0.275 0.569

Debtor Male 0.020* 0.051 0.020* 0.055

Debtor African American 0.095*** 0.000 0.104*** 0.000

Debtor Hispanic 0.037** 0.014 0.051*** 0.001

Debtor Other ‐0.056* 0.064 ‐0.059* 0.054

Difference in Dismissal Rates ‐0.122*** 0.008

Difference in Attorney Fee ‐0.034 0.337

Total Assets 0.013*** 0.008 0.013*** 0.008

Secured Debts ‐0.007 0.254 ‐0.007 0.263

Non‐Secured Debts ‐0.004** 0.044 ‐0.004** 0.042

Home Owner Indicator 0.060*** 0.000 0.060*** 0.000

Estimated Number of Creditors 0.014* 0.099 0.014* 0.098

Total Monthly Expenditures ‐0.076*** 0.000 ‐0.076*** 0.000

Total Monthly Wages 0.076*** 0.000 0.076*** 0.000

Self‐employed indicator ‐0.004 0.860 ‐0.003 0.874

Unemployed indicator ‐0.028 0.116 ‐0.027 0.128

Married Indicator 0.004 0.695 0.005 0.652

Number of Dependents  0.001 0.798 0.001 0.754

Previous Bankruptcy Indicator 0.204*** 0.000 0.204*** 0.000

Time FE

State FE

Observations
R‐squared

Yes Yes

Table 5. Chapter Choice Decision

Specification 1:

Chapter 13=1, Chapter 7=0

Specification 2:

Chapter 13=1, Chapter 7=0

Yes Yes

Notes: Table 5 reports the results from estimating an ordinary least squared model of the chapter choice outcome with 

time and state fixed effects and clustered standard errors that are adjusted for heteroskedasticity across lawyers and 

correlation within. The dependent variable is the decision to file for chapter 13 (Y = 1: 1,386 observations) or to file for 

chapter 7 (Y = 0: 5,118 observations).  We report the coefficients (“Coeff”) and their P‐values (“P‐val”) for the decision to 

choose chapter 13 (Y = 1). Since the probabilities of choosing chapter 13 or 7 sum to 1 the effects for the decision to 

choose chapter 7 are simply the opposite of the reported ones.

6,504 6,504
33.5% 33.5%
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Variable Coeff P‐Val Coeff P‐Val

Constant 0.898*** 0.000 0.873*** 0.000

Chapter 13 Indicator 0.201*** 0.000

Judge Male 0.001 0.911 0.035 0.179

Judge Republican 0.016* 0.080 ‐0.029 0.353

Debtor Male 0.004 0.504 0.026 0.337

Debtor African American  0.032*** 0.007 0.055* 0.078

Debtor Hispanic 0.008 0.515 ‐0.016 0.712

Debtor Other 0.020 0.292 0.045 0.711

Total assets 0.006 0.247 0.010 0.293

Secured Debt 0.009** 0.018 0.036* 0.099

Non‐Secured Debt ‐0.001* 0.077 0.006 0.790

Home Owner Indicator 0.002 0.794 0.023 0.519

Estimated Number of Creditors ‐0.018* 0.062 ‐0.076** 0.011

Total Monthly Expenditures ‐0.002 0.364 ‐0.006 0.583

Self Employed Indicator 0.006 0.679 0.046 0.585

Unemployed Indicator 0.010 0.283 0.074 0.195

Total Monthly Wages ‐0.002 0.507 ‐0.004 0.684

Married Indicator  ‐0.010 0.114 ‐0.069** 0.023

Number of Dependents 0.006*** 0.006 0.024** 0.013
Prior Bankruptcy Indicator 0.075** 0.047 0.045 0.416

Time FE

State FE

Observations
R‐squared

Yes Yes

Table 6: Estimating the Probability of Bankruptcy Petitions being Dismissed by Debtors' Race 

and Gender

Specification 1: 

Dismissed =1, Discharged =0

Specification 2, Chapter 13 petitions only: 

Dismissed =1, Discharged =0

Yes Yes

Notes: Table 6 reports the results from estimating an ordinary least squared model of the bankruptcy case dismissal outcome with time and state fixed 

effects and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. The dependent variable is the decision 

to dismiss the case (Y = 1: 372 observations) or to discharge the debt (Y = 0: 5,290 observations). The explanatory variables are the total assets, secured 

and non‐secured debts, homeowner indicator, number of creditors, self and un‐employed indicators and debtors’ monthly expenditures and wages, a 

married indicator, number of children, and the race and gender of the debtor and judge. Specification 2 includes only those petitions filed under chapter 

13.

5,662 1,132
33.0% 29.5%
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Variables Coeff P‐Val Coeff P‐Val

Constant ‐0.069 0.454 ‐0.034 0.662

 Rep. Cnty Rep. Male Judge/African American Debtor  0.036 0.221 0.048 0.294

 Rep. Cnty Rep. Male Judge/Hispanic Debtor  ‐0.017 0.420 ‐0.026 0.634

 Rep. Cnty Rep. Male Judge/Other Debtor  0.001 0.981 ‐0.152 0.525

 Rep. Cnty Dem Male Judge   ‐0.030 0.172 0.044 0.327

 Rep. Cnty Dem Male Judge/African American Debtor  0.093* 0.073 0.180 0.114

 Rep. Cnty Dem Male Judge/Hispanic Debtor  0.013 0.687 ‐0.045 0.433

 Rep. Cnty Dem Male Judge/Other Debtor  0.070* 0.098 0.552*** 0.001

 Rep. Cnty Rep. Female Judge   ‐0.004 0.772 ‐0.018 0.589

 Rep. Cnty Rep. Female Judge/African American Debtor  0.053*** 0.001 0.032 0.277

 Rep. Cnty Rep. Female Judge/Hispanic Debtor  0.149*** 0.009 0.262 0.171

 Rep. Cnty Rep. Female Judge/Other Debtor  ‐0.063** 0.043 0.022 0.735

 Rep. Cnty Dem. Female Judge   ‐0.001 0.902 0.044 0.145

 Rep. Cnty Dem. Female Judge/African American Debtor  ‐0.054 0.710

 Rep. Cnty Dem. Female Judge/Hispanic Debtor  0.005 0.873 0.044 0.409

 Rep. Cnty Dem. Female Judge/Other Debtor  ‐0.004 0.816

 Dem. Cnty Rep. Male Judge   0.029*** 0.007 0.148** 0.014

 Dem. Cnty Rep. Male Judge/African American Debtor  0.012 0.425 ‐0.004 0.962

 Dem. Cnty Rep. Male Judge/Hispanic Debtor  0.017 0.351 0.434 0.115

 Dem. Cnty Rep. Male Judge/Other Debtor  ‐0.028 0.215 ‐0.306 0.222

 Dem. Cnty Dem. Male Judge   0.013 0.299 0.100 0.243

 Dem. Cnty Dem. Male Judge/African American Debtor  0.005 0.867 ‐0.153 0.618

 Dem. Cnty Dem. Male Judge/Hispanic Debtor  0.006 0.816 ‐0.537*** 0.003

 Dem. Cnty Dem. Male Judge/Other Debtor  0.106 0.200 0.318 0.287

 Dem. Cnty Rep. Female Judge   0.016 0.224 0.054 0.338

 Dem. Cnty Rep. Female Judge/African American Debtor  ‐0.018 0.269 ‐0.040 0.532

 Dem. Cnty Rep. Female Judge/Hispanic Debtor  ‐0.002 0.877 ‐0.342* 0.055

 Dem. Cnty Rep. Female Judge/Other Debtor  0.054 0.389 ‐0.130 0.272

 Dem. Cnty Dem. Female Judge   0.035** 0.034 0.009 0.893

 Dem. Cnty Dem. Female Judge/African American Debtor  ‐0.017 0.404 0.006 0.932

 Dem. Cnty Dem. Female Judge/Hispanic Debtor  0.030 0.582

 Dem. Cnty Dem. Female Judge/Other Debtor  ‐0.024 0.144

Chapter 13 Indicator 0.201*** 0.000

Total Assets 0.006 0.253 0.011 0.276

Secured Debt 0.008** 0.025 0.029 0.175

Non‐Secured Debt ‐0.001 0.104 0.007 0.750

Home Owner Indicator 0.003 0.724 0.029 0.451

Estimated Number of Creditors ‐0.017* 0.085 ‐0.072** 0.018

Total Monthly Expenditures ‐0.002 0.468 ‐0.008 0.479

Total Monthly Wages ‐0.002 0.465 ‐0.003 0.758

Self Employed Indicator 0.004 0.763 0.064 0.458

Unemployed Indicator 0.009 0.320 0.063 0.282

Married Indicator  ‐0.009 0.144 ‐0.057** 0.043

Number of Dependents 0.006*** 0.005 0.025** 0.012

Prior Bankruptcy Indicator 0.075** 0.046 0.043 0.447
Time FE
State FE
Observations
R‐squared

Yes Yes

Table 7: Estimating the Probability of a Bankruptcy Petition being Dismissed

Specification 1: 

Dismissed=1, 

Discharged=0

Specification2,

 Chapter 13 only: 

Dismissed=1, 

Discharged=0

Yes Yes

Notes: Table 7 reports the results from estimating an ordinary least squares model of the bankruptcy case dismissal outcome with time and 

state fixed effects and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. The 

dependent variable is the decision to dismiss the case. The explanatory variables and estimation procedure is explained in Table 6.  

Specification 2 includes only those petitions filed under chapter 13.

5,662 1,132
33.5% 31.3%
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Variable Coeff P‐Val Coeff P‐Val

Constant 0.979*** 0.000 0.046* 0.086
Presidential Appointed Republican Judge 0.029** 0.019 0.038** 0.019
   Presidential Appointed Republican Judge  

       African American Debtor 0.026 0.641
   Presidential Appointed Republican Judge  

       Hispanic Debtor ‐0.023 0.135
   Presidential Appointed Republican Judge  

       Other Race Debtor ‐0.038 0.266
Appeals Court Appointed Republican Judge 0.014 0.176 0.020 0.157
   Appeals Court Appointed Republican Judge  

       African American Debtor 0.023** 0.045
   Appeals Court Appointed Republican Judge  

       Hispanic Debtor 0.011 0.446
   Appeals Court Appointed Republican Judge  

       Other Race Debtor 0.001 0.961
Presidential Appointed Democrat Judge ‐0.003 0.762 0.006 0.680
   Presidential Appointed Democrat Judge  

       African American Debtor ‐0.003 0.752
   Presidential Appointed Democrat Judge  

       Hispanic Debtor ‐0.020 0.525
   Presidential Appointed Democrat Judge  

       Other Race Debtor 0.009 0.212
Appeals Court Appointed Democrat Judge Omitted Omitted
   Appeals Court Appointed Democrat Judge  

       African American Debtor 0.060* 0.093
   Appeals Court Appointed Democrat Judge  

       Hispanic Debtor 0.012 0.577
   Appeals Court Appointed Democrat Judge  

       Other Race Debtor 0.062** 0.047

Time FE

State FE

Observations

R‐squared

Yes Yes

Table 8: Estimating the Probability of a Bankruptcy Petitions being Dismissed by Judge Appointment 

Specification 1: 

Dismissed =1, Discharged =0

Specification 2: 

Dismissed =1, Discharged =0

Yes Yes

Notes: Table 8 reports the results from estimating an ordinary least squared model of the bankruptcy case dismissal outcome with time and 

state fixed effects and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. The dependent 

variable is the decision to dismiss the case (Y = 1: 372 observations) or to discharge the debt (Y = 0: 5,290 observations). The explanatory 

variables are the total assets, secured and non‐secured debts, homeowner indicator, number of creditors, self and un‐employed indicators and 

debtors’ monthly expenditures and wages, a married indicator, number of children, and the race and gender of the debtor and judge. 

Specification 2 includes appointment type interacted with race of debtor.

5,662 1,132

32.9% 33.1%
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Variable Coeff P‐val Variable Coeff P‐val
Judge Male ‐0.029* 0.085 Judge Male ‐0.010 0.332
Judge Republican 0.017 0.388 Judge Republican 0.039*** 0

Debtor Male ‐0.018* 0.087 Debtor Male 0.016** 0.022

Debtor African American 0.026* 0.053 Debtor African American 0.038** 0.036
Debtor Hispanic 0.016 0.539 Debtor Hispanic 0.007 0.653
Debtor Other 0.032 0.409 Debtor Other 0.014 0.602

Time FE Time FE

State FE State FE
Observations Observations 
R‐Sq R‐Sq

Variable Coeff P‐val Variable Coeff P‐val
Judge Male 0.001 0.911 Judge Male 0.003 0.507
Judge Republican 0.016* 0.076 Judge Republican 0.001 0.76
Debtor Male 0.004 0.503 Debtor Male 0.001 0.843
Debtor African American 0.031*** 0.009 Debtor African American ‐0.003 0.693
Debtor Hispanic  0.008 0.546 Debtor Hispanic  0.019** 0.048
Debtor Other 0.020 0.306 Debtor Other 0.019 0.261
Debtor White, Low Income Neighborhood ‐0.002 0.832 Age of Debtor  ‐0.006 0.326
Time FE Age of Debtor Squared  0.000 0.454
State FE Time FE
Observations State FE
R‐Sq Observations

R‐Sq

Yes Yes

Table 9. Extensions of Model on Chapter Choice

Specification 1a, Judge Younger than 55:

Dismissed=1, Discharged=0

Specification 1b, Judge Older than 55:

Dismissed=1, Discharged=0

Yes Yes

Specification 2:

Dismissed=1, Discharged=0

Specification 3:

Dismissed=1, Discharged=0

33.0%

2,031 2,688
32.6% 40.0%

14.3%

Notes: Table 9 reports the results from six separate specifications by estimating ordinary least squares model of the bankruptcy case dismissal 

outcome with time and state FE and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. The 

dependent variable is the decision to dismiss the case. The explanatory variables and estimation procedure is explained in Table 6. Specification 1a 

restricts the sample to judges younger than 55 at time of filing. Specification 1b restricts the sample to judges older than 55 at time of filing. 

Specification 2 looks at whites living in low income zip codes. Specification 3 looks at age of debtor.  Age is divided by ten for ease of coefficient 

interpretation.

Yes
Yes Yes
5,662 Yes

4,598
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Variable Coeff P-val Variable Coeff P-val
Judge Male -0.003 0.776 Judge Male -0.374*** 0.000
Judge Republican 0.011 0.234 Judge Republican 0.485*** 0.000
Debtor Male 0.000 0.951 Debtor Male 0.004 0.463
Debtor African American 0.041*** 0.004 Debtor African American 0.019* 0.098
Debtor Hispanic 0.004 0.700 Debtor Hispanic 0.012 0.384
Debtor Other 0.022 0.182 Debtor Other 0.008 0.651
Time FE Time FE
State FE State FE
Judge FE Judge FE
Observations Observations
R-Sq R-Sq

Variable Coeff P-val Variable Coeff P-val

Judge Male 0.008 0.237 Judge Male 0.003 0.724

Judge Republican 0.021** 0.032 Judge Republican 0.021* 0.062

Debtor Male 0.002 0.742 Debtor Male 0.003 0.677

Debtor African American 0.036*** 0.003 Debtor African American 0.040*** 0.007

Debtor Hispanic 0.010 0.525 Debtor Hispanic 0.024 0.242

Debtor Other 0.004 0.823 Debtor Other 0.001 0.953

Time FE Time FE

State FE State FE

Judge FE Judge FE
Observations Observations

R-Sq R-Sq

Variable Coeff P-val Variable Coeff P-val

Judge Male 0.000 0.998 Judge Male -0.061* 0.061
Judge Republican 0.016* 0.093 Judge Republican -0.013 0.684
Debtor Male 0.003 0.664 Debtor Male -0.001 0.980

Debtor African American 0.014 0.163 Debtor African American -0.035 0.508

Debtor Hispanic -0.005 0.902 Debtor Hispanic 0.008 0.586
Debtor Other 0.024 0.501 Debtor Other 0.179 0.374

Time FE Time FE

State FE State FE

Judge FE Judge FE
Observations Observations
R-Sq R-Sq

Specification 3, Race cut-off 75%:

Dismissed=1, Discharged=0

Specification 4, Race cut-off 90%:

Dismissed=1, Discharged=0

Yes Yes

Table 10: Robustness

Specification 1, Assets < Debts:
Dismissed=1, Discharged=0

Specification 2, Judge Fixed Effects:
Dismissed=1, Discharged=0

Yes Yes

No Yes
4,688 5,662
32.9% 36.8%

Yes Yes

Yes Yes

No No

4,604 3,304

32.5% 31.5%

Yes Yes

Notes: Table 10 reports the results from eight  separate specifications by estimating ordinary least squares model of the bankruptcy case dismissal 

outcome with time and state fixed effects and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. 

The dependent variable is the decision to dismiss the case. The explanatory variables and estimation procedure are explained in Table 6. Specification 

1 restricts the sample to debtors with assets less than or equal to debts. Specification 2 adds judge fixed effects to the analysis. Specification 3 uses a 

race-confidence cut off of 75%. Specification 4 uses a race-confidence cut off of 90%. Specification 5 uses the debtor’s first name and zip code to 

identify race.  Specification 6 restricts sample to minority judges.

No No
5,662 423

33.9% 47.1%

Specification 5, First Name Race:

Dismissed=1, Discharged=0

Specification 6, Minority Judges:

Dismissed=1, Discharged =0

Yes Yes
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Variable Coeff P-val Marg Variable Coeff P-val Marg

Constant -1.882** 0.045 Constant -5.553*** 0.000

Debtor Male 0.227** 0.021 2.3% Chapter 13 Indicator 3.248*** 0.000 15.5%

Debtor African American 0.609*** 0.000 7.6% Judge Male -0.024 0.885 0.0%

Debtor Hispanic 0.194 0.133 2.1% Judge Republican -0.047 0.757 -0.1%

Debtor Other -0.722** 0.047 -5.8% Debtor Male 0.145 0.360 0.2%

Total Assets 0.097** 0.037 1.0% Debtor African American 0.278* 0.084 0.5%

Secured Debts -0.121 0.106 -1.3% Debtor Hispanic 0.031 0.887 0.0%

Non-Secured Debts -0.674*** 0.000 -7.0% Debtor Other 0.729 0.341 1.6%

Home Owner Indicator 0.649*** 0.000 6.5% Total assets 0.086* 0.053 0.1%

Estimated Number of Creditors 0.208*** 0.006 2.2% Secured Debt 0.211*** 0.008 0.3%

Total Monthly Expenditures -1.072*** 0.000 -11.2% Non-Secured Debt -0.048 0.553 -0.1%

Total Monthly Wages 1.077*** 0.000 11.2% Home Owner Indicator 0.137 0.493 0.2%

Self-employed indicator -0.007 0.976 -0.1% Estimated Number of Creditors -0.346** 0.044 -0.5%

Unemployed indicator -0.314* 0.095 -2.9% Total Monthly Expenditures -0.023 0.792 0.0%

Married Indicator 0.026 0.780 0.3% Self Employed Indicator 0.002 0.977 0.0%

Number of Dependents -0.004 0.915 0.0% Unemployed Indicator -0.035 0.945 -0.1%

Previous Bankruptcy Indicator 1.127*** 0.000 17.0% Total Monthly Wages 0.339 0.229 0.6%

Time FE Married Indicator -0.285 0.114 -0.4%

State FE Number of Dependents 0.092 0.104 0.1%

Observations Prior Bankruptcy Indicator 0.475 0.104     0.9%

R-squared Time FE

State FE

Observations

R-squared

Notes: Table 11 reports the results from two separate specifications by estimating logistic discrete-choice model by full-information maximum likelihood with time and state fixed effects 

and clustered standard errors that are adjusted for heteroskedasticity across judges and correlation within. The dependent variable in specification 1 is the decision to file chapter 13. The 

dependent variable in specification 2 is the decision to dismiss the case. The explanatory variables and estimation procedure is explained Table 9.  We report the coefficients (“Coeff”), 

their P-values (“P-val”), and marginal effects (“Marg”) for the decision to choose chapter 13 (Y = 1). We obtain the marginal effects by simply evaluating ∂Px/∂xj = Λ'(xiβ)βj at the 

regressors sample means and coefficient estimates β̂. Since the probabilities of choosing chapter 13 or 7 sum to 1 the marginal effects for the decision to choose chapter7 are simply the 

opposite of the reported ones. The pseudo-R2 is McFadden’s likelihood ratio index 1-logL/(logLo ).

Table 11: Robustness (cont'd)

Specification 1

Logit: Chapter 13=1, Chapter 7=0

Specification 2 

Logit: Dismissed=1, Discharged=0

6340

4226

45.8%

Yes

Yes

Yes

Yes

33.6%
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