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ABSTRACT

This paper investigates the consequences of Chapter 7 liquidation and Chapter 11

reorganization on the reallocation and subsequent utilization of assets in bankruptcy.

We identify 129,000 bankrupt establishments and construct a novel dataset that tracks

the occupancy and utilization of real estate assets over time. Asset reallocation is

widespread, as nearly 80% of real estate is not occupied by bankrupt owners �ve years

after the bankruptcy �ling. We use the random assignment of judges to bankruptcy

cases as a natural experiment that forces some �rms into Chapter 7, despite their initial

Chapter 11 �ling. Relying on such variation as an instrumental variable, we �nd that

real estate assets in Chapter 7 are 17.4% more likely to be vacant and employ 34% less

workers in the �ve years after bankruptcy �ling than comparable plants that remain

in Chapter 11. These e�ects are concentrated in thin local asset markets with few

potential buyers. In contrast, no di�erences in asset utilization occur in thick asset

markets, highlighting the importance of local markets and asset speci�city in resolving

�nancial distress.
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Asset reallocation between �rms is an important determinant of the economy's speed of

recovery following adverse shocks. Nevertheless, asset reallocation occurs procyclically, sug-

gesting signi�cant costs or frictions prevent reallocating assets during economic downturns

(Eisfeldt and Rampini (2006)). The bankruptcy system plays an important role in reallo-

cating assets, particularly during economic downturns. Bankruptcy institutions typically

fall into one of two distinct regimes: liquidation or reorganization. In liquidation (such as

Chapter 7 of the U.S. bankruptcy code), the �rm ceases to exist and assets are sold in cash

auctions. In reorganization (such as Chapter 11 in the U.S.), the �rm continues to operate,

and a structured bargaining process determines whether assets remain under existing owner-

ship or are divested. Despite the prevalence of bankruptcy in the economy, relatively little is

known about the e�ects of these two approaches on asset reallocation. This paper attempts

to �ll this gap by comparing how assets are reallocated and ultimately utilized in Chapter 7

and Chapter 11 bankruptcy regimes.

Theoretically, with frictionless markets the outcomes of Chapter 7 liquidation and Chap-

ter 11 reorganization should be identical and both systems should e�ectively allocate capital

to its best use. However, various frictions may lead either Chapter 11 reorganization or

Chapter 7 liquidation to ine�cient outcomes. Speci�cally, while Chapter 11 provides the

�exibility to choose which assets to keep within a �rm and which to sell, previous work has

shown that con�icts of interest, information asymmetry, and coordination costs can lead to

complicated and costly negotiations that erode the value of the estate and prevent assets

from reallocating to better uses (Gertner and Scharfstein (1991); Baird (1986, 1993); Bebchuk

(1988); Ivashina et al. (2015)). Meanwhile, Chapter 7 avoids both ine�cient continuation

and costly negotiation by forcing the liquidation of the �rm. However, when asset markets

are illiquid, forced liquidations can result in assets not ending up at their highest-value use,

particularly when assets are speci�c to a particular �rm or industry (Williamson (1988)).

Such misallocation may be further exacerbated by the correlation of �nancial distress with

industry-wide downturns, in which optimal buyers may not be able to bid for the bankrupt

�rm assets (Shleifer and Vishny (1992)).

Because theory suggests that both structured bargaining and forced liquidation might

lead to ine�cient outcomes, ultimately, the e�ects of bankruptcy regimes on asset realloca-
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tion is an empirical question. Estimating these e�ects, however, is complicated by two impor-

tant issues. First, there is little information on how assets are reallocated in bankruptcy, and

more so, how these assets are ultimately utilized. Second, �rms that are liquidated through

Chapter 7 may be fundamentally di�erent from �rms that are reorganized in Chapter 11.

Any comparison between the two bankruptcy regimes may lead to biased estimates due to

unobserved di�erences in �rm prospects and other characteristics.

In this paper, we explore the reallocation and subsequent utilization of real estate assets

occupied by �rms in bankruptcy.1 Real estate accounts for a signi�cant portion of �rms'

capital in the economy. Based on Flow-of-Funds tables, nonresidential structures (value of

buildings, excluding the value of the land) accounted for $8.2 trillion of real assets, while

nonresidential equipment comprised only $4 trillion at the end of 2014. The importance of

real estate assets to �rm performance is widely recognized in the agglomeration literature,

as speci�c locations allow access to customers and suppliers, as well to local labor markets.

Real estate locations also allow �rms to bene�t from knowledge spillovers, and other natural

advantages that are speci�c to a region (Ellison et al. (2010)). The supply of real estate is

however scarce, due to local land use regulations and regional geographic characteristics (Saiz

(2010)). Moreover, physical structures in place are typically industry-speci�c assets, which

adds additional constraints on the supply of real estate. For example, industrial warehouses

are unlikely to be used as restaurants, and hotels are unlikely to become retail stores.

We construct a dataset that combines the U.S. Census Bureau's Longitudinal Business

Database (LBD) with bankruptcy �lings identi�ed in LexisNexis Law. The combination

of these two comprehensive datasets yields rich information on 28,000 bankrupt �rms with

129,000 plants employing close to 4.7 million workers at the time of the bankruptcy �ling.

Further, we construct a novel dataset that tracks the occupancy of real estate assets over

time, and explores how these assets are utilized when occupied. To do so, we rely on the

LBD, which includes plant linkages that track plants over time as long as the plant's purpose

remains unchanged (e.g. as long as it stays in the same industry and has the same name).

1Prior papers on asset reallocation focused on either speci�c asset classes (e.g., Pulvino (1998) and
Gavazza (2011) with commercial aircrafts), or speci�c events (e.g., Ramey and Shapiro (2001) explore the
shutdown of several aerospace plants). A closely-related paper is Maksimovic and Phillips (1998), who use
plant-level data from the Census Bureau to study the sale and closure decisions of large manufacturing �rms
that �le for Chapter 11 relative to non-bankrupt manufacturing �rms.
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However, if a new plant replaces an old plant and has a di�erent name or is from a di�erent

industry, the LBD will not link the two plants, despite the fact that both plants occupied

the same physical location. We therefore develop new geographical linkages to fully capture

real estate reallocations and utilization even when buildings are used over time for di�erent

purposes.

To explore how reallocations a�ect long-run (�ve-year) utilization of these assets we rely

on several measures. First, we explore whether a location is occupied or remains vacant.

Second, we explore the average number employees and average total wage bill in a given

location. While the former measure captures whether economic activity takes place in a

given location, the latter measures capture the intensive margin of such economic activity.

Tracking asset reallocation in bankruptcy reveals several interesting stylized facts. First,

plant shutdowns are prevalent in bankruptcy. While expected in Chaper 7, it is also sig-

ni�cant in Chapter 11, where only about one in four plants continue to operate under the

bankrupt �rm �ve years after the �ling. This leads to a signi�cant real estate asset reallo-

cation. When an asset is redeployed to a di�erent user, it is most likely to be occupied by a

local �rm, and remain within the same industry. This suggests a signi�cant degree of asset

speci�cty which is consistent with Williamson (1988) and Ramey and Shapiro (2001). We

also �nd that industry conditions and local economic activity are important determinants

of asset reallocation and utilization, consistent with the importance of market liquidity for

asset redeployment (Shleifer and Vishny (1992); Maksimovic and Phillips (1998)).

In the main analysis, we compare bankrupt �rms that are reorganized within Chapter 11

to �rms that �le for Chapter 11 but are converted to Chapter 7. To overcome the endoge-

nous conversion into Chapter 7, our empirical strategy exploits the fact that U.S. bankruptcy

courts use a blind rotation system to assign cases to judges, e�ectively randomizing �lers to

judges within each court division. While there are uniform criteria by which a judge may

convert a case from Chapter 11 to Chapter 7, there is signi�cant variation in the interpre-

tation of these criteria across judges. As a result, otherwise identical �lers are assigned to

judges with substantially di�erent rates of conversion into Chapter 7.2 Our empirical strat-

2We verify that the judge assignment is indeed random and is orthogonal to various �rm, plant and
region characteristics.
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egy follows a growing set of papers that takes advantage of the random assignment of judges

and variations in judge interpretation of the law (e.g., Chang and Schoar (2013); Dobbie

and Song (2015); Doyle Jr (2007); Doyle Jr. (2008); Galasso and Schankerman (2015); Kling

(2006)).

Using di�erences in judge leniency as an instrumental variable for Chapter 7 conversion,

we �nd that Chapter 7 is associated with immediate closure of plants, in contrast to Chapter

11. In three years following the bankruptcy �ling, Chapter 7 �lers are 30% more likely to

shut down a plant, relative to Chapter 11 �lers. This e�ect persists �ve years following the

bankruptcy �ling. While this may seem unsurprising given that Chapter 7 forces liquidation,

it is important to keep in mind that the identi�cation ensures that we are comparing two

similar plants that were randomly placed in di�erent bankruptcy regimes. In a frictionless

market, plant outcomes should be the same regardless of the bankruptcy regime. We �nd,

however that the bankruptcy regime has a signi�cnat e�ect on how assets are allocated.

However, it does not tell us how the locations are utilized. We use three measures to test

the extent to which Chapter 7 a�ects asset utilization. First, we �nd that Chapter 7 real

estate locations are 17.4% less likely to be occupied �ve years after the bankruptcy �ling,

when compared to Chapter 11. However, the occupancy rate only accounts for the extensive

margin of real estate utilization. Our second measure is the average number of employees

at the location, which accounts also for the intensive margin since it allows locations to

be occupied but have a di�erent number of employees. We �nd that the average number

of employees is 34% lower at Chapter 7 locations. Third, we measure the average total

payroll at each location, �nding that wages decline by 60% over the �ve years following

bankruptcy for Chapter 7 plants relative to Chapter 11. This �nal measure helps to rule

out the possibility that Chapter 7 might shift assets to industries that employ fewer workers

but each worker is more productive. If that were the case, in a competitive labor market

these employees would earn higher wages and thus the e�ect on payrolls would be smaller.

We �nd that payrolls decline by more than employment, suggesting that not only are fewer

individuals employed at locations that are liquidated, but they earn lower wages as well.

Thus, even after accounting for asset reallocation to di�erent uses, all three measures show

that asset utilization is signi�cantly lower for plants that are converted to Chapter 7.
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Following our �nding that reallocation is mostly local and industry speci�c, we next

explore how local markets a�ect the consequences of bankruptcy regimes. As shown in

Gavazza (2011), market thickness has important implications for the incentives of asset

sellers to search for the best potential buyers. We create a measure of market thickness

which measures the extent to which there are potential occupiers of the bankrupt plant's

real estate in a given county.3

The di�erences in reallocation across thick and thin markets are striking. We �nd that

in both thick and thin markets, Chapter 7 plants are signi�cantly more likely to be closed.

However, �ve years following the bankruptcy �ling, plants in thick markets are equally likely

to be occupied in both Chapter 7 and Chapter 11, due to signi�cant reallocation activity in

Chapter 7 cases. In sharp contrast, in thin markets Chapter 7 plants are over 30% less likely

to be occupied than otherwise-identical Chapter 11 establishments. Similar patterns arise

when we explore our two other measures of plant utilization. In terms of average employment

or total wages in bankrupt locations, we �nd no long term di�erences between Chapter 7

and Chapter 11 in thick markets. In thin markets, however, we �nd that that assets are

signi�cantly and dramatically much less likely to be utilized. For example, even �ve years

after bankruptcy �ling, average employment at Chapter 7 plants declines by 52% relative to

Chapter 11 plants in thin markets. This result highlights the importance of robust markets

for reallocation, consistent with Shleifer and Vishny (1992).

Taken together, our results underscore the important role that bankruptcy procedures

play in reallocating assets in the economy. As such, our paper is closely related to a large

theoretical literature that examines potential frictions that limit e�ciency in Chapter 7 and

Chapter 11 bankruptcy (Baird (1986, 1993); Gertner and Scharfstein (1991); Bradley and

Rosenzweig (1992); Aghion et al. (1992); Shleifer and Vishny (1992); Hart (2000)). Our work

is also related to the empirical literature that explores the bankruptcy system (Maksimovic

and Phillips (1998); Davydenko and Franks (2008); Chang and Schoar (2013); Strömberg

(2000)). We contribute to this literature by comparing the consequences of Chapter 7 and

Chapter 11 and by focusing on asset reallcoation. Our work is also related to empirical

3Speci�cally, we de�ne market thickness as a weighted average share of industry employment in a given
county. The average is weighted by the transition probability that a real estate location will reallocate from
industry i to industry j.

5



work that examines the price impacts of forced sales, such as Pulvino (1998, 1999) and

Campbell et al. (2011). In this paper we examine the economic usage of assets rather than

the transaction prices. The advantage of this approach is that we explore the useage and

performance of both sold and unsold assets. In addition, this paper also contributes to the

literature that highlights the importance of reallocation on economic activity (Davis and

Haltiwanger (1992); Eisfeldt and Rampini (2006); Giroud and Mueller (2015)) and on how

asset speci�city and market thinness can limit reallocation (Williamson (1988); Ramey and

Shapiro (2001); Benmelech et al. (n.d.); Benmelech and Bergman (2011); Gavazza (2011)).

The remainder of the paper is organized as follows. Section I discusses the bankruptcy

process and develops our hypotheses. Section II discusses the data construction. Section

III introduces the measurement of asset reallocation and Section IV presents the empirical

strategy. Section V provides the main results in the paper and Section VI concludes.

I. The Bankruptcy Process

Bankruptcy procedures can be broadly classi�ed into two main categories: cash auctions and

structured bargaining (Hart (2000)). The U.S. Bankruptcy code contains both procedures,

with cash auctions falling under Chapter 7 and structured bargaining taking place in Chapter

11 of the code. Bankruptcy formally begins with the �ling of a petition for protection under

one of the two chapters. In nearly all cases, it is the debtor that �les the petition and chooses

the chapter of bankruptcy, although under certain circumstances creditors can also �le for

an involuntary bankruptcy. Firms can �le for bankruptcy where they are incorporated,

where they are headquartered, or where they do the bulk of their business (see 28 USC �

1408), thereby giving the largest, nationwide �rms some leeway in the choice of bankruptcy

venue. However, once a �rm �les for bankruptcy, it is randomly assigned to one of the

bankruptcy judges in the district in which it �les. This random assignment is a key part of

our identi�cation strategy, which we outline below.

Firms that �le for Chapter 7 bankruptcy expect to liquidate all assets of the �rm, and

hence face a relatively straightforward process, although it can be lengthy (Bris et al. (2006)).

A trustee is put in place to oversee the liquidation of the assets of the �rm, and proceeds
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from the asset sales are used to pay back creditors according to their security and priority.

According to U.S. Court �ling statistics, about 65% of all business bankruptcy �lings in the

U.S. are Chapter 7 �lings.

A signi�cant portion of �rms that originally �le for Chapter 11 bankruptcy also end up

in Chapter 7 through case conversion. Conversion to Chapter 7 occurs when the bankruptcy

judge approves a petition to convert the case. Conversion petitions are typically �led either

by a creditor or the court itself (e.g. by a trustee), accompanied with a brief which outlines

why liquidation will provide the highest recovery for the creditors. It is then up to the

judge to rule on the petition. As such, the judge acts as an important �lter in determining

which �rms are economically viable and should be allowed to reorganize and which should

be liquidated.

Debtors that remain in Chapter 11 bankruptcy have an �exclusivity period� of 120 days

during which they have the right to construct a plan of reorganization. Once a plan has

been proposed, each class of creditors must approve the plan in order for it to pass, and if

it does not pass the case is converted to Chapter 7 and liquidated. Because of this, debtors

and creditors will negotiate prior to putting the plan up for a vote to ensure its passage. As

such, Chapter 11 is a structured bargain, governed by speci�c rights, voting rules, and the

judge himself.

Importantly, Chapter 11 allows for some or all of the assets of the �rm to be liquidated

should that be the outcome of the bargaining process. The key di�erence from Chapter 7

is that it is not forced. Asset sales typically occur via �Section 363 sales,� in which some or

all of the �rm's assets are auctioned o� while the �rm remains in bankruptcy.4 Section 363

sales must be approved by the judge, who must determine that the sale will give the highest

recovery to creditors. However, the creditors themselves do not vote on Section 363 sales;

they only receive notice of the sale and are allowed to participate in the auction should they

choose to do so.

Commercial real estate can be also leased, rather than owned by corporations. In

bankruptcy, leases are treated as executory contracts in which the debtor has the right

4Alternatively, some or all of the assets of the �rm can be liquidated through a formal plan of reorganzi-
ation. Creditors are allowed to vote on these plans.
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to assume or reject the lease. When a lease is rejected, the debtor must vacate the location

and the lease is returned to the lessor, who is then free to �nd a new tenant. During our

sample period, the Bankruptcy Code gave debtors 60 days to assume or reject all leases,

although debtors could petition the judge to extend this window.5 In practice, the decision

to accept or reject leases was often put o� until the full plan of reorganization had been

negotiated (Gilson (2010)).6 In this way, the commercial real estate of a �rm can become

part of the negotiation process in Chapter 11 even though it is not owned by the bankrupt

�rm. By treating leases as executory contracts, Chapter 11 provides ample �exibility for

bankrupt �rms to divest locations that are not performing by rejecting their leases, while

accepting the leases of any locations that still represent good investment opportunities.

A large body of research has identi�ed several market frictions that could push either cash

auctions or structured bargaining to ine�cient outcomes. The principle concern with cash

auctions is that in illiquid markets, would-be buyers may be unable to purchase the assets

of the �rm due to asset speci�city or �nancial constraints, thereby leading to the ine�cient

allocation of the assets to second- or third-best uses, likely at �re-sale prices (Williamson

(1988); Shleifer and Vishny (1992)). While prior empirical work (Pulvino (1998, 1999);

Campbell et al. (2011)) establishes that in some cases distressed assets are sold at deeply

discounted prices, we know relatively little about whether these assets are subsequently

ine�ciently deployed.

On the other hand, structured bargaining faces several potential frictions that could pre-

vent assets from being e�ciently deployed as well. While Chapter 11 bankruptcy is, in part,

designed to alleviate hold-out problems that occur in debt restructurings outside of court,

hold-out problems can continue to exist even in bankruptcy, leading to missed investment

opportunities and forced concessions from senior creditors (Franks and Torous (1989); Gert-

ner and Scharfstein (1991)). Valuation issues can distort incentives in Chapter 11 (Baird

(1986)). Coordination problems among many dispersed creditors can make negotiations

costly and lengthy, eroding the value of the estate (Bolton and Scharfstein (1996); Ivashina

5BAPCPA, a major bankruptcy reform passed in October 2005 (after our sample period), limited the
window for the assumption of leases to 120 days total.

6For example, in Kmart's 2002 Chapter 11 �ling, Kmart's management asked the court to extend the
window to assume or reject leases until 270 after the e�ective date of its reorganization plan.
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et al. (2015)). On top of that, creditors whose payo� should not be a�ected by the outcome

of the case (e.g. senior creditors who are fully protected or equityholders and managers who

are not entitled to anything) can still impact its outcome, potentially leading the �rm to an

ine�cient resolution (Hart (2000)). All of these frictions can lead to a lengthy process that

erodes the value of the �rm and potentially to the ine�cient continuation of the �rm.

Ultimately, it is an empirical question which of these frictions dominate. While previous

research has looked at the costs of bargaining in Chapter 11 as it relates to �rm outcomes

(Hotchkiss (1995); Chang and Schoar (2013); Ivashina et al. (2015)), our paper aims to

identify the counterfactual: if a given �rm had not been reorganized, how would its assets

have been redeployed? If �re sales prohibit the e�cient allocation of capital, then one

would expect that structured bargaining in Chapter 11 would dominate. On the other hand,

forced liquidation may allow for more creative destruction and overall better redeployment of

assets by avoiding complexity costs, manager entrenchment, and hold-out problems involved

in Chapter 11 bargaining. Accordingly, we �rst test which bankruptcy regime leads to higher

utilization on average in Section V.A. Then, in Section V.B we test whether liquidations

lead to lower utilization in particular in illiquid markets, as predicted by theory.

II. Data

A. Bankruptcy Filings

We gather data on Chapter 11 bankruptcy �lings from LexisNexis Law, which obtains �ling

data from the U.S. Courts system. This data contains legal information about each �ling,

including the date the case was �led, the court in which it was �led, the judge assigned

to the case, an indicator of whether the �ling was involuntary or not, and status updates

on the case. From the status updates, we are able to identify cases that were converted to

Chapter 7. The LexisNexis dataset contains a few bankruptcies beginning as early as 1980,

but coverage is not complete in these early years as courts were still transitioning to an

electronic records system. We begin our sample in 1992, when LexisNexis' coverage jumped

to over 2,000 bankruptcy �lings per year (from 450 in 1991) across 70 di�erent bankruptcy
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districts (out of 91). By 1995, LexisNexis covers essentially 100% of all court cases across

all bankruptcy districts. We end our sample with cases that were �led in 2005 so as to be

able to track bankrupt �rms for a �ve-year period after the bankruptcy �ling.

B. Census Data

We match bankruptcy �lings from Lexis Nexis to their establishments in the U.S. Census

Bureau's Business Register (BR), which we then link to the Longitudinal Business Database

(LBD). The LBD allows us to follow bankrupt �rms and their establishments annually over

time. In the LBD, an establishment is a physical location where economic activity occurs,

and this serves as the main unit of observation in our study.

We match the bankruptcy �lings from LexisNexis to the BR using the employer identi�-

cation number (EIN), which is contained in both datasets. Importantly, each legal entity of a

�rm can have a separate EIN, and thus there can be multiple EINs (and multiple bankruptcy

�lings) for each �rm. Further, an EIN can have multiple establishments connected to it in the

LBD. We match bankrupt EINs to all establishments in the BR in the year of the bankruptcy

�ling to form our initial sample of bankrupt plants. We further reduce the sample due to

missing addresses (which are necessary to track economic activity at a location), resulting

in a �nal sample of 129,000 establishments belonging to 28,000 unique �rms.7

Table I presents summary statistics for our �nal sample. The average �rm in our sample

has 4.7 establishments and employs 169 individuals. In total the plants in our sample employ

4.7 million individuals at the time of the bankruptcy �ling. Approximately 40% of the

bankruptcy �lings in our sample convert into Chapter 7 liquidation. Further, there are stark

di�erences between �rms that stay in Chapter 11 and those that are converted to Chapter 7.

The average Chapter 11 �rm has nearly three times as many establishments and over four

times as many employees as �rms that are converted to Chapter 7. In addition, Chapter 11

�rms have higher payroll per employee ($26,000 per year versus $20,200 at Chapter 7 �rms)

and are about two years older than Chapter 7 �rms, on average. The di�erences between

Chapter 11 and Chapter 7 �rms highlights the importance of selection into bankruptcy

regimes, and hence the need for identi�cation in assessing the impacts of the regimes.

7We provide more details of the matching process and sample selection in the Appendix.
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Table I also illustrates that post bankruptcy plant outcomes vary dramatically depend-

ing on the chapter of bankruptcy. Two years after the bankruptcy �ling, 51.4% of plants

that remain in Chapter 11 continue to be operated by the original �rm, while only 20.8%

of Chapter 7 plants remain with their original owners. By the time �ve years have passed,

all Chapter 7 plants have been closed, while 25.7% of Chapter 11 plants still continue with

the same �rm. These �ndings show that even in Chapter 11 a signi�cant number of estab-

lishments do not continue with the same owner. This suggests that reallocation activity is

likely to be prevalent in both Chapters 7 and 11, even when liquidation is not forced.

III. Asset Reallocation Measurement

A. Motivation

The purpose of the paper is to explore the implications of the bankruptcy process on asset

reallocation, and importantly, on how assets are utilized following the reallocation. In an

ideal setting, one would follow all assets of the bankrupt �rm, including machinery and

equipment, workers, and buildings. Due to the di�culty in tracking how assets reallocate, the

literature has focused on either a very particular type of assets, such as large manufacturing

plants (Maksimovic and Phillips (1998)) or airlines (Pulvino (1998); Gavazza (2011)), or

exploring particular events (Ramey and Shapiro (2001)). In this paper, we explore the

reallocation of assets in 129,000 bankrupt plants, and focus on the reallocation of the plants'

real estate. Essentially, we explore how the occupants of plant real estate change over time

following the bankruptcy �ling, and how it is subsequently utilized.

The importance of real estate, and in particular, �rm location, to �rm performance, is

widely recognized in the agglomeration literature. Common explanations for the impor-

tance of speci�c locations focus on di�erent types of transport costs - the costs of moving

goods, people, and ideas, as illustrated by Ellison et al. (2010). Firms choose to locate

near suppliers or customers to save shipping costs. Firms' location choices are also a�ected

by availability and access to particular local labor markets. Intellectual spillovers and fast

knowledge transfers as well motivate speci�c location choices. In addition, some regions may

11



just have better natural environments for some industries. For example, ship building and

oil re�ning industries may prefer coastal locations, while many aerospace and missle defense

manufacturers choose to locate in deserts.

The supply of local commercial real estate is limited, and such scarcity has shown to a�ect

urban development and real estate prices (Saiz (2010)). Scarcity arises from both local land

use regulations, and limited developable land in metropolitan areas due to terrain elevation

and the presence of water bodies. Moreover, physical structures in place are industry-speci�c

assets. For example, industrial warehouses are unlikely to be used as restaurants, and hotels

are unlikely to become retail stores. Indeed, several papers illustrate that limited availability

of commercial real estate can act as a barrier for entry, a�ecting competition, pricing and

�rm pro�tability (e.g., Suzuki (2013); Ridley et al. (2010)).

Firms spend signi�cant resources to acquire real estate locations. According to the Flow-

of-Funds tables provided by the Federal Reserve Board, for the period from 1952 to 2010,

tangible assets (the sum of real estate, equipment, and software) average about two-thirds

of total corporate assets, and real estate averages about 58% of total tangible assets. For

nonfarm noncorporate U.S. �rms, real estate averages about 90% of tangible assets (which

is in turn about 87% of total assets).

B. Geographical Linkages

In this section we describe the construction of geographical linkages that track how bankrupt

plants' real estate is reallocated over time following the bankruptcy �ling. In particular, we

explore how the occupancy of the real estate locations changes over time, and how these assets

are utilized when occupied. We construct these geographical linkages using the Census LBD.

The LBD covers the entire nonfarm private sector of the United States, thereby allowing us

to track the economic activity at real estate locations by linking these locations over time.

Importantly, this allows us to explore how assets are reallocated and utilized even when

plants are sold or shut down. Given that a high percentage of the bankrupt plants close,

capturing the reallocation of their real estate to alternative uses is key to understanding the

economic impact of bankruptcy regimes.

The LBD includes plant identi�ers that link establishments over time. These plant identi-
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�ers remain unchanged as long as the establishment is active and resides at the same location,

as linkages broadly rely on name and address matching (see Jarmin and Miranda (2002) for

a detailed description of the construction of the plant linkages). Hence, plant linkages are

maintained as long as a plant remains active under existing ownership or is sold and the new

owner keeps the same plant name, address, and the plant remains in the same industry. If

an existing location is replaced with a plant with a di�erent name or industry, the original

plant is coded in the LBD as a plant �death�, and the new plant is coded as a plant �birth�.

But, the original plant and the replacing plant are not linked in the LBD, despite the fact

that the latter replaces the former in the same physical location. Our goal is to link such

replacements, as they capture a reallocation of the real estate from the bankrupt plant to

the new plant. Because our study focuses on bankrupt establishments, many of which shut

down, our goal is to link such replacements in order to capture all reallocation from bankrupt

plants to new plants. Thus, these geographical linkages are a key innovation in our paper,

setting it apart from previous work that uses only plant linkages already in the LBD to track

asset reallocation (Maksimovic and Phillips (1998); Maksimovic et al. (2011); Davis et al.

(2014)).

We make several distinctions regarding the plant real estate outcomes in a given year

following the bankruptcy �ling. First, if a plant continues to operate after the bankruptcy

�ling under its original ownership we classify the plant as �continued�. Second, if a real estate

location is occupied and active,8 and is owned by a di�erent �rm from the original bankrupt

occupier, we classify it as �reallocated� . Such reallocation may not necessarily take place

immediately. Therefore, in a given year, we say that a plant is �vacant� if the original plant

has previously shut down and no active plant is currently occupying the real estate location.

To track bankrupt plant real estate occupancy, employment, and payroll outcomes over

time, we create a careful address matching algorithm. First, we clean all addresses and

address abbreviations using the United States Postal Service formal algorithm. Then, for

each shut down plant (i.e., coded as a �death� by the census), we attempt to match its address

location with subsequent LBD years (up to �ve years following the bankruptcy �ling), to

track next occupant of the real estate location. Our address matching algorithm forces a

8We de�ne a plant as active if it has a positive payroll.
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perfect match on both zipcode and street numbers for each location, and then allows for fuzzy

matching on street name and city name. The details of the address matching algorithm, as

well as a list of robustness checks, are provided in Appendix A.

C. Measurement Issues and Veri�cation Tests

Address matching is inherently imperfect for various reasons, such as slight di�erences in

reported street names. One general concern is that we may overstate vacancy rates due

to imperfections in the matching algorithm. We conduct several veri�cation tests for our

geographical linkages. First, as we discuss in the Appendix, we carefully explore real estate

locations that were not matched. We do so by attempting to re-match non-matched real

estate back to the LBD using only the zip code and street number. This allows for complete

�exibility in street names, which are the item that tends to vary the most across addresses.

Even in this loose matching process, we �nd that for 86% of these locations there are no

matches in the LBD universe in the respective years (following the plant shutdown and up to

�ve years after the bankruptcy �ling). Moreover, we manually verify within the remaining

14% of the remaining cases, only rarely we miss correct matches. Overall, based on this

veri�cation procedure, we �nd that in 97% of the cases in which there was no match, this is

indeed because there was no match in the LBD universe.

Importantly, imperfect matches would only bias our estimates if we disproportionately

miss matches for Chapter 11 or Chapter 7 plants. Since, as we illustrate below, signi�cantly

more Chapter 7 plants are shut down (and hence future occupancy is more likely to rely

on the geographical linkages), if the matching process is too strict and we miss future real

estate occupants, we would bias the overall real estate utiization in Chapter 7 downwards.

Similarly, a loose matching process would bias Chapter 7 utiliziation upwards by incorrectly

matching new births to closed plants. In other words, it is important that the Type I and

Type II errors are fairly balanced. As we discuss in the Appendix, we check for this manually

and verify that nearly all of the plants that we do match have been correctly allocated, and

similarly that essentially all of the plants that we do not match indeed do not have any

economic activity reported at that address in the LBD in subsequent years.

Additional con�rming evidence of our geographical linkages matching algorithm comes
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from results discussed below. Consistent with intuition, we �nd that plant and local eco-

nomic characteristics are predictive of whether a plant's real estate is likely to be occupied

shortly after the plant's closure, as illustrated in Table III and discussed in more detail in Sec-

tion III.D. Moreover, we �nd that assets are substantially more likely to reallocate within

an industry, as expected. Clearly, restaurant real estate is unlikely to become indsutrial

warehouse, and vice versa.

One complication when constructing the geographical linkages is dealing with addresses

that include multiple establishments, such as o�ce buildings or shopping malls. This becomes

an issue if we cannot determine if a newly opened establishment is replacing a closed bankrupt

plant, or if it is replacing another establishment at the same location. We address this in two

ways. First, we develop an algorithm that uses the entire LBD to estimate the total number

of vacant units at a given address in each year. Then, when a new plant opens up in the

same address we assume that it is equally likely to �ll any of the vacancies by apportioning

an equal share of the new plant's employment and wages to each vacancy.9 In this way, our

utilization measures take into account cases in which there are multiple establishments that

close or are born in a given location. We describe the alorithm in detail in the Appendix.

Second, in unreported results, we �nd that the results hold for various subsamples of the

data that exclude addresses where reallocation within an address is the hardest to detect.

Speci�cally, the results hold when we limit the sample to: (i) addresses with a unique

establishment at the time of bankruptcy; (ii) locations that only match to a single newly

born plant; and (iii) establishments that are not in service industries (which tend to be in

o�ce buildings) or retail industries with more than �ve establishments at the same address

(which are likely to be shopping malls).

D. Stylized Facts about Asset Reallocation in Bankruptcy

Several interesting stylized facts about asset reallocation in bankruptcy emerge that guide

our main analysis in Section V below.

9For example, shopping malls and o�ce buildings can have many establishments that all share the same
address. If a new plant opens with six employees in a non-unique location such as a shopping mall, and we
estimate that there were three vacancies at that location in that year, we assign each location two employees.
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Stylized Fact 1: Asset Reallocation is Prevalent in Bankruptcy

The bankruptcy process triggers substantial plant shutdowns. In Figure 1, we explore

whether plants continue to operate under their initial ownership following the bankruptcy

�ling. Panel A shows the share of continuing plants over a window of 5 years following

the bankruptcy �ling date. Less than 70% of the plants continue operating under initial

bankrupt ownership after a single year, and only slightly more than 20% continue 5 years

after bankruptcy. In Panel B we split the sample by bankruptcy regime, and �nd that when

a bankruptcy �ling is converted to Chapter 7 only 54% of plants continue after one year,

and only 8% by year three. While it is expected that Chapter 7 plants' operations will not

continue, non-continuation is also prevalent in Chapter 11. Speci�cally, 70% of Chapter 11

plants continue operating under original ownership after one year, and that �gure drops to

39% by year three and 26% by year �ve.

The frequency with which plants cease to be operated by bankrupt �rms suggests that

reallocation to new ownership likely plays an important role in determining the subsequent

utilization of these real estate assets. Figure 2 provides novel evidence on the important

role of asset reallocation in bankruptcy. Panel A plots the share of bankrupt plant locations

that are occupied in the window of 5 years after bankruptcy �ling, distinguishing between

occupancy rates due only to the original bankrupt plant (red bars) and those that take

into account asset reallocation (gray bars). The gap between the two bars in a given year

following the bankruptcy �ling illustrates the extent to which reallocation takes place. Five

years after bankruptcy �ling, we �nd that occupancy rates with reallocation are more than

three times higher than the occupancy of the bankrupt �rms of these assets.

Panel B focuses on employment in these real estate locations. The red bar captures

aggregate employment only when plants are operated by the bankrupt �rm, while the grey

bar takes into account also employment when real estate was reallocated, and is occupied by

a di�erent �rm. Once reallocation is taken into account, it is evident that utilization of these

real estate assets is much higher. Without reallocation, when assuming that plant shut-down

is associated with zero employees, these assets employ approximately 1.7 million workers �ve

years after the bankruptcy �ling. However, when taking into account asset reallocation, and

incorporating the utilization of these assets, these real estate locations employ close to 3.25

16



million workers. While both occupancy and total employment are still signi�cantly lower

than their pre-bankruptcy levels even with reallocation, both �gures emphasize that asset

reallocation plays an important role in determining the subsequent utilization of these assets.

Stylized Fact 2: The Reallocation Process Is Rapid

A second notable �nding is that a large portion of reallocation happens almost imme-

diately. Figure 3 illustrates the pace at which a closed plant is reallocated, conditional on

reallocation taking place. As is evident from the �gure, approximately 65% of the realloca-

tion happens in the same year a plant is shut down, and the probability that the real estate

is redeployed falls drastically subsequently. Figure 3 also shows an almost identical pattern

for both bankruptcy regimes.

Stylized Fact 3: The Importance of Asset Speci�city

We �nd that asset speci�city is an important feature of the reallocation process in

bankruptcy. In table II we focus on the bankrupt plants that were reallocated, and ex-

plore the characteristics of the reallcation. Panel A shows that the vast majority of the

reallocations are done by local �rms, either newly created businesses (61.70%) or existing

�rms, that already have at least a single plant in the same county (31.91%). Non-local en-

trants account for only a small fraction of total reallocations. The local nature of reallocation

is similar in both Chapter 7 and Chapter 11 bankruptcy regimes.

In addition to the highly local nature of real estate reallocation, we also �nd a high degree

of industry level speci�city. Speci�cally, for eight broad industry classi�cations we calculate

the observed probability that a given location will reallocate to any other industry. Among

these transition probabilities, by far the highest probability for each industry is that the

plant will remain in the same industry. Due to Census disclosure requirements, we are unable

to report exact �gures, but we observe that the within-industry reallocation probability is

between 50% and 75% for all industries. Note that if assets could easily substitute between

industries, we would expect the probability of within-industry reallocation to be 12.5%.

This is consisitent with previous �ndings documenting the importance of asset speci�city in

reallocation (Gavazza (2011), Ramey and Shapiro (2001), Eisfeldt and Rampini (2006)).

There are many reasons to believe that such asset speci�city may arise in the context

of commercial real estate. For example, zoning regulations may limit the use of the real
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estate location, the speci�c features of the building may serve one industry and not another,

and proximity to speci�c labor markets, consumers and suppliers may be appealing to one

industry and not another. In the main analysis we explore how asset speci�city a�ects the

consequences of Chapter 7 and Chapter 11 on asset reallocation.

Stylized Fact 4: Industry and Local Economic Conditions A�ect Reallocation

Finally, we �nd that industry and local economic conditions are important in determining

the degree of reallocation. Table III reports regression results in which we limit the sample

to 84,000 plants that do not continue with the bankrupt �rm, and explore what a�ects the

probability that real estate assets will be reallocated and utilized by a new owner. Hence,

the dependent variable is an indicator equal to one if a new establishment occupies the real

estate location within �ve years of the bankruptcy �ling, and zero if the plant was closed

but not replaced.

At the county level, we construct three indicator variables which identify localities in

which we expect reallocation to be easier. Following Gavazza (2011), we �rst focus on market

thickness as a principal driver of the ability to redeploy assets. Given that reallocation is

typically done locally and within the same industry, we expect that counties which contain

many �rms in the same or similar industries as the bankrupt plant will have lower search

costs and hence a higher probability of �nding a user of the vacated real estate. We use the

full LBD to measure market thickness for industry i in county c in year t as

Thicknessict =
∑
j

τijsjct,

where τij is the observed probability across our full sample that a plant in industry i transi-

tions to industry j after closure, and sjct is industry j's share of total employment in county

c in year t. Thicknessict is essentially a weighted Her�ndahl index of market concentration,

where each industry is weighted by τij. As stated above, τii, the probability that a plant

remains in the same industry, is substantially higher than any other τij for all industries, im-

plying that it is often di�cult to transition a location to a new industry. Thus, Thicknessict

will be highest when a given county has a high concentration of plants in the same or similar
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industries, thereby making it easier to �nd a user of a given real estate asset.10 We then

identify industry-county pairs as �thick� markets if they have above-median Thicknessict.

This measure of market thickness also plays a central role in the more in-depth heterogeneity

analysis we conduct in Section V.B below.

The second county-level indicator equals one if the county has an above-median number

of plants, and is aimed to capture counties with more economic activity in general. And

third, we identify counties with above-median economic growth (measured as the three-year

growth in total employment). All three of these variables are highly sign�cant predictors of

real estate reallocation. In particular, plants located in counties with above-median market

thickness are between 1.2% and 2.3% more likely to be replaced, plants located in counties

with above-median economic activity are between 2.3% and 4.7% more likely to be replaced,

and similarly, plants in areas with above-median economic growth are between 1.3% and

2.9% more likely to be replaced.

Industry-level conditions matter as well. Real estate in high-growth industries is more

likely to be reallocated, up to 2.1%. We also report industry dummies to illustrate hetero-

geneity across industries in reallocation likelihood. For example, real estate in accomodation,

food and entertainment, is much more likely to be reallocated (conditional on plant closure)

realtive to the mining and construction omitted category. This evidence suggests that the

degree of asset speci�city, and the number of potential buyers for commercial real estate may

vary across industries.

IV. Identi�cation Strategy

A. Empirical Design

Identifying the e�ect of Chapter 7 liquidation on asset reallocation relative to Chapter 11

reorganization is challenging given the inherent selection into bankruptcy regimes. Firms

�ling for Chapter 7 may have worse prospects, and this will be re�ected also in the way

its assets are reallocated and subsequently utilized. To mitigate the selection in Chapter 7,

10An alterntaive hypothesis is that thick markets are already saturated with a given industry type. This
would imply the opposite prediction: that reallocation is harder in thicker markets.
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we focus only on �rms that �led for Chapter 11 reorganization, and exploit the fact that a

signi�cant fraction (40%) of these �rms are converted to Chapter 7 subsequently. Hence, the

baseline speci�cation of interest is:

Ypit = α + β · Chapter7pi + γXpi + εpit

where p indexes an individual plant belonging to �rm i, and t indexes a year of observation

(ranging from one to �ve years after the bankruptcy �ling). The dependent variable Ypit is

a measure of post-bankruptcy plant outcomes and real estate asset utilization such as the

total number of workers employed at plant p in year t. We are interested in estimating β,

which captures the impact of conversion to the Chapter 7 bankruptcy regime on Ypit, after

controlling for a set of �rm- and plant-level variables, Xpi, such as pre-bankruptcy �ling

employment and plant age. Under the null hypothesis that Chapter 7 liquidation has similar

e�ect on asset utilization as Chapter 11, β should not be statistically di�erent from zero.

Even within Chapter 11 �lers there may be a signi�cant amount of selection among �rms

that convert to Chapter 7 liquidation. Table 1 illustrates this point, as, �rms converted into

Chapter 7 tend to have a smaller number of plants, employ fewer workers, and are slightly

younger. Therefore, to identify the causal e�ect of Chapter 7 on plant outcomes and asset

reallocation, we rely on judge heterogeneity in their propensity to convert a Chapter 11 �lings

to Chapter 7 as an instrumental variable.11 This instrument does not rely on di�erences in

actual bankruptcy laws, as the bankruptcy code is uniform at the federal level. Rather, the

instrument makes use of the fact that bankruptcy judges have a large amount of leeway in

their interpretation of the law and the level of in�uence they choose to exert on each case

(Bris et al. (2006); Chang and Schoar (2013); LoPucki and Whitford (1993)).

Bankruptcy judges work in 276 divisional o�ces across the United States, each of which

11This approach was pioneered by Kling (2006), who studied the impact of incarceration length on indi-
vidual level employment and earnings outcomes after being released from prison, and since then it has been
applied in a variety of settings to convincingly answer a number of important economic questions. Other
papers that use a similar strategy are Doyle Jr (2007); Doyle Jr. (2008), Maestas et al. (2013), Di Tella and
Schargrodsky (2013), Dahl et al. (2014), and Galasso and Schankerman (2015). More directly related to
our study are Chang and Schoar (2013), who look at the impact of pro-debtor versus pro-creditor judges on
outcomes of �rms in Chapter 11, and Dobbie and Song (2015), who use a similar instrumental variable to
estimate the impact of personal bankruptcy on earnings, mortality, and home foreclosure.
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pertains to one of 94 US Bankruptcy Districts. A �rm �ling for bankruptcy may choose to

�le either where it is (1) headquartered, (2) incorporated or (3) does most of its business,

thereby giving the largest �rms some leeway in the bankruptcy venue. However, once a

�ling is made in a particular division, judge assignment is random.12 We can then rely

on this random assignment to generate exogenous variation in the probability that a given

case is converted, since judges vary in their propensity to convert �lings. To implement the

instrumental variables approach, we estimate the following �rst stage regression:

Chapter7pit = ρ+ π · φj + λXpi + δdt + µk + εpit

where Chapter7 is an indicator variable equal to one if the bankruptcy case was converted

to Chapter 7 and zero otherwise. Importantly, we include division by year �xed e�ects,

δdt, to ensure that we exploit judge random variation within a division. We also include

plant-level controls Xpi and industry �xed e�ects, µk. The coe�cient on the instrumental

variable,π, represents the impact of judge j's tendency to convert a case to Chapter 7, φj, on

the probability that a case is converted to Chapter 7. We experiment with several versions

of the instrument. First, we estimate φj as the share of Chapter 11 cases that judge j

ever converted to Chapter 7, excluding the current case. This leave-one-out measure deals

with the mechanical relationship that would otherwise exist between the instrument and the

conversion decision for a given case, and it is standard in the literature (Doyle Jr (2007);

Doyle Jr. (2008); Dobbie and Song (2015); Galasso and Schankerman (2015)). We also

consider below alternative measures of our instrument: (a) the share of cases that judge j

converted to Chapter 7 in the �ve years prior to the current case; (b) judge �xed e�ects.

Both the �rst and second stage results are una�ected by the choice of the instrument.

The second stage equation, estimates the e�ect of Chapter 7 on plant outcomes asset

reallocation:

12As an example, consider the bankruptcy district of New Jersey, which is divided into 3 divisions:
Camden, Newark, and Trenton. The Local Rules of the New Jersey Bankruptcy Court lay out exactly which
counties pertain to each division, and �rms must �le in the division �in which the debtor has its principal
place of business.� Once a case is �led in a particular division, the Local Rules state that �case assignments
shall be made by the random draw method used by the Court.�
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ypit = α + β · ̂Chapter7pi + γXpi + δdt + µk + εpit

where ̂Chapter7pi are the predicted values from the �rst stage regression. Because the

regressions use observations at the plant level, but the variation in our instrument is at the

�rm level, we weight each observation by the inverse of the number of plants of a given

�rm so that each �rm receives the same weight in the regression regardless of the number of

plants. This avoids giving undue in�uence to a few large cases. Further, in all regressions

we cluster standard errors at the division-by-year level, to account for any correlation within

bankruptcy court.

If the conditions for a valid instrumental variable are met, β captures the causal e�ect of

Chapter 7 liquidation on plant outcomes and asset reallocation. It is important to note that

the estimates in the instrumental variables analysis are coming only from the sensitive �rms

- i.e. those �rms which switch bankruptcy regimes because they were randomly assigned a

judge that commonly converts cases (Imbens and Angrist (1994)). Clearly, there are some

�rms that will stay in Chapter 11 no matter the judge and there are other �rms that will

convert to Chapter 7 regardless of the judge. Thus, the instrumental variables estimates only

capture the local average treatment e�ect on the sensitive �rms, and should be interpreted

as such.

In the next sections we discuss the necessary assumptions that need to hold for the

instrument to be valid.

B. Judge Heterogeneity and Conversion to Chapter 7

For the instrument to be valid, it must strongly a�ect the likelihood of Chapter 7 conversion.

This can be illustrated in Figure 4, which plots the nonparametric kernel regression between

the probability that a case is converted to Chapter 7 and φj, the share of Chapter 11 cases

that a judge ever converted to Chapter 7, excluding the current case. We con�rm this

evidence in our �rst stage regression, presented in Table IV, which demonstrates that there

is a strong and tightly estimated relationship between all versions of the instrument and
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the probability of conversion to Chapter 7, even after introducing a comprehensive set of

controls.

In column (1) of Table IV the unit of observation is a bankruptcy �ling, using as an

instrument the share of Chapter 11 cases that the assigned judge ever converted to Chapter

7, excluding the current case. The result illustrates that the instrument is strongly and

signi�cantly correlated with Chapter 7 conversions. In particular, a one standard deviation

(12.9 percentage points) increase in our instrument increases the likelihood of conversion by

7.49 percentage points, a 18.37% increase from the unconditional propensity of 40.74%.

In the remaining columns of Table IV, and in fact in the entire analysis below, the unit

of observation is at the plant location level rather than the bankruptcy case level. In these

regressions each observation is weighted by the inverse of the number of plants operated

by the �rm, to avoid overweighting large bankruptcy cases. In column (2) we repeat the

speci�cation in column (1), and verify that the �rst stage results are identical to column

(1) in which the unit of observation is at the bankruptcy case level. In column (3) we add

additional control variables, such as the plant age, and number of employees per plant at

the year of the bankruptcy �ling. The results remain unchanged.

In column (4) of Table IV we use as an instrument the share of cases assigned to judge j

in the past �ve years that were converted, and �nd similar results. A one standard deviation

(20.9 percentage points) increase in this instrument increases the likelihood of conversion

by 6.36 percentage points, a 15.60% increase from the unconditional propensity of 40.74%.

Column (5) uses judge �xed e�ects as the instrument, and illustrates that the �xed e�ects

are jointly highly signi�cant and that the other coe�cients are essentially unchanged when

we use this as the instrument as well. In all speci�cations, the F-stat is above 100, well

above the required threshold of F = 10 to alleviate concerns about weak instrument (Staiger

and Stock (1997)). Moreover, since the di�erent instruments generate similar results, in the

remaining analysis we will rely on the �rst measure of judge heterogeneity, although the

results are robust to the alternative instruments.
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C. The Exclusion Restriction Condition

The instrument not only needs to strongly a�ect the probability of conversion into Chapter

7, but also, importantly, must satisfy the exclusion restriction condition. Speci�cally, it is

required that judge assignment only a�ects the outcomes of interest (e.g. whether a plant

location is occupied or not �ve years after bankruptcy �ling) via its impact on the probability

that a case is converted to Chapter 7. As evidence in partial support of our identi�cation

assumption, Table V reports randomization tests that show that our instrument, the share

of cases converted by a judge, is uncorrelated with a comprehensive set of �rm and plant

level characteristics, as well as local and industry conditions.

Column (1) of Table V shows that the R2 when we regress φj on the full set of division by

year �xed e�ects and no other controls is 0.777, suggesting that there is substantial variation

in judge conversion propensities between divisions and over time. In the next column, we

explore whether within a division-year, such variation is correlated with the bankruptcy

case characteristics. In Column (2), we add plant size and age, �rm size, an indicator for

whether there were multiple associated bankruptcy �lings, and 24 2-digit NAICS �xed e�ects.

None of these variables is statistically signi�cant and the R2 is basically una�ected by their

addition. In the next columns, we add dummies indicating that the plant was in a county

with an above-median level of market thickness (as de�ned in section III.C), number of

plants, payroll-to-employee ratio, and 3- and 5- year growth rates of several employment and

payroll measures at the county and industry level. Once again, all controls are insigni�cant

and the overall R2 remains unchanged. The evidence in Table V suggests that there is indeed

random assignment of judges to bankruptcy �lings within court divisions, thus alleviating the

concern that φj might be related to other factors that might in�uence future plant outcomes.

The exclusion restriction assumption might still be violated if the judge a�ects future

plant outcomes through channels other than the bankruptcy regime. Speci�cally, this may

be the case only if φj is correlated with other judge characteristics, such as judge skill or how

pro-debtor a judge is, which might also a�ect plant outcomes. To address this concern, we

�rst point out that we are agnostic as to the speci�c channel through which judge assignment

leads to the conversion of a case to Chapter 7. That is, it could be that a judge's preference
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for liquidation directly leads to case conversion, but that is not necessarily the only channel.

Judge skill or management of the case along other dimensions, such as approval of other

motions in the case, could also lead to the eventual conversion of the case. It could even

be that the debtor and creditors behave di�erently depending on the judge assigned to the

case, and that their behavior a�ects the eventual outcome. Regardless of the channel, in

all of these cases it is the judge assignment that a�ects the bankruptcy regime, and thus

they do not violate the exclusion restriction. The exclusion restriction is violated only if the

judge a�ects the outcome through a channel that is not related to case conversion. While we

cannot test the exclusion restriction directly, several indirect tests support the identifying

assumption.

First, in the reduced form regressions in the main analysis, reported in Section V.A, we

�nd that judge tendency to convert a case into Chapter 7 leads to lower utiization of the

bankrupt assets. If the exclusion restriction holds, this occurs only through the conversion

of the case into Chapter 7. However, if judge tendency to convert cases to Chapter 7 is

correlated with judge skill or biases that a�ect other judge motions that do not lead to case

conversion, one may be concerned that these other e�ects are driving the results and not

the transition to Chapter 7. If this is the case, then we should observe that judge tendency

to convert cases to Chapter 7 a�ects asset utilization even when we hold the bankruptcy

regime �xed. That is, we would �nd a signi�cant relationship between φj and real estate

utilization when we limit the sample to only �rms that remain in Chapter 11 or that convert

to Chapter 7. However, in an unreported robustness test, we �nd that when we hold the

bankruptcy regime �xed, there is no statistically signi�cant link between judge tendency to

convert cases and asset utilization. In addition, we also �nd that judge tendency to convert

cases to Chapter 7 is uncorrelated with bankruptcy re�ling rates. If less-skilled judges were

more likely to convert cases to Chapter 7, we would expect that cases handled by these

judges that remain in Chapter 11 would have worse outcomes, but this does not appear to

be the case.

What if the tendency to convert cases into chapter 7 is correlated with other motions

approved by the judge? As explained above, this does not violate the exclusion restriction

to the extent that these other motions may eventually lead to the conversion of the case.
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If, however, other motions have an impact on utilization beyond their e�ect on the eventual

bankruptcy regime, it would be a violation of the exclusion restriction. The tests above

suggest this may not be the case. Moreover, while we cannot test for such correlation directly

since the LexisNexis dataset does not report outcomes of court motions other than the

decision to convert a case, Chang and Schoar (2013) perform a principal component analysis

on a set of the most important rulings of a bankruptcy judge (including the decision to convert

a case), using the �rst principal component to estimate a judge's overall �pro-debtorness.�

Importantly, we note that among all the rulings included in their analysis, the decision to

convert a case receives by far the lowest weight in the �rst component, suggesting that the

decision to convert may be mostly unrelated to a judge's overall pro-debtor or pro-creditor

bias.

V. Results

A. Main Results

A �rst step in exploring how assets are reallocated is to show that the bankruptcy regime

has a signi�cant impact on plant outcomes, that is, whether plants continue to operate under

existing bankrupt ownership. To do this, we run linear probability regression models of the

form

Continuepit = α + β · ̂Chapter7pi + γXpi + δdt + εpit

where Continuepit is a variable indicating if plant p of �rm i is active and continues to be

owned by the same �rm t years after the bankruptcy �ling (speci�cally, we present results at

horizons of one, three, or �ve years). The set of controls Xpi are identical to those in the �rst

stage regressions in Table IV, and are omitted from further tables for brevity. The coe�cient

of interest is β, which measures the impact of Chapter 7 liquidation on the propensity for

a plant to continue �ve years after the �ling date, relative to Chapter 11 reorganization.

Importantly, in these regressions we do not account for reallocation, as we �rst explore the

bankrut plant outcome.

In Table VI Panel A, we show results when estimating by regular OLS, reduced form,
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and 2SLS. When estimating by regular OLS (and therefore not accounting for selection), we

�nd that conversion to Chapter 7 is associated with a 30.0 percentage point decrease in the

likelihood of continuation �ve years after the bankruptcy �ling. However, this �nding could

be due to a selection bias if �rms that are more likely to close regardless of the bankrutpcy

regime are more often converted to Chapter 7. Columns (2) and (3) of Panel A show that

this e�ect is not due to selection by relying on judge assignment as an instrument. In both

the reduced-form regression, with the instrument entered directly, and the 2SLS regression

we �nd that Chapter 7 dramatically reduces the probability of continuation, with a magnitue

of 32.4 percentage points.

Panel B of Table VI illustrates how the di�erences between Chapter 7 and Chapter 11

evolve after the bankruptcy �ling, showing only the 2SLS estimates. We �nd that just one

year after the bankruptcy �ling there is already a 27.1 percentage point di�erence in the

continuation probability between the two regimes. This di�erence only grows slightly over

the next four years. An important point from this �nding is the fact that not only Chapter

7 plants are less likely to continue operating under bankrupt �rm ownership, but this e�ect

takes place quickly after the bankruptcy �ling. This puts pressure on the liquidating parties,

such as the lessor or bankruptcy trustee, to �nd new tenants in a short amount of time.

Indeed, Figure 1 Panel B shows that only 20% of Chapter 7 establishments are still continuing

within 2 years of the bankuptcy �ling. Our 2SLS estimates show that these large di�erences

appear quickly and are due to the bankruptcy regime itself, rather than selection of �rms

into the regime.

The results in Table VI show that the bankruptcy regime has important implications for

the allocation of real estate assets, as plant continuation depends on the bankruptcy regime.

However, these results do not tell us whether the real estate assets are reallocated or not.

That is, it could be that plants which are shut down in Chapter 7 are simply placed with

new ownership and thus asset utiltization is the same as if they had remained in Chapter

11.

Table VII shows regressions similar to those in Panel A of Table VI, but here we focus on

three measures of plant utilitzation that take into account the reallocation of the real estate

assets. In Panel A of Table VII the dependent variable is an indicator variable equal to one
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if the plant location is occupied �ve years after the bankruptcy �ling, regardless of whether

the real estate is occupied by the same �rm or has been reallocated to a di�erent �rm.

Similar to before, we present estimates with regular OLS, reduced form, and 2SLS. Focusing

on the 2SLS estimates, we �nd that conversion to Chapter 7 reduces the probability of a

plant being occupied �ve years after bankruptcy by 17.4 percentage points, and the e�ect

is statistically signi�cant. This estimate is roughly half the size of the 32.4 percentage

point decline in plant continuation in Chapter 7, as reported in Table VI, demonstrating

the importance of reallocation. While reallocation closes some of the gap, a 17.4 percentage

point decline in occupancy is economically large; it represents a 26.3% decline from the mean

occupancy rate of 66.2% show in Figure 2. Forced liquidation in Chapter 7 appears to cause

signi�cantly higher vacancy rates �ve years after the bankruptcy �ling relative to Chapter

11 reorganization.

In Panel B, the dependent variable is the log of average empoyment in a given real

estate location over the �ve years after the bankruptcy �ling. This measure accounts for

the reallocation of the plant to new owners. Plants that are vacant by de�nition have

zero employment, and hence this variable accounts for any interim years in which a plant

is non-occupied, even if it is occupied in year �ve. Further, this measure also has the

advantage of accounting for the intensive margin of total employment as well as the extensive

margin, since plants that are reallocated but have fewer employees will have lower average

employment. Standard OLS regressions suggest that conversion to Chapter 7 is associated

with a 43.2% decline in average employment over the �ve years after bankruptcy.13 Moving

to the 2SLS estimates, this e�ect is attenuated slightly, as one would expect due to selection,

but is still quite large with an estimated impact of 34.0%.14 As is common with instrumental

variables, standard errors are substantially larger in the 2SLS speci�cations, with the result

being that this estimate is signi�cant at the 10% level.

Finally, in Panel C, the dependent variable is the average total wages paid per year in

13Since these are log-linear models with the independent variable of interest, Chapter7i,t, being a dummy
variable, the estimated impact of moving from Chapter 11 to Chapter 7 is 100 [exp(β)− 1]. These magnitudes
are provided in the table for ease of interpretation.

14In the Appendix, we present regression results where the dependent variable is ln (Employment) in
each year after �ling, rather than the log of average employment over the full period. We �nd that Chapter
7 reduces employment by 38.1%, 39.2%, and 26.9% in year 1, 3, and 5 after bankruptcy, respectively.
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a given real estate location, in the �ve years following the bankruptcy �ling. Hence, this

measure accounts for di�erences in the total amount paid for employees, as yet another

measure of how real estate assets are being utilized. To the extent that wages represent a

worker's marginal product of labor, these estimates more fully capture the actual economic

utilization of a location than the two earlier measures. That is, it is possible that Chapter

7 might shift assets to industries that employ fewer workers, but each worker is more highly

productive and, given a competitive labor market, would earn a higher wage. If that were

the case, we would �nd in these regressions a smaller or even positive impact of Chapter 7 on

wages. However, we �nd that the e�ect is actually larger in magnitude, leading to a greater

decline in total wages in Chapter 7 relative to Chapter 11. Speci�cally, the 2SLS estimate

is that wages decline by 60.2% in when a plant is converted to Chapter 7.15

We present asset utilization consequences in years 1, 3, and 5 after the bankruptcy �ling

in Table VIII. In this table, each row represents a di�erent dependent variable, and each cell

contains the coe�cient estimates of the e�ect of Chapter 7 from a separate regression. There

are two main takeaways from this table. First, similar to what is shown in Panel B of Table

VI, Chapter 7 liquidation immediately has a large and negative e�ect on utilization by all

three of our measures. This is to be expected if new occupants cannot be quickly found when

a �rm is liquidated in bankruptcy. However, the gap between Chapter 7 and Chapter 11

utilization closes only very slowly, if at all. Speci�cally, occupancy rates are 23.7 percentage

points lower in Chapter 7 in the �rst year after bankruptcy, and are still 17.4 percentage

points lower �ve years after bankruptcy. Similarly, estimates in line (3) imply that conversion

to Chapter 7 reduces average employment in years 1, 3, and 5 after bankruptcy by 38.1%,

34.2%, and 34.0%, respectively. When measuring by wages, utilization declines by 76.5%,

64.3%, and 60.2% in the �rst, third, and �fth years. To the extent that cash auctions cause

�re sales that reduce utilization rates, those e�ects are felt for extended periods of time after

the bankruptcy.

Second, Table VIII shows the importance of accounting for reallocation in these estimates.

15Results on utilization as measured by employees or payroll include both the extensive margin (is the
plant occupied) and the intensive margin (how many employees). To extract only the intensive margin,
we would have to condition the sample on plants that are occupied. However, doing so invalidates our
instrument by created a selected subsample and for this reason we only present the overall results.
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For example, row (2) shows the estimated impact of Chapter 7 on average employment

without identifying new users of a particular location - i.e. assuming zero employment once

a plant closes. Meanwhile, row (3) makes use of the geographical linkages to identify total

employment at the location even after a plant has been closed and (potentially) reallocated

to a new �rm. Row (2) implies a 55.4% reduction in average employment by year 5, while

the actual �gure from row (3) is 34.0%. The di�erence between lines (2) and (3) is the role

of reallocation itself, illustrating the signi�cant reallocation that takes place in Chapter 7,

as compared to Chapter 11. Panel B demonstrates this explicitly by using as the dependent

variable occupancy, average employment, and average wages only for reallocated plants,

when utilitzation for continuing or vacant establishments set at zero. These speci�cations,

then, show directly the contribution of reallocation to total utilization in Chapter 7, relative

to Chapter 11. Clearly, reallocation is signi�cantly higher in Chapter 7, and this e�ect

grows in both statistical signi�cance and economic importance over the 5-year window after

bankruptcy.

B. Heterogeneity Analysis

The results presented so far show that Chapter 7 results in signi�cantly lower occupancy,

employment, and total payroll even �ve years after the bankruptcy �ling. In this section,

we explore why utilization is lower when bankruptcies are resolved via cash auction rather

than structured bargaining. In particular, theories of �re sales (Williamson (1988); Shleifer

and Vishny (1992)) and previous empirical work on the topic (Pulvino (1998); Ramey and

Shapiro (2001)) has focused on the redeployability of assets. Following Gavazza (2011), we

focus on market thickness as a principal driver of the ability to redeploy assets. In thicker

markets, search frictions are likely lower and the probability of �nding a user of vacated real

estate is higher. Thus, we would anticipate Chapter 7 utilization rates are most depressed

in thin markets, where forced liquidation is likely to have the largest e�ect.

As detailed in Section III.D, we de�ne a market thickness measure Thicknessict for each

industry-county pair for each year of our sample. Thicknessict is highest for industry-counties

in which a high share of employment is in the same or similar industries as industry i. To test

if the e�ects of Chapter 7 liquidation di�er in thick markets, we de�ne �thick� industry-county
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pairs as those having above-median Thicknessict, and then run our speci�cations separately

for plants in thick and thin markets. Note that we do not claim that plants are exogenously

distributed across thick or thin markets. Clearly, �rms in thick markets are di�erent on many

dimensions from �rms in thin markets. However, this does not invalidate the instrument.

By running the regressions on separate sub-samples, we are comparing thick-market �rms

that are randomly assigned to �converting judges� to those that are assigned to �reorganizing

judges,� and similarly we compare thin-market �rms that are randomly converted to those

that are not. Thus within each regression the estimates can still be interpreted as causal,

and the comparison across regressions sheds light on which markets are driving the overall

e�ects.

The results are presented in Table IX. This table is set up similar to Table VIII, where

each cell comes from a separate regression and contains only the 2SLS β coe�cient estimate

(and standard error). The di�erences between thick and thin markets are quite stark. Start-

ing with the �rst two rows, we �nd that Chapter 7 reduces the probability that a plant will

continue with the orginial bankrupt �rm �ve years after bankruptcy by 28.6% in thick mar-

kets, and 36.1% in thin markets. However, in rows (3) and (4), which allow for reallocation

by measuring the propensity that a plant is occupied regardless of whether it was closed

or not, we see that in thick markets there is su�cient asset reallocation such that Chapter

7 has no impact on utilization. In the �rst year after bankruptcy, plants are about 15.5

percentage points less likely to be occupied in thick markets (an estimate that is statistically

insigni�cant), but that di�erence has disappeared completely by year 3, and continues to be

close to zero in year 5. Meanwhile, occupancy rates are much lower for Chapter 7 plants in

thin markets in all years after bankruptcy. Further, the gap does not close over the �ve-year

period at all: Chapter 7 plants are 29.8, 35.3, and 32.8 percentage points less likely to be

occupied in years one, three, and �ve respectively in thin markets.

The results for liquidation's impact on average employment are similar. When not ac-

counting for reallocation (as in rows (5) and (6)), Chapter 7 has similar impacts on total

employment in both thick in thin markets: �ve years after the bankruptcy �ling, employment

at real estate locations converted to Chapter 7 is 53.3% (exp (−0.763)−1 = −0.533) lower in

thick markets, and 56.3% (exp (−0.827)−1 = −0.563) lower in thin markets. However, when
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allowing for reallocation, Chapter 7 has no e�ect on average employment in thick markets,

while employment drops by 52.1% in thin markets by the �fth year. Again, the pattern

over time in the two markets is interesting. In the �rst year after bankruptcy, even in thick

markets there is some negative impact of liquidation on employment utilization (an insignif-

icant 23.2% decline). But by the �fth year the e�ect disappears entirely. In thin markets,

the impact is immediate, and it actually increases slightly over time. Finally, the results for

average wages are again in line with these e�ects, as illustrated in lines (9) through (12).

Total wages over 5 years for Chapter 7 �rms in thick markets are a statistically insigni�cant

22.7% lower than those of Chapter 11 �rms. But in thin markets, wages for liquidated plants

decline by 74.4%, an estimate that is signi�cant at the 1% level.

Panel B of Table IX highlights the role of reallocation in thick and thin markets by

rede�ning the dependent variable to only show occupancy, employment, or wages created

by reallocation, similar to Panel B of Table VIII described above. By all three measures of

utilization, reallocation is no higher for Chapter 7 plants than it is for Chapter 11 plants in

thin markets, despite the fact that Chapter 7 plants are signi�cantly more likely to close.

Meanwhile, in thick markets reallocation accounts for the whole di�erence such that there

is no overall impact on utilization when a plant is forced to close.

C. Discussion of Welfare Implications and E�ciency

Our results show that forced liquidation in Chapter 7 causes reduced utilization of assets,

particularly in thin markets where reallocation is di�cult. However, the overall welfare

implications of each bankruptcy regime are less clear. Our results could be interpreted as

showing that forced liquidation in Chapter 7 reduces utilization below the an optimal level.

On the other hand, it could also be that Chapter 11 leads to ine�cient continuation, and

that the higher utilization seen in Chapter 11 is actually less e�cient than that of Chapter

7. For example, it could be that Chapter 7 locations are converted into useful assets that

have no employees (such as parking lots, residential housing, or public parks) which are no

included in the LBD, or it could also be that there is no price at which these locations can

be pro�tably used and therefore it is optimal to leave them vacant. We cannot fully rule out

this possibility and hence we do not take a strong stand on the e�ciency of either bankruptcy
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regime. However, several pieces of evidence cast doubt on the possibility that the reduced

utilization in Chapter 7 is optimal.

First, data from CoreLogic on transactions of real estate properties shows that only a

very small fraction of commercial real estate converts to a non-employing usage such as

residential housing, parking lots, etc. Thus, it is unlikely that a large portion of the vacant

locations in our data are being put to alternative uses not captured by the LBD.

Second, as long as capital and labor are compliments , a more productive �rm will employ

more, not fewer individuals. However, we �nd that our e�ects increase in magnitude when

measuring utilization using total employees as opposed to occupancy. Further, wages should

be highest at more productive �rms as long as labor markets are competitive. Given that

the size of our e�ects are even larger when measuring utilization by total wages, this casts

doubt on the possibility that Chapter 7 allocates some plants to more productive uses even

while leaving some locations vacant.

Third, a strict de�nition of ine�cient continuation in Chapter 11 is that negative NPV

projects are allowed to continue due to frictions in the bargaining process. However, negative

NPV projects cannot continue inde�nitely; eventually the �rm will fail when it runs out of

capital. Given that our e�ects persist for at least �ve years this possibility seems unlikely.

Finally, theory predicts that ine�ciencies in Chapter 11 will occur when coordination

problems are largest or where information assymytries are largest. However, the heterogene-

ity analysis shows that the di�erences between Chapter 7 and Chapter 11 are largest in thin

markets, where reallocation is expected to be di�cult and liquidation is likely to be ine�-

cient. There is no reason to predict that ine�ciencies in the bargaining process are largest

in thin markets.

Despite these pieces of evidence, it is important to keep in mind that our results focus

only on outcomes at bankrupt locations. The analysis does not consider potential spillovers

to other �rms. Thus, we make no conclusions about the general equilibrium e�ects of forced

liquidation or its e�ect on social welfare, and leave this analysis to future work.
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VI. Conclusion

How do institutions a�ect the reallocation of assets in the economy? In this work we explore

the role of the bankruptcy system in a�ecting the reallocation of commercial real estate, an

important form of capital used by �rms. In particular, we explore how the two common

bankruptcy approaches in the US - Chapter 7 liquidation and Chapter 11 reorganization

- a�ect the reallocation, and subsequent utilization of the real estate assets occupied by

bankrupt �rms.

We exploit judges random assignment to bankruptcy cases, and variations in judges

interpretation of the law, to instrument for the endogenous conversion of Chapter 11 �lers

into Chapter 7 cases. We rely on the Census LBD database, to create geographcial linkages

that allow us to track changes in real estate occupancy over time. We explore several

measures of asset utilization such as whether real estate is occupied, and if so, how many

workers are employed in a given asset, and what is their total wage bill.

We �nd that Chapter 7 liquidation leads to increased vacancies and lower utilization of

real estate assets, and this e�ect persists also �ve years after the bankruptcy �ling. These ef-

fects are concentrated in thin asset markets where there are few potential buyers for bankrupt

assets. Overall, the results highlight the importance of local asset markets on the reallocation

of assets in bankruptcy.
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Figure 1
Plant Outcomes

This �gure illustrates the percentage of plants that continue to be operated by a bankrupt �rm in

the 5 years following the �rm's bankruptcy �ling. Panel A shows the share of plants that continue

operating across the full sample. Panel B splits that sample by �rms that remain in Chapter 11

versus those that are converted to Chapter 7.

Panel A: Plant Continuations

Panel B: Plant Continuations by Bankruptcy Regime
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Figure 2
Role of Reallocation

This �gure illustrates the role played by reallocation in bankruptcy. Panel A plots the share of

bankrupt plant locations that are occupied over a 5-year window after bankruptcy, distinguishing

between occupancy rates due only to the original bankrupt plant and those that take into account

reallocation to other �rms. Panel B provides similar evidence, showing total employment levels at

bankrupt plant locations with and without reallocation. In Panel B, the left-hand axis shows total

employment in thousands, while the right-hand axis shows percentage of employment in year 0.

Panel A: Occupancy Rates

Panel B: Employment Utilization

39



Figure 3
Reallocation Pace

This �gure plots years after the death of the bankrupt plant on the x-axis and percentage of the plant
locations that are reallocated in that particular year, conditional on reallocation taking place, on the y-axis.

40



Figure 4
Non-Parametric First Stage

This �gure plots the relationship between the probability of case conversion and our preferred instrument,
the share of all other Chapter 11 cases that a judge has converted to Chapter 7, using a non-parametric
kernel regression. For disclosure reasons, we truncate the 5% tails of the distribution.
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Table I
Sample Summary Statistics

This table presents summary statistics on the �rms and plants in our �nal sample, both overall and split by
�rms that stay in Chapter 11 and those that are converted to Chapter 7. Observation counts are rounded
to the nearest thousand due to disclosure requirements of the U.S. Census. All numbers shown are averages,
except for observation counts. Payroll and payroll per employee are in thousands of nominal U.S. dollars.
Plant continuation shows the percentage of establishments that remain occupied by the original owner either
2 or 5 �ve years after the bankruptcy �ling.

All Chapter 11 Chapter 7

Firm-level characteristics

No. Plants 4.7 6.5 2.2
Employment 169.0 245.4 57.9
Payroll 4,507.7 6,819.0 1,146.3
Payroll/Employee 23.7 26.0 20.2
Age 9.9 10.7 8.9
Number of �rms 28,000 17,000 11,000

Plant-level characteristics

Plant employment 35.9 38.0 26.9
Plant payroll 957.9 1,055.4 532.4
Number of plants 129,000 105,000 24,000

Plant continuation

2 years post-�ling (%) 45.74% 51.43% 20.83%
5 years post-�ling (%) 21.71% 25.71% 0.00%
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Table II
Reallocation Summary Statistics

This table shows statistics on the share of realocation that is accounted for by new �rms, existing local �rms

(�rms that already had an establishment in the same county), and existing non-local �rms. The sample is

restricted to cases of plants that �le for bankruptcy between 1992 and 2005, that are closed within 5 years

of bankruptcy �ling, and that are replaced within the same time period.

All Chapter 7 Chapter 11

New entrant 29,000 61.70% 9000 69.23% 20000 58.82%
Local entrant, existing 15,000 31.91% 3000 23.08% 12000 35.29%
Non local entrant, existing 3,000 6.38% 1000 7.69% 2000 5.88%
Total 47,000 100.00% 13000 100.00% 34000 100.00%
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Table III
Reallocation Determinants

This table shows results from a regression of a dummy for whether a plant is replaced within 5 years from
bankruptcy �ling (conditional on death of original plant) on a set of county and industry characteristics
computed at the year of �ling. All county-level and indusry-level controls are dummy variables equal to 1 if
the county is above-median in the given category. Plant- and �rm-level controls identical to those in Table
IV are also included, but are not reported for brevity. In addition, �xed e�ects for the number of years after
bankruptcy that the plant died are also included. The sample includes all establishments that died within 5
years of �ling. Standard errors, clustered at the division by year level, are shown in parentheses. *, **, and
*** denote statistical signi�cance at the 10%, 5%, and 1% level, respectively.

Dependent variable: Plant reallocation dummy
(1) (2) (3)

County-level economic conditions
Market thickness above median 0.019*** 0.023*** 0.012***

(0.005) (0.004) (0.004)
No. plants above median 0.047*** 0.023*** 0.047***

(0.006) (0.005) (0.005)
3-year employment growth above median 0.029*** 0.013*** 0.029***

(0.005) (0.004) (0.005)
Industry-level economic conditions
3-year employment growth above median 0.021** 0.009 0.018*

(0.009) (0.006) (0.010)
Industry �xed e�ects
(Omitted: Agriculture, Mining and Construction)
Manufacturing 0.036*** 0.035***

(0.012) (0.013)
Transportation & Utilities & Warehousing -0.012 -0.007

(0.013) (0.013)
Wholesale & Retail trade 0.062*** 0.056***

(0.012) (0.011)
Finance 0.130*** 0.120***

(0.025) (0.024)
Other Services 0.050*** 0.045***

(0.014) (0.012)
Accomodation, Food, and Entertainment 0.112*** 0.127***

(0.015) (0.013)
Healthcare and Education 0.049*** 0.065***

(0.016) (0.017)
Plant and �rm controls Yes Yes Yes
2-digit NAICS FE No No Yes
Division-year FE No Yes No
Observations 84,000 84,000 84,000
Adj. R-squared 0.210 0.229 0.211
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Table IV
First Stage

This table reports �rst stage results. The dependent variable is a dummy equal to one if a case is converted

from Chapter 11 to Chapter 7. Column 1 reports results at the level of the bankruptcy �ling, while Columns

2-5 reports results at the level of the plant. In this and all other regression tables, each observation is

weighted by the inverse of the total number of plants belonging to the bankruptcy �ling so as to give equal

weight to each bankruptcy �ling. Columns 1-3 refer to the preferred instrument: the share of all other

Chapter 11 cases that a judge converted to Chapter 7. Column 4 instead uses the share of cases converted

to Chapter 7 in the �ve years prior to a given �ling as the independent variable of interest, while Column

5 shows results with 559 individual judge �xed e�ects as instruments. The sample includes all �rms that

�led for Chapter 11 bankruptcy between 1992 and 2005. Part of a group �ling is an indicator variable

equal to one if other related �rms (e.g. subsidiaries of the same �rm) also �led for bankruptcy at the same

time. Other controls are self-explanatory. All speci�cations contain 24 industry �xed e�ects and 2,361

bankruptcy-division-by-year �xed e�ects. Standard errors, clustered at the division-by-year level, are shown

in parentheses. *, **, and *** denote statistical signi�cance at the 10%, 5%, and 1% level, respectively.

Dependent variable: Converted to Chapter 7

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

Share of other cases converted 0.581*** 0.581*** 0.580*** � �

(0.056) (0.054) (0.054)

Share of cases in past 5 years converted � � � 0.304*** �

(0.028)

Judge �xed e�ects � � � � Yes***

Ln(employees at plant) � � 0.016*** 0.016*** 0.009***

(0.003) (0.003) (0.003)

Plant age (years) � � -0.005*** -0.005*** -0.002***

(0.000) (0.000) (0.000)

Ln(tot. employees at �rm) -0.023*** -0.022*** -0.033*** -0.033*** -0.037***

(0.003) (0.002) (0.004) (0.004) (0.007)

Ln(no. of plants at �rm) -0.038*** -0.039*** -0.022*** -0.022*** -0.011

(0.006) (0.005) (0.006) (0.006) (0.011)

Part of a group �ling -0.086*** -0.085*** -0.086*** -0.087*** -0.061*

(0.011) (0.011) (0.011) (0.011) (0.037)

Unit of Observation Bankruptcy Plant Plant Plant Plant

2-digit NAICS Fixed E�ects Yes Yes Yes Yes Yes

Division-year Fixed E�ects Yes Yes Yes Yes Yes

Observations 28,000 129,000 129,000 129,000 129,000

Adj. R-squared 0.102 0.165 0.170 0.172 0.465

F-stat for instrument 107.2 114.9 113.5 116.6
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Table V
Random Judge Assignment

This table reports randomization tests to illustrate the random assignment of judges to bankruptcy

�lings within a division. The dependent variable is the share of Chapter 11 cases that a judge ever

converted to Chapter 7, which we use as an instrumental variable. All the regressions are at the plant level.

Column 1 contains only division-by-year �xed e�ects as controls and is included to demonstrate that the

R2 is not a�ected by the inclusion of any controls in Columns 2 - 7. The sample includes all �rms that

�led for Chapter 11 bankruptcy between 1992 and 2005. Standard errors, clustered at the division-by-year

level, are shown in parentheses. *, **, and *** denote statistical signi�cance at the 10%, 5%, and 1% level,

respectively.

Dependent variable: Share converted

(1) (2) (3) (4) (5) (6) (7)

Ln(employees at plant) � 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Plant age (years) � -0.0000 -0.0000 -0.0000 -0.0000 -0.0000 -0.0000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Ln(tot. employees at �rm) � 0.0009 0.0009 0.0009 0.0009 0.0009 0.0009

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Ln(no. of plants at �rm) � -0.0012 -0.0012 -0.0012 -0.0011 -0.0012 -0.0012

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Part of a group �ling � 0.0014 0.0014 0.0014 0.0014 0.0014 0.0014

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

County-level economic conditions

Above-median market thickness � � -0.0000 -0.0001 -0.0001 -0.0001 -0.0001

(0.001) (0.001) (0.001) (0.001) (0.001)

No. plants above median � � � -0.0008 -0.0006 -0.0007 -0.0008

(0.001) (0.001) (0.001) (0.001)

Payroll per employee above median � � � 0.0013 0.0011 0.0012 0.0012

(0.001) (0.001) (0.001) (0.001)

3-year growth of total employment is in:

2nd quartile � � � � -0.0006 � �

(0.001)

3rd quartile � � � � 0.0015 � �

(0.001)

4th quartile � � � � 0.0015 � �

(0.002)

5-year growth of employees above median � � � � � 0.0007 �

(0.001)

3-year growth of payrolls above median � � � � � � 0.0009

(0.001)

Industry-level economic conditions

No. plants above median � � � 0.0060 0.0060 0.0060 0.0059

(0.004) (0.004) (0.004) (0.004)

Payroll per employee above median � � � 0.0005 0.0005 0.0005 0.0005

(0.002) (0.002) (0.002) (0.002)

5-year growth of employees above median � � � � � -0.0003 �

(0.001)

3-year growth of payrolls above median � � � � � � -0.0014

(0.001)

2-digit NAICS Fixed E�ects No Yes Yes Yes Yes Yes Yes

Division-year Fixed E�ects Yes Yes Yes Yes Yes Yes Yes

F-stat for joint signi�cance of industry FE 0.927 0.926 0.918 0.913 0.913 0.973

Observations 129,000 129,000 129,000 129,000 129,000 129,000 129,000

Adj. R-squared 0.777 0.778 0.778 0.778 0.778 0.778 0.778
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Table VI
Plant Continuation

This table reports regression results showing the e�ect of conversion to Chapter 7 on the probability that a

plant continues to be operated by the original owner. In Panel A, the dependent variable is an indicator equal

to 1 if the plant has at least one employee and is still owned by the original bankrupt �rm 5 years after the

bankruptcy �ling. Column 1 shows the estimated coe�cient on Chapter 7 from a standard OLS regression.

Column 2 contains the reduced-form OLS estimate of the impact of share converted on continuation. Column

3 shows 2SLS estimates where conversion to Chapter 7 is instrumented by share converted. In Panel B, we

show the 2SLS estimates 1, 3, and 5 years after bankruptcy. All speci�cations contain the full set of control

variables in Column 3 of Table IV, including division-by-year and industry �xed e�ects. Standard errors,

clustered at the division-by-year level, are shown in parentheses. *, **, and *** denote statistical signi�cance

at the 10%, 5%, and 1% level, respectively.

Panel A: Plant Continuation in Year Five

Dependent variable: Continues

Model OLS Reduced form 2SLS-IV
(1) (2) (3)

Chapter 7 -0.300*** � -0.324***
(0.005) (0.061)

Share Converted � -0.188*** �
(0.039)

Observations 129,000 129,000 129,000
Div x Year FE Yes Yes Yes
Control Variables Yes Yes Yes
R-squared 0.230 0.114 0.152

Panel B: Plant Continuation Over Time

Dependent variable: Continues

Years post �ling: +1 +3 +5
Model: 2SLS-IV 2SLS-IV 2SLS-IV

(1) (2) (3)

Chapter 7 -0.271*** -0.368*** -0.324***
(0.086) (0.074) (0.061)

Observations 129,000 129,000 129,000
Div x Year FE Yes Yes Yes
Control Variables Yes Yes Yes
R-squared 0.192 0.152
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Table VII
Utilization with Reallocation

This table examines the impact of Chapter 7 on three di�erent measures of plant utilization. In Panel A,

the dependent variable is an indicator equal to 1 if the plant has at least one employee �ve years after the

bankruptcy �ling, regardless of the owner of the plant. In Panel B, the dependent variable is ln(average

employment), where average employment is the mean number of employees at the plant over the �ve years

after the bankruptcy �ling. In Panel C, the dependent variable is ln(average total wages), which is de�ned

similarly except using total payroll at the plant over the �ve years after bankruptcy. For all three dependent

variables we display regular OLS, reduced form, and 2SLS estimates of the impact of Chapter 7 on utilization,

as in Table VI Panel A. Magnitudes reported for Panels B & C show the percent change in employment

or wages due to switching from Chapter 11 to Chapter 7, and are equal to exp (β) − 1. All speci�cations

contain the full set of control variables in Column 3 of Table IV, including division-by-year and industry

�xed e�ects. Standard errors, clustered by division-year, are shown in parentheses. *, **, and *** denote

statistical signi�cance at the 10%, 5%, and 1% level, respectively.

Panel A: Establishment Occupied

OLS Reduced form 2SLS-IV

(1) (2) (3)

Chapter 7 -0.156*** � -0.174**

(0.007) (0.079)

Share Converted � -0.101** �

(0.046)

Observations 129,000 129,000 129,000

Div x Year FE Yes Yes Yes

Control Variables Yes Yes Yes

R-squared 0.130 0.110 0.039

Panel B: Ln(Average Employment)

OLS Reduced form 2SLS-IV

(1) (2) (3)

Chapter 7 -0.565*** � -0.416*

(0.019) (0.217)

Share Converted � -0.241* �

(0.130)

Magnitudes -43.16% -34.03%

Observations 129,000 129,000 129,000

Div x Year FE Yes Yes Yes

Control Variables Yes Yes Yes

R-squared 0.295 0.264 0.214
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Table VII
Utilization with Reallocation (cont.)

Panel C: Ln(Average Total Wages)

OLS Reduced form 2SLS-IV

(1) (2) (3)

Chapter 7 -0.986*** � -0.921**

(0.032) (0.368)

Share Converted � -0.544** �

(0.227)

Magnitudes -62.69% -60.19%

Observations 129,000 129,000 129,000

Div x Year FE Yes Yes Yes

Control Variables Yes Yes Yes

R-squared 0.314 0.284 0.231
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Table VIII
Utilization Over Time

This table shows the e�ect of Chapter 7 on plant utilization 1, 3, or 5 years after bankruptcy. Each row

contains a di�erent dependent variable, and each column measures that dependent variable over a di�erent

horizon; thus each cell shows an estimate from a separate 2SLS regression. In row 1, the dependent variable

is the indicator occupied used in Table VII. The dependent variable in row 2 is ln(average employment)

at the plant without accounting for reallocation. The dependent variable in row 3 is exactly the same,

except here we allow for reallocation by including employment after a plant has changed ownership. Rows

4 and 5 follow a similar pattern using ln(average total wages) as the dependent variable. Panel B focuses

on the role of reallocation by setting the measure of utilization (occupied , avg. employment , or avg. wages)

to zero unless the plant has been reallocated. All regressions are estimated by 2SLS and contain the full

sample of 129,000 plants. All speci�cations contain the full set of control variables in Column 3 of Table IV,

including division-by-year and industry �xed e�ects. Standard errors, clustered by division-year, are shown

in parentheses. *, **, and *** denote statistical signi�cance at the 10%, 5%, and 1% level, respectively.

Years post �ling: +1 +3 +5

(1) (2) (3)

Panel A: Total utilization

(1) Occupied -0.237*** -0.192** -0.174**

(0.075) (0.078) (0.079)

(2) Ln(Avg. Employment) - No reallocation -0.644** -0.771*** -0.808***

(0.270) (0.239) (0.221)

(3) Ln(Avg. Employment) - With reallocation -0.479** -0.419* -0.416*

(0.236) (0.222) (0.217)

(4) Ln(Avg. Total Wages) - No reallocation -2.103*** -2.153*** -2.160***

(0.452) (0.414) (0.392)

(5) Ln(Avg. Total Wages) - With reallocation -1.448*** -1.031*** -0.921**

(0.396) (0.369) (0.368)

Panel B: Utilization due to reallocation only

(7) Occupied - Reallocation only 0.068 0.177** 0.134*

(0.062) (0.079) (0.080)

(8) Ln(Avg. Employment) - Reallocation only 0.108 0.333 0.412*

(0.158) (0.207) (0.215)

(9) Ln(Avg. Total Wages) - Reallocation only 0.513 0.846** 0.908**

(0.333) (0.428) (0.441)
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Table IX
Thick Markets - Utilization

This table shows the e�ect of Chapter 7 on plant utilization in thick and thin markets. 64,000 plants in

industry-counties with above-median market thickness (de�ned in the text) are included in the thick market

regression, while the remaining 65,000 plants are in the thin market sample. This table is set up similarly

to Table VIII, where each cell shows the coe�cient from a di�erent regression, depending on the horizon

or the dependent variable. Dependent variables are de�ned identically as in previous tables. As in Table

VIII, Panel A focuses on the three measures of plant utilization both without and with reallocation, while

Panel B shows only the e�ect of reallocation on utilization. All regressions are estimated by 2SLS and

contain the full set of control variables in Column 3 of Table IV, including division-by-year and industry

�xed e�ects. Standard errors, clustered by division-year company, are shown in parentheses. *, **, and ***

denote statistical signi�cance at the 10%, 5%, and 1% level, respectively.

Panel A: Total Utilization

Years post �ling: +1 +3 +5

(1) (2) (3)

(1) Continue, Thick -0.205 -0.284** -0.286***

(0.139) (0.113) (0.095)

(2) Continue, Thin -0.313*** -0.436*** -0.361***

(0.099) (0.091) (0.077)

(3) Occupied, Thick -0.155 0.024 0.054

(0.114) (0.129) (0.125)

(4) Occupied, Thin -0.298*** -0.353*** -0.328***

(0.093) (0.110) (0.109)

(5) Ln(Avg Emp) - No reallocation, Thick -0.567 -0.715* -0.763**

(0.449) (0.394) (0.361)

(6) Ln(Avg Emp) - No reallocation, Thin -0.675** -0.796*** -0.827***

(0.308) (0.269) (0.250)

(7) Ln(Avg Emp) - With reallocation, Thick -0.264 -0.140 0.016

(0.405) (0.389) (0.385)

(8) Ln(Avg Emp) - With reallocation, Thin -0.616** -0.644** -0.736***

(0.291) (0.278) (0.282)

(9) Ln(Avg Wages) - No reallocation, Thick -1.974*** -1.990*** -2.006***

(0.718) (0.659) (0.621)

(10) Ln(Avg Wages) - No reallocation, Thin -2.059*** -2.168*** -2.178***

(0.504) (0.464) (0.444)

(11) Ln(Avg Wages) - With reallocation, Thick -1.168* -0.645 -0.258

(0.638) (0.574) (0.581)

(12) Ln(Avg Wages) - With reallocation, Thin -1.585*** -1.296*** -1.363***

(0.491) (0.485) (0.496)
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Table IX
Thick Markets - Utilization (cont.)

Panel B: Utilization Due to Reallocation Only

Years post �ling: +1 +3 +5

(1) (2) (3)

(1) Occupied - Reallocation only, Thick 0.086 0.289** 0.311**

(0.103) (0.128) (0.135)

(2) Occupied - Reallocation only, Thin 0.036 0.091 0.014

(0.076) (0.0104) (0.103)

(3) Ln(Avg. Emp) - Reallocation only, Thick 0.292 0.906*** 1.197***

(0.234) (0.329) (0.358)

(4) Ln(Avg. Emp) - Reallocation only, Thin 0.086 -0.079 -0.115

(0.179) (0.240) (0.264)

(5) Ln(Avg. Wages) - Reallocation only, Thick 0.757 1.911*** 2.520***

(0.499) (0.634) (0.690)

(6) Ln(Avg. Wages) - Reallocation only, Thin 0.402 0.133 -0.065

(0.387) (0.521) (0.557)
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Appendix

A. Address Matching Algorithm

A principal goal in this paper is to track the economic activity at speci�c locations over

time and across ownership changes. While the LBD links establishments over time, when

an establishment changes ownership it is typically recorded as a �death� and a �birth,� so

that the economic activity at the location is not linked between the old and the new plant.

In this appendix, we describe in detail the algorithm used to link geographic locations over

time using the LBD.

A. Address Cleaning and Sample Selection

Prior to matching any addresses, we �rst de�ne the sample of plants we are interesting

in linking and clean their addresses. We begin with an initial set of 141,000 bankrupt

establishments that matched to the set of Chapter 11 bankruptcy �lings. From this group,

we set aside those that survive (or are sold but continue to be linked) for at least �ve years

after their bankruptcy �ling, as there is no need to attempt to match these plants. This

leaves us with just over 100,000 total establishments that we will attempt to match to future

establishment births. For ease in exposition, we will refer to this dataset as the �DBP,� for

�dead bankrupt plants.�

We next collect addresses from the Business Register (BR) for the entire LBD from 1992

- 2010. The BR contains both a physical address and a mailing address for each plant. The

matching algorithm uses the physical address whenever possible, as this re�ects the actual

geographic location of the plant, but also attempts to match using the mailing address in

cases where the physical address is not provided, on the assumption that in such cases the

mailing address is likely the same as the physical address.

For each LBD plant we also bring in addresses reported in the Economic Censuses, which

occur in 1992, 1997, 2002, and 2007 during our sample period. During these years, the

Census Bureau itself collects detailed information on each establishment, rather than relying
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on tax data.16 Thus, we would expect addresses reported in these years to be the most

accurate. For each plant in the LBD in a given year, we merge addresses from the census

before and after, and attempt to merge using those addresses as well. Hence, for a given

plant there can be up to six di�erent addresses:

1. Physical address

2. Mailing address

3. Physical address from prior census

4. Mailing address from prior census

5. Physical address from next census

6. Mailing address from next census

However, it is extremely rare for a plant to actually have six di�erent addresses associated

with it. In the vast majority of cases the physical and mailing addresses are the same, as

are those from census years. Further, many plants do not survive across two censuses, and

hence they will not have addresses from both the prior and next censuses.

Before matching, we use a combination of address cleaning algorithms from the NBER

Patent Project, ?, and our own code to prepare the addresses for matching. In this process,

we carefully abbreviate all common words and separate street numbers and unit numbers

from the name of the street. For example, an address of �123 South Main Street Suite 444�

would be separated into three pieces: the street number �123,� the street name �S MAIN ST,�

and the unit number �444.� We also clean city names and abbreviate all states to standard

U.S. Postal abbreviations, although this matters little as the zip code is a better identi�er

for matching because it is nested within cities (usually) and states (always).

One potential problem with matching by address is that �rms may use accountants to

report their taxes to the IRS.If accountants report the accounting �rm's address on the form,

then we will have the incorrect address for a given �rm. To account for this, we identify all

16In non-census years, the LBD is based on information obtained from IRS tax records, rather than
information collected directly by the Census Bureau.
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addresses associated with accounting �rms in each year in the LBD, and erase all addresses

of all LBD plants in that year that are in this set. In addition, we remove all accounting

�rms from the DBP so that they play no part in our analysis.

In addition to dropping accounting �rms, we also remove all plants that do not have

a street address or that only report a PO Box address. These plants cannot be matched

by address and we therefore exclude them from all analysis. Combined, the set of plants

belonging to accounting �rms or that have incomplete addresses comprise 11,000 plants,

resulting in a �nal set of 89,000 DBP plants to match.

To speed up the computational process, we create from the �nal DBP the unique set

of all street numbers and zip codes that are in our sample, and limit the LBD to only

establishments with relevant street numbers in relevant zip codes. For example, suppose there

are two dead bankrupt plats in zip code 45678: one has a street number of 123 and the other

has a street number of 55. We then exclude all plants in the LBD in zip code �45678� that do

NOT have a street number of 123 or 55 from our set of potential matches. This dramatically

reduces the set of potential matches and speeds up the matching process considerably, while

reducing the number of incorrectly matched plants. To make the explanation of the algorithm

easier, we will refer to this set of Potential Matches in the LBD as the �LBD-PM.�

B. Identifying Non-Unique Locations

Another major issue in linking geographic locations is dealing with non-unique addresses.

Non-unique addresses occur anytime multiple plants are co-located, such as when a single

�rm has several establishments that share an address, or in o�ce buildings or shopping

centers with multiple businesses located in the same building. While in some of these cases

we could in principle identify individual establishments by their unit number, in practice

the reporting of unit or suite numbers is not always consistent over time, especially across

ownership changes. Further, o�ce numbers can be easily changed and o�ces can be combined

or split as locations are repurposed to new uses.

For these reasons, we ignore unit/o�ce/suite numbers in our matching process com-

pletely. Instead, we �rst identify non-unique plant locations, and then take account of this

information when we allocate employment and wages at the plant, as described below. In
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this section we describe the process for identifying these non-unique locations.

First, for each plant in DBP, we identify a single address that we will use to track economic

activity at that location. We do this according to the following hierarchy:17

1. Use the physical address in the year of death (available for approx. 90% of plants)

2. Use the physical address from the census prior to death if physical address at death is

not available (used for approx. 2% of plants)

3. Use the mailing address in the year of if no physical address is available (used for

approx. 7% of plants)

4. Use the mailing address from the census prior to death if no other address is available

(used for approx. 1% of plants)

This selected address is the key unique address at which we wish to follow economic activity

for �ve years after the bankruptcy �ling.

We next take all of the addresses of plants that die in year t, and match them to the

LBD-PM in year t-1, the year before death. To link the addresses in this and future matches,

we use the Stata module reclink2, developed by ?. reclink2 allows for fuzzy matching, and

further allows us to place di�erent weights on the importance of di�erent components of the

address. In our matching, we require both the zip code and the street number to match

exactly, but allow the street name and city name to di�er slightly.18 As stated previously,

we do not match on unit and suite numbers at all in this process, as the goal is to identify

all plants associated with a given address in the year before death.19

While this matching process allows for street names to di�er slightly (e.g. �S MAIN ST�

will match to �S MIAN ST� or �PROVIDENCE RD� will match to �PROVIDENCE ST�),

we take care to remove matches where streets are numbered and the street numbers do not

match exactly. For example, we do not wish to match a plant located at 123 14th ST to one

located at 123 15th ST, even though these addresses di�er by only a single character.

17Note that, because plants in the DBP die, none of them have addresses available in the next census.
18It is di�cult to tell which number is a house number and which is a street number when the raw reported

address begins with two numbers, such as �123 444 MAIN ST.� This issue a�ects 2.1% of the plants in our
sample. By convention, we take a leading number in the address as the house number.

19Readers may contact the authors for the exact reclink2 weights used for the match.
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We match the DBP addresses to both physical addresses in the LBD-PM �rst, and then

to mailing addresses of LBD-PM plants that do not have a physical address. As before, the

vast majority of plants have a physical address, and we only use the mailing address where

necessary. This matching process identi�es all establishments associated with a speci�c

address in the LBD in the year prior to the bankrupt establishment's death.

With this set of matches in hand, we count the total number of active plants at each

DBP address in the year prior to death. Addresses with only a single match (the dead

bankrupt plant itself), are unique locations where there was a single active establishment

prior to bankruptcy. Meanwhile, addresses that have multiple establishments are deemed

�non-unique,� and care must be taken to allocate future employment at these locations.

To aid in calculating employment and payroll allocated to a bankrupt plant after a

plant's death, we also calculate the �number of vacancies� at each address in each year after

the bankruptcy �ling, de�ned as the number of establishments that have died in that location

between the bankruptcy �ling and given year, and annotated vp,t, where p indexes plants

and t indexes years. For unique locations, the number of vacancies will be zero before the

bankrupt plant's death, and 1 after it dies. However, for non-unique locations the number of

vacancies depends on the death dates of non-bankrupt plants as well. For example, suppose

there are 5 plants active in a location in 1998, one of which goes bankrupt and dies in 1999.

If the other 4 plants are still alive in 1999, then vp,1999=1. If 2 more plants die in 2000,

then vp,2000=3. If the other 2 plants survive past 2003 (5 years after the bankruptcy �ling),

then vp,2000 = vp,2001 = vp,2002 = vp,2003 = 3. We use this number of vacancies to divide

employment at newly born plants at the address of plant p across the number of vacant

units at the location, as described below.

C. Address Matching After Bankruptcy

We next take the plants in DBP and match them to LBD-PM plants that are born subsequent

to their death. We do this by looping over all years from 1992 to 2010 and searching the

LBD-PM in each year for plants that are born that match addresses of dead plants in the

DBP. Speci�cally, in year t of the loop the algorithm follows the following process:
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1. Identify all plants in the DBP that died in or prior to year t, but whose bankruptcy

�ling date was after year t − 5 (since we only follow plants for 5 years after their

bankruptcy �ling). This is the set of plants we will attempt to match in this year of

the loop.

2. Open the LBD-PM for year t, which contains all plants that were active in year t and

that have an address that matches a house number-zip code combination of the DBP.

Remove from this list all plants that were born in invalid years. Speci�cally, the birth

year must be:

(a) After the census before the minimum �ling year of the set of DBP plants identi�ed

in step 1 AND

(b) Before the census after the maximum �ling year of the set of DBP identi�ed in

step 1.20

3. Match the DBP plants from step 1 with the LBD-PM plants identi�ed in step 2 using

reclink2, as described above.

4. Filter out bad matches by eliminating matches where:

(a) A DBP plant matched to itself

(b) The LBD-PM plant was born before the death of the DBP plant, and hence could

not have replaced the DBP plant.

(c) The address match was incorrect due to numbered streets matching, as described

above.

5. Repeat steps 3 and 4 for each of the following addresses in the LBD-PM:21

(a) Physical address

(b) Mailing address

20We focus on births between census years rather than �ling years to account for inexact birth and death
years, as described later in this appendix.

21Recall that for each DBP we only use a single address.
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(c) Physical address from prior census

(d) Mailing address from prior census

(e) Physical address from next census

(f) Mailing address from next census

6. Save the full set of matches.

We repeat this process for each year in our sample period, leaving us with a set of all new

births at the same addresses of dead bankrupt plants. In section A.E below we describe how

we aggregate cases with multiple new births. First, we note two important aspects of the

matching algorithm.

Between censuses, the LBD obtains information on plant births and death (and employ-

ment and payrolls) through IRS tax records as well as surveys conducted by the U.S. Census

Bureau. Importantly, the Census Bureau surveys cover all �rms with greater than 250 em-

ployees, and so information on plant births and deaths belonging to these �rms is accurate

in all years. Further, exact birth and death years of plants belonging to single-establishment

�rms are known simply by when the �rm enters or exits the IRS tax data. However, birth

and death years for plants belonging to multi-establishment �rms with less than 250 employ-

ees cannot be known exactly, since taxes are only reported at the �rm level and information

on plants is only obtained every 5 years via census. The birth and/or death years for these

plants is not known exactly, although it is known that it occurred between two given census

years. For example, a small �rm may have 2 establishments in the 1997 census and then it

has 3 plants in 2002. We then know then the 3rd plant was born between 1997 and 2002,

but we do not know the exact year. A similar situation can arise with death years. When

this occurs, we allow plants to match as long as it is possible that the birth could have been

after the death of the bankrupt plant. This a�ects less than 2% of our matches and does

not appear to bias our estimates in any way.

The second aspect of the linkage algorithm that is important to point out is that once a

bankrupt plant has matched to a newly opened establishment we do not remove the bankrupt

plant from the set of addresses we wish to match. For example, suppose that Plant A, located

at 123 Main St., goes bankrupt and dies in year t, and that we subsequently �nd that Plant
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B was born at 123 Main St. in year t + 2. Even though we have already found a match,

we continue to search for plants that open at 123 Main St. in years t + 3, t + 4, and t + 5.

We continue to match in this fashion to account for the fact that there can be multiple

establishments at the same address, even if the original plant was uniquely located. That is,

even if Plant A was the only establishment located at 123 Main St. in year t, it is possible

for Plant B and Plant C to share that space later on, in which case we should allocate both

the employment of Plant B and that of Plant C to 123 Main St. Further, if Plant A was

not uniquely located (e.g. if 123 Main St. was shopping mall), we cannot be sure that Plant

B �lled Plant A's spot, and therefore we wish to �nd all possible matches for this location

even after Plant B has been identi�ed as a possible match.

D. Verifying match quality

Because a high percentage of the plants in our sample close after �ling for bankruptcy, it is

vital that the linking algorithm be accurate in �nding new economic activity occurring at

each address. In particular, if the algorithm is too strict, we will miss some matches that

should be made, thereby biasing downwards the estimates of economic activity at closed

plants � which disproportionately come from cases that were converted to Chapter 7.

To address these concerns, we took the full sample of plants that closed but did not

match to a new plant within 5 years of the bankruptcy �ling (34,000 plants), and matched

them to the LBD-PM 5 years after their bankruptcy �ling again, but this time merging on

only zip code and street number (not street name, city, or state). This allows for complete

�exibility in street names, which are the item that tends to vary the most across addresses.

In this matching process, we �nd that 86% of these plants do not match to any plant in the

LBD-PM. That is, there was no plant in the entire LBD that was born after the original

establishment closed that had the same zip code and street number for 86% of the cases.

Further, we then took a random subsample of 500 of the cases which did have a match

on street number and zip code (out of about 5,000 total, so this is a 10% subsample), and

manually checked if the street names were similar but did not match using the fuzzy matching

algorithm outlined above. We �nd that only 22% (112 of the 500) were potentially on the
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same street.22 Assuming our subsample is representative, this would mean that only 22%

of the 14% of �rms that did have a match were actually good matches that were missed by

our algorithm. Multiplying these percentages together (22%*14%=3%), we estimate that

97% of the plants that were not matched have no possible match in the LBD. We thus feel

con�dent that we are not missing many matches that should be made.

E. Consolidating matches

At the end of the matching process described above, we potentially have multiple matches

for each dead bankrupt plant. This is by design, as it allows us to account for the fact that

multiple establishments may be located at the same address. The end goal of this process is

to estimate the economic activity (in terms of total employment and total payroll) occurring

at a location over time. This section describes how we consolidate employment and payroll

at all matched plants to get this measure.

A key component of this calculation is the number of vacant units at a given address in

year t, denoted vp,t and described in Section A.B above. Using this variable, we calculate

total employment for a location pertaining to a bankrupt plant p in year t as

TotalEmpp,t =
∑
j

empj,p,t
vp,k

where j indexes newly born plants that matched to dead bankrupt plant p in year k, with k ≤

t. In words, this formula allocates an equal share of employment at newly born establishments

across all vacancies in that location. For plants that are uniquely located, vp,k = 1 and thus

we simply sum employment across any new plant born at the location. Similarly, if a plant

is not uniquely located but no other establishments at the same address die within �ve years

of the bankruptcy, vp,k = 1 for all k. However, if other plants besides the bankrupt plant

close in the same location, we allocate an even portion of employment to each vacancy at

the location. For example, if 3 establishments (one of which was bankrupt) have closed in

a given location when a single new plant is born in the location, we allocate 1/3rd of the

22We tried to be as generous as possible in determining whether two plants are a good match. For example,
a match of a street name of �Herald Court Mall� to �Herald� or �Mall� would be counted as a match, even
though there are potentially other streets in the same zip code with the word �Herald� or �Mall.�
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employment of the new plant to the bankrupt plant. Note, however, that if in the next year

vp,t increases to 4, we continue to allocate 1/3rd of employment to the bankrupt plant, since

the new plant could not have taken the spot of this new vacancy. We allocate payroll using

exactly the same method.

We allocate employment and wages in this way because when a new plant is born and

there are multiple vacancies at its location we cannot determine if the new plant is using the

location vacated by the bankrupt plant or that of one of the other co-located plants. There

are two main underlying assumptions to the formula. First, that when there are multiple

vacancies in a location there is an equal probability that a new plant will occupy any of the

vacant units. Hence, when there are 3 vacancies we allocate 1/3rd of the employment to the

bankrupt plant on the assumption that there is a one in three chance that the new plant

�lled the bankrupt establishment's slot.

The second assumption is that vp,k captures all vacancies at an address. Recall that we

measure vp,k based on plants appearing in the LBD in the year prior to a bankrupt plant's

death. If there are no vacant units at a location prior to the bankrupt plant's death, then

vp,k should accurately re�ect the total number of plants that have closed at that location

in a given year. However, it is likely some locations had vacancies in the year before the

death of the bankrupt plant; these vacancies go undetected in our algorithm, and hence vp,k

is too low for these cases. This will tend to bias TotalEmpp,t upwards. However, this will

only bias our regression estimates if TotalEmpp,t is biased upwards speci�cally for Ch. 11

or Ch. 7 cases, which seems unlikely. To con�rm this, we construct an alternative measure

as a simple average of employment across all matches:

TotalEmpAltp,t =

∑
j empj,p,t
np,t

where np,t is the total number of new plants that have matched to bankrupt plant p in year t.

This alternative formula biases TotalEmpAltp,t downwards by implicitly assuming that only

one plant can �ll each vacancy. Results using this alternative speci�cation are essentially

identical to our main speci�cation, and so we conclude that the potential bias in TotalEmpp,t

does not a�ect our conclusions.
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F. Robustness of results to matching algorithm

Given the inherit imprecision of address matching, in this section we report our main results

when limiting the sample to plants for which we are more con�dent of the address match

and, hence, utilization measurement. Table XXXX below contains the estimates. In this

table, each row represents a di�erent robustness test, while the columns show the 2SLS

estimate of the impact of Chapter 7 on each measure of utilization. In the �rst row, we use

the alternative measure of employment and wages TotalEmpAltp,t and TotalWagesAltp,t,

described in section A.E above. The subsequent rows limit to various subsamples of our

data.
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