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Abstract 

 
This paper investigates whether U.S. bankruptcy judges exhibit in-group gender bias. Using a 
newly assembled dataset of over 3.6 million bankruptcy filings from 2010 to 2018, I exploit the 
quasi-random assignment of cases to judges to estimate the effect of debtor-judge gender 
matching on bankruptcy outcomes. I find precisely estimated null effects: female debtors do not 
receive systematically different outcomes when assigned to female judges. These null effects 
persist across chapters, in settings where judicial discretion or gender salience may be more 
pronounced, and across judge characteristics. The findings suggest that, despite the importance 
of judicial identity in some legal settings, the structured and administrative nature of the 
consumer bankruptcy system may limit the role of debtor-judge gender matching in bankruptcy 
outcomes. 
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Abstract 

This paper investigates whether U.S. bankruptcy judges exhibit in-group gender 
bias. Using a newly assembled dataset of over 3.6 million bankruptcy filings from 
2010 to 2018, I exploit the quasi-random assignment of cases to judges to 
estimate the effect of debtor-judge gender matching on bankruptcy outcomes. I 
find precisely estimated null effects: female debtors do not receive systematically 
different outcomes when assigned to female judges. These null effects persist 
across chapters, in settings where judicial discretion or gender salience may be 
more pronounced, and across judge characteristics. The findings suggest that, 
despite the importance of judicial identity in some legal settings, the structured 
and administrative nature of the consumer bankruptcy system may limit the role of 
debtor-judge gender matching in bankruptcy outcomes. 

I. Introduction 
In-group bias exists in numerous settings including labor markets (Bagues et al., 2017; 

De Paola and Scoppa, 2015), financial markets (Jannati et al., 2025; Fisman et al., 2017), sports 
(Sandberg, 2018; Parsons et al., 2011), health care (Zeltzer, 2020; Greenwood et al., 2018), and 
education (Fairlie et al., 2014; Dee, 2005). Recent empirical literature has shown that legal 
actors, including judges (Grossman et al., 2016; Shayo and Zussman, 2011; Gazal-Ayal and 
Sulitzeanu-Kenan, 2010), juries (Anwar et al., 2019 and 2012), prosecutors (Didwania, 2022), 
and police (Anwar and Fang, 2006), also exhibit in-group bias. But the literature has shown that 
this in-group bias is not inevitable (Ash et al., 2025). This paper asks whether such in-group bias 
extends to the consumer bankruptcy system. 

Consumer bankruptcy is an interesting setting in which to examine in-group bias because 
the system is both economically consequential and institutionally constrained. The bankruptcy 
system serves as a key social program in the United States, with more than ten percent of 
households having filed for bankruptcy at least once (Keys, 2018; Stavins, 2000). The economic 
consequences of a judge’s decision are substantial; bankruptcy judges decide whether a debtor 
receives a discharge, which legally releases the debtor from eligible debts. Thus, their decisions 
determine whether debtors obtain meaningful relief from financial distress. At the same time, 
bankruptcy is highly structured and procedural. Outcomes are shaped by statutory rules, financial 
circumstances, local rules, standardized procedures, and review by the trustee who administers 
the case. Moreover, many consumer cases proceed primarily through written documents and 
trustee-administered processes rather than through in-person judicial interaction. Bankruptcy 
therefore presents a central tension: judges decide consequential outcomes, but the rule-bound, 
document-driven, and trustee-mediated structure of the system may limit the effect of in-group 
bias by judges. 
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This paper uses a newly assembled dataset of more than 3.6 million consumer bankruptcy 
filings from 2010 to 2018. The data include debtor names, judge names, and detailed case 
characteristics. I use first names to infer debtor and judge gender, which allows me to examine 
whether bankruptcy outcomes vary with debtor-judge gender matching. The empirical strategy 
exploits the quasi-random assignment of cases to bankruptcy judges within the same court and 
year. Specifically, it compares similarly situated female and male debtors who file for bankruptcy 
in the same court and year but are assigned to judges of different genders. If shared gender 
affects how judges perceive debtor credibility, responsibility, vulnerability, or deservingness, 
then female debtors may receive different outcomes when assigned to female judges. This 
question speaks directly to broader debates about the role of judge identity in the legal system.  

This paper contributes to the broader literature showing that bankruptcy is not gender 
neutral in its causes, use, or consequences (Hansen and Miller, 2020; Sullivan, 2005; Warren, 
2002). I show that female debtors are approximately two percentage points more likely to receive 
a discharge than otherwise similar male debtors. Relative to the mean discharge rate of 82 
percent, this represents a 2.4 percent increase in the probability of receiving a discharge. This 
gender difference is important because discharge is the central form of relief provided by the 
bankruptcy system. Without a discharge, bankruptcy may do little to improve a debtor’s long-
term financial position. The analysis therefore asks whether this female-male difference in 
discharge outcomes is partly explained by debtor-judge gender matching. 

The paper finds precisely estimated null effects of debtor-judge gender matching. Female 
debtors do not receive systematically different outcomes when assigned to female judges rather 
than male judges. This null finding is robust across chapters and across judge characteristics, 
including judge experience and workload. In addition, the estimates remain insignificant in 
settings where discretion, case complexity, or gender salience may make in-group gender bias 
more likely to occur. The results are also not driven by any particular judge, court, or courts with 
limited female-judge representation. Finally, I examine whether gender matching with 
bankruptcy trustees helps explain the results. Although trustees play a central role in 
administering consumer bankruptcy cases, I find no significant evidence that debtor-trustee 
gender matching affects bankruptcy outcomes. Taken together, the results suggest that while 
gender differences in bankruptcy outcomes exist, they do not appear to arise from in-group 
gender bias by bankruptcy judges or trustees. 

The broader legal question is whether case outcomes are shaped by demographic 
matching between judge and litigant. In consumer bankruptcy, the answer appears to be largely 
no. Although bankruptcy judges possess substantial formal authority, the standardized, 
document-driven, and trustee-mediated structure of consumer bankruptcy may limit the effect of 
shared gender on case outcomes. The results therefore suggest that institutional design may 
shape when judicial identity matters. 
II. Institutional Background 

Over the past several decades, the U.S. consumer bankruptcy system has become one of 
the country’s most important legal mechanisms for resolving household debt. On average, 
approximately one million consumers file for bankruptcy each year, with each filer discharging 
approximately $60,000 in unsecured debt. Thus, the bankruptcy system is one of the country’s 
larger transfer of wealth programs (Lefgren and McIntyre, 2009). 
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Consumer bankruptcy provides an important setting in which to examine whether debtor-
judge gender matching affects legal outcomes. On the one hand, bankruptcy judges make 
decisions that are highly consequential for debtors, including whether they receive a discharge. 
This decision determines whether financially distressed households receive meaningful debt 
relief. If judicial perceptions of debtor credibility, responsibility, or deservingness affect 
decision-making, then debtor-judge gender matching could matter.  

On the other hand, consumer bankruptcy is a highly structured and administrative legal 
process. Outcomes are shaped by statutory rules, detailed financial circumstances, trustee review, 
local procedures, and standardized forms. Many cases proceed largely through written filings 
with limited direct interaction between the debtor and the judge. These institutional features may 
constrain judicial discretion and reduce the opportunity for debtor-judge gender matching to 
influence case outcomes. Thus, consumer bankruptcy presents competing theoretical 
possibilities: gender matching may matter because judges decide consequential outcomes, but it 
may have little effect if bankruptcy outcomes are primarily determined by legal rules or financial 
characteristics. 

When filing for bankruptcy, consumers are primarily afforded two options: Chapter 7 
(liquidation) and Chapter 13 (reorganization).1 The optimal bankruptcy chapter for any consumer 
depends on detailed aspects of their financial situation. However, in general Chapter 7 is 
intended for low-income consumers with few assets while Chapter 13 is intended for consumers 
with higher income and assets. I discuss each of these chapters below. 
A. Chapter 7 vs Chapter 13 
 In a Chapter 7 bankruptcy, consumers may retain certain assets --- which assets they can 
keep depend on their state’s exemption laws. State exemption levels detail how much property is 
protected when filing for bankruptcy. These levels vary dramatically across state with some 
states protecting virtually an unlimited amount of assets and others protecting very little. In 
almost all Chapter 7 cases (94 percent), consumers do not have any assets above the state 
exemption level. Thus, Chapter 7 bankruptcies are usually quick, lasting 5 months on average. 
However, if the consumer has assets above their exemption level, those assets are collected and 
sold with the proceeds being distributed among the consumer’s creditors. After any 
disbursement, the bankruptcy judge discharges any remaining unsecured debts. Most Chapter 7 
bankruptcy cases are successful--- over 96 percent result in a discharge. 

Chapter 7 cases are often highly regimented, and many proceed with limited judicial 
involvement. This feature may limit the impact of debtor-judge gender matching. For example, 
in routine no-asset cases, outcomes may be determined primarily by statutory eligibility, debtor 
financial disclosures, and trustee review. Nonetheless, Chapter 7 cases involve consequential 
judicial decisions. For example, judges approve reaffirmation agreements (contracts in which a 
debtor agrees to remain liable for a debt that would otherwise be discharged in bankruptcy), 
resolve disputes between debtors and creditors (such as disputes involving fraudulent activities 
and false statements), and ultimately, they decide whether the consumer receives a discharge of 
their debts. Thus, even in a relatively standardized chapter, judicial decision-making may matter. 
The judge’s philosophy, experience, interpretation of the Bankruptcy Code, application of local 
rules, and oversight of the trustee can all influence the outcome of a Chapter 7 case. As such, the 

 
1 Households may also file under Chapter 11 of the Bankruptcy Code. However, during the time period studied here, 
less than one percent of consumers filed under Chapter 11. Therefore, it is not discussed in this paper. 
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role of the bankruptcy judge is central not only to the individual case but also to the broader 
functioning and equity of the consumer bankruptcy system. 

As an alternative to Chapter 7, consumers can file under Chapter 13 of the Bankruptcy 
Code. In a Chapter 13 bankruptcy, consumers generally retain all their assets regardless of the 
state’s exemption level. Instead, consumers make monthly payments to repay their creditors.2 
Thus, Chapter 13 is often used by consumers with higher income, larger assets, and secured 
debts, particularly when the debtor seeks to retain collateral such as a home or vehicle. Upon 
completion of the repayment plan, the bankruptcy judge discharges any remaining unsecured 
debt. However, if the consumer is unable to complete their repayment plan, the case will either 
be converted to a Chapter 7 bankruptcy or dismissed. Indeed, only 47 percent of Chapter 13 are 
successful and receive a discharge. Without a discharge, the consumer is once again liable for 
any remaining debts. 

In Chapter 13 bankruptcy cases, judges play a more active and influential role than in 
Chapter 7 proceedings. Because Chapter 13 involves the confirmation and supervision of a 
multi-year repayment plan, judges must evaluate the feasibility of the debtor’s proposed plan, 
assess whether it meets statutory requirements, and adjudicate objections from trustees or 
creditors. Judges also rule on motions to modify plans, requests for plan extensions or dismissals, 
and disputes over claim treatment or plan completion. These decisions can be consequential 
because they determine whether the debtor can retain assets, remain in bankruptcy, and 
ultimately receive a discharge. If debtor-judge gender matching affects perceptions of debtor 
credibility, effort, or deservingness, Chapter 13 may provide more opportunities for such 
perceptions to influence outcomes. 

At the same time, Chapter 13 is also heavily structured. Plan payments are based on 
financial disclosures, disposable income calculations, creditor claims, statutory confirmation 
requirements, and trustee recommendations. Typically, trustees, and not judges, monitor plan 
performance, respond to nonpayment, and initiate motions to dismiss when debtors fail to 
comply with plan obligations. These features may constrain the independent effect of judicial 
identity, even in cases where judges are more actively involved. 
B. Bankruptcy Judges and Other Actors 

Bankruptcy judges are assigned to cases through a quasi-random assignment process. 
This process is designed to ensure that no party can influence which judge oversees their case. 
Although assignment procedures can vary by district, the general practice involves either 
automated or clerk-administered randomization methods at the time of filing. The assigned 
bankruptcy judge decides all matters connected to a case, including whether the debtor receives a 
discharge. 

The debtor’s gender is apparent to the assigned judge, even in cases with limited in-
person contact. Bankruptcy filings include the debtor’s first name, which allows the judge to 

 
2 The amount paid each month and length of the repayment plan vary depending on the particulars of a debtor’s 
case. However, consumers typically pay their projected monthly disposable income, calculated as the difference 
between their average monthly income and average monthly expenses, over a three-to-five-year period. 
Repayment plans must compensate creditors at least as much as they would receive under Chapter 7. Under the so-
called “best interests of creditors test,” a court may not confirm a Chapter 13 plan unless it finds that the plan will 
provide unsecured creditors with at least as much as they would receive if the debtor were “liquidated under chapter 
7.” See 11 U.S.C. § 1325(a)(4).  



5 
 

infer the debtor’s gender from the written record. This is important because, as described above, 
some debtors may not appear before the bankruptcy judge. For example, in Chapter 7 cases, 
debtors likely only appear before a judge if they have secured debt, if their creditors object, or if 
the trustee identifies an issue requiring judicial resolution. In Chapter 13 cases on the other hand, 
debtors typically interact with the judge during the plan confirmation process and may also 
appear if the trustee or a creditor seeks dismissal, plan modification, or conversion. Thus, while 
the debtor’s gender is visible to the judge in all cases, the degree of direct interaction varies 
across cases and chapters. 

Of course, there are many other actors in the bankruptcy system besides the bankruptcy 
judge. Most notable is the bankruptcy trustee, who is responsible for administering the case. In 
Chapter 7 cases, the trustee reviews the debtor’s filing, investigates whether there are assets 
above the relevant exemption level, gathers and sells any such nonexempt assets, and distributes 
the proceeds to creditors. In Chapter 13 cases, the trustee reviews the proposed repayment plan, 
monitors monthly payments, distributes funds to creditors, and responds to nonpayment or other 
plan failures. In either chapter, trustees may challenge exemptions, investigate misreporting, and 
move to dismiss cases when debtors fail to comply with bankruptcy requirements. Because 
trustees perform many of the screening, monitoring, and enforcement functions in consumer 
bankruptcy, they may mediate the role of judicial discretion in many cases.  

The bankruptcy system therefore presents a central tension: judges decide consequential 
outcomes, but the rule-bound, document-driven, and trustee-mediated structure of consumer 
bankruptcy may limit their ability to affect outcomes, particularly in routine cases. 
C. Conceptual Framework 

Because of these institutional features, a priori, the relationship between in-group gender 
bias and consumer bankruptcy outcomes is ambiguous. On the one hand, a substantial literature 
shows that judicial identity can influence case outcomes, particularly when the case raises issues 
for which the judge’s background or experiences is relevant (Harris and Sen, 2026; Glynn and 
Sen, 2015; Boyd et al., 2010). If shared gender affects how judges perceive debtors, then female 
debtors may receive different treatment when assigned to female judges. For example, female 
judges may be more sympathetic to female debtors because of shared experiences or because 
they have a greater awareness of the economic constraints facing women. On the other hand, due 
to the structured nature of the bankruptcy process, debtor-judge gender matching may have a 
limited impact on case outcomes. Additionally, the administrative role of bankruptcy trustees 
may further reduce the effect of debtor-judge gender matching. Thus, the institutional features of 
bankruptcy may limit opportunities for judicial perceptions of the debtor to influence outcomes. 

These competing mechanisms generate three predictions. First, if in-group gender bias 
affects consumer bankruptcy outcomes, female debtors will fare differently when they are 
assigned to female judges than when they are assigned to male judges. Second, any gender-
match effect is most likely to appear in cases where discretion, complexity, or gender salience is 
greater. For example, in-group gender bias will more likely appear in asset cases (cases with 
assets above the relevant exemption level), cases with larger debts, cases with more creditors, 
cases with secured debt, cases with non-dischargeable debt (debt that is not forgiven in 
bankruptcy), or pro se cases (cases filed without an attorney). Third, if consumer bankruptcy is 
sufficiently rule-bound then debtor-judge gender matching will have little effect even in these 
higher-discretion or higher-salience settings. 
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The empirical analysis tests these predictions in several ways. The main specification 
examines whether female debtors experience different outcomes when assigned to female judges 
rather than male judges. If in-group gender bias affects bankruptcy outcomes, the debtor-judge 
gender-match coefficient should be statistically and substantively different from zero. Additional 
specifications then examine whether this estimate changes in settings where gender-match effects 
may be more likely to appear, including cases involving greater judicial discretion, greater case 
complexity, or more pronounced gender salience. Finally, the analysis considers alternative 
measures of case outcomes, heterogeneity by judge characteristics, and robustness to the 
composition of courts and judges. 
III. Background Literature 

In-group bias has been studied in numerous settings including labor markets (Bagues et 
al., 2017; De Paola and Scoppa, 2015), financial markets (Jannati et al., 2025; Fisman et al., 
2017), sports (Sandberg, 2018; Parsons et al., 2011), health care (Zeltzer, 2020; Greenwood et 
al., 2018), and education (Fairlie et al., 2014; Dee, 2005). In the legal setting, in-group bias has 
been examined among legal decision-makers. For example, outside the judicial context, in-group 
bias has been studied in prosecutors (Didwania, 2022). Related work on juries examines whether 
shared race or gender between jurors and defendants affects conviction rates (Anwar et al., 2019 
and 2012). In policing, Anwar and Fang (2006) examine whether motor-vehicle search decisions 
vary with both officer race and motorist race, providing related evidence on how shared or 
different racial identities may shape enforcement decisions. Most closely related to this study, 
Argyle et al. (2025) examine in-group racial bias among bankruptcy trustees. Together, these 
studies show that legal outcomes may depend on the identity of the institutional actors who 
administer and enforce the law. 

A substantial literature has also examined in-group bias in judicial decisions. In Israeli 
courts, studies have found evidence of in-group bias among Arab and Jewish judges and litigants 
in small-claims awards (Shayo and Zussman, 2011) and bail decisions (Gazal-Ayal and 
Sulitzeanu-Kenan, 2010). Grossman et al. (2016) provide related evidence from Israeli courts, 
showing that judicial panel composition can affect outcomes for defendants from different ethno-
religious groups. In the United States, Depew et al. (2017) examine juvenile-court decisions in 
Louisiana and find evidence of racial in-group bias, although the bias runs against, rather than in 
favor of, juveniles assigned to same-race judges. Other studies, have documented null effects of 
shared identity in judicial decision making. For example, in Indian courts, Ash et al. (2025) find 
little evidence that judges treat defendants more favorably when they share the judge’s gender or 
religion. Taken together, this literature suggests that in-group bias is plausible but not inevitable. 
Whether shared identity affects legal outcomes likely depends on the institutional setting, the 
degree of discretion, and the nature of the decision. 

In addition to the literature on in-group bias, this paper contributes to a growing literature 
on the role of institutional actors in the bankruptcy system. Prior work shows that bankruptcy 
outcomes are shaped not only by debtors’ financial circumstances and statutory rules, but also by 
the trustees and attorneys who administer and navigate the process. Existing research suggests 
that these actors can meaningfully influence bankruptcy outcomes. For example, Braucher et al. 
(2012) and Lefgren et al. (2010) highlight the role of attorneys in chapter choice. More recently, 
Argyle et al. (2025) document the role of the trustee in bankruptcy outcomes. This paper builds 
on that literature by examining the role of judges in the bankruptcy process, specifically 
examining whether judges exhibit in-group gender bias. 
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IV. Data 
The empirical analysis uses data on all individuals that filed for bankruptcy individually 

(i.e. without a spouse) in 61 of the 94 bankruptcy courts between 2010 and 2018.3 Data on each 
bankruptcy case was obtained from the Federal Judicial Center (FJC) database. The FJC database 
contains detailed quantitative information including assets, debts, income, and expenses. It also 
contains administrative information such as whether the filer received a discharge, the length of 
the case, and whether the case was converted from one chapter to another. 

However, the FJC database does not contain demographic information such as the 
debtor’s gender. The 61 bankruptcy courts included in the sample provided a fee waiver to access 
their electronic records, available through Public Access to Court Electronic Records (PACER). 
99.6 percent of cases in in the FJC database were matched to PACER records. Appendix A 
contains details about matching the PACER and FJC databases.  

Collectively, the 61 courts included in the sample account for 55 percent of the consumer 
cases filed individually in the United States between 2010 and 2018. Appendix Figure C1 
visually displays the 61 courts for which I have data. In addition, Appendix Table C1 shows that 
the cases filed in these 61 bankruptcy courts have similar characteristics to the universe of cases 
filed individually between 2010 and 2018. 

PACER records contain information on the debtor’s first name. The filer’s gender was 
imputed from their first name using Gender-API.com with protocols similar to Kuminoff et al. 
(2023) and Card et al. (2020).4 Using Gender-API’s interface, I predict the gender of 99.8 
percent of filers.5  

The PACER records also include the last name of the judge. The judges’ first name was 
obtained from the biographical directory of federal judges (Ashley et al., 2022). If the judge was 
not listed in the biographical directory, their first name was hand collected from public websites. 
The judge’s gender was also inferred from their first name using Gender-API.  

Table 1 provides descriptive statistics for the 3,676,215 bankruptcy filers in the dataset. 
Summary statistics can also be seen by chapter. The first panel examines case outcomes. The 
primary outcome of interest is whether the case receives a discharge; a discharge determines 
whether a debtor receives a legal release from eligible debts, making it a direct measure of 
whether the bankruptcy process provides meaningful debt relief. On average, 82 percent of 
bankruptcy cases receive a discharge. However, this number varies dramatically by chapter--- as 
discussed above, 96 percent of Chapter 7 cases receive a discharge compared to 47 percent of 
Chapter 13 cases. The analysis also considers other case outcomes, including chapter conversion 

 
3 Again, this paper examines in-group gender bias in consumer bankruptcy cases. Thus, the primary specification 
includes an interaction between debtor gender and judge gender, with the case outcome as the dependent variable. 
When debtors file jointly--- typically as heterosexual spouses--- they complete one set of paperwork and generally 
receive the same outcome because the case is treated as a single legal proceeding. Thus, debtors who file jointly are 
excluded from the sample. 
4 Gender API contains data on over 6 million names from 190 countries and is generally considered the best 
performing name-to-gender inference service (Santamaria and Mihaljevic, 2018). As a robustness check to Gender-
API’s proprietary algorithm, I predicted the gender of filers using two additional datasets: 1) the Social Security 
Administration and 2) Harvard Dataverse’s World Gender Name Dictionary. Using these alternative name-to-gender 
inference methodologies does not have a meaningful impact on the results. Additional details are available in 
Appendix B. 
5 As in Kosnik (2022), names with less than 90 percent certainty are left unassigned. 
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and case length. As shown in Table 1, three percent of cases are converted to another chapter, 
with conversion being more common in Chapter 13 than in Chapter 7. The average case lasts 14 
months, but case length also differs substantially by chapter. Chapter 13 cases last 34 months on 
average, compared to only five months for Chapter 7 cases. 
[Table 1: Summary Statistics] 

As seen in the second panel of Table 1, 57 percent of cases are filed by women; this 
number is consistent across chapters. Approximately 35 percent of judges are female--- this is 
also consistent across chapters.  

Figure 1 shows the average discharge rate for the four possible gender pairings of debtors 
and judges. Panel A shows results for Chapter 7 cases while Panel B shows results for Chapter 13 
cases. The raw average presented in Figure 1 suggest that there is no in-group gender bias; in 
both Chapter 7 and Chapter 13 cases, female filers are equally likely to receive a discharge when 
assigned to female judges rather than male judges. Of course, raw averages are not sufficient to 
prove the absence of in-group gender bias. Below I detail the empirical strategy for estimating 
in-group gender bias. 
[Figure 1: Percent of Cases Receiving a Discharge]  

The bottom panel of Table 1 displays the case covariates utilized in the regression 
analysis. These include a dummy variable that equals one if the debtor has assets above the 
relevant exemption level, log of assets, log of debts, the share of debt that is secured, a dummy 
variable that equals one if the debtor is a homeowner (defined as having real property), log of 
monthly income, log of monthly expenses, a dummy variable the equals one if the debtor has 
filed for bankruptcy in the past eight years, and a dummy variable if the debtor is filing pro se. 
As discussed in the institutional background, Table 1 shows that Chapter 13 cases differ 
meaningfully from Chapter 7 cases along several dimensions. Chapter 13 debtors are more likely 
to have assets above the exemption level, report a larger share of secured debt, and have higher 
incomes. Chapter 13 cases are also more likely to involve repeat filers and less likely to be filed 
pro se. These differences suggest that Chapter 13 cases may involve more complicated financial 
circumstances, greater ongoing obligations, and more consequential decisions about repayment 
and asset retention. 
V. Empirical Strategy 

As detailed below, the estimate of in-group gender bias is an interaction of the debtor’s 
and judge’s gender. Thus, quasi-random assignment is a central condition for the identification 
strategy--- if male and female judges are assigned comparable cases within the same court and 
year, differences in outcome by debtor-judge gender pairing can be attributed to in-group gender 
bias. However, if male and female judges are systematically assigned different types of male and 
female debtors, identification would be threatened. Thus, this section begins by testing whether 
debtor gender and observable case characteristics predict assignment to a female judge. 
A. Random Assignment of Judges 

Although bankruptcy cases are assigned to judges through court-administered 
randomization procedures, readers may be concerned that attorneys could strategically time their 
cases to increase the likelihood of assignment to a particular judge. To assess whether assignment 
is quasi-random with respect to the debtor’s gender and other observable case characteristics, I 
estimate a series of regressions in which the dependent variable is a dummy variable equal to one 
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if the assigned judge is female. The independent variables include the debtor’s gender, case 
characteristics, and court-year fixed effects. Thus, the specification asks whether, among cases 
filed in the same court and year, female debtors or cases with particular observable 
characteristics, are more likely to be assigned to female judges. In other words, I test for 
randomization by running the following regression: 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑗𝑗 = α0 + α1𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 + α2X𝑖𝑖 + 𝜃𝜃𝑐𝑐𝑐𝑐 + ε𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (1) 

where i denotes the debtor, j denotes the judge, c denotes the court and y denotes the year. 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑗𝑗 is a dummy variable equal to one if judge j is female, 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 is a 
dummy variable that equals one if debtor i is female, and 𝑋𝑋𝑖𝑖 includes the controls described 
above: a dummy variable that equals one if the debtor has assets above the state’s exemption 
level, log of assets, log of debts, the share of debt that is secured, a dummy variable that equals 
one if the debtor is a homeowner, log of monthly income, log of monthly expenses, a dummy 
variable the equals one if the debtor has filed for bankruptcy in the past eight years, and a 
dummy variable if the debtor is filing pro se. Finally, 𝜃𝜃𝑐𝑐𝑐𝑐 is a vector of court-year fixed effects. 
Standard errors are clustered at the court level as randomization occurs at the court level. 

The key coefficients are α1 and α2. α1 tests whether the debtor’s gender predicts 
assignment to a female judge within court-year. If cases are assigned without regard to debtor 
gender, this coefficient will be economically and statistically insignificant.  Additionally, the 
vector α2 tests whether observable case characteristics predict female-judge assignment. Again, 
if cases are randomly assigned to judges, α2 will be insignificant. 
B. In-Group Gender Bias 

The primary empirical analysis tests whether female debtors experience different 
bankruptcy outcomes when their cases are assigned to female judges. The central concern is not 
whether female judges reach different outcomes on average, but whether the relationship 
between debtor gender and case outcomes differs depending on the gender of the assigned judge. 
Accordingly, the key independent variable is the interaction between female debtor and female 
judge. The coefficient on this interaction term captures whether the female-male outcome gap is 
different when cases are assigned to female judges relative to the corresponding debtor-gender 
difference when cases are assigned to male judges. If in-group gender bias affects consumer 
bankruptcy outcomes, this coefficient should be statistically and substantively different from 
zero. If, instead, bankruptcy outcomes are primarily shaped by legal rules, trustee involvement, 
and case characteristics, then debtor-judge gender matching will have little effect on observed 
outcomes. Thus, the primary specification is: 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
= β0 + β1�𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹i × 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑗𝑗�
+ β2𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 + β3Xi + θ𝑗𝑗 + θ𝑐𝑐𝑐𝑐 + ε𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

(2) 

where 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is a dummy variable that equals one if debtor i, assigned to judge j, in 
court c, in year y receives a discharge. Again, 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 is a dummy variable that equals 
one if debtor i is female, 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑗𝑗 is a dummy variable that equals one if judge j is female, 
and 𝑋𝑋𝑖𝑖 includes the controls described above. Equation (2) also includes judge fixed effects (𝜃𝜃𝑗𝑗), 
and court-year fixed effects (𝜃𝜃𝑐𝑐𝑐𝑐). Judge fixed effects account for a judge’s time-invariant and 
case-independent characteristics that impact their overall discharge rate such as their judicial 



10 
 

philosophy, case management style, or overall propensity to grant a discharge. These fixed 
effects subsume the judge’s gender. Court-year fixed effects ensure that I compare debtors that 
are filing for bankruptcy in the same court at the same time; they account for variations in the 
characteristics of cases and debtors across courts and time. Standard errors are clustered at the 
court level as randomization takes place at this level.  

The key variables of interest are 𝛽𝛽1and 𝛽𝛽2. As shown in Table 2, 𝛽𝛽1 + 𝛽𝛽2 captures the 
impact of being female if a case is assigned to a female judge while β2 captures the impact of 
being female if a case is assigned to a male judge. In other words, equation (2) is a difference-in- 
differences design with 𝛽𝛽1 capturing own-gender favoritism--- it captures the causal effect of 
when a randomly assigned judge has the same gender as the debtor.  
[Table 2: Predicted Differences in Outcomes for Debtor-Judge Pairs] 
VI. Results 
A. Random Assignment of Judges 

Table 3 provides results from the random assignment test, examining whether a debtor’s 
characteristics, including their gender, predict assignment to a female judge. Again, this test is 
important because the empirical strategy asks whether the female-versus-male debtor outcome 
gap differs between cases assigned to female judges and cases assigned to male judges within the 
same court and year. 
[Table 3: Test for Random Assignment of Judges] 

In the first column of Table 3, each cell represents a separate regression--- in other words, 
the judge’s gender is regressed on each independent variable individually. (Each regression also 
includes court-year fixed effects.) The point estimates are all small in magnitude with none of the 
coefficients being statistically significant at the 5 percent level. This provides initial support for 
the assumption that assignment to a female judge is not systematically related to the debtor’s 
gender or other characteristics. 

In the second column, I perform a single regression in which I regress the judge’s gender 
on the full set of case characteristics. This specification asks whether the debtor’s characteristics 
jointly predict assignment to a female judge within the same court and year. Again, the point 
estimates are all close to zero and none are statistically significant at the 5 percent level. 
Meaning, female judges are not assigned systematically different cases than male judges. Thus, 
the first two columns of Table 3 do not provide evidence of absolute sorting of cases to female 
judges. 

The third column examines differential sorting, which would arise if female debtors with 
certain characteristics are more likely to be assigned to female judges. For example, differential 
sorting would occur if female debtors with high debts are more likely to be assigned to female 
judges (even if female debtors overall are not more likely to be assigned to female judges). To 
test for differential sorting, I interact each case characteristics with 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖. As seen in 
column 3, none of the interaction terms are statistically significant. Moreover, the inclusion of 
these additional variables does not alter the adjusted R2. Thus, there is little evidence of 
differential sorting. (Similar results are seen in Appendix Table D1 when the sample is divided 
by chapter.)  
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Taken together, the results in Table 3 provide no evidence that assignment to female 
judges is systematically related to the debtor’s gender or other case characteristics. Meaning, 
within the same court and year, female debtors are no more likely than male debtors to be 
assigned to a female judge. Additionally, the case characteristics do not meaningfully predict 
female-judge assignment.  
B. In-Group Gender Bias 

Having shown that cases are quasi-randomly assigned to judges, I next turn to the central 
question of whether debtor-judge gender matching affects bankruptcy discharge. Table 4 reports 
selected coefficients from the specifications described below. I begin with Panel A, which 
presents results for the full sample of cases.  
[Table 4: Debtor-Judge In-Group Gender Bias] 

The first column displays results from a rudimentary specification--- a basic difference-
in-differences specification which only includes controls for the debtor’s gender, judge’s gender, 
the interaction of the debtor’s and judge’s gender, and court-year fixed effects. In this 
specification, the coefficient on the interaction term is statistically insignificant, suggesting that 
there is no in-group gender bias towards female debtors. It’s worth noting that the coefficient on 
the debtor’s gender is positive and significant. This coefficient indicates that the probability of 
receiving a discharge is 3 percentage points higher for female debtors than for male debtors. 
Additionally, it should be noted that the coefficient on the judge’s gender is not statistically 
significant, suggesting that female and male judges do not have statistically different likelihoods 
of granting a discharge.  

Coefficients presented in the second column are from a specification that also includes 
judge fixed effects. Because a judge’s gender is time invariant, the inclusion of judge fixed 
effects absorbs the female-judge dummy variable. Accordingly, this specification cannot estimate 
whether female and male judges have different probabilities of granting a discharge. Instead, this 
specification tests whether female debtors experience different outcomes when assigned to 
female judges. The key regression coefficient remains similar in magnitude and statistical 
significance. The stability of this estimate suggests that the results are not driven by time-
invariant differences across judges, such as differences in judicial philosophy, case management 
style, or overall propensity to grant favorable outcomes. 

The third column presents results from the primary specification (equation (2)) in which 
case characteristics are also included. These additional variables control for observable 
differences across cases that are related to discharge. As shown in the second row, female debtors 
are approximately two percentage points more likely to receive a discharge than otherwise 
similar male debtors; relative to the mean discharge rate of 82 percent, this represents a 2.4 
percent increase in the probability of receiving a discharge. However, female-versus-male 
differences in case outcomes does not appear to be driven by debtor-judge gender matching. The 
coefficient on the interaction term remains small, with a tight confidence interval around zero. 
Thus, even after controlling for case characteristics, there is little evidence that female debtors 
experience different outcomes when assigned to female judges. This result provides little 
evidence of economically meaningful in-group gender bias.  

Readers may be concerned that the estimates above mask gender-match effects if female 
and male judges respond differently to case characteristics that are correlated with the debtor’s 
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gender. Meaning, the coefficient on the interaction term could reflect differences in how judges 
evaluate other features of the case, rather than the debtor-judge gender match itself. To address 
this concern, I estimate an expanded specification that interacts each case characteristic with the 
judge’s gender--- this allows the relationship between case characteristics and discharge to differ 
for female and male judges. If the main result reflects differences in how female judges respond 
to non-gender case characteristics that are correlated with the debtor’s gender, the coefficient of 
interest will change once these interaction terms are included. Select coefficients from this 
specification can be found in the last column of Table 4. With the inclusion of these nine 
interaction terms, the coefficient of interest remains small and statistically insignificant. 
Moreover, the inclusion of these additional terms does not alter the adjusted R2. This suggests 
that the null result is not driven by constraining female and male judges to have the same 
relationship between case characteristics and discharge. Meaning, even when female and male 
judges are permitted to treat observable case characteristics differently, there is little evidence 
that female debtors receive different outcomes when assigned to female judges. 

Taken together, the results provide no evidence of in-group gender bias--- across all four 
specifications, the estimated coefficient on the key interaction term is small with tight confidence 
intervals around zero. These findings suggest that female debtors do not receive systematically 
different outcomes when assigned to female judges. One explanation for these null results is that 
consumer bankruptcy is a highly structured legal process in which outcomes are shaped by 
statutory rules, the debtor’s financial characteristics, standardized court procedures, and trustee 
oversight.  

Finally, I note that the results are similar when the sample is restricted to Chapter 7 cases 
(Panel B) or Chapter 13 cases (Panel C). One might expect in-group bias to be more prevalent in 
Chapter 13 cases than Chapter 7 cases. As discussed in the institutional background, Chapter 7 is 
a more regimented process--- there is limited discretion which may not allow biased beliefs or 
taste to influence a case’s outcome. Additionally, judges have less interaction with debtors in 
Chapter 7 cases. As seen in the lower two panels, there is no evidence of in-group gender bias in 
either chapter. The persistence of the null result in Chapter 13 is particularly informative because 
that is the setting in which judicial discretion and ongoing court interaction should make gender 
matching more likely to matter. 
C. Subsamples with Greater Potential for In-Group Gender Effects 

This subsection continues this line of inquiry by examining additional settings in which 
judicial discretion may be more pronounced. The central inquiry remains--- do female debtors 
experience different outcomes when assigned to female judges? The difference is that I now test 
whether in-group gender bias exists in cases in which there may be more room for judicial 
judgment, procedural flexibility, or individualized decision-making. For this analysis, I re-
estimate the preferred specification on six subsamples: cases with non-exempt assets, cases with 
high debts, cases with a large number of creditors, cases with secured debts, cases with non-
dischargeable debt, and pro se cases.6 If the coefficient on the interaction term is significant in 

 
6 Some restricted samples are defined using variables that also appear as controls in the baseline specification. This 
is intentional--- including a case characteristic as a control adjusts for average differences associated with that 
characteristic in the full sample, whereas restricting the sample asks whether the debtor-judge gender-match effect 
appears within a theoretically relevant category of cases. Thus, the restricted-sample analysis examines whether the 
null average effect masks gender-match effects in settings where judicial discretion, case complexity, or gender 
salience may be greater. 
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these restricted subsamples, it would indicate that in-group gender bias emerges in some settings, 
namely settings in which the debtor’s gender is more salient or cases in which judges have more 
room to exercise discretion. By contrast, if the estimates remain small and statistically 
indistinguishable from zero even in these subsamples, it would provide stronger evidence that 
debtor-judge gender matching does not meaningfully affect the probability of receiving a 
discharge. 
[Table 5: Debtor-Judge In-Group Gender Bias in Settings Where In-Group Bias Should be More 
Likely] 

Table 5 reports results for these subsamples. In the first column, I restrict the sample to 
asset cases (cases with assets above the relevant exemption level). Cases with assets may require 
greater oversight of the estate and creditor claims. As a result, judicial discretion or perceptions 
of debtor deservingness are more likely to be present. However, column 1 does not show any in-
group gender bias in this subsample. The interaction between female debtor and female judge 
remains small and statistically insignificant. 

High-debt cases may also provide a setting in which judicial discretion or perceptions of 
debtor deservingness are more likely to matter. These cases may involve greater financial stakes, 
more complicated debtor balance sheets, and more difficult questions about the debtor’s ability 
to obtain meaningful relief. Because the consequences of bankruptcy are likely larger in these 
cases, debtor-judge gender matching is more likely to arise. However, column 2 does not show 
any in-group gender bias in cases with high levels of debt, defined as cases with more than 
$250,000 in debt (the top quartile). The coefficient on the interaction term remains small and 
statistically indistinguishable from zero.  

Cases with many creditors provide another setting in which case complexity may be 
greater. A larger creditor pool may increase administrative demands, create more opportunities 
for procedural disputes, and make the bankruptcy process more difficult to manage. These cases 
may therefore provide more room for judicial involvement than cases involving only a small 
number of creditors. However, column 3 does not show any in-group gender bias in this 
subsample. When the sample is restricted to cases with 50 or more creditors (the top quintile), 
the interaction between female debtor and female judge remains small and statistically 
insignificant. 

Cases involving secured debt represent another setting where bankruptcy decisions may 
be especially consequential for the debtor. When filers have secured debt, the bankruptcy process 
may determine whether they can retain important assets such as their home or car. These cases 
require courts to address issues involving collateral valuation, adequate protection, lien 
treatment, and the debtor’s ability to remain current on secured obligations. As a result, these 
cases may involve greater complexity and judicial involvement than cases composed only of 
unsecured debt. However, column 4 does not show any in-group gender bias in the subsample of 
cases with secured debt. The coefficient on the interaction between female debtor and female 
judge remains close to zero and statistically insignificant. 

The presence of nondischargeable debt may likewise identify cases in which the legal and 
financial stakes of bankruptcy are especially pronounced. Nondischargeable debts are obligations 
that generally cannot be eliminated through bankruptcy, such as certain tax debts, domestic 
support obligations, student loans, and debts arising from fraud or willful injury. Because these 
obligations survive bankruptcy, they limit the amount of relief available to the debtor and may 
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complicate the debtor’s ability to obtain a meaningful fresh start. If debtor-judge gender 
matching affects how courts respond to legally complicated or financially difficult cases, it may 
be more likely to appear in this subsample. However, the results again remain null; the 
coefficient on the interaction term remains small and statistically insignificant. 

Pro se cases provide a final setting in which in-group gender bias may be more likely to 
appear. Debtors without counsel may have more direct interaction with the court. Additionally, 
these cases may provide greater room for procedural flexibility or for judicial perceptions. If 
gender salience is important, pro se cases are among the settings where debtor-judge gender 
matching should be most likely to affect outcomes. However, the results do not support this 
prediction. Among pro se debtors, the coefficient on the interaction term remains small and 
statistically indistinguishable from zero, providing little evidence that female debtors receive 
different outcomes from female judges when they appear without counsel. 

If debtor-judge gender matching matters, it should be most likely to appear in cases 
where judicial discretion is greater or debtors are more vulnerable. The estimates in Table 5 do 
not reveal meaningful effects in these settings. Across these subsamples, the results are 
unchanged. Moreover, the results are similar in Panels B and C when I divide the sample by 
chapter.7 Thus, there is no evidence that female debtors receive different outcomes from female 
judges than male judges even in more complex or potentially higher-discretion cases. 
D. Alternative Outcomes 

Table 6 examines whether bankruptcy judges exhibit in-group gender bias with respect to 
other procedural and substantive outcomes, namely case duration and conversion.  
[Table 6: Additional Outcomes] 

Judges differ in how they manage dockets, handle requests for extensions, and enforce 
procedural deadlines, all of which can influence how quickly a case progresses. For example, 
some judges may encourage expedited resolutions to reduce uncertainty for debtors and 
creditors, while others may permit more time for documentation, creditor negotiations, or plan 
modifications. These differences can lead to variation in case duration even within the same 
court in a given year. However, column 1 does not show any in-group gender bias with respect to 
case length.  

The second column examines whether there is in-group gender bias with respect to 
chapter conversion. Bankruptcy judges have the authority to evaluate good faith, adjudicate 
disputes over debtor eligibility and compliance, and assess the feasibility of repayment plans. 
These decisions can directly influence whether a case proceeds under its original chapter or is 
converted to a different chapter. Variation in judges’ interpretations of statutory requirements, 
tolerance for plan deviations, or willingness to grant continuances can therefore affect the 
likelihood of conversion, even among otherwise similar cases. As a result, judicial behavior may 
introduce in-group gender bias with respect to case conversion. The second column once again 

 
7 When the regressions are estimated separately by chapter, the Chapter 7 and Chapter 13 sample sizes do not 
necessarily sum to the sample size in the pooled specification. Each chapter-specific regression is estimated on a 
different restricted sample, and the fixed-effect structure is evaluated within that subsample. As a result, 
observations that are retained in the pooled specification may be dropped from one of the chapter-specific 
regressions because of singleton fixed-effect groups, or insufficient identifying variation within the restricted 
sample. 
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does not find evidence of such bias--- the coefficient on the interaction term remains small and 
insignificant regardless of chapter.  

The results are similar in Panels B and C when I divide the sample by chapter. Together, 
Table 6 indicates that the null result is not limited to final discharge. I also find little evidence 
that gender matching affects case length or conversion. 
E. Heterogeneity by Judge Characteristics 

In this section I examine heterogeneity in my results by the judge’s characteristics. In 
other words, I examine whether certain types of judges are more likely to exhibit in-group gender 
bias. Specifically, in Table 7 I examine whether in-group bias varies with the judge’s experience 
(columns 1 and 2) or workload (columns 3 and 4). To do this, I re-estimate equation (2) using 
various subgroups of judges.8  
[Table 7: Debtor-Judge In-Group Gender Bias by Judge Characteristics] 

Columns (1) and (2) divide the sample into two groups based on the number of years the 
judge has been on the bench.9 There are many reasons to believe in-group gender bias could vary 
with judicial experience. More experienced judges may be less susceptible to implicit bias and 
may rely more heavily on established routines and legal standards. Alternatively, less 
experienced judges may be more attentive to formal rules or more cautious in exercising 
discretion, while more experienced judges may have greater confidence in making discretionary 
judgments. Column (1) presents results for judges with above-median years of experience (high 
experience), while column (2) presents results for judges with below-median years of experience 
(low experience). In both columns, the coefficient on the interaction term is small and 
statistically insignificant; this suggests that in-group gender bias does not vary with the judge’s 
tenure on the bench. In other words, more experienced judges are not any more (or less) likely to 
exhibit in-group gender bias than less experienced judges. Results are similar in Panels B and C 
when I divide the sample by chapter. 

Next, I consider whether in-group gender bias varies with the judge’s workload. Heavier 
caseloads can affect how judges process cases, allocate attention, and rely on standardized 
procedures. Judges with heavier workloads may have less time to devote to each case, potentially 
increasing reliance on heuristics or making implicit bias more likely to influence outcomes. 
Alternatively, high workload may reduce the role of debtor characteristics if judges rely more 
heavily on formal rules, trustee recommendations, and routine case-processing procedures. 
Judges with lighter workloads may have more time for individualized review, which could either 
increase or decrease the possibility that debtor-judge gender matching affects outcomes. To test 
whether in-group gender bias varies with workload, I divide the sample into two groups based on 
the number of cases a judge is assigned each year. 10 Column (3) presents results for judges with 

 
8 Splitting the sample creates singleton fixed-effects groups. For example, a court-year that includes multiple judges 
in the full sample may include only one high-experience judge. As a result, some observations that are included in 
the pooled specification are dropped from these regressions. 
9 Judge experience is measured annually. For each judge-year in the sample, I calculate the number of years the 
judge has served on the bench as of that year. Thus, the experience measure varies across years for the same judge 
rather than assigning each judge a single time-invariant experience value. 
10 Judge’s workload is also measured annually. For each judge-year in the sample, I calculate the judge’s caseload 
during that year. Thus, the workload measure varies across years for the same judge rather than assigning each judge 
a single time-invariant workload value.  
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high caseload (above the median) while column (4) presents results for judges with low 
caseloads (below the median). I find evidence that judges with high caseloads exhibit in-group 
gender bias. However, the point estimate is economically small (0.4 percentage points). Judges 
with low caseloads do not exhibit in-group gender bias. Again, I find tight zero effects when the 
sample is restricted to Chapter 7 cases (Panel B) or Chapter 13 cases (Panel C). Taken together, 
these results provide little evidence that debtor-judge gender matching varies with judge 
experience or workload. 
F. Robustness to Judge and Court Composition 

As a final set of robustness checks, I examine whether the main results are sensitive to 
the composition of judges and courts in the sample. These tests are distinct from the 
heterogeneity analyses above. Rather than asking whether in-group gender bias varies across 
judge characteristics, these tests ask whether the primary result is driven by an influential judge, 
an influential court, or courts with limited female-judge representation.  

In Figure 2, I examine whether one outlying judge is driving the null result. To do this, I 
estimated equation (2), excluding all cases handled by one judge. This process is repeated 422 
times so that each judge is omitted one at a time. This exercise tests whether the estimated in-
group gender bias depends on the inclusion of any single judge with an unusually large caseload, 
unusual case composition, or distinctive pattern of granting a discharge. Panel A plots the 
estimated effect when one of the 137 female judges is excluded while Panel B presents results 
when one of the 285 male judges is excluded. The estimates are sorted by coefficient size to 
visually assess whether the in-group gender bias remains null or whether any omitted judge 
meaningfully changes the estimated coefficient. Removing any judge from the analysis does not 
alter the estimated in-group gender bias--- the estimated effect remains tightly estimated at zero 
when any of the judges is excluded. Thus, it is unlikely that the main null result is driven by any 
particular judge. 
[Figure 2: Estimates of In-Gender Bias Excluding One Judge at a Time] 

I next conduct an analogous leave-one-court-out analysis. Court-level robustness is 
important because bankruptcy practice may vary across courts in ways that could affect the 
strength of the identifying comparison. Courts may differ in caseload volume, local practice, 
trustee networks, Chapter 13 usage, and the number of female judges serving on the court. If the 
pooled estimate were driven by a court with unusual assignment patterns or case outcomes, 
excluding that court could meaningfully alter the estimated gender-match coefficient. To assess 
this possibility, I re-estimate equation (2), omitting one court at a time. Figure 3 plots the 
estimated coefficient of interest, with estimates again sorted by size so as to visually assess the 
result. As seen in Figure 3, the estimated gender-match effect remains small and statistically 
indistinguishable from zero in all specifications. This suggests that the main finding is not 
attributable to any single court with unusual practices or case composition. 
[Figure 3: Estimates of In-Group Gender Bias Excluding One Court at a Time] 

Finally, I examine whether the results are sensitive to the number of female judges 
serving in a court. In courts with few female judges, the comparison between female and male 
judges may be based on limited within-court variation. This could be a concern if courts with few 
female judges differ systematically from other courts, or if the estimated gender-match effect is 
driven by the outcomes of a small number of female judges in those courts. To address this 
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concern, I re-estimate equation (2) after progressively restricting the sample to courts with more 
female judges. Specifically, I estimate the model using courts with at least one female judge, then 
courts with at least two, three, four, and five female judges.11 Figure 4 plots the coefficient of 
interest from each restricted sample. Across these increasingly restrictive samples, the coefficient 
of interest remains small and statistically indistinguishable from zero. Thus, the main finding 
does not appear to depend on courts with limited female-judge representation. 
[Figure 4: Estimates of In-Group Gender Bias Excluding Courts with Few Female Judges] 

Taken together, these robustness checks reinforce the absence of in-group gender bias. 
The null effect is likely not driven by an influential judge, an influential court, or courts with 
especially limited female-judge representation.  
G. Bankruptcy Trustees 

The absence of debtor-judge gender-match effects may reflect the institutional role of 
bankruptcy trustees. As discussed in the institutional background, trustees are responsible for 
administering the bankruptcy case--- they identify possible misreporting, challenge Chapter 13 
plans, monitor plan requirements, and respond to nonpayment. If trustees shape outcomes more 
directly than judges, then in-group gender bias may be more likely to appear through trustee 
decision-making rather than judicial decision-making. This section therefore examines whether 
debtor-trustee gender matching affects bankruptcy outcomes. 

Chapter 7 bankruptcy trustees are referred to as “panel trustees” because they are 
appointed by the United States Trustee to a panel in each judicial district. The number of trustees 
on a panel varies by district, ranging from 2 to 59. Once trustees are appointed to the panel, 
Chapter 7 cases generally are assigned to a trustee through a blind rotation process. However, 
recent work has shown that some attorneys may strategically file bankruptcy cases to increase (or 
decrease) the odds of their cases being assigned to a specific trustee. Indeed, Morrison et al. 
(2020) show that in at least three cities, some attorneys strategically time their case filings to 
avoid or attract particular Chapter 7 trustees. This possibility makes it important to test whether 
Chapter 7 case characteristics are correlated with the gender of the assigned trustees. 

By comparison, in a Chapter 13 bankruptcy, cases are administered by a standing trustee-
-- an individual appointed to serve a specific geographic region on a full-time basis. In many 
districts there is only one Chapter 13 trustee who is responsible for all Chapter 13 cases within 
their designated district. However, in more populous districts, there are multiple trustees.12  

The PACER records described above include the last name of the trustee. The trustee’s 
first name was obtained from the directory of the U.S. Trustee Program. If the individual was not 

 
11 The baseline specification does not mechanically exclude courts with zero female judges or zero male judges. 
However, courts without both female and male judges provide limited direct within-court variation in judge gender. 
Additionally, courts with only one female judge may rely heavily on that judge for the female-judge comparison. 
The restricted-sample estimates therefore assess whether the results are sensitive to excluding courts with limited 
female-judge representation. 
12 The specification does not mechanically exclude court-years with only one trustee. However, court-years with 
only one trustee provide limited within-court-year variation in trustee gender. The debtor-trustee gender-match 
coefficient is therefore identified by comparing the female-versus-male debtor outcome gap for female trustees to 
the corresponding gap for male trustees, after accounting for trustee fixed effects and court-year fixed effects. 
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listed in the directory, their first name was hand collected from public websites.13 The trustee’s 
gender was also inferred from their first name using Gender-API.  

In Table 8 I test whether trustee assignment is quasi-random. Similar to Table 3, in the 
first column, each cell represents a separate regression. In this column, the trustee’s gender is 
regressed on each independent variable individually along with court-year fixed effects. Most of 
the point estimates are small and statistically insignificant at the 5 percent level. In the second 
column I perform a single regression in which I condition on all the case characteristics. This 
specification is testing whether the debtor’s characteristics jointly predict assignment to a female 
trustee. In this specification, only one of the ten coefficients is statistically significant. However, 
this coefficient is economically significant--- it indicates that asset cases are 10 percentage points 
more likely to be assigned to a female trustee. This suggests that trustee assignment is not quasi-
random; instead there is potential sorting between female and male trustees. The third column 
examines differential sorting by interacting all the case characteristics with 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖. 
This specification examines whether female debtors with certain characteristics are more likely 
to be assigned to female trustees. Results in the third column indicate possible differential 
sorting--- three of the 19 coefficients are significant at the 5 percent level and two are 
economically significant. However, these additional terms do not increase the adjusted R2. 
(Similar results are seen in Table D2 when the sample is divided by chapter.) Nonetheless, the 
coefficients suggest that estimates in Table 9 should be interpreted with caution.  
[Table 8: Tests for Random Assignment of Trustees] 

Table 9 investigates whether there is in-group gender bias with respect to the bankruptcy 
trustee. Similar to Table 4, the first column displays results from the most basic specification--- a 
difference-in-differences specification that only controls for the debtor’s gender, the trustee’s 
gender, the interaction between these two terms, and court-year fixed effects. In this 
specification, the coefficient on the interaction term is statistically insignificant, suggesting that 
there is no in-group gender bias. As in Table 4, the coefficient on the debtor’s gender is positive 
and significant at the 1 percent level, indicating that the probability of receiving a discharge is 3 
percentage points higher for female debtors. As seen in the third row, the coefficient on the 
trustee’s gender is negative and statistically significant, suggesting that cases that are 
administered by female trustees are 5.5 percentage points less likely to receive a discharge.  

The second column includes trustee fixed effects. When trustee fixed effects are included, 
the trustee’s gender is no longer identified. In this specification, the primary coefficient of 
interest remains similar in size and significance.  

The third column presents results from a specification in which case characteristics are 
also included. The coefficient on the interaction term remains null with a tight zero; if trustees 
are randomly assigned to cases, this insignificant association implies that there is no in-group 
gender bias in the likelihood of receiving a discharge. Again, the coefficient on the debtor’s 
gender is positive and significant; this coefficient indicates that the probability of receiving a 
discharge is 1.6 percentage points higher for female debtors than male debtors.  

Coefficients remain similar in the fourth column, which interacts the trustee’s gender with 
each case characteristic. Because some observable case characteristics predict assignment to a 

 
13 In 52,908 cases (1.4 percent of the sample), the trustee’s first name could not be obtained from either the directory 
or public websites. The sample size for this analysis is therefore slightly reduced. 
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female trustee, this is the preferred specification for evaluating debtor-trustee gender matching. 
This specification allows the relationship between observable case characteristics and discharge 
to differ for female and male trustees. The results provide little evidence of in-group gender bias 
by trustees; in this preferred specification, the coefficient on the interaction between female 
debtor and female trustee remains small and statistically indistinguishable from zero. This 
suggests that female debtors do not receive systematically different outcomes when their cases 
are assigned to female trustees, even after flexibly accounting for observable case characteristics 
and differences in how those characteristics relate to outcomes across trustee gender. Because 
trustee assignment may be correlated with unobservable case characteristics, these estimates 
should be interpreted more cautiously than the debtor-judge estimates. 
[Table 9: Debtor-Trustee In-Group Gender Bias] 

Panels B and C consider debtor-trustee in-group gender bias by chapter. Administrative 
differences could make this bias differ by chapter. For example, in a Chapter 7 case, if a trustee 
wishes to file a motion, they would typically have to hire an attorney on an hourly basis to take 
this action. In contrast, Chapter 13 trustees typically have salaried staff attorneys that handle 
dismissals. Additionally, differing compensation methods could make this bias differ by chapter. 
While most Chapter 7 trustees are paid a flat fee, the compensation for Chapter 13 trustees is 
closely tied to case outcomes and plan payments. However, Panels B and C do not find evidence 
of in-group gender bias in either chapter.  

Taken together, the trustee results provide little evidence that debtor-trustee gender 
matching affects bankruptcy outcomes. Thus, even though trustees play an important role in 
administering consumer bankruptcy cases, the results provide little support for the view that the 
null primary result operates through trustee decision-making. 
VII. Conclusion 

This paper examines whether demographic matching between judges and debtors affects 
outcomes in consumer bankruptcy. The results provide little evidence that it does, at least along 
the dimension of gender. Although bankruptcy judges exercise authority over consequential 
outcomes, female debtors do not receive systematically different treatment when assigned to 
female judges rather than male judges. The null estimates are precise and stable across 
specifications. These null effects persist in subsamples where in-group gender bias might be 
more likely to appear, including cases involving greater complexity, higher financial stakes, or 
more judicial discretion. Taken together, the results indicate that the gender gap in discharge 
rates does not meaningfully depend on whether the assigned judge is female or male. 

Understanding gender differences in bankruptcy outcomes is important for evaluating the 
effectiveness of bankruptcy policy and its broader economic implications. To the extent that 
bankruptcy provides consumption insurance against financial shocks, it may be especially 
valuable for debtors who face greater liquidity constraints, more limited labor-market 
opportunities, or reduced access to credit. If women are more likely to experience these 
constraints, access to meaningful bankruptcy relief may help mitigate broader gender disparities 
in financial well-being. This paper shows that female debtors are more likely than otherwise 
similar male debtors to receive a discharge, but that this difference is not driven by assignment to 
female judges. Thus, while gender differences in bankruptcy outcomes exist, the results provide 
little evidence that they arise from in-group gender bias by bankruptcy judges. These findings 
suggest that gender differences in bankruptcy relief may reflect differences in debtor 
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circumstances, case characteristics, attorney behavior, or other institutional features rather than 
debtor-judge gender matching. 

These findings speak to a broader question in empirical legal studies: are legal outcomes 
shaped by demographic matching between judges and litigants? In consumer bankruptcy, the 
answer appears to be largely no. One interpretation of this null result is that consumer 
bankruptcy is sufficiently rule-bound and institutionally constrained to limit the influence of 
debtor-judge gender matching. Bankruptcy cases are shaped by statutory requirements, written 
filings, financial schedules, standardized procedures, local rules, trustee review, and repayment-
plan requirements. These features may reduce the opportunity for judicial perceptions of debtor 
identity to influence outcomes, even where judges retain formal authority over important 
decisions. 

The results do not suggest that identity never matters in consumer bankruptcy, as gender 
is only one dimension of identity. Other characteristics, including race, ethnicity, religion, 
education, professional background, and socioeconomic status, may produce different patterns of 
in-group bias or differential treatment. Future work should examine whether bankruptcy 
outcomes are shaped by these other forms of shared identity. Future research should also 
continue to study the role of other actors in the bankruptcy system, including trustees and 
attorneys. Trustees may influence outcomes through case administration, monitoring, objections, 
and motions to dismiss, while attorneys may shape outcomes through chapter choice, filing 
quality, and debtor counseling. 
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Figures 
Figure 1: Percent of Cases That Receive a Discharge 
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Figure 2: Estimates of In-Group Gender Bias Excluding One Judge at a Time 

 
Note: Figure shows results from estimating equation (2), controlling for case characteristics, judge fixed effects, and 
court-year fixed effects, excluding one judge from the sample. Panel A shows results if one of the 137 female judges 
is excluded from the sample. Panel B shows results when one of the 285 male judges is excluded from the sample. 
Estimates are sorted by coefficient size.  
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Figure 3: Estimates of In-Group Gender Bias Excluding One Court at a Time 

 
Note: Figure shows results from estimating equation (2), controlling for case characteristics, judge fixed effects, and 
court-year fixed effects, excluding one court from the sample. Estimates are sorted by coefficient size. 
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Figure 4: Estimates of In-Group Gender Bias Excluding Courts with Few Female Judges 

 
Note: Figure shows results from estimating equation (2), controlling for case characteristics, judge fixed effects, and 
court-year fixed effects, from a regression that restricts the sample to courts with at least the specified number of 
female judges. 
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Tables 
Table 1: Summary Statistics 

  

(1) (2) (3)
Full sample Chapter 7 Chapter 13

Case Outcomes
Case Receives a Discharge 0.82 0.96 0.47

[0.39] [0.19] [0.50]
Case Converted to Another Chapter 0.03 0.00 0.09

[0.17] [0.06] [0.29]
Case Length (in months) 13.81 5.35 34.00

[18.48] [6.02] [22.18]
Gender
Female Debtor 0.57 0.58 0.56

[0.50] [0.49] [0.50]
Female Judge 0.35 0.35 0.35

[0.48] [0.48] [0.48]
Case Characteristics
Dummy = 1 if Asset Case 0.31 0.06 0.91

[0.46] [0.23] [0.28]
Log(Assets) 10.25 10.02 10.80

[1.79] [1.81] [1.64]
Log(Debts) 11.32 11.28 11.42

[1.14] [1.12] [1.16]
Share of Debt that is Secured 40.94 34.08 57.31

[36.25] [35.06] [33.72]
Dummy = 1 if Homeowner 0.45 0.39 0.59

[0.50] [0.49] [0.49]
Log (Monthly Income) 7.57 7.42 7.93

[1.33] [1.46] [0.85]
Log(Monthly Expenses) 7.70 7.68 7.74

[0.87] [0.91] [0.78]
Dummy = 1 if Prior Filing 0.14 0.06 0.33

[0.35] [0.24] [0.47]
Dummy = 1 if Pro Se 0.06 0.07 0.03

[0.23] [0.25] [0.17]

Observations 3,676,215 2,591,449 1,084,766

Table 1: Summary Statistics

Note : The table reports the mean for each variable used in the analysis. Standard deviations 
are reported in brackets.
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Table 2: Predicted Differences in Outcomes for Debtor-Judge Pairs 
Table 2: Predicted Differences in Outcome for Debtor-Judge Pairs 

 Female Judge Male Judge Difference 
Female Debtor β0 + β1 + β2 + θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==1 β0 + β2 + θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==0 

 
β1 + θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==1

− θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==0 
 

Male Debtor β0 + θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==1 β0 + θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==0 θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==1 − θ�𝑗𝑗|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==0 
Difference β1 + β2 β2 β1 

Notes: θ�t|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==1 is the weighted average of judge fixed effects for female judges while θ�𝑡𝑡|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹==0 is the weighted 
average of judge fixed effects for male judges. 
 



30 
 

Table 3: Tests for Random Assignment of Judges 

 

(1) (2) (3)

Female Debtor -0.000 0.001 -0.008
(0.002) (0.002) (0.015)

Dummy = 1 if Asset Case 0.024* 0.027** 0.026*
(0.014) (0.013) (0.013)

Log(Assets) 0.000 -0.001 -0.001
(0.003) (0.002) (0.002)

Log(Debts) 0.003 0.004 0.004
(0.004) (0.003) (0.003)

Share of Debt that is Secured 0.000 -0.000 -0.000
(0.000) (0.000) (0.000)

Dummy = 1 if Homeowner -0.001 -0.006 -0.006
(0.007) (0.006) (0.006)

Log (Monthly Income) 0.002 -0.001 -0.001
(0.001) (0.001) (0.001)

Log(Monthly Expenses) 0.003 0.003* 0.003
(0.003) (0.002) (0.002)

Dummy = 1 if Prior Filing 0.008 -0.001 -0.001
(0.009) (0.006) (0.006)

Dummy = 1 if Pro Se 0.010 0.012 0.011
(0.011) (0.010) (0.010)

Interaction Terms:
Dummy = 1 if Asset Case 0.002

(0.002)
Log(Assets) -0.000

(0.001)
Log(Debts) 0.000

(0.001)
Share of Debt that is Secured 0.000

(0.000)
Dummy = 1 if Homeowner -0.001

(0.003)
Log (Monthly Income) 0.000

(0.001)
Log(Monthly Expenses) 0.001

(0.001)
Dummy = 1 if Prior Filing -0.000

(0.003)
Dummy = 1 if Pro Se 0.001

(0.004)

Observations 3,676,215 3,676,215 3,676,215
Adjusted R-squared 0.215 0.215
Court-Year Fixed Effects X X X

*** p<0.01, ** p<0.05, * p<0.1

Table 3: Tests for Random Assignment of Judges

Notes : Table shows results from the tests of the identifying assumption--- random 
assignment of cases. Coefficients are from ordinary least squares regressions of the 
gender of the judge (dummy = 1 if judge is female). In column (1) each point estimate 
and the corresponding standard error pertains to a separate ordinary least squares 
regression. In column (3), each covariate is interacted with the gender of the debtor.
Standard errors in parentheses, clustered at the court level.
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Table 4: Debtor-Judge In-Group Gender Bias 

 

(1) (2) (3) (4)

Female Debtor * Female Judge 0.002 0.002 0.001 0.001
(0.003) (0.002) (0.001) (0.001)

Female Debtor 0.030*** 0.030*** 0.019*** 0.019***
(0.002) (0.002) (0.001) (0.001)

Female Judge -0.003
(0.008)

Observations 3,676,215 3,676,215 3,676,215 3,676,215
Adjusted R-squared 0.077 0.092 0.382 0.382
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Judge * Case Characteristics No No No Yes

(1) (2) (3) (4)

Female Debtor * Female Judge 0.000 0.000 0.000 0.000
(0.001) (0.001) (0.001) (0.001)

Female Debtor 0.007*** 0.007*** 0.008*** 0.008***
(0.001) (0.001) (0.001) (0.001)

Female Judge -0.001
(0.001)

Observations 2,591,449 2,591,449 2,591,449 2,591,449
Adjusted R-squared 0.005 0.006 0.046 0.046
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Judge * Case Characteristics No No No Yes

(1) (2) (3) (4)

Female Debtor * Female Judge 0.001 0.001 0.001 0.002
(0.004) (0.003) (0.003) (0.002)

Female Debtor 0.041*** 0.037*** 0.033*** 0.032***
(0.003) (0.002) (0.002) (0.002)

Female Judge 0.031*
(0.016)

Observations 1,084,766 1,084,766 1,084,766 1,084,766
Adjusted R-squared 0.048 0.112 0.229 0.229
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Judge * Case Characteristics No No No Yes

*** p<0.01, ** p<0.05, * p<0.1

Table 4: Debtor-Judge In-Group Gender Bias

Panel B: Chapter 7 Cases

Panel A: All Cases

Panel C: Chapter 13 Cases

Note : Table shows results from gender in-group bias. Dependent variable is a dummy variable that equals one 
if the debtor receives a discharge. 
Stardard errors are in parentheses, clustered at the court level.
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Table 5: Debtor-Judge In-Group Gender Bias in Settings Where In-Group Bias Should be More 
Likely 

Asset Cases High Debts
Large Number of 

Creditors
Has Secured 

Debt

Has Non-
Dischargeable 

Debt
Pro Se Case

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

Female Debtor * Female Judge 0.001 -0.000 0.002 0.000 0.001 0.003
(0.003) (0.002) (0.003) (0.002) (0.002) (0.003)

Female Debtor 0.036*** 0.026*** 0.012*** 0.021*** 0.024*** 0.045***
(0.002) (0.001) (0.003) (0.001) (0.002) (0.003)

Observations 1,136,021 596,735 141,221 2,656,278 1,374,849 207,667
Adjusted R-squared 0.216 0.384 0.367 0.395 0.403 0.304
Court-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes Yes Yes

Asset Cases High Debts
Large Number of 

Creditors
Has Secured 

Debt

Has Non-
Dischargeable 

Debt
Pro Se Case

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

Female Debtor * Female Judge -0.001 0.000 0.003 0.000 0.000 0.001
(0.003) (0.002) (0.002) (0.001) (0.001) (0.003)

Female Debtor 0.012*** 0.012*** 0.009*** 0.009*** 0.008*** 0.035***
(0.002) (0.001) (0.002) (0.001) (0.001) (0.004)

Observations 144,952 392,238 106,563 1,675,836 875,343 176,546
Adjusted R-squared 0.081 0.060 0.052 0.043 0.044 0.068
Court-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes Yes Yes

Asset Cases High Debts
Large Number of 

Creditors
Has Secured 

Debt

Has Non-
Dischargeable 

Debt
Pro Se Case

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

Female Debtor * Female Judge 0.001 0.001 0.004 0.000 0.000 0.001
(0.003) (0.003) (0.010) (0.003) (0.003) (0.007)

Female Debtor 0.033*** 0.038*** 0.012* 0.033*** 0.039*** 0.031***
(0.002) (0.003) (0.007) (0.002) (0.002) (0.004)

Observations 991,059 204,481 34,623 980,423 499,499 31,091
Adjusted R-squared 0.189 0.271 0.243 0.229 0.233 0.299
Court-Year Fixed Effects Yes Yes Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes Yes Yes

*** p<0.01, ** p<0.05, * p<0.1

Note : Table shows results from gender in-group bias. Dependent variable is a dummy variable that equals one if the debtor receives a discharge. 
Stardard errors are in parentheses, clustered at the court level.

Table 5: Debtor-Judge In-Group Gender Bias in Settings Where In-Group Bias Should be More Likely
Panel A: All Cases

Panel B: Chapter 7 Cases

Panel C: Chapter 13 Cases
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Table 6: Additional Outcomes 

  

Case Length Conversion
(1) (2)

Female Debtor * Female Judge -0.020 0.000
(0.074) (0.001)

Female Debtor 0.521*** 0.001
(0.076) (0.001)

Observations 3,676,215 3,676,215
Adjusted R-squared 0.557 0.030
Court-Year Fixed Effects Yes Yes
Judge Fixed Effects Yes Yes
Case Characteristics Yes Yes

Case Length Conversion
(1) (2)

Female Debtor * Female Judge -0.027 0.000
(0.016) (0.000)

Female Debtor -0.087*** -0.001***
(0.016) (0.000)

Observations 2,591,449 2,591,449
Adjusted R-squared 0.404 0.061
Court-Year Fixed Effects Yes Yes
Judge Fixed Effects Yes Yes
Case Characteristics Yes Yes

Case Length Conversion
(1) (2)

Female Debtor * Female Judge -0.051 0.001
(0.154) (0.001)

Female Debtor 1.908*** 0.000
(0.101) (0.000)

Observations 1,084,766 1,084,766
Adjusted R-squared 0.273 0.872
Court-Year Fixed Effects Yes Yes
Judge Fixed Effects Yes Yes
Case Characteristics Yes Yes

*** p<0.01, ** p<0.05, * p<0.1

Table 6: Additional Outcomes
Panel A: All Cases

Panel B: Chapter 7 Cases

Panel C: Chapter 13 Cases

Note : Table shows results from gender in-group bias. In column (1) the 
dependent variable is the case length (in months). In column (2) the 
dependent variable is a dummy variable that equals one if the case is 
converted to another chapter.
Stardard errors are in parentheses, clustered at the court level.
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Table 7: Debtor-Judge In-Group Gender Bias by Judge Characteristics 

  

High 
Experience

Low 
Experience

High 
Caseload

Low 
Caseload

(1) (2) (3) (4)

Female Debtor * Female Judge 0.000 0.001 0.004** -0.002
(0.001) (0.002) (0.002) (0.002)

Female Debtor 0.018*** 0.019*** 0.016*** 0.021***
(0.001) (0.002) (0.002) (0.001)

Observations 1,955,889 1,720,282 1,765,875 1,910,337
Adjusted R-squared 0.426 0.343 0.381 0.389
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes

High 
Experience

Low 
Experience

High 
Caseload

Low 
Caseload

(1) (2) (3) (4)

Female Debtor * Female Judge 0.000 0.000 0.002* -0.001*
(0.001) (0.001) (0.001) (0.001)

Female Debtor 0.008*** 0.008*** 0.008*** 0.009***
(0.001) (0.001) (0.001) (0.001)

Observations 1,440,774 1,150,613 1,317,805 1,273,624
Adjusted R-squared 0.050 0.050 0.045 0.048
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes

High 
Experience

Low 
Experience

High 
Caseload

Low 
Caseload

(1) (2) (3) (4)

Female Debtor * Female Judge 0.000 0.000 0.006 -0.002
(0.003) (0.005) (0.005) (0.003)

Female Debtor 0.029*** 0.035*** 0.031*** 0.031***
(0.002) (0.002) (0.002) (0.002)

Observations 515,078 569,658 448,069 636,694
Adjusted R-squared 0.255 0.199 0.208 0.255
Court-Year Fixed Effects Yes Yes Yes Yes
Judge Fixed Effects Yes Yes Yes Yes
Case Characteristics Yes Yes Yes Yes

*** p<0.01, ** p<0.05, * p<0.1

Table 7: Debtor-Judge In-Group Gender Bias by Judge Characteristics
Panel A: All Cases

Panel B: Chapter 7 Cases

Panel C: Chapter 13 Cases

Note : Table shows results from gender in-group bias by judge characteristics. Dependent variable is a dummy 
variable that equals one if the debtor receives a discharge. 
Stardard errors are in parentheses, clustered at the court level.
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Table 8: Tests for Random Assignment of Trustees 

  

(1) (2) (3)

Female Debtor -0.002 0.000 -0.037***
(0.002) (0.001) (0.011)

Dummy = 1 if Asset Case 0.098** 0.099** 0.095**
(0.040) (0.038) (0.038)

Log(Assets) 0.003 -0.002 -0.002
(0.003) (0.001) (0.001)

Log(Debts) 0.001 -0.001 -0.002
(0.003) (0.002) (0.002)

Share of Debt that is Secured 0.000 0.000 0.000
(0.000) (0.000) (0.000)

Dummy = 1 if Homeowner 0.008 -0.007* -0.006
(0.009) (0.004) (0.004)

Log (Monthly Income) 0.005** 0.000 0.000
(0.002) (0.001) (0.001)

Log(Monthly Expenses) 0.002 0.001 0.001
(0.002) (0.002) (0.002)

Dummy = 1 if Prior Filing 0.039* 0.006 0.009
(0.020) (0.007) (0.008)

Dummy = 1 if Pro Se -0.001 0.003 0.002
(0.009) (0.007) (0.006)

Interaction Terms:
Dummy = 1 if Asset Case 0.007*

(0.004)
Log(Assets) 0.001

(0.001)
Log(Debts) 0.002**

(0.001)
Share of Debt that is Secured 0.000

(0.000)
Dummy = 1 if Homeowner -0.002

(0.003)
Log (Monthly Income) 0.000

(0.000)
Log(Monthly Expenses) 0.001

(0.001)
Dummy = 1 if Prior Filing -0.005*

(0.003)
Dummy = 1 if Pro Se 0.003

(0.006)

Observations 3,623,307 3,623,307
Adjusted R-squared 0.084 0.084
Court-Year Fixed Effects X X X

*** p<0.01, ** p<0.05, * p<0.1

Table 8: Tests for Random Assignment of Trustees

Notes : Table shows results from the tests of the identifying assumption--- random 
assignment of cases. Coefficients are from ordinary least squares regressions of the 
gender of the trustee (dummy = 1 if trustee is female). In column (1) each point 
estimate and the corresponding standard error pertains to a separate ordinary least 
squares regression. In column (3), each covariate is interacted with the gender of the 
debtor.
Standard errors in parentheses, clustered at the court level.
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Table 9: Debtor-Trustee In-Group Gender Bias 

(1) (2) (3) (4)

Female Debtor * Female Trustee 0.005 0.001 0.001 0.002
(0.004) (0.002) (0.002) (0.002)

Female Debtor 0.029*** 0.015*** 0.016*** 0.016***
(0.002) (0.001) (0.001) (0.001)

Female Trustee -0.055**
(0.027)

Observations 3,623,307 3,623,307 3,623,307 3,623,307
Adjusted R-squared 0.083 0.417 0.442 0.442
Court-Year Fixed Effects Yes Yes Yes Yes
Trustee Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Trustee * Case Characteristics No No Yes Yes

(1) (2) (3) (4)

Female Debtor * Female Trustee -0.001 -0.001 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001)

Female Debtor 0.008*** 0.007*** 0.008*** 0.008***
(0.001) (0.001) (0.001) (0.001)

Female Trustee -0.001
(0.001)

Observations 2,574,144 2,574,144 2,574,144 2,574,144
Adjusted R-squared 0.005 0.033 0.072 0.072
Court-Year Fixed Effects Yes Yes Yes Yes
Trustee Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Trustee * Case Characteristics No No Yes Yes

(1) (2) (3) (4)

Female Debtor * Female Trustee -0.003 -0.001 -0.001 0.001
(0.005) (0.004) (0.004) (0.003)

Female Debtor 0.043*** 0.031*** 0.034*** 0.034***
(0.004) (0.003) (0.002) (0.002)

Female Trustee -0.016
(0.027)

Observations 1,049,163 1,049,163 1,049,163 1,049,163
Adjusted R-squared 0.048 0.179 0.223 0.223
Court-Year Fixed Effects Yes Yes Yes Yes
Trustee Fixed Effects No Yes Yes Yes
Case Characteristics No No Yes Yes
Female Trustee * Case Characteristics No No Yes Yes

*** p<0.01, ** p<0.05, * p<0.1

Table 9: Debtor-Trustee In-Group Gender Bias
Panel A: All Cases

Panel B: Chapter 7 Cases

Panel C: Chapter 13 Cases

Note : Table shows results from gender in-group bias. Dependent variable is a dummy variable that equals one 
if the debtor receives a discharge. 
Stardard errors are in parentheses, clustered at the court level.
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Appendix 

Appendix A: Matching FJC and PACER Datasets 
The PACER and FJC databases were merged based on court, case number, and filing 

date. Only 0.04 percent of cases could not be matched. The table below shows the match rate by 
court for the 61 courts in my sample. As seen in Table A1, the match rate is consistent across 
courts. 
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Table A1: Matching FJC and PACER Datasets 

  

Court Match Rate
Alabama Middle 99.98
Alabama Northern 99.99
Alabama Southern 99.96
Alaska 99.82
Arizona 99.99
Arkansas Eastern 99.94
Arkansas Western 99.90
California Eastern 99.97
California Northern 99.94
California Southern 99.98
Connecticut 99.96
Delaware 99.96
Florida Middle 99.96
Florida Northern 99.94
Georgia Northern 99.97
Georgia Southern 99.99
Idaho 99.97
Illinois Central 99.96
Illinois Northern 99.98
Illinois Southern 99.95
Indiana Southern 99.96
Iowa Southern 99.95
Kansas 99.95
Kentucky Eastern 99.97
Louisiana Eastern 99.95
Louisiana Western 99.93
Maine 99.95
Maryland 99.94
Michigan Eastern 99.99
Michigan Western 99.96
Minnesota 99.99
Mississippi Southern 99.98
Missouri Western 99.97
Montana 99.88
Nebraska 99.97
Nevada 99.97
New Hampshire 99.64
New Mexico 99.96
New York Eastern 99.92
New York Southern 99.98
New York Western 99.91
North Carolina Eastern 99.96
North Carolina Middle 99.66
North Carolina Western 99.89
North Dakota 99.97
Ohio Northern 99.99
Ohio Southern 99.97
Oklahoma Northern 99.96
Oklahoma Western 99.95
Rhode Island 99.97
South Dakota 99.98
Texas Eastern 99.94
Texas Southern 99.97
Texas Western 99.94
Vermont 99.96
Virginia Eastern 99.99
Washington Eastern 99.95
Washington Western 99.99
West Virginia Northern 99.97
Wisconsin Western 99.93
Wyoming 99.97

Table A1: Matching FJC and PACER 
Datasets
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Appendix B: Gender Imputation 
As a robustness check to Gender-API’s proprietary name-to-gender algorithm, I predicted 

the gender of filers using two additional datasets: 1) the Social Security Administration and 2) 
Harvard Dataverse’s World Gender Name Dictionary. As detailed here, using alternative name-
to-gender inference methodologies does not have a meaningful impact on the results.1 

The Social Security Administration database is based on the universe of U.S. Social 
Security applications for people born between 1880 and 2023. (The database includes all first 
names that occurred at least five times per year.) The dataset counts the number of men and 
women with each name. As in Kuminoff et al. (2023), a filer is classified as female if more than 
55 percent of people with their first name are female. Additionally, a filer is categorized as male 
if less than 45 percent of the people with the same first name are female. I do not predict gender 
in cases where the filer’s first name had a female probability between 0.45 and 0.55. (Using a 
higher threshold, such as 60 percent or 80 percent, reduces the sample size but does not 
meaningfully change the results.) 3,585,253 filers (98 percent of the sample) can be matched to 
the Social Security Administration database. Of the matched names, Gender-API’s and the Social 
Security Administration impute the same gender for 97.6 percent of the cases. 

Data from the Social Security Administration is limited to those born in the United States. 
Thus, many names are not included in this database. As an alternative methodology, I predict 
gender using the Harvard Dataverse’s World Gender Name Dictionary v2.0. This database 
contains over 26 million names from 195 countries. The database describes whether the majority 
of people with that first name are registered as female or male in their country of residence. 
Again, a name is classified as male (female) if 55 percent of people with that first name are male 
(female). I match 3,616,120 filers (98 percent of the sample) to the Harvard Dataverse’s World 
Gender Name Dictionary. Of the matched names, Gender-API’s and the Dataverse’s World 
Gender Name Dictionary impute the same gender for 95.8 percent of the cases. 

Table B1: Alternative Methods for Gender Imputation 

 
 

 
1 Akin to Lariviere et al. (2013), first names were pre-processed before matching. First, special characters like 
hyphens and periods were removed. Thus, as an example, Jean-Pierre was converted to Jeanpierre (VanHelene et al., 
2024). Second, if the filer had a first initial/middle name, the middle name was used. As an example, J. Pierre was 
converted to Pierre. 

Gender Assigned using Gender API.com Male Female Male Female

Male 1,460,070 64,515 1,420,698 120,612
Female 22,062 2,038,606 31,664 2,043,146
Note : Table shows counts for imputed gender using alternative methods.

Gender Assigned using Social 
Security Administration Data

Gender Assigned using 
Harvard Dataverse's World 
Gender Name Dictionary

Table B1: Alternative Methods for Gender Imputation
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Appendix C: Representativeness of Sample 
Collectively, the 61 courts included in the sample account for 55 percent of the 6,682,795 

consumer cases filed in the United States between 2010 and 2018. Appendix Figure C1 displays 
the 61 courts for which I have data--- each bankruptcy court hears all cases originating from 
counties in its jurisdiction. 

Appendix Figure C1: Map of 61 Bankruptcy Courts Included in the Sample 

 
 

Appendix Table C1, I show that the cases filed in these 61 bankruptcy courts have similar 
characteristics to the universe of bankruptcy filings between 2010 and 2018. 
 

Included in Sample

Figure C1:
Map of the 61 Bankruptcy Courts Included in the Sample
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Appendix C1: Comparison of Sample to Universe of Cases 

 
  

(1) (2)
Full sample Universe of Cases

Case Outcomes
Case Receives a Discharge 0.82 0.75

[0.39] [0.44]
Case Converted to Another Chapter 0.03 0.03

[0.17] [0.17]
Case Length (in months) 13.81 12.05

[18.48] [16.76]
Percent of Cases Filed Under Chapter 7 0.70 0.69

[0.46] [0.46]

Case Characteristics
Dummy = 1 if Asset Case 0.31 0.33

[0.46] [0.46]
Log(Assets) 10.25 9.57

[1.79] [3.21]
Log(Debts) 11.32 10.59

[1.14] [3.15]
Share of Debt that is Secured 40.94 41.12

[36.25] [36.78]
Dummy = 1 if Homeowner 0.45 0.49

[0.50] [0.50]
Log (Monthly Income) 7.57 7.46

[1.33] [1.60]
Log(Monthly Expenses) 7.70 7.60

[0.87] [1.24]
Dummy = 1 if Prior Filing 0.14 0.16

[0.35] [0.37]
Dummy = 1 if Pro Se 0.06 0.11

[0.23] [0.32]

Observations 3,676,215 6,682,795

Table C1: Comparison of Sample to Universe of Cases

Note : The table reports the mean for each variable used in the analysis. Standard 
deviations are reported in brackets.
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Appendix D: Additional Tests for Random Assignment 
Table 3 provides regression results from tests for random assignment of the judge. As 

seen below in Table D1, similar results are obtained when the sample is divided by chapter.  
Columns (1)-(3) test for random assignment of the judge using only Chapter 7 cases 

while columns (4)-(6) test for random assignment of the judge using only Chapter 13 cases. In 
columns (1), and (4) each cell represents a separate regression. In all other columns I perform a 
single regression in which I condition on all case characteristics.  

In column (2), all point estimates are close to zero with only one of the 10 coefficients 
being statistically significant at the 5 percent level. Additionally, in Column (3), the coefficients 
remain small in magnitude with none being statistically significant at the 5 percent level. This 
suggests that Chapter 7 cases are randomly assigned to judges. 

Similarly, in column (5) and (6), all point estimates are close to zero with only two of the 
10 coefficients being statistically significant at the 5 percent level. This suggests that Chapter 13 
cases are likely randomly assigned to judges. 
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Appendix D1: Tests for Random Assignment of Judges by Chapter 

  

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

Female Debtor -0.001 -0.000 -0.007 0.001 0.003 -0.024
(0.002) (0.002) (0.013) (0.003) (0.003) (0.020)

Dummy = 1 if Asset Case 0.020** 0.021** 0.017** 0.020* 0.023** 0.023**
(0.008) (0.008) (0.008) (0.010) (0.010) (0.011)

Log(Assets) -0.001 -0.002 -0.002 0.002 0.000 0.001
(0.003) (0.002) (0.002) (0.003) (0.002) (0.002)

Log(Debts) 0.001 0.003 0.003 0.006 0.007 0.007
(0.004) (0.003) (0.003) (0.005) (0.005) (0.005)

Share of Debt that is Secured -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Dummy = 1 if Homeowner -0.005 -0.003 -0.003 -0.001 -0.010 -0.010
(0.007) (0.005) (0.006) (0.007) (0.008) (0.008)

Log (Monthly Income) -0.000 -0.000 -0.000 0.007*** -0.002 -0.002
(0.001) (0.001) (0.001) (0.002) (0.002) (0.002)

Log(Monthly Expenses) -0.000 0.001 0.001 0.010*** 0.009*** 0.008**
(0.002) (0.001) (0.001) (0.004) (0.003) (0.004)

Dummy = 1 if Prior Filing -0.000 -0.001 -0.001 0.001 -0.000 -0.000
(0.007) (0.007) (0.006) (0.007) (0.007) (0.006)

Dummy = 1 if Pro Se 0.016 0.015 0.014 -0.001 0.004 0.006
(0.012) (0.010) (0.010) (0.016) (0.016) (0.017)

Interaction Terms:
Dummy = 1 if Asset Case 0.006* -0.001

(0.003) (0.003)
Log(Assets) -0.000 -0.000

(0.001) (0.001)
Log(Debts) 0.001 -0.000

(0.001) (0.002)
Share of Debt that is Secured 0.000 0.000*

(0.000) (0.000)
Dummy = 1 if Homeowner -0.002 -0.000

(0.004) (0.003)
Log (Monthly Income) 0.000 0.001

(0.001) (0.002)
Log(Monthly Expenses) 0.000 0.002

(0.001) (0.002)
Dummy = 1 if Prior Filing -0.001 0.000

(0.003) (0.003)
Dummy = 1 if Pro Se 0.002 -0.004

(0.003) (0.008)

Observations 2,591,449 2,591,449 2,591,449 1,084,766 1,084,766 1,084,766
Adjusted R-squared 0.233 0.233 0.217 0.217
Court-Year Fixed Effects X X X X X X

*** p<0.01, ** p<0.05, * p<0.1

Chapter 7 Chapter 13
Table D1: Tests for Random Assignment of Judges by Chapter

Notes : Table shows results from the tests of the identifying assumption--- random assignment of cases for each chapter. Coefficients are from 
ordinary least squares regressions of the gender of the judge (dummy = 1 if judge is female). In columns (1) and (4) each point estimate and the 
corresponding standard error pertains to a separate ordinary least squares regression.
Standard errors in parentheses, clustered at the court level.
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Correspondingly, Table D2 tests for random assignment of trustees by chapter. Again, 
columns (1)-(3) test for random assignment of the trustee using only Chapter 7 cases while 
columns (4)-(6) test for random assignment of the trustee using only Chapter 13 cases. In 
columns (1) and (4) each cell represents a separate regression. In all other columns I perform a 
single regression in which I condition on all case characteristics.  

In Column (2), most point estimates are close to zero with only two of the 10 coefficients 
being statistically significant at the 5 percent level. Additionally, in Column (3), most of the 
coefficients remain small in magnitude; however five of the 19 coefficients are statistically 
significant at the 5 percent level. This suggests that Chapter 7 cases may not be randomly 
assigned to trustees. 

Similarly, in Column (5), most point estimates are close to zero with only one of the 10 
coefficients being statistically significant at the 5 percent level. Similar results are seen in 
Column (6)--- one of the 19 coefficients is significant at the 5 percent level. Again, I urge readers 
to interpret estimates of in-group gender bias by trustees with caution.  
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Appendix D2: Tests for Random Assignment of Trustees by Chapter 

 

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

Female Debtor -0.001 -0.000 -0.024*** 0.003 -0.042
(0.001) (0.001) (0.007) (0.002) (0.028)

Dummy = 1 if Asset Case 0.034*** 0.035*** 0.033*** 0.100** 0.099** 0.090*
(0.011) (0.011) (0.010) (0.049) (0.048) (0.047)

Log(Assets) -0.001 0.000 0.000 0.000 -0.004 -0.004*
(0.001) (0.001) (0.001) (0.004) (0.003) (0.002)

Log(Debts) -0.000 0.002 0.002 -0.000 0.001 0.000
(0.002) (0.001) (0.001) (0.006) (0.005) (0.004)

Share of Debt that is Secured -0.000** -0.000* -0.000** 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Dummy = 1 if Homeowner -0.007*** -0.009*** -0.007* 0.005 0.005 0.007
(0.003) (0.003) (0.004) (0.010) (0.008) (0.007)

Log (Monthly Income) 0.000 0.000 0.000 0.003 0.003 0.005
(0.000) (0.000) (0.001) (0.005) (0.003) (0.004)

Log(Monthly Expenses) 0.001 0.001 0.000 -0.002 -0.003 -0.005
(0.001) (0.001) (0.001) (0.005) (0.005) (0.005)

Dummy = 1 if Prior Filing -0.001 -0.002 0.002 -0.003 -0.007 -0.005
(0.003) (0.003) (0.003) (0.006) (0.005) (0.005)

Dummy = 1 if Pro Se 0.007 0.007 0.008* -0.005 -0.006 -0.009
(0.007) (0.007) (0.005) (0.020) (0.020) (0.021)

Interaction Terms:
Dummy = 1 if Asset Case 0.005 0.016**

(0.003) (0.007)
Log(Assets) 0.000 0.001

(0.001) (0.001)
Log(Debts) 0.001 0.002

(0.001) (0.002)
Share of Debt that is Secured 0.000** 0.000

(0.000) (0.000)
Dummy = 1 if Homeowner -0.003 -0.004

(0.003) (0.005)
Log (Monthly Income) 0.001 -0.004

(0.000) (0.002)
Log(Monthly Expenses) 0.001* 0.004

(0.001) (0.003)
Dummy = 1 if Prior Filing -0.006*** -0.003

(0.002) (0.003)
Dummy = 1 if Pro Se -0.002 0.007

(0.005) (0.007)

Observations 2,574,144 2,574,144 2,574,144 1,049,163 1,049,163 1,049,163
Adjusted R-squared 0.081 0.081 0.251 0.251
Court-Year Fixed Effects X X X X X X

*** p<0.01, ** p<0.05, * p<0.1

Table D2: Tests for Random Assignment of Trustees by Chapter
Chapter 7 Chapter 13

Notes : Table shows results from the tests of the identifying assumption--- random assignment of cases for each chapter. Coefficients are from 
ordinary least squares regressions of the gender of the trustee (dummy = 0 if judge is male dummy = 1 if trustee is female). In columns (1) and 
(4) each point estimate and the corresponding standard error pertains to a separate ordinary least squares regression.
Standard errors in parentheses, clustered at the court level.


	Abstract
	I. Introduction
	II. Institutional Background
	A. Chapter 7 vs Chapter 13
	B. Bankruptcy Judges and Other Actors
	C. Conceptual Framework

	III. Background Literature
	IV. Data
	V. Empirical Strategy
	A. Random Assignment of Judges
	B. In-Group Gender Bias

	VI. Results
	A. Random Assignment of Judges
	B. In-Group Gender Bias
	C. Subsamples with Greater Potential for In-Group Gender Effects
	D. Alternative Outcomes
	E. Heterogeneity by Judge Characteristics
	F. Robustness to Judge and Court Composition
	G. Bankruptcy Trustees

	VII. Conclusion
	References
	Figures
	Figure 1: Percent of Cases That Receive a Discharge
	Figure 2: Estimates of In-Group Gender Bias Excluding One Judge at a Time
	Figure 3: Estimates of In-Group Gender Bias Excluding One Court at a Time

	Tables
	Table 1: Summary Statistics
	Table 2: Predicted Differences in Outcomes for Debtor-Judge Pairs
	Table 3: Tests for Random Assignment of Judges
	Table 4: Debtor-Judge In-Group Gender Bias
	Table 5: Debtor-Judge In-Group Gender Bias in Settings Where In-Group Bias Should be More Likely
	Table 6: Additional Outcomes
	Table 7: Debtor-Judge In-Group Gender Bias by Judge Characteristics
	Table 8: Tests for Random Assignment of Trustees
	Table 9: Debtor-Trustee In-Group Gender Bias

	Appendix
	Appendix A: Matching FJC and PACER Datasets
	Table A1: Matching FJC and PACER Datasets

	Appendix B: Gender Imputation
	Table B1: Alternative Methods for Gender Imputation

	Appendix C: Representativeness of Sample
	Appendix Figure C1: Map of 61 Bankruptcy Courts Included in the Sample
	Appendix C1: Comparison of Sample to Universe of Cases

	Appendix D: Additional Tests for Random Assignment
	Appendix D1: Tests for Random Assignment of Judges by Chapter
	Appendix D2: Tests for Random Assignment of Trustees by Chapter



