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Abstract

The efficacy of bankruptcy reforms in strengthening lender rights and credit mar-
kets often depends on local enforcement capacity through courts. We analyze India’s
national bankruptcy reform in 2016 using a triple difference research design, exploit-
ing variation in baseline district-level judge-to-population ratios and firm-level default
risk or capital efficiency (marginal revenue product of capital or MRPK). The reform
reduced borrowing by high-default-risk firms but did not increase borrowing by high
MRPK firms in districts with better judicial capacity relative to those with worse
capacity. Consistent with these results, we find negative economic effects among high-
default-risk firms and limited positive effects among high MRPK firms, suggesting that

such reforms fall short of achieving allocative efficiency.
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1 Introduction

A large and influential literature has focused on the role of institutions in explaining cur-
rent differences in economic growth across countries (La Porta et al. 1998; Acemoglu and
Johnson 2005; Djankov et al. 2007). Some have paid specific attention to variation in legal
and regulatory institutions as causes of misallocation of resources driving some of the ob-
served differences in growth patterns (Restuccia and Rogerson 2017; Chemin 2020; Miiller
and Verner 2023). However, we know little about the details of these institutions, which are

often treated as a black box, and how these details could mediate the productivity differences.

In this paper, we estimate the consequences of a large-scale national-level bankruptcy reform
in India on firm-level borrowing and productivity using pre-determined variations in local
enforcement capacity through district courts, and firm-level default risk and capital effi-
ciency or MRPK in a triple difference (DDD) research design.! We find that this interaction
between local enforcement and the legal reform is significant but falls short of improving
allocative efficiency. Borrowing and economic outcomes fall for high-default risk firms in
districts with better enforcement capacity after the reform whereas we see no significant

impact on high-MRPK firms. All firms increase their liquidity holding.

A well-functioning bankruptcy process enables producers to take risk by providing an exit
route in the event of failure, thus easing firm entry and exit in creating competitive markets
(La Porta et al. 1998). However, there is wide variation in the design and implementation
of bankruptcy process, particularly with regard to the rights of lenders in the recovery of
capital (Giné and Love 2010; Vig 2013; Closset et al. 2023). The strength of such rights
and its enforcement through judicial institutions determine the nature of production across
countries, including the ownership structure of firms (Glaeser and Shleifer 2003). This also
has implications on the extent of frictions in financial markets, which could introduce mis-
allocation of capital (Djankov et al. 2007; Gopalan et al. 2007; Ponticelli and Alencar 2016;
Miiller 2022).

The specific context of this paper is a unique policy in India where the bankruptcy regime
changed in 2016, strengthening lender rights in both asset restructuring (Chapter 11) and
liquidation (Chapter 7) processes. We exploit cross-sectional variation in pre-reform district-
level judicial capacity (frontline judiciary in India), measured as judge to population ratio

using the full universe of legal records data from Ash et al. (2025), and variation in firm-

IMRPK is a standard measure of firm’s capital efficiency in the literature, for example, Bau and Matray
(2019). Ideally, one would use marginal product of capital (MPK) but because data is mainly available for
sales revenue instead of production, MRPK is used as a close proxy.



level default risk (or MRPK) among firms located in the corresponding court jurisdiction in
a triple difference research design. We focus on the enforcement capacity within the frontline
judiciary as cases are typically filed in district courts in relation to the bankruptcy process.
District courts are the relevant institution responsible for the final execution of any judicial
order, including those from the bankruptcy courts, as well as to file counter suits by borrow-
ers.2 Judge to population ratio reflects the underlying bureaucratic capacity to resolve legal
cases, where the national average is 20 judges per million compared to over 100 in advanced
economies like the United States (Rao 2025). Variations in the capacities of courts in en-
forcing bankruptcy process could generate differences in de facto lender rights and empirical
evidence on this interaction is relatively mixed. On the one hand, Visaria 2009; Ponticelli
and Alencar 2016; Miiller 2022 suggest that better judicial capacity improves the functioning
of bankruptcy process and relaxes capital constraints faced by firms to enable growth. On
the other hand, Vig 2013; Closset et al. 2023 document that strengthening creditor rights
through better bankruptcy implementation could have negative implications for firms by
increasing liquidity hoarding to overcome costly expectations of bankruptcy or increased

concentration in debt structure, generating negative welfare consequences.

This paper addresses this dichotomy by examining additional variation based on firm-level
default risk or capital efficiency to test whether local court capacity changes credit allocation
when the bankruptcy regime improves de jure lender rights. We classify firms based on their
pre-determined default risk measured in terms of low credit rating as well as by their esti-
mated MRPK using balance sheet data from a representative sample of formal sector firms
in the CMIE Prowessdx database. We mainly focus on these two firm-level characteristics
to test our hypothesis on allocative efficiency. That is, do we observe whether the marginal
dollar is allocated to firms with higher marginal returns? While MRPK measures the extent
of marginal returns to an additional dollar lent to a firm, we also use default-risk to examine
allocations, particularly if lending agent’s career incentives are not aligned with maximizing

capital efficiency but rather minimizing defaults.

We develop a simple model of credit allocation in the presence of varying institutional quality
and incentives faced by lending agents (bank or loan officials), who act on behalf of lenders.
Typically, bank officers have lower incentives to declare a default and often provide additional

loans to refinance older, delinquent debt. This phenomenon is referred to as “ever-greening”

2For example, we note over 100 cases pertaining to a specific bankruptcy law (from prior to the 2016 re-
form) in district courts using the Ash et al. (2025) dataset. These cases invoke Section 17A of the SARFAESI
Act, 2002, which allows firms or individuals to challenge liquidation of their assets by financial institutions
in their local court. Additionally, over 1 million legal cases in district courts pertain to execution of past
judgements/orders.



and is prevalent not only in India (Kulkarni et al. 2025) but also globally (Jorda et al. 2022;
Li and Ponticelli 2022; Faria-e-Castro et al. 2024). As lender rights improve, these incentives
could change as defaulters undergo asset restructuring or liquidation, enabling lenders to re-
cover their capital. However, if lenders prioritize default risk that is easily observable based
on credit ratings rather than estimating proxies for capital efficiency, we may only observe
changes along one margin and not the other. Consequently, the reform may result in relative
and not absolute improvement in allocative efficiency if lending decisions based on capital

efficiency remain unchanged.

The assumption for causal identification is that the outcomes of firms by default risk (or
MRPK) trend similarly within subgroups of districts with higher or lower judicial capacities
in the absence of the bankruptcy reform. The research design relaxes the more stringent
parallel trends assumptions by requiring that high and low-default risk firms (or high and
low MRPK firms) trend similarly within high or low judicial capacity districts even if they do
not trend similarly on average. This however requires that any deviation in parallel trends be
limited to comparisons across high and low judicial capacity district groups. Furthermore,
the bankruptcy reform was a one-time national-level reform, applicable to all districts at the
same time, which allays any concerns arising from staggered rollout designs. We use firm-
level balanced panel data on economic and financial outcomes to include firm fixed effect to
account for firm-level time invariant unobserved characteristics. We also include district-year
and industry-year fixed effects to capture any unobserved trends at the district (to incor-
porate any time variation in district environment, including, for example, changes in judge
staffing levels as examined in Rao 2025) and industry levels (for example, to incorporate
secular changes in industry-specific market supply and demand). We do not condition our
specifications on any other covariates beyond the fixed effects, which could otherwise raise

concerns of bias (Ortiz-Villavicencio and Sant’Anna 2025).

We note three main findings. First, we find that borrowing decreases but net short-term
liquidity increases among high-default-risk firms in better judicial capacity districts follow-
ing the reform. On the other hand, we do not find any clear effects on borrowing among
high-MRPK firms in similar districts but we find some positive effects on their short-term
liquidity position. We note that a firm’s classification of default risk is not strongly (nega-
tively) correlated with its estimated MRPK even after accounting for industry and location
of the firms, making these relatively independent metrics. As a result, we rationalize these
results on borrowing and liquidity by acknowledging that firms classified as high default
risk are different from low-MRPK firms and that we see borrowing effects only by default

risk and not capital efficiency. We interpret increased liquidity as suggesting that all firms



hold more cash at hand in districts with better enforcement after the reform. This result is
consistent with Vig 2013; Closset et al. 2023 where strengthening creditor rights increased

liquidity hoarding among firms in a similar context with multiple market failures.

Second, we note significant negative effects on economic outcomes, including legal and in-
terest expenditures, investment, and sales revenue of high-default-risk firms in high judicial
capacity districts following the reform. We find no effects on expenditures or sales revenue
among high-MRPK firms but note increasing investment over time. These results are not
inconsistent with the results on financial outcomes, where high risk firms experiencing lower
rates of borrowing also experience correspondingly lower interest expenditures. Furthermore,
they also lower investments and incur fewer legal expenses, which include accounting and
legal compliance costs. High MRPK firms experience no change in their borrowing and cor-
respondingly we observe no differences in their interest or legal expenditures, or sales. The
observed increase in investments by high MRPK firms could indicate their ability to reap
financial gains in the future, reflecting their long-run cash-flow planning through investments

in financial instruments rather than in their productive capacities.

In our third result, we examine judicial filings, resolutions, and pending backlog of firm-level
legal cases in district courts using the same variation as before. We use detailed case-level
data merged with litigant identity from Rao (2025). We also examine judicial outcomes of
cases involving banks. Overall, we find increased resolution and lower pending backlog of
firm-level cases in district courts with better judicial capacity. We find increased resolution
of cases involving high-default-risk firms when they appear as defendants. We find suggestive
evidence of increased resolution of bank-level cases when banks appear as plaintiff although
this result is not significant at conventional levels. The extent of pending cases also reduce
for high-MRPK firms, consistent with improved functioning of courts in better judicial ca-

pacity districts.

Taking the results together, we find that bankruptcy reforms differentially impact credit al-
location based on local institutional quality. However, we cannot conclude that this reduced
misallocation as high-MRPK firms experienced no change in borrowing and neither types of

firms experience any significant productivity effects.

This paper contributes to two main strands of the academic literature. First, it provides
evidence on the importance of local court capacity in complementing bankruptcy reforms.
Literature has documented mixed evidence of impact of legal reforms protecting lender and

investors’ interests in creating a diverse and competitive credit markets (La Porta et al.



1998; Rajan and Zingales 1998), credit availability for firms (Giné and Love 2010; Vig 2013;
Closset et al. 2023) and subsequent expansion in firm production (Ponticelli and Alencar
2016) and trade (Paravisini et al. 2015). However, timely enforcement could be important
for debt recovery (Visaria 2009; Rao 2025) or bankruptcy (Ponticelli and Alencar 2016;
Miiller 2022; Li and Ponticelli 2022). This paper provides evidence that local courts matter
by complementing bankruptcy courts through increased resolution of civil lawsuits filed by
banks against high-default-risk firms. Consequently, we find evidence in support of lower

allocation of capital and financial outcomes among such firms.

Second, we contribute to the literature on credit misallocation by focusing on institutional
factors of misallocation. Regulatory state lending and bailout policies (Banerjee and Duflo
2014; Giné and Kanz 2018; Bau and Matray 2019), and incentives faced by banking officials
(Cole et al. 2015; Fisman et al. 2017; Faria-e-Castro et al. 2024; Naaraayanan and Wolfen-
zon 2024; Kulkarni et al. 2025), could ignore allocative efficiency and focus more on political
or individual incentives. For example, literature has documented that banks allocate more
loans to larger or politically connected borrowers when faced with negative shocks (Khwaja
and Mian 2008) in weaker bankruptcy regimes (Lilienfeld-Toal and Mookherjee 2016). This
paper demonstrates that while a strong bankruptcy regime requires complementary invest-
ment in judicial capacity to reduce lending towards high default risk firms, it isn’t enough for
increasing allocation towards more productive firms that would signal improved allocative
efficiency. This could be due to fact that there is very little overlap between default-risk
and capital efficiency and that reforms do not significantly affect bank officials’ incentives to
increase lending to productive firms even though they may decline lending to high-default-
risk firms. Emphasizing the importance of marginal product of capital is important and
requires additional research to examine the role of informational frictions in assessing capital

efficiency in addition to predicting default risk.

Rest of the paper is structured as follows. Section 2 describes the banking sector, lender
rights and enforcement mechanism in India under pre-reform and post-reform regimes. Sec-
tion 3 presents a simple model of credit allocation to draw testable hypotheses on credit
allocation as a function of bankruptcy regime and local enforcement capacity. Section 4 de-
scribes the datasets and variables used in the analysis. We estimate our central hypothesis
on credit allocation using the empirical strategy laid out in Section 5. We report our results

in Section 6 and conclude in Section 7.



2 Context: Banking in India

The banking sector in India is characterized by a dominant share of public sector banks and
a small share of private banks, together known as Scheduled Commercial Banks or SCBs,
which are regulated by the central bank, Reserve Bank of India (RBI). The state has always
played a key role in the evolution of this sector through varying systems of controls on the
sector’s operation including nationalization or the dominant public ownership but also con-
trols over lending operations through priority sector lending norms as well as liquidity and

cash reserves requirement (Demetriades and Luintel 1996).

Despite economic liberalization of the 1990s, lending controls in the form of priority sector
lending continues even till this date. These norms are not limited to public sector banks but
also apply to any bank registered for operations in India including private sector and foreign
banks. The priority sector largely consists of the agriculture sector including agro-industries
as well as small and medium enterprises (SME) that have a state mandated loan allocation
close to 40% of all lending by banks. Lending to this sector has also frequently encountered
bail-outs by the government as political agenda, eroding timely repayment behavior (Giné
and Kanz 2018).

Defaults occur when a borrower faces significant negative shocks (distressed default) or
strategically avoids repaying if they think that enforcement is weak. Defaulted loans are
eventually classified as non-performing assets (NPAs), which measure the extent of capital
that the credit market is unable to recover to recirculate. In developed countries such as the
Unites States, the percentage of total lending that is deemed as a NPA is typically under 1%
as per the Federal Reserve. Even during the height of the 2008-2010 financial crisis, the total
NPA was just above 3% in the US. In contrast, the NPAs in India have historically been
over 2% and steadily increasing since 2012, peaking to slightly above 11% (Figure 1). The
peak roughly corresponds to the timing of bankruptcy reform and other regulatory changes

intended to address this problem of growing NPA.

Easy debt recovery and bankruptcy process play an important role in keeping NPAs in check,
particularly by reducing incentives for strategic defaults. This requires both unambiguous
laws as well as strong enforcement institutions that enable timely recovery of unpaid debt

by facilitating restructuring or liquidation of delinquent borrowers.


https://fred.stlouisfed.org/series/US13NPTL

2.1 Bankruptcy Process

The bankruptcy process in India until 2016 favored promoters/founders and shareholder
rights over lender rights during restructuring or liquidation proceedings. The 2016 Insol-
vency and Bankruptcy Code (IBC 2016) is a new consolidated law on bankruptcy process
that provides for a market-based mechanism for time-bound resolution, either through re-
structuring or liquidation, and at the same time prioritizing the rights of financial lenders

such as banks in the recovery of unpaid debt from the borrower.

Figure 2 provides the timeline of the reform. Up until 2016, codes governing bankruptcy
proceedings were fragmented across many statutes. Company Law, which lays down the
rules governing incorporated entities, was amended in 2013 in an attempt to streamline the
process. An all encompassing bankruptcy statute under IBC was tabled in the Parliament in
the winter session of 2015, passed and became a law by May 2016. The first set of bankruptcy
resolutions were passed in 2017 that changed borrower-lender relationships. These events
divide the time period into pre-reform period when the rights of financial lenders were weak
and post-reform when the lenders were made key stakeholders in resolving debt defaults,
particularly large scale corporate debt defaults, to decide on restructuring or liquidation as

the appropriate next step.

2.2 Role of the Judiciary in Bankruptcy

Regular courts and a specific bankruptcy institution - National Company Law Tribunal or
NCLT - that was set up under IBC 2016, are together responsible for implementing the law
and for providing clarity over both the process and outcomes for borrowers and lenders.
In addition to providing interpretation of the law, the judiciary, especially frontline district
courts, are important in the process of recognizing a loan as a non-performing asset and in
the subsequent recovery or pre-bankruptcy proceedings against the defaulter. Furthermore,
district courts are the final enforcement authority responsible to execute any orders following

the bankruptcy proceedings.

Specific debt recovery related cases are filed in local district courts or in specialized Debt
Recovery Tribunals (DRT) depending on the monetary limit of the debt claim. In contrast,
the bankruptcy process itself is adjudicated by the NCLT, where the suit can either be filed
by the lender or initiated by corporate borrowers either through liquidation or asset restruc-
turing. However, bankruptcy proceedings related to individual borrowers, or liabilities from

criminal offense, fraud and family disputes, personal insolvency, anti-trust and intellectual



property, and property related disputes such as tenancy and eviction continue to be litigated
within the district courts. District courts are also the relevant institutions where lenders can
claim their ownership of securitized assets during liquidation process by filing claims under
laws such as SARFAESI Act, 2002 (Vig 2013). As a result, these courts play a complemen-
tary role in the enforcement of lender rights under the new bankruptcy regime and their

capacity could matter for the subsequent impact of the reform.

2.3 Bank Officers’ Incentives

In addition to institutional constraints, credit misallocation could also arise from poor mon-
itoring and incentives of bank officials. Since employees of public sector banks are tenured
officials, who are subject to frequent transfers to different branch locations, their incentives
to sanction loans do not align with the objective for efficient credit allocation but rather
to maximize their own personal incentives such as enforceability of repayment irrespective
of capital efficiency (Fisman et al. 2017). Furthermore, initiating bankruptcy process re-
quires lenders to make provisions for any expected losses, to account for differences between
expected and realized recoveries from the proceedings, which may be at odds with the incen-
tives of the bank official whose annual appraisal depends on the extent of surplus or deficit
indicated on the bank’s balance sheet (Kulkarni et al. 2025). Acknowledging that such in-
centives could limit the impact of the reforms, India’s central bank, the RBI, circulated
guidelines to all banks to tighten supervision and reporting of defaulted loans in a timely
fashion, within a few months following the first set of bankruptcy resolution (Kulkarni et al.
2025). However, these guidelines did not change lenders’ incentives to lend more to entities
with higher marginal product of capital and thus, the impact of the reform on efficient credit

allocation is not apriori clear.

3 Model: Credit Allocation

In this section, we sketch a simple two-period model on credit allocation in an environment
dominated by the presence of the public sector in the banking system. The system creates an
incentive against detection and reporting of loan defaults for the bank officials, who continue
to provide fresh loans to the potential defaulter to prevent labeling the past loan as default.
This extends the model in Banerjee and Duflo (2014) by making the incentive of bailout by

the bank official (default avoidance) as a function of institutional quality.

Consider a representative bank official, who has L units of credit to allocate to borrowers

in each period. Borrowers are of two types in the population - Type H with a share ¢



in the population and Type L constituting the remaining 1 — ¢. Type H borrower has a
deterministic production function with probability of success, sy = 1 whereas type L face a
non-zero probability of production failure 1 — s such that s; = s < 1. The borrower type is
unknown to both bank official and borrower in the initial period, which gets revealed with
the outcome of production. So in the first round of allocation, the official equally distributes

total credit L equally among the borrowers such that each borrower gets [ units of credit.

At the end of period 1, the official receives a signal that the borrower is of type H conditional
on observed production success. This signal probability is Sy = m Among type L
borrowers, (1—¢)(1—s) fail. In period 2, the official can either declare loan provided to type
L as default and face a penalty P;(l,I") or provide fresh loan for L to continue production,
which would lead to a bigger default at the end of period 2 with probability 1 — s. Penalty
in period 1 is a function of loan size, [, and local court quality I', such that % > 0, i.e. well
functioning courts generate a larger penalty and % > 0. The official will bail out type L
borrower by lending [, in period 2 such that sf(l;, —1) > [, where [ due from period 1 is paid
out of I;, and the rest put into production. Rationality implies that I3 = sf(l; —[), that is,
the official lends the minimum amount to type L borrower to hedge the risk of default at the
end of period 2. Therefore, the official compares the option of bailing the period 1 defaulter
by declaring a default, which costs him P;(l,T"). So, bailing will be the dominant strategy
if the penalty from default at the end of period 2 is less than the penalty from default at
the end of period 1. Penalty in period 2 has an additional institutional parameter, © - a
measure of creditor (bank’s) rights in the form of redressal through bankruptcy process, and

0P %Py :
,%>Oandm>0. Thatls,

penalty in period 2 is higher due to the complementary effects of default detection through

is much larger in magnitude, P, >> P;. Further % > 0

courts as well as protection of creditor rights under bankruptcy reform.
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Assuming that the penalty can be expressed as a share of the loan amount, P;([,T") =
[P (T") and Py(13,0,T) =15 P»(©,T"). Therefore, the bailout loan can be expressed as:
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The right hand side of the above expression for period 2 bailout loan varies both the
quality of local courts, I', as well as the overall environment of creditor rights ©. The
bankruptcy reform increases © where as higher judge occupancy (lower judge vacancy) in-
creases ['. Without further assumptions on the functional form of the penalty functions, we

get the following results:

Result 1: The bailout loan, [}, decreases as both institutional parameters © and I' increase,

ie. az)%r < 0. That is, bailout lending is lower to type L borrowers in credit markets

(districts) with higher judicial capacity after the bankruptcy reform.
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Result 2: In the absence of strong creditor rights through the bankruptcy reform, the

effect of higher judicial capacity on bailout loan is ambiguous or likely positive.
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Implication Given this framework, the following section presents our empirical strategy
to test the hypotheses on credit allocation generated by the above results. Specifically, we
examine whether borrowing by “riskier” borrowers diminishes after the bankruptcy reform

in districts with better judicial capacity.

4 Data

There are two main datasets we use for our analyses. The first pertains to measuring judicial
capacity and judicial outcomes, for which we use Ash et al. (2025) amd Rao (2025) datasets.
The second pertains to measuring firm-level characteristics to study allocation and primary
outcomes of interest - borrowing, short-run liquidity, profits, and sales revenue, for which
we use CMIE Prowess dx. We describe both the databases and variables constructed for

analysis in greater detail below.
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4.1 Judicial Capacity and Judicial Outcomes

We use the universe of legal case data from Ash et al. (2025) to calculate district-level judicial
capacity measured as judge-to-population ratio. We use the judge data table to compute
total number of judges observed prior to the reform using judge tenure start and end dates.
The data table includes the following variables: state, district, court establishment (or sim-
ply the court), and the judge position. For each judge position within a court, the data also
contain the start date and the end date of the judge assigned to the position.® Next, we
create a dummy variable assigning a value 1 for every calendar year between the start and
end years for the assigned judge, and 0 for calendar years outside this range. We do this
for all of state-district-court-judge position-start year-end year tuples over a calendar year
range 2010-2018 to match with the time period of the case-level data. Next, we collapse the
data at district-court-year level to estimate the total number of judges per year. Lastly, we
identify the maximum of this total number of judges for a district in the pre-reform period to
calculate the district-level judge-to-population ratio using the the 2011 district population

census estimates.*

To measure litigation-specific outcomes such as filing rates, resolution rates, and pending
cases at firm-level, we use data from Rao (2025) containing all meta-data and identifying
information from the universe of legal case records from a sub-sample of 195 districts over
the same time period. We match firm-level identifiers with the legal case-level data from
this dataset using firm name and place of registration, followed by manual verification of the
resulting match. We identify over 4000 unique non-financial firms with cases across these
courts with different baseline levels of judge-to-population ratios. The metadata allows us
to tag each firm-case record to identify whether the firm appears as a plaintiff or as a de-
fendant. For each combination of firm-court-litigant type, we calculate number of new cases
filed, number of cases resolved, and total pending backlog using filing and decision time
stamps in the meta-data. We follow similar algorithm for cases involving bank and financial

institutions.

Lastly, we construct measures of high judicial capacity as a dummy variable if a district’s
pre-reform judge-to-population ratio is higher than the average judge-to-population ratio

across all districts that merge with the firm-level data. We note that this average number is

3The public version of the data does not contain any identifiers such as judge or litigant names.

4We also calculate the number of judges for years after the bankruptcy reform but we exclude using this
on the right-hand-side of our estimating equations if judicial capacity endogeneously responds to the reform.
The average judge to population ratio based on this approach is 18.6 judges per million, which is very close
to the aggregate number of 20 reported by the Supreme Court of India.
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higher (51.4 per million) than the overall average judge-to-population ratio (18.6 per million)
across all districts in India. This difference arises due to clustering of firms in more urbanized

districts.

4.2 Firm-level Default Risk and Capital Productivity

We use CMIE Prowess dx dataset that contains a representative sample panel data of cor-
porate entities (registered formal sector firms) in India with annual financial and production
data since 1990s. This dataset offers the advantage of a large-scale firm-level panel data for
India, which includes company name, registration details in addition to annual financial and
production information. It represents multiple sectors including manufacturing, trade, and
services, and thus suitable for research questions requiring firm-level information and their
fine-geographic footprint. We are interested in non-financial sector firms, which form the

main sampling frame for our analysis.’

In order to examine credit allocation across firms, we classify firms based on their default
risk and capital productivity, estimated using their credit ratings and MRPK, respectively,
from the pre-reform period. Each year, firms are rated based on their past performance on
credit contracts by credit bureaus. There are five credit bureaus - CRISIL, ICRA, CARE,
IND-RA, and BRICKWORK. These are similar to global agencies like Moody’s and Stan-
dard & Poor’s. Ratings like {PR 1+, A1+, A1, PR2, A+, A, A-, ... }, which map to specific
credit safety measures are classified into 8 bins as in decreasing order as “Highest Safety,
High Safety, Moderate Safety, Adequate Safety, Inadequate Safety, High Risk, Substantial
Risk, and Default”. We classify firms as high default risk if their credit rating in any of
the pre-reform period is marked “High Risk” or worse (i.e., High Risk, Substantial Risk, or
Default).

We estimate firm-level MRPK by assuming Cobb-Douglas production function as in the
literature (for example, Bau and Matray 2019). This is a two-step approach where in the
first step, we estimate the input shares in the production function using panel-data structure
from the pre-reform period in a log-log specification. We regress firm-level log sales revenue
on log value of plant and machinery (capital) and log wage bill, controlling for firm and
year fixed effects. Next, we scale the average products (sales revenue per unit capital or per

unit wage bill) using these input shares to obtain the marginal revenue products of capital

>Other firm-related datasets from India are the Annual Survey of Industry (ASI) and the Micro-Small-
and Medium Enterprise (MSME) datasets, neither of which provide firm-level identity and their specific
geographic location. However, the key trade-off in using Prowess is that it excludes smaller firms and those
in the informal sector. Information from these can mainly be collected through primary enterprise surveys,
often requiring large funding for data collection.
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and labor, respectively. We mainly focus on MRPK to test efficiency of credit allocation
by lenders. Since MRPK is a continuous measure, we classify firms as high-MRPK if their

pre-reform estimated MRPK is above the median value across all sample firms.

4.3 Outcome Variables

We use annual financial data for the study period - 2010-2018 - using the same CMIE
Prowess dx dataset, after merging these firm-specific pre-reform characteristics with annual
balance sheet data. We focus on two sets of outcomes. The first set of outcomes include
borrowing and short-run liquidity (net working capital) to test our specific hypotheses on
credit allocation. The second set of outcomes include economic outcomes measured as legal

and interest expenditures, investments, and sales revenue.

4.4 Summary Statistics

Table 1 presents a summary of the main dataset used in the analysis after merging firm
and court data. First thing to note is that the judge to population ratio is higher in the
analysis sample than the national average because the districts with formal sector firms are
not necessarily representative of a typical district in India, which is more rural. The average
judge to population ratio is around 52 judges per million population. Second, firms are large,
formal sector firms, where 80% of the sample are publicly listed on various stock exchanges.
These firms exhibit a large variation in their default risk (average rating close to 6) and
capital efficiency estimated as MRPK (average marginal return of 9 for every additional
rupee of capital). Most firms are between 20-60 years old, 60% engaged in manufacturing,
19% in trade, 11% in construction, 2% in services and remaining 8% in unclassified, non-
financial sectors. The average sales revenue and assets are 4.6 and around 6 billion Indian
Rupees (US $54 and $ 70 million, respectively).

5 Empirical Strategy

5.1 Effect on Firm-level Outcomes

We follow a triple difference (DDD) research design to test our central hypothesis that local
judicial capacity plays a complementary role to bankruptcy reforms in reducing lending to
risky borrowers and improve efficiency of credit allocation. First, we measure the impact
of the reform using pre-reform variation in firms’ default risk and variation in local judicial

capacity measured as judge to population ratio using the following specification:
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Yy = BiHi Risk/MRPKf x Hi-Jdg-Pop, x Post; + BoHi Risk/MRPKf x Post,
+ O0f + it + Oar + €fiar (1)

where Y4 represents relevant outcomes (borrowing or productivity) of firm f, in indus-
try ¢, registered in district d in year t. Firms are classified as high-default-risk or high-MRPK
as defined in Section 4, where Hi Risk; is a dummy variable taking value 1 if their credit
rating falls in any of the 3 risk categories at least once in the pre-reform period. Similarly,
Hi MRPKy is a binary variable based on categorization of firms as above median in the
distribution of estimated pre-reform MRPK across the sample firms, which get coded as 1,
and coded as 0 otherwise. Districts are classified as high judicial capacity, which is denoted
by dummy variable High Jdg Pop, that takes value 1 if the judge-to-population ratio in the
pre-reform period is above the average ratio across all sample districts, and 0 otherwise.
Post,; is the dummy indicating whether year ¢t > 2016 (i.e. period after the reform), defined
as Post; = 1, for t > 2016 and 0 otherwise. Since the data follows a panel structure, we
include firm fixed effects denoted by 6 to account for all time invariant unobserved potential
confounders. In addition, we flexibly account for time-series variation using industry-year
interactions (with industry measured as 2 digit NIC product code associated with each firm)
and district-year interactions (to account for any unobserved changes in district institutional
environment and other potential confounders). These are denoted by terms d;; and g, re-
spectively. €4 is the idiosyncratic error term. Since the “treatment” varies at the district

level, we cluster the standard errors by district.

The main null hypothesis of interest is whether the coefficient 5; = 0 in Equation 1 above. A
negative and significant coefficient would imply that the outcome declines in the post reform
period in districts with better judicial capacity for a firm belonging to the specific category.
Similarly, a positive coefficient would imply that the outcome increases in the post reform
period in district with better judicial capacity for firms of a specific type. Result 1 from
Section 3 implies that 5; < 0 for high-default-risk firms and g; > 0 for high-MRPK firms

for firm-level borrowing.

To interpret [3; as a causal parameter, the assumption is that borrowing (and any other
outcomes, Y4 ) by hi-default-risk (high MRPK) trends in parallel to those by low risk firms
(low MRPK) within high judicial capacity or low judicial capacity districts, even if, on av-
erage, they don’t trend in parallel to each other. That is, we relax the assumption that

high-risk firms trend similarly to low-risk firms everywhere, which is unlikely to hold up due
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to lifecycle differences between such firms, among many others reasons. Our design restricts
the parallel trends assumption within specific district groups based on their underlying, pre-
reform judge-to-population ratio, allowing them to vary across these groups. That is, we
assume that high-risk (or high MRPK) firms’ outcomes trend in parallel to low-risk (or low
MRPK) firms in high judicial capacity districts, after accounting for industry-specific and
location-specific trends. We carry out various robustness checks to test this assumption. Fi-
nally, because the bankruptcy reform was a one time, pan-India reform with no staggering of
treatment, we do not impose additional assumptions of homogenous treatment effects across

space and over time.

We implement Equation 1 using two-way fixed effect specification (firm and year fixed effects)
with product-year and district-year interactions in a DDD design, clubbing outcomes across
all post-reform period. We also implement it using an event study design, presenting S,
for each year-bin prior to and post reform. The event study implementation allows us to
examine the dynamic effects of the reform across varying judicial capacity by firm type and

also test for the parallel trends assumption within district groups by judicial capacity.

5.2 Effect on Litigation Outcomes

Since one of the key assumptions in our model in Section 3 is that institutional quality ' mat-
ters in the credit allocation process, we use legal case-level data, merged with firms’ identity
to examine how local courts resolve cases pertaining to firms of specific type (high-default-
risk or high-MRPK) or those pertaining banks before and after the reform. Furthermore, as
the case records allow us to identify the litigant type of firm involved in the case - as plain-
tiff or defendants, we estimate the following specification to examine firm-specific litigation
outcome L4 - number of cases filed, resolved, or pending - separately by litigant-type. All

subscripts and RHS variables are as defined before.

Ly = mHi Risk/MRPKf x Hi-Jdg-Pop, x Post; + v, Hi Risk/MRPKf x Post;
+ (Sf + 5dt + 6“ + € fidt (2)

For banks, we estimate a DiD specification instead of a DDD to examine bank-specific
litigation outcomes, separated by litigant-type (for cases where banks appear as a plaintiff
or as defendant), to examine how debt recovery cases are handled by courts categorized
based on judge-to-population ratio before and after the bankruptcy reform. This different

approach also handles the fact that banks are special types of firms, which operate through
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their location-specific branch offices. As a consequence of the specific structure of this sector
and India’s Code of Civil Procedure, 1908, banks have multiple cases against different types
of defaulters across multiple districts from their lending operations. Using the specifica-
tion below, we examine the effect of high judge-to-population ratio of a district’s judiciary
Hi Jdg Pop, on banks’ b litigation outcomes Ly - number filed, number resolved, number
pending - in district d in year ¢, before and after the bankruptcy reform after accounting for

bank fixed effect §, and district-year interaction dg4.

Lbdt = ")/Hl Jdg POpd X POStt -+ (Sb + 5dt + Epdt (3)

As before, we implement Equation 2 and Equation 3 using two-way fixed effect specifi-
cation pooling all the post-reform period as well as using an event study design to present

the dynamic effects of the reform.

6 Results

We begin by examining firm-level balance sheet data using borrowing and short-term liquidity
(net working capital) outcomes among sample firms by their characterization of default-risk
and capital productivity. Next, we estimate the effects on economic productivity focusing
on sales revenue and profits. Finally, we examine firm-level litigation outcomes using legal

case-level data in a subset of the sample districts.

6.1 Borrowing and Liquidity

We use these outcomes to test the hypothesis that allocative efficiency improves in response
to complementary investments in lender rights as well as enforcement capacity. Since pre-
reform default risk is observable to all economic agents and the econometrician through
corporate credit ratings, we first estimate Equation 1 to examine the effect of reform and
judicial capacity on borrowing and liquidity outcomes of high-default-risk firms relative to
low risk firms. Panel A Figure 3, left figure, presents the event study estimates and Table 3
presents the DDD estimates. We find a reduction in borrowing by high risk firms in better
judicial capacity districts, which is mainly evident in the long run (about 30% reduction in
the long-run). The post-reform average treatment effects on the treated (ATT) is -11.4%
(Col 1 Table 3), which loses statistically significance due to dynamics that plays out over a

longer term. The coefficient is economically meaningful, reflecting a 0.05 standard deviation
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units decline in the post reform period.

First, we estimate the correlation between a firm’s classification as high-default-risk and it’s
classification as high-MRPK. We find weak negative correlation. That is, without any fixed
effects, a high-default-risk firm is 9% less likely to be classified as a high-MRPK firm (Col 1
Table 2). After adjusting for industry or location or both, this correlation coefficient halves
and loses statistical significance. What this means is that the share of high-MRPK firms
in the overall sample, as well as samples split by default risk remain more or less similar,
suggesting at best weak correlation between these two characteristics. Therefore, any infor-
mation on default risk, such as that provided by credit rating, is less informative about a

firm’s capital efficiency or MRPK.

Panel A Figure 3, right figure and Cols 3-4 Table 3 present the event study and DDD esti-
mates using net working capital (indicating short term liquidity position) as the dependent
variable, respectively. We find a persistent increase in short term liquidity by over 50%
among high-default-risk firms in better judicial capacity districts post reform. The DDD
estimates in Col 2 Table 3 shows an average, post-reform increase in short term liquidity
by 77%. Interpreting the results on borrowing along with short term liquidity, we note that
high-default-risk firms reduce overall borrowing and increase their cash holdings plausibly

to pay back any outstanding dues to avoid initiation of bankruptcy proceedings.

Next, we examine these outcomes by firms’ pre-reform MRPK. An increase in allocative
efficiency would suggest that lenders should prioritize firms with higher marginal product
of capital (or its proxy MRPK). However, we don’t find evidence in support of this and are
unable to reject the null hypothesis of no effect on borrowing by firms” MRPK in better ju-
dicial capacity districts after the reform. Panel B Figure 3 and Table 3 present the estimates
on borrowing and net working capital by high-MRPK in better judicial capacity districts
before and after the reform. Both event study and DDD estimates suggest a muted effect on
borrowing by high-MRPK firms. In contrast, we find large, positive effects on short-run lig-
uidity position (a 45% increase) among high-MRPK firms in better judicial capacity districts.

We interpret these results keeping in mind the fact that these characteristics of a firm -
default-risk and MRPK - are potentially non-overlapping and that easily observable charac-
teristics such as credit rating fails to provide information on capital productivity. Therefore,
we infer that firms may have become risk averse by holding more cash at hand in areas with

better enforcement capacity through courts after reforms. We observe only some improve-
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ment in credit allocation, in that borrowing by high-default-risk firms decline, indicating
a plausible reduction in “ever-greening” phenomenon but only in specific areas with better

courts.

6.2 FEconomic Outcomes

We examine four relevant economic outcomes to measure the combined effects of the reform
and local enforcement capacity. These include legal expenditure, interest expenditure, invest-
ments, and sales revenue. Legal expenditure includes costs towards legal advisors, including
lawyers and law firms, on matters related not just to litigation but also advice on matters
pertaining to legal compliance of various laws and orders. Interest expenditure includes in-
terest payments on all types of borrowing - either for working or investment capital - from
multiple lenders. Investments are those made by the firm with return expected to accrue
after a year (> 12 months). These include investments in financial (such as shares/bonds,
etc.) and non-financial assets (such as property, joint ventures, etc.). Sales revenue includes

all income generated from sale of goods and non-financial services.

Figure 4 and Table 4 presents the estimates from the DDD event study and two-way fixed
effects specification, respectively, comparing firms’ by their baseline default-risk across dis-
tricts with varying judicial capacities. We find significant decline in such firms’ legal (17%,
p < 0.01) and interest expenditures (33%, p < 0.01) in districts with better judicial capacity.
We also find reduced investment by such firms, at least in the initial years following the

reform, and a negative but noisy effects on their sales revenue.

Figure 5 and Table 5 presents the results of our analysis using firms’s baseline MRPK across
districts with better or worse judge to population ratios. We find a significant increase in
investment by such firms after the reform in better capacity districts, which we observe both
over time (event study) as well as on average post-reform (40%, p < 0.01). On the other

hand, we find almost no effects on legal or interest expenditures or on sales revenue.

We interpret these findings as suggesting that worse firms, like those characterized by high
default risk are more likely to shrink by lowering their legal expenditure and investments.
Moreover, the result on interest expenditure is consistent with the reduced borrowing over
the same time period, indicating a decline in interest costs from lower borrowing. While
we don’t observe their complete exit or liquidation in our data, it is likely that such firms
may eventually file for bankruptcy to seek liquidation or restructuring. At the same time,

better firms characterized by high baseline MRPK are likely to increase investment in the
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post reform period, potentially to improve their liquidity position in the future. Since there
were no effects on borrowing for such firms, we correspondingly find no effects on interest or
legal expenditures. We also find no productivity improvements among such firms, suggesting

no stark positive impact among high capital efficiency firms.

6.3 Role of Local Courts

In order to understand why we see the results we see among firms in districts with better
judge to population ratio, we use legal case data matched to firm identifiers from Rao (2025).
First, we merge this legal data with the firm-level sample data used for analysis above. Sec-
ond, we examine three main judicial outcomes - number of cases filed in the district courts,
number of cases resolved, and number of pending cases - for each firm in the analysis sample
for each year in the study period 2010-2018. Third, we estimate our main identifying speci-
fication Equation 2 using firm-level judicial outcomes as the dependent variable, separately
when the sample firm appears as a plaintiff and defendant. This set of analyses tests the role
of the local court in accepting and resolving litigation against firms, based on their baseline

characteristics, to show how local enforcement could matter.

Figure 6 and Table 6 presents the results for high-default-risk firms when they either appear
as plaintiff (Panel A Figure 6 or Col 4-6 Table 6) and when they appear as defendant (Panel
B Figure 6 or Col 1-3 Table 6). Since the outcome data is at the district court-firm-case-level
and that firms could have cases in multiple courts, we can identify the coefficient on high
judge-population districts interacted with post-reform dummy variable. This DiD param-
eter suggests that better district courts have higher rates of resolution and lower pending
backlog per defending firm in the post reform period. These court-level effects are muted
for plaintiff firms in the post reform period. The DDD parameters (and the corresponding
event studies) are noisy but suggest that more cases are filed against high default-risk firms
(i.e. as defendants) and such cases are also more likely to be resolved in better courts. On
the other hand, there is no conclusive evidence on judicial outcomes for cases involving high-

default-risk plaintiff firms.

Figure 7 and Table 7 presents the results for high-MRPK firms litigating in the sample
courts. The coefficients on high judge-population ratio in the post reform period suggests
higher rates of resolution and lower pending backlog per firm against all defending firms.
The event study and DDD estimation suggests a higher rates of resolution and lower filing
rates among high-MRPK plaintiff firms.
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We rationalize these opposing results by firms’ baseline characteristics as follows: high de-
fault risk firms are more likely to default on credit contracts, which results in cases being
filed against such firms (who then appear as defendants). Our results suggest that the local
courts with better capacity are more likely to resolve such cases when high-default-risk firms
are defending, enforcing contracts. In contrast, when high-MRPK firms file cases against

other economic agents, better local courts enable faster resolution of such cases.

Lastly, we estimate Equation 3 using legal case data involving banks, separated by whether
cases are filed by them or against them (for example, a defaulter could preemptively file a
suit against their lender to delay debt recovery). We find that better courts are less likely
to resolve cases against banks (when banks are defendants, see Table 8). While the results
are noisy, the DiD coefficients when banks appear as plaintiffs suggest increased resolution
of cases per bank. We read these results together to infer that better courts are able to
discern the reasons behind contract failures and either correctly enforce them or keep the

case pending when they are potentially frivolous.

7 Conclusion

This paper provides evidence in support of the complementary role local courts play in
enforcing creditor rights and debt contracts on credit allocation and subsequent welfare im-
plication among formal sector firms, who frequently use market-based institutions for their
capital needs and formal dispute resolution mechanisms for contract enforcement. To show
this, we exploit cross-sectional variation in district judicial capacity, measured as average
judge to population ratio in district courts prior to the 2016 national-level reform strength-
ening creditor rights, which prioritized creditors over all other stakeholders in bankruptcy
proceedings. In addition, we leverage variation between local firms in their baseline default-
risk (as measured based on their pre-reform credit scores) or capital productivity (MRPK)
in a triple difference (DDD) design by comparing high-default-risk (high MRPK) firms with
low-default-risk firms (low MRPK) across districts with high or low judge-to-population ra-
tios. We find that high-default-risk firms reduce borrowing after the reform in districts with
better judicial capacity and increase their short-term liquidity. In contrast, we find no effects
on borrowing among high-MRPK firms although we find some increase in short-term liquid-
ity among such firms as well. We find a corresponding decrease in economic outcomes - legal
and interest expenditures, investment, and sales revenue - among high-default-risk firms in

districts with better judicial capacity after the reform. We find an increase in investment by
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high MRPK firms but no changes in other indicators.

To understand the role of local courts, we test whether the case-level outcomes of the sample
firms vary by the capacity of their corresponding district court after the reform. We find sug-
gestive evidence of overall reduction in pending backlog of cases per firm in better capacity
courts, increased resolution of cases filed against high-default-risk firm (when they appear as
defendants), increased resolution of cases filed by high-MRPK firms, and lower resolution of
cases filed against banks (as defendants). These indicate that local courts facilitate contract
enforcement by reducing overall pending case backlog and increasing filing and resolution
of cases against high-default-risk firms, and at the same time, handling frivolous cases filed
against banks. While these efforts along with the bankruptcy reform could reduce allocation
of capital towards high-default-risk firms, it is insufficient to increase allocation of credit
towards high-MRPK firms. Perhaps lenders and institutions aren’t fully able to discern high
capital efficiency firms to increase allocative efficiency. Observed, firm-level indicators, such
as credit ratings are created more towards identifying default risk rather than identifying

capital efficiency as the two measures are only weakly correlated with each other.

Using recent data and institutional reforms, this paper presents evidence to enable discussion
surrounding the direction of reforms focusing on local judiciary in the economic development
process. Given the timing of the reform in 2016, this paper provides short and medium
run effects on credit and firm-level economic outcomes. As the law is further amended to
remove ambiguities pertaining to the rights of the different stakeholders and directions for
implementation becomes clear, the long run and general equilibrium effects may be different.
These could have ramifications on what types of firms are liquidated and what types are
restructured through re-investment, and therefore left for further research as and when such
data becomes available. Furthermore, what this paper examines is capacity measured in
terms of judge-to-population ratios, which is one specific aspect of judicial capacity. Other
investments in the local enforcement environment, such as better triage through conciliation
or better police system for enforcing any liquidation or asset transfer orders could have

different impact, which remain as open questions for future research.
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8 Figures

Figure 1: NPA Across Banks in India
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Notes: The figure above graphs the percentage of total lending declared as a
non-performing asset (NPA) aggregated across all commercial banks in India and by public
sector banks, as reported by the central bank, Reserve Bank of India. The red vertical line

indicates when the bankruptcy bill was first tabled in the national parliament. We present
the timeline of the reform below.

Figure 2: Timeline of Bankruptcy Reform
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Figure 3: Borrowing and Liquidity Outcomes
Panel A: By Baseline Default Risk
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Panel B: By Baseline MRPK
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Notes: Panels A and B above present the estimates of event study implementation of
Equation 1 using borrowing and short-term liquidity outcomes as dependent variables for
high default risk (Panel A) and high MRPK (Panel B) interactions, respectively. The
reference year is 2015, a year before the bankruptcy bill becomes an act of the Indian
Parliament. The coefficients are all relative to the reference year. High judge to population
ratio districts are those with the ratio above the sample average. High default risk firms
are those receiving low credit rating (under 4 on a scale 1-8, which map to standard ratings
by international rating agencies like S&P or Moody’s) in the period prior to the
bankruptcy reform. High MRPK firms are those with estimated pre-reform MRPK above
median of the firm-level sample. Error bars present 95% confidence interval. Standard

errors are clustered by district. The DiD estimates are reported in Table 3.
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Figure 4: Economic Outcomes: By Baseline Default Risk
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Notes: The figures above present the triple interaction estimates of event study
implementation of Equation 1 using financial and economic outcomes as dependent
variables for firms classified as high-default risk in high judge-population ratio districts.
The reference year is 2015, a year before the bankruptcy bill becomes an act of the Indian
Parliament. The coefficients are all relative to the reference year. High judge to population
ratio districts are those with the ratio above the sample average. High default risk firms
are those receiving low credit rating (under 4 on a scale 1-8, which map to standard ratings
by international rating agencies like S&P or Moody’s) in the period prior to the
bankruptcy reform. Error bars present 95% confidence interval. Standard errors are

clustered by district. The DiD estimates are reported in Table 4.
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Figure 5: Economic Outcomes: By Baseline MRPK
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Notes: The figures above present the triple interaction estimates of event study
implementation of Equation 1 using financial and economic outcomes as dependent
variables for firms classified as high-MRPK in high judge-population ratio districts. The
reference year is 2015, a year before the bankruptcy bill becomes an act of the Indian
Parliament. The coefficients are all relative to the reference year. High judge to population
ratio districts are those with the ratio above the sample average. High MRPK firms are
those with estimated pre-reform MRPK above median of the firm-level sample. Error bars
present 95% confidence interval. Standard errors are clustered by district. The DiD

estimates are reported in Table 5.
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Figure 6: Litigation in Courts by Firms: By Baseline Default-Risk
Panel A: As Plaintiff
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Notes: The figures above present the triple interaction estimates of event study
implementation of Equation 2 using legal case-level outcomes in the corresponding district
court as dependent variables for firms classified as high-default risk in high
judge-population ratio districts. The reference year is 2015, a year before the bankruptcy
bill becomes an act of the Indian Parliament. The coefficients are all relative to the
reference year. Note that the judicial case-level data is only available until 2018, so there
are fewer post reform time periods compared to the analysis using firm-level outcomes.
High judge to population ratio districts are those with the ratio above the sample average.
High default risk firms are those receiving low credit rating (under 4 on a scale 1-8, which
map to standard ratings by international rating agencies like S&P or Moody’s) in the
period prior to the bankruptcy reform. Panel A presents the estimates on case-level
outcomes when high-risk firms appear as plaintiff in a case. That is, when such firms
initiate the suit in courts. Panel B presents the estimates when such firms appear as
defendants in a case, i.e., when someone else files a suit against them. Error bars present
95% confidence interval. Standard errors are clustered by district. The DiD estimates are

reported in Table 6.
29



Figure 7: Litigation in Courts by Firms: By Baseline MRPK
Panel A: As Plaintiff
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Notes: The figures above present the triple interaction estimates of event study
implementation of Equation 2 using legal case-level outcomes in the corresponding district
court as dependent variables for firms classified as high-MRPK in high judge-population
ratio districts. The reference year is 2015, a year before the bankruptcy bill becomes an act
of the Indian Parliament. The coefficients are all relative to the reference year. Note that
the judicial case-level data is only available until 2018, so there are fewer post reform time
periods compared to the analysis using firm-level outcomes. High judge to population ratio
districts are those with the ratio above the sample average. High MRPK firms are those
with estimated pre-reform MRPK above median of the firm-level sample. Panel A presents
the estimates on case-level outcomes when high-MRPK firms appear as plaintiff in a case.
That is, when such firms initiate the suit in courts. Panel B presents the estimates when
such firms appear as defendants in a case, i.e., when someone else files a suit against them.
Error bars present 95% confidence interval. Standard errors are clustered by district. The

DiD estimates are reported in Table 7.
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9 Tables

Table 1: Summary Statistics
(1) 2 3)

No. Firms  Mean SD

Judge to Population Ratio (per million) 3582 51.74 49.60
Estimated MRPK 3381 9.09 41.76
Credit Rating 3582 5.78 1.78
(1 lowest-8 highest)

Public Ltd. 3582 0.80 0.40
Age (years) 3580 40.82 19.36
Share Manufacturing 3582 0.59 0.49
Share Construction 3582 0.11 0.31
Share Trade/Retail 3582 0.19 0.39
Share Services 3582 0.02 0.15
Sales Rev (Million INR) 3411 4605.24  25855.26
Total Assets (Million INR) 3582 5961.70 31772.94

Notes: The main sample includes over 3000 formal, non-financial sector firms registered in districts with
courts classified as high or low judicial capacities (judge to population ratio) that form the main
population of interest for this study. Note that the judge to population ratio in this sample is different
from the national average of 18.6, which includes districts with no overlap with Prowess firms. Age is
calculated as the difference between current year and the year of firm’s incorporation. The remaining 8% of
sample firms belong to other non-financial sectors represented by industrial classification (NIC) codes that
could not be neatly binned into the sector categories above. The average sales revenue and asset value are
computed for period prior to the reform.

Table 2: Firm Default Risk and Marginal Factor Productivity

(1) (2) 3)
High MRPK High MRPK  High MRPK

High Default Risk ~ -0.0918*** -0.0404 -0.0460
(0.0266) (0.0265) (0.0281)
Constant 0.482*** 0.474*** 0.478***
(0.00883) (0.00772) (0.00788)
Observations 3582 3431 3347
Fixed Effect None Industry Industry, District
Adj R-Squared 0.00291 0.257 0.259

Standard errors in parentheses

*p< 0.1, p<.05**p<0.01
Notes: The table reports firm-level correlations between default risk and their high-MRPK classification
using data from pre-reform period. High default risk firms are those receiving low credit rating (under 4 on
a scale 1-8, which map to standard ratings by international rating agencies like S&P or Moody’s) in the
period prior to the bankruptcy reform. High MRPK firms are those with estimated pre-reform MRPK
above median of the firm-level sample. Col 1 presents simple, bi-variate correlation. Cols 2-3 include
location and industry fixed effects to account for risk or productivity factors driven either by location of
registration or industry. Heteroskedasticity robust standard errors reported in parentheses.
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Table 3: Bankruptcy Reform and District Judicial Capacity: Firms’ Borrowing and Liquidity
(1) (2) (3) (4)

Arc Sine Arc Sine Arc Sine Arc Sine
Borrowing Net Liquidity Borrowing Net Liquidity

High Jdg Pop Ratio x High Default Risk x Post -0.114 0.773***
(0.0868) (0.262)
High Default Risk x Post 0.0300 -0.404*
(0.0721) (0.207)
High Jdg Pop Ratio x High MRPK x Post -0.0333 0.452*
(0.0623) (0.271)
High MRPK x Post 0.0180 -0.442*
(0.0545) (0.251)
Observations 46272 46308 38376 38400
No. Districts 164 164 150 150
Firm FE X X X X
District-Year FE X X X X
Industry-Year FE X X X X
Mean Dep Var 7.390 2.310 7.480 2.030
SD Dep Var 2.210 6.520 2.290 6.710
Adj R-Squared 0.829 0.632 0.825 0.623

Standard errors in parentheses

*p <01, p<.05 " p<0.01
Notes: Col 1-2 above present the estimates from Equation 1 using borrowing and short-term liquidity
outcomes as dependent variables for high default risk firm interactions. Col 3-4 present the estimates for
high-MRPK firm interactions. “Post” is defined as years after 2016, year after the bankruptcy bill becomes
an act of the Indian Parliament. High judge to population ratio districts are those with the ratio above the
sample average. High default risk firms are those receiving low credit rating (under 4 on a scale 1-8, which
map to standard ratings by international rating agencies like S&P or Moody’s) in the period prior to the
bankruptcy reform. High MRPK firms are those with estimated pre-reform MRPK above median of the
firm-level sample. Standard errors are clustered by district. The event study figures are in Figure 3.
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Table 4: Bankruptcy Reform and District Judicial Capacity: Firms’ Production Outcomes
by Default Risk

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

Arc Sine Arc Sine Arc Sine Arc Sine
Legal Exp Interest Exp Investment Sales Revenue
High Jdg Pop Ratio x High Default Risk x Post =~ -0.133*** -0.248*** -0.323 -0.121*
(0.0383) (0.0653) (0.214) (0.0685)
High Default Risk x Post -0.0105 -0.00236 -0.0282 -0.00736
(0.0401) (0.0500) (0.0950) (0.0586)
Observations 39468 45732 34896 45876
No. Districts 147 163 145 163
Firm FE X X X X
District-Year FE X X X X
Industry-Year FE X X X X
Mean Dep Var 2.830 5.050 5.220 8.650
SD Dep Var 1.720 1.840 2.950 1.860
Adj R-Squared 0.911 0.820 0.895 0.878

Standard errors in parentheses

*p<0.1, " p<.05 ** p<0.01
Notes: The table above present the estimates from Equation 1 using legal and interest expenditures,
long-run investment (maturity > 1 year), and sales revenue as dependent variables for high default risk
firm interactions. “Post” is defined as years after 2016, year after the bankruptcy bill becomes an act of the
Indian Parliament. High judge to population ratio districts are those with the ratio above the sample
average. High default risk firms are those receiving low credit rating (under 4 on a scale 1-8, which map to
standard ratings by international rating agencies like S&P or Moody’s) in the period prior to the
bankruptcy reform. Standard errors are clustered by district. The event study figures are in Figure 4.
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Table 5: Bankruptcy Reform and District Judicial Capacity: Firms’ Production Outcomes
by MRPK

1) (2) (3) (4)
Arc Sine Arc Sine Arc Sine Arc Sine
Legal Exp Interest Exp Investment Sales Revenue
High Jdg Pop Ratio x High MRPK x Post 0.0284 0.0270 0.296*** -0.0204
(0.0514) (0.0580) (0.0720) (0.0461)
High MRPK x Post -0.0348 -0.0488 -0.0191 -0.132%**
(0.0252) (0.0467) (0.0744) (0.0485)
Observations 32376 37908 28740 38004
No. Districts 133 150 128 149
Firm FE X X X X
District-Year FE X X X X
Industry-Year FE X X X X
Mean Dep Var 2.890 5.140 5.440 8.690
SD Dep Var 1.760 1.900 2.980 1.940
Adj R-Squared 0.910 0.816 0.894 0.881

Standard errors in parentheses

*p <01, p<.05 " p<0.01
Notes: The table above present the estimates from Equation 1 using legal and interest expenditures,
long-run investment (maturity > 1 year), and sales revenue as dependent variables for high MRPK firm
interactions. “Post” is defined as years after 2016, year after the bankruptcy bill becomes an act of the
Indian Parliament. High judge to population ratio districts are those with the ratio above the sample
average. High MRPK firms are those with estimated pre-reform MRPK above median of the firm-level
sample. Standard errors are clustered by district. The event study figures are in Figure 5.
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Table 6: Firm Default Risk and Court Trials
(1) (2) (3) (4) (5) (6)
No. Filed No. Resolved No. Pending No. Filed No. Resolved No. Pending

Defendant Defendant Defendant Plaintiff Plaintiff Plaintiff
High Jdg Pop Ratio x High Default Risk x Post 1.008 0.0107 2.855* -0.104 0.219 -0.285
(0.614) (1.143) (1.566) (0.174) (0.238) (0.294)
High Jdg Pop Ratio x Post -0.846 0.456 -2.551%* -0.202 0.0467 -0.587
(0.551) (0.816) (1.514) (0.350) (0.529) (0.622)
High Default Risk x Post -0.334 -0.238 -0.356 0.0828 -0.237 0.248
(0.250) (0.351) (0.401) (0.137) (0.226) (0.227)
Observations 17037 17037 17037 47340 47340 47340
No. Districts 146 146 146 234 234 234
Firm Fixed Effect X X X X X X
District-Year FE X X X X X X
Industry-Year FE X X X X X X
Mean Dep Var 0.530 0.140 0.390 0.170 0.0200 0.160
SD Dep Var 3.560 1.860 2.540 3.760 0.340 3.540
Adj R-Squared 0.0560 0.0000128 0.120 0.0847 0.0786 0.131

Standard errors in parentheses
*p<0.1, " p<.05 " p<0.01
Notes: The table above present the estimates from Equation 2 using legal case-level outcomes in the

corresponding district court as dependent variables for firms classified as high default risk in high
judge-population ratio districts. “Post” is defined as years after 2016, year after the bankruptcy bill
becomes an act of the Indian Parliament. Note that the judicial case-level data is only available until 2018,
so there are fewer post reform time periods compared to the analysis using firm-level outcomes. High judge
to population ratio districts are those with the ratio above the sample average. High default risk firms are
those receiving low credit rating (under 4 on a scale 1-8, which map to standard ratings by international
rating agencies like S&P or Moody’s) in the period prior to the bankruptcy reform. Col 1-3 present the
estimates when such firms appear as defendants in a case, i.e., when someone else files a suit against them.
Col 4-6 presents the estimates on case-level outcomes when these firms appear as plaintiff in a case, i.e,
when such firms initiate lawsuits in courts. Error bars present 95% confidence interval. Standard errors are
clustered by district. The event study estimates are reported in Figure 6.
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Table 7: Firm MRPK and Court Trials

(1) 2 (3) (4) (5) (6)
No. Filed No. Resolved No. Pending No. Filed No. Resolved No. Pending
Defendant Defendant Defendant Plaintiff Plaintiff Plaintiff
High Jdg Pop Ratio x High MRPK x Post -0.0496 -0.519 0.0687 -0.228 0.389 -0.506
(0.279) (0.545) (0.764) (0.188) (0.303) (0.315)
High Jdg Pop Ratio x Post -1.051** 0.666 -2.851** -0.282 -0.322 -0.642
(0.519) (0.885) (1.425) (0.367) (0.537) (0.600)
High MRPK x Post -0.875 0.662 -2.518* 0.341 -0.214 0.625
(0.575) (0.744) (1.280) (0.302) (0.273) (0.558)
Observations 15291 15291 15291 31761 31761 31761
No. Districts 144 144 144 213 213 213
Firm Fixed Effect X X X X X X
District-Year FE X X X X X X
Industry-Year FE X X X X X X
Mean Dep Var 0.440 0.0900 0.350 0.230 0.0200 0.210
SD Dep Var 3.100 0.890 2.530 4.520 0.390 4.260
Adj R-Squared 0.0692 -0.00140 0.129 0.0688 0.0630 0.110

Standard errors in parentheses

*p<0.1,* p<.05 " p<0.01
Notes: The table above present the estimates from Equation 2 using legal case-level outcomes in the
corresponding district court as dependent variables for firms classified as high-MRPK in high
judge-population ratio districts. “Post” is defined as years after 2016, year after the bankruptcy bill
becomes an act of the Indian Parliament. Note that the judicial case-level data is only available until 2018,
so there are fewer post reform time periods compared to the analysis using firm-level outcomes. High judge
to population ratio districts are those with the ratio above the sample average. High MRPK firms are
those with estimated pre-reform MRPK above median of the firm-level sample. Col 1-3 present the
estimates when such firms appear as defendants in a case, i.e., when someone else files a suit against them.
Col 4-6 presents the estimates on case-level outcomes when high-MRPK firms appear as plaintiff in a case.
That is, when such firms initiate the suit in courts. Error bars present 95% confidence interval. Standard
errors are clustered by district. The event study estimates are reported in Figure 7.
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Table &8: Bank Plaintiff and Court Trials

1 2 (3) () (5) (6)
No. Filed No. Resolved No. Pending No. Filed No. Resolved ~ No. Pending
Bank Defendant Bank Defendant Bank Defendant Bank Plaintiff Bank Plaintiff Bank Plaintiff
High Jdg Pop Ratio x Post -0.0382 -0.124*** 0.0281 0.0907 0.135 -0.125
(0.0253) (0.0369) (0.0447) (0.102) (0.222) (0.0821)
Observations 26073 26073 26073 28008 28008 28008
No. Districts 104 104 104 104 104 104
Bank Fixed Effect X X X X X X
District Fixed Effect X X X X X X
Mean Dep Var 1.560 0.250 1.310 1.930 0.290 1.640
SD Dep Var 9.240 2.860 7.380 17.27 5.910 13.52
Adj R-Squared 0.264 0.248 0.256 0.0529 0.0749 0.109

Standard errors in parentheses

*p<0.1,* p<.05 *** p<0.01
Notes: The table above present the estimates from Equation 3 using legal case-level outcomes in the
corresponding district court as dependent variables for cases involving banks. “Post” is defined as years
after 2016, year after the bankruptcy bill becomes an act of the Indian Parliament. Note that the judicial
case-level data is only available until 2018, so there are fewer post reform time periods compared to the
analysis using firm-level outcomes. High judge to population ratio districts are those with the ratio above
the sample average. Col 1-3 present the estimates when banks appear as defendants in a case, i.e., when
someone else files a suit against them, such as to prevent liquidation. Col 4-6 presents the estimates on
case-level outcomes when banks appear as plaintiff in a case, for example, when they need to enforce a
bankruptcy order. Error bars present 95% confidence interval. Standard errors are clustered by district.
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