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1. Introduction

The practice of extending credit to "zombie firms"—financially distressed borrowers that are artifi-
cially kept alive through bank forbearance—has been linked to protracted periods of economic stagna-
tion following major shocks, and often coupled with loose regulatory environments. First documented
by Peek and Rosengren (2005) and Caballero, Hoshi, and Kashyap (2008) in the context of Japan’s “lost
decade”, the zombie lending phenomenon has attracted renewed attention in light of Europe’s slow re-
covery after the financial and sovereign debt crises, and more recently, following many governments’
efforts to keep firms supplied with credit after the COVID-19 pandemic.’

The literature has focused on how banks give rise to zombie firms, paying little attention to the
reciprocal impact of zombies on bank health.? Yet this relationship is likely bidirectional: weak banks
may engage in zombie lending to avoid realizing losses, while, at the same time, zombie firms may
also harm banks by eroding loan portfolio quality. Feedback between the real and financial sectors, if
present, could amplify the negative impact of zombie lending. Understanding whether such feedback
exists is crucial for assessing the true economic costs of zombie lending.

In this paper, we investigate the feedback effects between bank capital ratios and zombie prevalence.
To the best of our knowledge, ours is the first paper to study the reverse channel from zombie firms back
to banks, alongside the commonly studied channel from banks to zombies. We develop an empirical
model and estimation strategy uniquely suited for our context. Our approach addresses the inherent
cross-sectional dependence between firm and bank outcomes that arises from the network of firm-bank
relationships.

Our results show that significant feedback exists between zombie prevalence and bank capitaliza-
tion. Lower bank capital ratios are associated with zombie proliferation in served industries, while
higher zombie prevalence is accompanied by a subsequent deterioration in bank capital, creating a
vicious cycle. Quantitatively, a one-percentage-point decrease in bank capital ratios is linked to a 3.3-
percentage-point increase in the zombie share in an industry, while a one-percentage-point increase in
the share of zombie borrowers is associated with a 3-basis-point decrease in a bank’s capital ratio.

For our analysis, we use detailed firm-bank matched data from Spain between 2005 and 2014. Our

firm-level data comes from Bureau van Dijk’s Orbis dataset, which we match to bank-level information

lgee Acharya, Crosignani, Eisert, and Steffen (2022) and Albuquerque and Iyer (2024) for recent surveys of the zombie
literature.

2See Section 2.1 for a discussion of the literature documenting why banks extend credit to zombie firms.



from the Bankscope dataset. Our final sample covers 91 banks and over 152,000 firms operating in
573 industries. We adopt the zombie definition from Acharya, Crosignani, Eisert, and Eufinger (2024),
whereby a firm is considered a zombie if (i) it is financially distressed, meaning that it has above-median
leverage and below-median interest coverage ratio, and (ii) it receives subsidized credit, meaning that
it borrows at a rate lower than that of its most creditworthy industry peers.

The distinction between financial distress and subsidized lending is crucial for understanding our
results. We find that while banks seem to respond appropriately to observable financial distress through
higher provisioning and better capital management, they appear to overlook the risks posed by relation-
ship borrowers receiving subsidized rates. It is not financial distress alone that harms banks, but rather
the combination of distress with interest rate subsidies that drives the destabilizing feedback mechanism
we document.

An empirical investigation of bidirectional interactions between firms and banks presents method-
ological challenges that cannot be handled by the standard panel regression framework. The main
challenge stems from the network dependence that naturally arises when shocks propagate between
banks and firms through lending relationships. Two banks’ outcomes can be simultaneously affected if
a negative shock hits their shared borrowers. Similarly, the zombie status of two firms can be triggered
by a negative shock to a bank that both firms borrow from. This network structure prevents us from
assuming that bank and firm outcomes are independent and forces us to account for the cross-sectional
dependence that standard panel methods ignore.

For tractability, we develop our methodology within the framework of fixed-effects linear panel re-
gression models and show that it delivers valid inference despite complex cross-sectional dependence
among bank and firm outcomes. Accommodating this dependence is crucial in our setting because it
emerges naturally from the lending relationships between banks and firms. Such dependence is likely to
arise in any framework that relies on firm-bank data and warrants explicit treatment, which has not re-
ceived attention in the zombie literature. Regarding regression errors, we accommodate a flexible form
of cross-sectional dependence by allowing errors to be correlated through past shocks.® We achieve this

flexibility through a variant of the Helmert transform from Arellano and Bover (1995) for handling fixed

3We avoid network dependence in regression errors for two practical reasons. First, such specifications make estimators
and inference highly sensitive to potential network misspecification. Second, network-dependent errors often yield overly
conservative inference that discards valuable information, as statistical procedures typically assume worst-case scenarios where
all linked variables are strongly correlated, substantially reducing the effective sample size. Given that some banks in our data
connect to many firms, the resulting loss of statistical power could be severe.



effects and time effects. An additional advantage of the Helmert transform is that, under mild condi-
tions, it enables us to identify the sign of regression coefficients even in the presence of measurement
error in firms’ zombie status.*

Our methodology is easy to use and well-suited to our empirical setting. Specifically, we show in
simulations that our method exhibits stable finite sample properties and retains adequate power across
a wide range of network densities. This feature is important in our context because several banks are
connected to many firms, resulting in dense networks.

Our framework enables us to contribute to the literature by uncovering a previously unrecognized
channel through which zombie firms can be harmful: by inflicting damage on the very banks that ex-
tended them credit. While previous literature has extensively documented how zombie firms inhibit
aggregate economic activity and crowd out healthy competitors, their impact on banks has been over-
looked.> The feedback from zombie firms to banks that we document suggests that policies aimed at
mitigating zombie lending may yield benefits not only for economic efficiency but also for financial
stability.

Our paper is organized as follows. Section 2 positions our work within the literature on the rela-
tionship between zombie lending and bank performance. Section 3 describes the data, while Section 4
details how we measure zombie prevalence and bank outcomes. Section 5 introduces our econometric
methodology and provides Monte Carlo simulation results on the finite sample performance of our pro-
posed estimators. Our empirical results are presented and discussed in Section 6. Section 7 concludes.
The Appendix provides an analysis of the effect of measurement error in the zombie classification, along
with robustness checks to the empirical results and the formal assumptions underlying our econometric

methodology. The proof of asymptotic validity is presented in the Supplemental Note.

2. Zombie Lending and Bank Capital: A Two-Way Relationship

In this section, we examine the theoretical foundations for bidirectional relationships between bank
capital and zombie prevalence. The literature has extensively documented how bank incentives drive
zombie lending decisions, but the reverse channel remains unexplored. We also review why zombie
prevalence at the industry level, rather than just individual zombie firms, amplifies negative economic

spillovers.

4Any zombie definition that involves interest rates and/or interest payments is prone to measurement error because of the
inability to observe counterfactual interest rates that firms would obtain in the absence of zombie lending practices by banks.

>See Section 2.3 for a discussion of the literature on the adverse real effects of zombie congestion.



4

2.1. Why Banks Engage in Zombie Lending

One of the leading explanations in the literature for why banks keep zombie firms afloat involves
bank capital constraints.® Caballero, Hoshi, and Kashyap (2008) is the first study to put forth the
idea that banks extend zombie lending to avoid writing off existing capital. Bruche and Llobet (2014)
propose a model of "gambling for resurrection", where weakly capitalized banks delay loss recognition by
keeping insolvent borrowers alive rather than realizing immediate losses. This limited liability distortion
is particularly relevant in bank-dependent economies like Spain, where banks know that refusing to
evergreen loans will likely force firms into bankruptcy, while continued lending offers a chance for
recovery.

Policy choices, particularly regulatory forbearance towards banks, can also inadvertently encourage
zombie lending. Acharya, Lenzu, and Wang (2021) note that large negative shocks are increasingly
met with unconventional monetary policy which often involves lenient bank regulation. They show
in a model of heterogeneous firms and banks that such aggressive accommodative measures create
a diabolical sorting where low-capital banks extend loans to low-productivity firms, and that policies
designed to prevent short-term recessions can get stuck into excessive forbearance as zombie firms
crowd out healthier competitors. Acharya, Borchert, Jager, and Steffen (2021) document that during
the 2008-2009 financial crisis, fiscally constrained Eurozone governments "kicked the can down the
road" by providing bank guarantees rather than full recapitalizations, prompting undercapitalized banks

to engage in zombie lending.

2.2. Why Zombies Can Affect Bank Capital

While the literature cited above has focused on how banks’ incentives drive zombie lending, the
reverse relationship—how zombie lending affects bank performance—has received little attention. Yet
this feedback channel is crucial for understanding the true cost of zombie firms.

To visualize how feedback can occur, it is useful to break down a bank’s options once one of its bor-

rowers shows visible signs of financial distress. Table 1 sketches out a simple scenario in which the

SWhile some papers show that zombie lending can occur even when banks are well-capitalized (Hu and Varas, 2021; Faria-e
Castro, Paul, and Sanchez, 2024), or can be perpetrated by non-bank financial institutions (Favara, Minoiu, and Perez-Orive,
2024), these findings are based on evidence from the U.S. In Japan and Europe, on the other hand, zombies are typically tied
to poorly capitalized banks. See Peek and Rosengren (2005) and Giannetti and Simonov (2013) for examples from Japan,
and Blattner, Farinha, and Rebelo (2023) and Acharya, Crosignani, Eisert, and Eufinger (2024) for Europe. The latter study
finds that in Europe, only 32% of zombie firm assets are linked to well-capitalized banks. Given this evidence, we focus on
feedback between banks and zombies through the lens of bank capital.



TABLE 1. Timeline of Bank Balance Sheet Effects

T=0: Firm shows distress signals

Path A: Bank reacts normally

T=1 | Classify as non-performing loan (NPL)
— No immediate balance sheet impact
— Regulatory scrutiny increases

T=2 | Must set aside loan loss provisions (LLP)
— Reduces net income

— Lowers capital ratio, all else equal

— May trigger regulatory action

T=3 | Orderly resolution

— Incur net charge-offs = Loan value - Recovery
— Capital impact partially absorbed by prior provisions

Path B: Bank engages in zombie lending
T=1 | Extend subsidized credit
— Maintains “performing” loan status

— Continues receiving interest income (albeit low)
— Delays loss recognition

T=2 | Minimal/reduced provisioning

— Preserves capital ratio

— But accumulates hidden losses

T=3 | Delayed resolution
— Incur larger net charge-offs (no prior LLP buffer, lower recovery rate)
— Sudden negative capital ratio shock

distressed firm ultimately fails to recover, illustrating how zombie lending can backfire. Path A rep-
resents what a healthy bank would do: promptly classify the loan as non-performing, provision for
expected losses and suffer an immediate capital loss while pursuing orderly resolution. Path B shows
how banks with distorted incentives can postpone loss recognition by maintaining loans as perform-
ing despite clear distress signals. Doing so allows banks to preserve reported capital ratios and avoid
regulatory intervention in the near term, but ultimately exacerbates capital losses if the firm fails to
recover.

Our timeline analysis illustrates how zombie lending can create a negative feedback loop. The accu-
mulation of zombie loans hurts bank capitalization through subsidized rates, delayed loss recognition,
and reduced lending capacity to productive firms. This weaker capitalization then incentivizes more

zombie lending, potentially amplifying the phenomenon.

2.3. Why Zombie Prevalence Matters

Keeping zombie firms afloat can have adverse spillover effects on the rest of the economy by inhibiting
the movement of resources from less productive to more productive uses. These effects become ampli-

fied when zombies cluster within sectors, as their agglomeration creates sclerotic business environments



with high degrees of resource misallocation, which have been shown to contribute to sizable losses in
aggregate productivity (Hsieh and Klenow, 2009; Midrigan and Xu, 2014; Gopinath, Kalemli-Ozcan,
Karabarbounis, and Villegas-Sanchez, 2017).

Caballero, Hoshi, and Kashyap (2008) show that zombie congestion reduces profits for healthy firms
and depresses job creation and productivity in affected industries. More recent papers have found ev-
idence that industries with a high degree of zombie congestion experience reduced levels of economic
activity (Acharya, Eisert, Eufinger, and Hirsch, 2019), productivity-enhancing reallocation (Adalet Mc-
Gowan, Andrews, and Millot, 2018), as well as innovation and R&D intensity (Schmidt, Schneider,
Steffen, and Streitz, 2020). Acharya, Crosignani, Eisert, and Eufinger (2024) further show that indus-
tries with a high degree of zombie prevalence experience lower firm entry and exit, capacity utilization,
and inflation.

These industry-level distortions underscore that zombie prevalence, as opposed to just the presence
of individual zombie firms, is an important driver of macroeconomic outcomes, which is why we use it

as one of our key outcomes of interest.

3. Data

We collect detailed data from Spain between 2005 and 2014 which links narrow sectors of real eco-
nomic activity to the credit institutions providing them with external funding. Our industry-level data
is derived from annual firm-level balance sheets from Bureau van Dijk’s (BvD) Orbis dataset. The cov-
erage of the firm-level data is comprehensive: firms in the sample account for 69-82% of Spanish gross
output in the period 2005-2012 and the share of activity accounted for by small, medium and large firms
closely resembles that observed in aggregate data.” We drop firm-year observations with non-positive
values for total assets, tangible fixed assets, and number of employees as well as entries with negative
liabilities and net worth. We drop firms in the financial sector (NACE Rev. 2 codes 64-66) and only keep
observations for which basic accounting identities are satisfied.® Nominal quantities are deflated using
industry-specific GDP deflators from Eurostat.

In addition to balance sheet characteristics, the firm-level data also contains information on firms’

status of activity in a given year. This is used to determine if and when a firm exits the market, which

’See Kalemli-Ozcan, Sgrensen, Villegas-Sanchez, Volosovych, and Yesiltas (2024). 2006 gross output shares for small (< 19
employees), medium (20—249 employees) and large (> 250 employees) firms are, respectively, (0.22,0.39,0.40) in the Orbis
data and (0.21,0.38,0.41) if the aggregate data from Eurostat.

8The criteria are as in Gopinath, Kalemli-Ozcan, Karabarbounis, and Villegas-Sanchez (2017).



we define as the event in which a firm is being dissolved or is undergoing bankruptcy proceedings.’
We view our definition of exit as conservative because it does not take into account other reasons for
which firms can show up as inactive in the data, which include being part of a "(de-)merger" as well as
"unknown" reasons.

In order to match firms to their banks, we exploit the variable called banker, which reports the names
of up to ten credit institutions with which the firm has a relationship.'” We take the fact that a firm
reports the name of a bank to also mean that the bank lends to the firm, an assumption commonly
made in the literature on firm-bank relationships."" The banker variable does not include a time stamp,
meaning that we cannot determine when a lending relationship started or whether it changed over time.
This shortcoming is mitigated by evidence that lender-borrower relationships tend to be stable over the
business cycle."

We match the bank names reported in the firm-level data with bank financial statements from BvD’s
Bankscope dataset."” We exclude credit institutions specializing in consumer credit, such as credit card
and leasing companies, as well as private security and asset management companies. We construct our
yearly panel of banks so as to maximize both the number of banks and the number of time periods, as
both dimensions are important for our methodology. To do so, we prioritize unconsolidated accounts
over consolidated ones where possible, while making sure to avoid double-counting issues.'* By using
unconsolidated accounts we also avoid the possibility that variation at the individual bank level is lost
at the consolidated level.

After cleaning the firm data according to the procedure outlined above, we are left with over 152, 000
firms operating in 573 four-digit NACE Rev. 2 industries. On the bank side, we have information on
91 banks. The number of cross-sectional units underlying the main results in Section 6 is lower, firstly,
because not all firms are matched to banks covered by our data, and secondly, because our estimation
procedure requires strongly balanced panels. To mitigate the loss of observations, we interpolate gaps

in our bank-level variables of interest of up to one year.

°Note that the timing of firm exit is somewhat imprecise. For most exiting firms there is a gap of several years between the
last valid observation and the year when the status changed to inactive. In those cases, we define the exit year to be the
year immediately following the firm’s last observation. This assumption is also made in other papers looking at firm exit, e.g.
Aghion, Bergeaud, Cette, Lecat, and Maghin (2019).

19This information is included in our firm-level database, but the original source is KOMPASS.

Hgee, for example, Kalemli-Ozcan, Laeven, and Moreno (2022) and Laeven, McAdam, and Popov (2018) who also infer a
lending relationship from the same data source.

2Giannetti and Ongena (2012) look at different vintages of the banker variable and find it to be very persistent. Chodorow-
Reich (2014) finds consistent evidence using different data from the U.S.

13The matching is done based on names for lack of a common identifier in the two data sources.

14We follow the steps outlined in Duprey and Le (2016) to create consistent time series.
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4. Zombie Definitions and Capital Ratios

This section describes the construction of our key variables for analyzing the relationship between
zombie prevalence and bank capital and presents stylized facts on firm characteristics, transition dy-

namics, and bank-firm-industry relationships.

4.1. Measuring Zombie Prevalence

We adopt the zombie definition from Acharya, Crosignani, Eisert, and Eufinger (2024), which cap-
tures two characteristics: financial distress and access to subsidized credit. To be financially distressed,
a firm must have a leverage ratio above the industry median and an interest coverage ratio (ICR) below
the industry median. A firm is considered to receive subsidized credit if it borrows at rates lower than
those of AAA-rated industry peers.

We measure leverage as total debt over total assets, and define the ICR as earnings before interest
and taxes (EBIT) divided by total interest payments. To avoid misclassification, we compare two-year
averages of these ratios to their respective industry medians rather than using single-year values. Since
we do not directly observe individual loan terms or credit ratings, we follow Acharya, Crosignani, Eis-
ert, and Eufinger (2024) in constructing proxies for the interest subsidy component. We infer each
firm’s average interest rate from the ratio of total interest payments to total debt. To establish the AAA
benchmark, we classify firms as AAA-rated when their ICR exceeds 8.5.

The literature has put forth a variety of zombie definitions. Some definitions only include the financial
distress component, in part because the credit subsidy component is harder to measure.'® Even when in-
terest rates are directly observed, banks can show forbearance through other channels, such as extended
amortization schedules or covenant waivers. Recent empirical evidence, however, strongly supports us-
ing both components. Acharya, Crosignani, Eisert, and Steffen (2022) systematically compare various
zombie definitions and document that only those incorporating interest rate subsidies successfully de-
tect economic inefficiencies, such as competitive distortions and credit misallocation. We therefore use

both components in our definition.

LSpor examples of zombie definitions relying on firms’ financial health alone, see Peek and Rosengren (2005), Adalet McGowan,
Andrews, and Millot (2018), Banerjee and Hofmann (2018), Schivardi, Sette, and Tabellini (2020), Bonfim, Cerqueiro, De-
gryse, and Ongena (2023). There are also papers which only use the credit subsidy component: Caballero, Hoshi, and Kashyap
(2008), Giannetti and Simonov (2013).



TABLE 2. Firm characteristics by status

Mean Median

Distressed Distressed

Healthy Non-zombie Zombie Healthy Non-zombie Zombie

(1 (2) (3) ()] ) (6)
Firm age 14.933 14.590 13.613  14.000 13.000 12.000
Total assets (million euro) 3.398 2.581 3.320 0.764 0.725 0.790
Sales (million euro) 2.795 1.813 1.874 0.649 0.531 0.340
Number of employees 17.365 14.330 14.805 6.000 6.000 5.000
Return on assets 0.028 —0.018 —0.019 0.020 0.002 0.000
EBITDA / assets 0.091 0.054 0.028 0.077 0.058 0.033
Leverage ratio 0.216 0.457 0.548 0.161 0.434 0.537
Interest coverage ratio 6.980 0.118 —0.814 2.976 1.025 0.809
Debt service capacity 1.080 0.167 0.063 0.419 0.129 0.060
Interest rate 0.108 0.086 0.031 0.058 0.067 0.030

Firms per year (average) 152,604 38,417 24,390 152,604 38,417 24,390

Notes: This table reports mean and median values of firm characteristics by financial distress and zombie status over the
sample period. Distressed non-zombie firms satisfy the financial distress criteria (two-year average leverage above industry
median and two-year interest coverage ratio below industry median) but do not receive subsidized credit (interest rate below
AAA-rated industry peers). Zombie firms meet both the financial distress and subsidized credit criteria. Total assets and sales
are deflated using Eurostat deflators. Return on assets is net income divided by total assets. EBITDA/assets is earnings before
interest, taxes, depreciation and amortization divided by total assets. Leverage ratio is total debt (loans plus long-term debt)
divided by total assets. Interest coverage ratio is EBIT (earnings before interest and taxes) divided by total interest payments.
Debt service capacity is EBITDA divided by total debt. Interest rate is total interest payments divided by total debt.

Our empirical results reinforce the choice of zombie definition, confirming that financial distress and
interest subsidies capture distinct firm characteristics. Accounting for both dimensions is crucial to
understanding the feedback between banks and zombie prevalence that we document.

While our definition captures the key economic features of zombie lending, measurement challenges
remain. Our zombie prevalence measure is inevitably subject to measurement error due to our inabil-
ity to observe the counterfactual interest payments for firms not receiving zombie credit from banks.
Nevertheless, our definition is designed to be conservative. In Appendix A.1, we show that under mild
conditions, firms classified as zombies are likely to be true zombie firms, though some actual zom-
bie firms may be misclassified as non-zombies. Importantly, Appendix A.1.2 presents conditions under
which we can still identify the sign of the coefficients of zombie prevalence and bank outcomes in our
regression model, despite the presence of measurement error.

Table 2 compares firm characteristics across healthy, financially distressed non-zombie, and zom-
bie firms. Zombie firms are similar to healthy firms in terms of age and total assets, though they are
somewhat smaller in terms of sales and employment. Regarding profitability measures, both zombie

and distressed non-zombie firms show similarly negative average returns on assets, while healthy firms
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TABLE 3. Transition probabilities

Distressed

Healthy ,,; Non-zombie,,; Zombie,; Exit,,,; Total

Healthy , 86.74 6.29 4.02 2.95  100.00

Distressed Non-zombie , 21.56 62.52 10.64 5.28  100.00

Distressed Zombie , 20.24 21.87 53.34 4.54 100.00

Total 67.81 17.98 10.66 3.54 100.00
Distressed

Healthy ,,, Non-zombie,,, Zombie,, Exit,, Total

Healthy , 80.99 10.36 5.78 2.87  100.00

Distressed Non-zombie , 33.31 50.73 11.01 4.95 100.00

Distressed Zombie , 33.43 23.78 38.85 3.94  100.00

Total 67.57 18.77 10.32 3.34  100.00
Distressed

Healthy ,,; Non-zombie,,; Zombie, ; Exit,, Total

Healthy , 78.14 12.75 6.45 2.65  100.00
Distressed Non-zombie , 38.58 46.03 10.93 4.45  100.00
Distressed Zombie , 40.14 24.92 31.61 3.34 100.00
Total 67.30 19.67 10.00 3.03 100.00

Notes: This table reports transition probabilities between firm statuses. Distressed non-zombie firms satisfy the financial dis-
tress criteria (two-year average leverage above industry median and two-year interest coverage ratio below industry median)
but do not receive subsidized credit (interest rate below AAA-rated industry peers). Zombie firms meet both the financial
distress and subsidized credit criteria. Exit means that the firm is dissolved, in bankruptcy or liquidation.

have positive returns. However, zombies generate much lower earnings relative to assets than distressed
non-zombies.

Financial measures show even larger differences. While both zombie and distressed non-zombie firms
have high leverage compared to healthy firms, zombies’ distress is most visible in debt servicing metrics.
Average interest coverage ratios drop significantly from healthy firms (strongly positive) to distressed
non-zombies (barely positive) to zombies (negative). The median zombie firm has an interest coverage
ratio below one, meaning its earnings are insufficient to cover interest expenses, while the median in-
terest coverage ratio for other distressed firms is just above one. Debt service capacity follows a similar
pattern, with zombies showing less than half the capacity of distressed non-zombies. Surprisingly, de-
spite being in the worst financial condition, zombies pay much lower interest rates than both distressed
non-zombies and even healthy firms. These patterns highlight the importance of distinguishing between
different types of distressed firms.

Table 3 shows the transition probabilities between firm statuses for up to three years. Zombie status
is somewhat persistent, with over half of these firms remaining in that category a year later and nearly

40% still classified as zombies after two years. As expected, distressed non-zombie firms are more likely
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TABLE 4. Bank variables

Variable N Mean Std. Dev. P10 P50 P90  Corr. w/ CAPR
Capital ratio (CAPR) 639 0.096 0.055 0.050 0.086 0.138 1.000
Loan loss provisions / gross loans 639 0.011 0.108 0.000 0.006 0.018 —0.024
Deposits & short-term funding /assets 639 0.842 0.098 0.706 0.872 0.911 —0.275"**
Return on average assets 639 0.465 1.138  0.050 0.450 1.050 0.287***
Non-performing loans / gross loans 432 0.037 0.085 —0.012 0.032 0.128 0.023
Tier 1 capital ratio 302 0.123 0.149 0.045 0.107 0.165 0.709*
Net charge-offs / gross loans 245 0.012 0.101 —0.009 0.001 0.017 0.352"*

Notes: This table reports summary statistics and correlations with the capital ratio for bank-level variables. Capital ratio is
total equity divided by total assets. Tier 1 capital ratio is high-quality regulatory capital divided by risk-weighted assets.

to exit than healthy firms at any point in time. Most importantly, zombie firms exhibit lower exit rates
than other distressed firms, which is consistent with the notion that banks keep zombie firms alive
through continued credit provision, hindering market exit. The latter observation is consistent with the
exit patterns documented by Alvarez, Garcia-Posada, and Mayordomo (2023), who also use Spanish

firm-bank data.

From Zombies to Zombie Prevalence. In our empirical analysis in Section 6, we aggregate individual
zombie firms to construct measures of zombie prevalence at both the industry and bank levels. In
addition to equal firm weights, we also employ asset-based weights at the sector level and debt-based
weights at the bank level. The weights are chosen to represent economic importance: at the sector level,
assets capture the relative size of zombies; at the bank level, debt represents the direct channel through

which firms are tied to banks and provides a more accurate measure of bank exposure to zombie firms.

4.2. Capital Ratios and Bank Characteristics

Table 4 presents summary statistics and correlations with the capital ratio for key bank variables.
Our primary bank measure, the capital ratio (total equity divided by total assets), averages 9.6% with
substantial variation across banks. The correlations reveal expected patterns: better-capitalized banks
tend to have higher profitability, as measured by the return on average assets, and lower reliance on
deposits and short-term funding. Although the Tier 1 capital ratio is the primary measure used by
banking regulators for capital adequacy requirements, we use the total capital ratio because it provides

substantially more observations. Reassuringly, the two measures are highly correlated at 70%.
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4.3. Bank-Firm-Industry Relationships

Table 5 summarizes the structure of bank-firm-industry relationships using 2005 data. The last two
columns report average Herfindahl-Hirschman indices (HHI) of concentration calculated individually
for each unit (firm, industry, or bank) and then averaged across all units in each category. The last
column weights relationships by economic importance using bank gross loans for the first two rows and
firm debt for the last two rows.

From the firm perspective, banking relationships are highly concentrated. Firms use very few banks,
averaging just 1.6 relationships with a median of one bank per firm. At the sector level, concentration
is more moderate, with each sector served by an average of 13 banks. The industry-level HHI values of
around 0.2 still indicate meaningful concentration, implying that some sectors are dominated by fewer,
larger banks.

From the bank perspective, banks maintain highly diversified firm portfolios, as evidenced by very
low average HHI values (0.098 unweighted, 0.007 weighted by firm debt). When we weight by firm
debt size, concentration nearly disappears, indicating that bank lending is spread across many borrowers
rather than concentrated in a few large ones. Banks also display broad sectoral coverage, serving 106
sectors on average, with similarly low debt-weighted HHI (0.020) showing that bank lending is well-
diversified across sectors when adjusted by borrower importance.® Looking at the number of firms
per bank, the average bank serves around 2,931 firms, but this distribution is extremely skewed—the
median bank serves only 44 firms while some serve over 52,000.

The fact that a few large banks are connected to many firms—with one bank connected to as many
as 40% of all firms—creates very dense firm-to-bank networks. While handling cross-sectional depen-
dence matters in any network setting, it is particularly important in our firm-to-bank analysis, which
represents our methodological contribution to the literature. The density of these connections means we
cannot reasonably ignore cross-sectional dependence, as standard methods that assume independent
observations would lead to invalid inference. Our empirical approach addresses this by accounting for
network-induced correlations while maintaining good power properties even in the presence of such

dense networks, as we explain in detail in the following section.

6The limited degree of industry specialization by the banks in our sample is worth noting, as recent research has found that
specialized banks are less likely to engage in zombie lending due to the negative congestion externalities that zombie firms
impose on healthy industry peers (De Jonghe, Mulier, and Samarin, 2025).
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TABLE 5. Bank-firm-industry relationships

N Mean P10 P50 P90 Max HHI HHI (w)
Banks per firm 130,460 1.6 1 1 3 8 0.771  0.668
Banks per sector 569 13.2 6 11 23 53 0.194 0.238
Firms per bank 71 2,930.7 3 44 2,433 52,658 0.098 0.007
Sectors per bank 71 105.5 3 32 335 562 0.134  0.020

Notes: This table reports bank-firm relationship patterns using 2005 data. Each row shows the distribution of relationships
from the perspective indicated, with individual HHI values calculated for each unit and then averaged. HHI denotes the
unweighted Herfindahl-Hirschman index. HHI (w) uses the following weights: in the first two rows, banks are weighted by
gross loans to capture lending capacity; in the last two rows, firms/industries are weighted by total debt to capture borrower
importance.

5. Econometric Methodology

This section develops our empirical methodology for estimating bidirectional feedback effects be-
tween zombie prevalence and bank health. We present the econometric specifications, explain our
estimation procedure, and demonstrate through Monte Carlo simulations that our method maintains

good finite sample properties across varying network densities.

5.1. Building an Empirical Model

To investigate the feedback effects between zombie prevalence and bank health, we cannot rely on
a standard linear panel regression framework because network connections between firms and banks
create cross-sectional dependence among outcomes. Two banks’ outcomes can be correlated through
their exposure to common borrowers. Similarly, two firms’ zombie status can be correlated if the firms
borrow from the same bank. The same argument carries over to the industry level: two industries’
shares of zombie firms can be correlated through exposure to common lenders. To address this issue, we
exploit information on firm-bank relationships and construct separate regression models at the industry

and bank levels in a way that takes into account the network dependence in the regressors.

5.1.1. Bank Health to Industry-Level Zombie Prevalence. We consider a zombie indicator Z¢ , for
firm f in year t, and let By, be a bank health measure such as the capital ratio of bank ¢ in year t. For
each firm f, we define the firm-level bank exposure as

Bro=— S By,

Mg, f (ENg ¢
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where N ; is the set of banks connected to firm f and ng ; = |Ng ¢|. We construct industry-level zombie
prevalence as

Zit = Z Zsay,

fE€Ng;

where Np; represents the set of firms in industry i and ay is a firm-specific weight that sums to one
across all firms in industry i. We consider two types of weights: (i) equal weights a; = 1/ng;, where
ng; = |Ng;|, and (ii) asset-based weights, where a; represents the time-averaged asset share of firm f
in industry i.'”

We adopt the following industry-level regression specification:

(5.1) Z, =X

. _
, e T X 01+ 04 B 1 Ty,

i,t—1

where industry-level bank health and control variables are defined, respectively, as

Ei,t—l = Z By —1as and )_(i,t—l = Z X105,
fE€NE; fE€Ng;

and the error term is decomposed as
(5.2) Ui =Ti+ [z + €

The error term (5.2) is decomposed into three terms: r; (industry-specific fixed effects), f;, , (time ef-
fects), and ¢; , (industry-specific idiosyncratic time-varying shocks). Crucially, we allow the idiosyncratic
shocks ¢; , to be correlated across industries through macro-shocks represented by fj,, ;.

We take X; , to be the Herfindahl-Hirschman index of sales concentration in industry i at time t and
Xy, to be the vector of sales growth and return on assets of firm f at time ¢. A priori, higher market
concentration could affect zombie shares either positively, by distorting competition, or negatively, by
favoring large firms with profit margins that make them more resilient to shocks. We expect sales
growth to reduce zombie prevalence, as revenue increases provide firms with buffers that help them
avoid falling behind on loan payments. Finally, we expect return on assets to negatively affect zombie

prevalence, as it is an often-used proxy for firm profitability.

17We use time-averaged weights because the fixed effects panel model relies on within-group variation of outcomes over time,
and time variation in asset sizes can arise for reasons unrelated to the zombie status of the firm.
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TABLE 6. Summary statistics

N Mean  Std. Dew. P10 P50 P90

Panel A: Industry equation

Zombie share 5,121 0.093 0.096 0.000 0.080 0.173
Bank capital ratio 5,121 0.070 0.008 0.061 0.070 0.079
Firm sales growth 5,121 0.000 0.170 —0.175 0.016 0.144
Firm return on assets 5,121 0.023 0.033 —0.009 0.022 0.055
Industry HHI 5,121 0.091 0.147 0.005 0.039 0.225
Panel B: Bank equation

Bank capital ratio 639 0.096 0.055 0.050 0.086 0.138
Zombie firms 639 0.087 0.106 0.000 0.074 0.167
Financially distressed firms 639 0.285 0.199 0.000 0.265 0.500
Firm sales growth 639 —0.022 0.250 —0.194 —0.010 0.145
Firm return on assets 639 0.018 0.028  —0.008 0.015 0.050

Notes: This table shows summary statistics for variables in our industry-level (Panel A) and bank-level (Panel B) regressions,
corresponding to equations (5.1) and (5.4), respectively. Firm-level variables are aggregated to the industry level (Panel
A) and bank level (Panel B) using equal weights. A firm is considered financially distressed if, for the past two years, it
has had above-median leverage and below-median interest coverage ratios. A firm is considered a zombie if it is financially
distressed and receives an interest rate below that of AAA-rated industry peers. Bank capital ratio is total equity divided by
total assets. Firm return on assets is net income divided by total assets. Industry HHI is the Herfindahl-Hirschman index of
sales concentration.

5.1.2. Firm-Level Zombie Prevalence to Bank Health. We first explain how we construct zombie
prevalence at the bank level from firm-level information. It is important to distinguish between the
effect of surviving zombies and those that exit at t + 1, as they affect bank outcomes through different
channels. Exiting firms reduce bank income and, all else equal, bank capital when their unpaid loans
are written off, but this mechanical effect is not our main concern. Instead, we are primarily interested
in whether surviving zombies undermine bank capital through continued underperformance. We define
bank-level zombie exposure from exiting and non-exiting firms as
(5.3) Zyo= >, ZEbyandZy, = . ZMFby,

fENg, fEeNg,
where Ng, denotes the set of firms connected to bank £, and by is a firm-specific weight that sums to one
across all firms connected to bank £. We consider two types of weights: (i) equal weights by = 1/np,
where ng, = [Ng,/|, and (ii) debt-based weights, where b, represents the time-averaged debt share of
firm f among the firms connected to bank £. Then, the total zombie prevalence at the bank level is

given by

= —E —=NE
Ly =2y, tZy,.
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We adopt the following bank-level regression specification:
— ESE NESNE
(5.4) log By, =X€’t_1[51 + 5zb2“_1 +6,, Zyo1 TV

where bank-level control variables are defined as

X1 = Z Xf—1by,

fENgy

and the error term is decomposed as

Vor =T+ fape + M-

The error term is decomposed into three terms: r, (bank-specific fixed effects), f,;, , (time effects), and
M¢,c (bank-specific idiosyncratic time-varying shocks). Similarly to the industry-level specification, we
allow the idiosyncratic shocks 7, , to be correlated across banks through macro-shocks represented by
f zb,t-

We take X ¢ tO be the vector of financial distress indicators, sales growth, and return on assets of
firm f at time t. The financial distress indicator equals one if the firm’s two-year average leverage
ratio is above the industry median and its two-year average interest coverage ratio is below the industry
median. We control for financial distress separately because it is one of the components of our zombie
definition (along with interest rate subsidies) and the two may affect banks differently. The coefficient
on zombie prevalence therefore captures the additional impact of interest rate subsidies. We expect
sales growth and return on assets to positively affect bank health, as growing, profitable firms are less
likely to default and provide banks with stronger loan portfolios.

Table 6 presents summary statistics for the key variables used in our empirical analysis, showing that
zombie firms comprise roughly 9% of firms at both the industry and bank levels, while bank capital
ratios average around 7% and 10% in our industry and bank samples, respectively. Firm-level variables
are averaged using equal weights. Table 13 in the Appendix reports the same statistics using the weights
described above. When using asset-based weights at the industry level, zombie prevalence increases only
slightly while bank capital ratios remain unchanged, suggesting that firms of different sizes are equally
prone to being zombies and borrow from similarly capitalized banks. At the bank level, debt-weighted
zombie exposure nearly doubles from 8.7% to 16.3%, suggesting that zombies, though relatively few,

account for an outsized share of bank credit.
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5.2. Estimation

Our main parameters of interest are §;, in (5.1) and §,, = ((SZE , 5?17'5) in (5.4), which capture the
feedback effects between zombie prevalence and bank health. To estimate these parameters, we use
the Helmert transform of Arellano and Bover (1995) on both regression models in order to eliminate
time and fixed effects from the regressions. We then perform a method-of-moments estimation with an
optimal weighting matrix.

Specifically, foreach t = 1,...,T and s = t,..., T, we define

T—t

ﬁ, ifs=t
hs,t: —t+ 1

ifs=t+1,..,T.

ST -DT—-t+1)

For any (¢, t)-specific variable y, ;, we define yth as

T
. _ 1
V=D s =), Vo= H—Zyz,s-
s=t B e

The transform of (y, ) into ( ye,t)H is called the within-group Helmert transform, which is the within-

group variant of the Helmert transform proposed by Arellano and Bover (1995). For an (i, t)-specific

H

variable x; ;, we define Xy similarly by taking X; to be the within-industry average of x;, i € N;.

We define the parameter vectors
/ / !/ o~/ / /
Ybz = [/515 6p.) and y,p = [ap aq, 5zb]

along with the corresponding regressor vectors

= / —/ —E/ =NE/ _,
Bi) and Wy =X, 1,2, 1,Z,4].

—/

‘/i,t—l = [Xl"t_l)X/

i,t—1°
After the Helmert transform, we can write the regression models in (5.1) and (5.4) as
(5.5) zB =V ve.+ufl, i €Ny, and
H H H
(long,t) = [’t/_]_YZb + v[’tﬁ e € NB,

where N denotes the set of banks and N; the set of industries. We estimate the parameters y,;, and vy,

using method-of-moment estimation with an optimal weighting matrix.
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TABLE 7. Network characteristics

CL1 CL5 CL 10 CL 50
dmx dmn dmx dmn de dmrl dmx dmn

ng =50 Bank 7 218 | 41 730 | 74 1224 | 174 42.76
n; =500 Industry | 11 2.02 | 31 599 | 50 1093 | 50 33.09
ng = 100 Bank 6 200| 29 584 | 70 10.88| 375 50.67
n; =500 Industry | 8 2.01| 27 6.08 | 48 10.96 [ 100 45.51
ng = 200 Bank 8 198 | 25 6.61 | 46 12.10 | 233 55.05
n; =1000 Industry | 12 1.97 | 40 5.85| 72 10.70 | 200 49.17
ng = 500 Bank 9 194 | 38 585 | 79 10.60 | 344 49.36
n; =5000 Industry | 12 1.96 | 45 594 | 91 10.90 | 415 50.43

Notes: This table presents the network characterstics for the simulation study. Networks are generated using the Chung-Lu
configuration model. CL u refers to mean expected degree of u. d,,,, d,,, are realized maximum and mean degree, respectively.
The mean degree vector as input to the configuration model is generated from an exponential distribution with mean u.

While this estimation method is intuitive, the asymptotic validity of this procedure has not been
established in the literature, to the best of our knowledge. In Appendix A.3, we state assumptions and
present a formal asymptotic validity result. Its proof is found in the Supplemental Note.

There are alternative approaches to remove fixed effects, such as within-group transform or first-
differencing. However, the within-group Helmert transform is particularly useful in our setting for two
reasons. First, it allows us to retain the martingale structure of the error terms 7; , and 7, ,, allowing
them to be cross-sectionally correlated through past values of time effects and regressors. Second,
under certain regularity conditions, it allows us to identify the sign of our parameters of interest &y,
and 6, even in the presence of measurement error in the zombie classification, as we explain in detail

in Appendix A.1.2.

5.3. Monte Carlo Simulations

5.3.1. Data Generating Process. Our simulation study adopts the following data generating process.
First, we generate bipartite graphs according to the Chung-Lu configuration model (Chung and Lu,
2002). This allows us to model asymmetric cross-section sizes for simulated bank and industry data. We
consider four configurations of cross-section sizes: (ng,n;) = (50,500), (ng, n;) = (100, 500), (ng,n;) =
(200,1000), and (ng,n;) = (500,5000). For every fixed pair (ng,n;), we generate two CL graphs and
run all simulation specifications given those fixed graphs. Let N; be the resulting in-neighborhood of
cross-sectional unit i. Since our statistical inference is conditioned on the realized graphs, the stochastic
nature of the graph generation is irrelevant both for asymptotic validity and finite sample performance.

The summary statistics of the realized graphs are provided in Table 7.
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TABLE 8. Empirical rejection probabilities under the null hypothesis

CL1 CL5 CL 10 CL 50

T=10 T=20|T=10 T=20|T=10 T=20|T=10 T=20

ng =50 Bank 0.064  0.063 0.073  0.070 0.076  0.077 | 0.077  0.076

n; =500 Industry | 0.048  0.053 0.050  0.052 0.050  0.050 0.057  0.051
ng = 100 Bank 0.048  0.057 0.055 0.067 | 0.059 0.061 0.073  0.076
n; =500 Industry | 0.057  0.057 0.054 0.054 | 0.055 0.052 0.048  0.054
ng = 200 Bank 0.050 0.054 0.055 0.053 0.055  0.056 0.064  0.064
n; =1000 Industry | 0.051  0.050 0.053  0.048 0.054  0.055 0.054  0.049
ng = 500 Bank 0.054 0.05 0.050 0.054 | 0.055 0.051 0.053  0.053
n; =5000 Industry | 0.052  0.055 0.052  0.048 0.049  0.051 0.052  0.055

Notes: This table presents the empirical rejection probability under the null hypothesis that &,,, = &, for h,h’ € {B,I}. All
simulations were run under the nominal level @ = 0.05. The Monte Carlo simulation number was 5,000.

We first generate fixed effects r; ~ N(1,1), r, ~ N(1,1), and time effects f},, , ~ N(1,1), fop, ~
N(1,1) for each unit i representing industries, £ representing banks, and each period 0 < t < T. We
keep these effects fixed across simulation runs. In every simulation run, for each i,t, we generate
a random vector X;, ~ N(1,I), where 1 is the vector of ones with dimension 3 and I the identity
matrix. Analogously, we generate X, , for banks. Letting N;, Ny, be the in-neighborhoods of industries
i and banks ¢, we construct X it = II\llT ZZENi X ¢ as the diffusion-covariates, and analogously for X 0t
When N; = @, we simply set X it = 0. Using outcome variables Z; ,, B, ,, we similarly construct Ei,t =
ﬁ ZéeNi By, and analogously for Z’t. We generate i.i.d. error terms ¢; , ~ N(0,1), n;, ~ N(0, 1) for

each i,/, t. Recall from Section 5.1 that u; , = r; + fp,  + & and vy, = 1y + fop, , + 1y . We set
Zio = Ui, and By o = v o,
as initial outcomes for industries and banks, respectively. For every 1 < t < T, we then generate

Ziy=Xi10q + X109 +Bj10p; +u;,, and

By =Xp—1P1+Xpe—1B1+Zg 10 + Vi

Here 5, 5,, represent the outcome-diffusion parameter from industry to bank and bank to industry,

respectively.

5.3.2. Results. We consider the two-sided testing problem under the null of 5, = &, for h,h’ €
{B,I}. Throughout, we keep all true coefficients &y, Byp, @5 Set to equal (vectors of) 1. We report
empirical rejection probabilities and mean-length of confidence intervals from 5,000 simulations of the

model.
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TABLE 9. Empirical mean length of confidence interval

CL1 CL5 CL 10 CL 50

T=10 T=20|T=10 T=20|T=10 T=20|T=10 T=20

ng =50 Bank 0.100  0.056 0.169  0.095 0.207  0.120 0.364  0.227

n; =500 Industry | 0.031  0.017 0.057  0.033 0.076  0.046 0.169  0.106
ng = 100 Bank 0.069  0.037 0.116  0.066 0.141 0.085 0.251 0.157
n; =500 Industry | 0.032  0.017 0.056  0.032 0.073  0.043 0.150  0.093
ng = 200 Bank 0.048  0.026 0.088 0.054 | 0.117 0.070 0.221 0.137
n; =1000 Industry | 0.021  0.012 0.039  0.023 0.052  0.031 0.105  0.066
ng = 500 Bank 0.027  0.015 0.050  0.030 0.068  0.041 0.137  0.085
n; =5000 Industry | 0.009  0.005 0.016  0.010 0.022  0.013 0.043  0.027

Notes: Average lengths of confidence intervals generated from standard error estimators in the simulations. All simulations
were run under the nominal level a = 0.05. The Monte Carlo simulation number was 5,000.

Table 8 shows the empirical rejection probabilities under nominal level @ = 0.05, across different
settings of the relative sample sizes of ng and n;, the number of the time periods T, and the network
densities. The performance is good even in the setting with a stark asymmetry in (ng, n;). As expected,
as the sample sizes nz and n; increase, the rejection probabilities approach the nominal level. As T
increases, we observe some over-rejection for small cross-section sizes, an issue that is alleviated for
larger cross-sectional sample sizes. Most notably, the finite sample validity shows its robust performance
as network density increases. This suggests that our asymptotic inference performs well with this set of
networks.

Table 9 looks into the mean length of the confidence intervals. As expected, the mean length of the
confidence intervals shrinks as the sample sizes increase both in cross-section and time dimensions. This
suggests that the law of large numbers works in this data generating process and the accuracy of the
estimators improves with the sample sizes. However, we observe that the mean length increases with
density of the networks. Such a reduction in power with denser networks has been observed in the

literature (Kojevnikov, Marmer, and Song, 2021).

6. Empirical Results

Our main results show significant feedback effects between zombie prevalence and bank capitaliza-
tion, pointing to an amplification dynamic between these two phenomena. Specifically, lower bank
capital ratios are linked to a subsequent proliferation of zombie firms in the industries served by these
banks, while at the same time, higher zombie prevalence among bank borrowers is associated with

deteriorating bank capitalization down the line.
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To quantify these effects, we find that a one-percentage-point decrease in the capital ratios of the
banks lending to an industry is coupled with a 3.3-percentage-point increase in the share of zombie
firms within that industry. Conversely, a one-percentage-point increase in the share of zombie bor-
rowers is accompanied by a 3-basis-point decline in a bank’s capital ratio. This is consistent with a
self-reinforcing dynamic where poorly capitalized banks foster zombie proliferation, which then under-
mines bank capital.

To the best of our knowledge, ours is the first paper to provide evidence of significant feedback
from zombie firms to bank capital. This finding is important for two key reasons. First, it identifies a
previously unrecognized channel through which zombie firms can inflict harm: by deteriorating bank
capitalization and, consequently, threatening the stability of the broader banking system. Second, it
shows that zombie lending practices may be costly even from individual banks’ perspectives. While
banks often justify keeping zombie firms afloat to mask the balance sheet impact of impaired borrowers,
our results show that this strategy may at best provide only temporary protection. Eventually, these
practices may result in poorer capital ratios—precisely the outcome banks seek to avoid.

A crucial aspect of our analysis is the careful distinction between the two defining characteristics of
zombie firms: financial distress and access to subsidized borrowing rates. As we explain in detail below,
it is not financial distress alone that harms banks, but rather the combination of distress with interest
rate subsidies that drives the feedback mechanism we document.

In what follows, we examine each of the two directions in the feedback chain and explain them in

detail.

6.1. Effect of Bank Capital on Zombie Prevalence

Our main results on the effect of bank capitalization on industry-level zombie prevalence are shown
in Table 10, which reports estimates from equation (5.1). The dependent variables are industry-level
shares of zombie firms (columns 1-2) and financially distressed firms (columns 3-4).

The first column of Table 10 shows that industries exposed to worse-capitalized banks experience
a significant increase in the share of zombie firms in the following year. The effect is economically
significant: a one-percentage-point decrease in bank capital is associated with a 3.3-percentage-point
increase in zombie prevalence. The negative relationship is maintained when looking at asset-weighted

zombie shares (column 2), albeit to a smaller degree. This finding is in line with much of the literature
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TABLE 10. Effect of bank capital ratios on zombie prevalence

(@D)] (2) (3) @
Zombie Zombie, weighted Distressed Distressed, weighted
Bank capital ratio —3.331* —2.661" —5.727"* —3.545"
(1.321) (1.098) (1.947) (1.281)
Firm sales growth 0.002 0.018 0.000 —0.003
(0.019) (0.019) (0.022) (0.017)
Firm return on assets —0.496** —0.482%* —0.743* —0.475%
(0.129) (0.139) (0.187) (0.131)
Industry HHI 0.444* 0.421* 0.586** 0.462*
(0.195) (0.233) (0.272) (0.279)
Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of industries 569 569 573 573
Number of firms 130,460 130,460 132,932 132,932

Notes: This table shows results from estimating equation (5.1). The dependent variable is the industry-level share of zombie
firms (columns 1-2) or financially distressed firms (columns 3-4). Columns 1 and 3 use equal weights, while columns 2 and
4 use asset weights based on each firm’s average asset size over the sample period. A firm is considered to be financially
distressed if, for the past two years, it has had above-median leverage and below-median interest coverage ratios. A firm is
considered a zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers. All
regressors are industry-level averages using the same weighting scheme as the dependent variable in each column. Bank
capital ratio is computed by first averaging across all lending banks for each firm, then averaging across firms within each
industry. Firm return on assets is the ratio of net income to total assets. Industry HHI is the Herfindahl-Hirschman index of
sales concentration. All regressors are lagged one period. Standard errors in parentheses.

on zombie lending, which often finds that banks struggling to meet capital requirements are more likely
to engage in zombie lending in order to avoid further damage to their balance sheet.

Turning to financial distress, which is a prerequisite for being a zombie, columns 3 and 4 of Table
10 show that it too increases when coupled with poorer bank capitalization. The proliferation in both
zombie firms and financially distressed firms following a deterioration in bank capital could mean that
stressed banks may tighten credit for new borrowers while simultaneously extending favorable terms to
existing problem borrowers to avoid recognizing losses. It is worth noting that the coefficients on bank
capital have smaller magnitudes in the asset-weighted specifications for both zombie prevalence and
financial distress, suggesting that larger firms are somewhat less sensitive to bank capital constraints.

Looking at the other controls, the coefficient on firms’ return on assets is negative across the board,
confirming the intuition that less profitable firms are more likely to be financially distressed in the
future because of their impaired ability to service their debt. Less profitable firms are also more likely
to turn into zombies, which confirms that our zombie definition truly captures firm underperformance.

Market concentration, as measured by the HHI, is positively related to both zombie prevalence and
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TABLE 11. Effect of zombie prevalence on bank capital ratios

(D (2) 3 @
log CAPR log CAPR log CAPR log CAPR
Zombie firms —0.291* —0.068
(0.099) (0.110)
Zombie firms, non-exiting —0.290"* —0.066
(0.100) (0.110)
Zombie firms, exiting —1.671™ —1.761"
(0.829) (0.668)
Financially distressed firms 0.280*" 0.279**
(0.110) (0.110)
Firm sales growth —0.021 —0.021 0.003 0.003
(0.023) (0.023) (0.024) (0.024)
Firm return on assets 0.555 0.555 —0.015 —0.014
(0.594) (0.594) (0.533) (0.533)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log capital ratio, defined as
total equity divided by total assets. All explanatory variables are aggregated at the bank level by averaging across all of the
bank’s borrowers. A firm is considered financially distressed if, for the past two years, it has had above-median leverage and
below-median interest coverage ratios. A firm is considered a zombie if it is financially distressed and receives an interest rate
below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample in
the following period (exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors in
parentheses.

financial distress, possibly indicating that concentrated industries may have fewer competitive pressures

to eliminate weak firms.

6.2. Effect of Zombie Prevalence on Banks

Having provided evidence that poor bank capitalization is tied to increased zombie activity, we now
examine the reverse question: how zombie prevalence affects bank capital ratios. Table 11 presents our
findings on this feedback mechanism, which we obtain from equation (5.4).

Column 1 of Table 11 reports our key finding: an increased share of zombie firms among a bank’s
borrowers is associated with significantly lower capital ratios in the following year. Importantly, this
effect occurs while controlling for the share of financially distressed firms in the bank’s portfolio. The
coefficient on zombie prevalence therefore captures the additional impact of providing interest rate
subsidies to distressed borrowers, beyond the baseline effect of lending to financially constrained firms.

As for the magnitude of the effect, the coefficient on zombie firms implies that a one-percentage-point
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TABLE 12. Effect of zombie prevalence on bank loan loss provision ratios

€Y} ()] (3) C))
log LLPR log LLPR log LLPR  log LLPR
Zombie firms —2.181* —0.155
(1.319) (1.152)
Zombie firms, non-exiting —2.191* —0.160
(1.323) (1.155)
Zombie firms, exiting 6.050 4.765
(3.763) (3.083)
Financially distressed firms 3.028* 3.028**
(1.381) (1.382)
Firm sales growth —0.541 —0.539 —0.116 —0.114
(0.459) (0.458) (0.339) (0.338)
Firm return on assets 9.490 9.490 1.980 1.979
(6.643) (6.644) (5.437) (5.437)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 58 58 58 58
Number of firms 130,383 130,383 130,383 130,383

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the loan loss provision
ratio, defined as loan loss provisions divided by gross loans. All explanatory variables are aggregated at the bank level by
averaging across all of the bank’s borrowers. A firm is considered financially distressed if, for the past two years, it has had
above-median leverage and below-median interest coverage ratios. A firm is considered a zombie if it is financially distressed
and receives an interest rate below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into
those that exit the sample in the following period (exiting) and those that remain (non-exiting). All regressors are lagged one
period. Standard errors in parentheses.

increase in the share of zombie borrowers is coupled with a 3-basis-point reduction in bank capital."
Interestingly, financial distress itself has the opposite effect on bank capital ratios. Banks with higher
exposure to financially distressed borrowers actually experience better capital outcomes, suggesting that
distressed firms without subsidies may trigger better risk management by banks.

Column 2 of Table 11 provides additional insight by separating zombie firms into those that survive
and those that exit in the following period. The detrimental effect of zombies on bank capitalization
is primarily attributable to surviving zombies rather than exiting ones. This distinction is important
because it helps us avoid capturing the mechanical negative impact on bank capital that occurs when
banks must write off unpaid loans from liquidated firms. While the coefficient on exiting zombies
remains significantly negative, as expected from loan write-offs, the effect of non-exiting zombies is
nearly identical to the aggregate zombie effect, suggesting that ongoing zombie relationships are likely

to be the primary source of capital deterioration.

8For the source of this estimate, see Table 27 in the Appendix, where the outcome is the actual capital ratio instead of its
logarithm.
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Columns 3 and 4 of Table 11 show what happens when we remove the explicit control for financial
distress. Without this control, the zombie effect largely disappears, with the exception of exiting zombies
which retain a negative coefficient. This suggests that the two components of zombie status—financial
distress and interest subsidies—have opposing effects on bank outcomes and that financial distress
becomes problematic for banks only when combined with forbearance. Financial distress alone may
actually improve bank health by making banks more prudent, but the combination with subsidized
lending can hurt bank capital.

These results offer a novel insight about zombie lending practices. While keeping zombie firms afloat
may allow banks to postpone recognizing losses in the short run, this strategy can ultimately undermine
bank capital over time. Zombie firms represent a double burden for banks: they have impaired ability
to repay their loans and simultaneously receive artificially low interest rates, both of which act as drags
on bank income and capital.

The opposing effects of financial distress and zombie prevalence on capital ratios highlight the impor-
tance of distinguishing between these two borrower characteristics. To explore the underlying mech-
anism, we examine how these factors affect banks’ loan loss provisioning behavior. Table 12 presents
results from estimating equation (5.4) using loan loss provision ratios as the dependent variable.

The pattern seen in column 1 helps explain the capital ratio results. Banks increase their loan loss
provisions significantly when exposed to higher shares of financially distressed borrowers, consistent
with prudent risk management practices. However, relative to this baseline response to financial distress,
they provision substantially less against zombie firms.

Similar to the capital ratio results, the negative zombie effect on provisioning is driven primarily by
surviving zombies (column 2), with the coefficient on non-exiting zombies being nearly identical to
the aggregate effect. The effect again disappears when financial distress is not explicitly controlled for
(columns 3-4), likely because the positive provisioning response to distress offsets the negative response

to interest subsidies when the two are not separated.

Taking stock. Together, Tables 11 and 12 paint a consistent picture of bank behavior. Banks seem to
respond appropriately to observable financial distress through higher provisioning and better capital
management. However, they appear to turn a blind eye to relationship borrowers who receive prefer-
ential treatment through subsidized rates, treating them as if they were less risky than their financial

fundamentals would suggest.
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These findings reveal two contrasting dynamics in the relationship between bank capital and firm
distress. When banks become worse capitalized, overall financial distress in their portfolios increases,
which appropriately leads banks to set aside more capital as a buffer against losses. This represents a
stabilizing feedback mechanism that helps contain systemic risk.

In contrast, zombie prevalence creates a destabilizing dynamic. Poorer bank capitalization leads
banks to extend subsidized credit to distressed borrowers, fostering zombie firm proliferation. The re-
sulting increase in zombie prevalence subsequently undermines bank capital ratios even further, creating
a vicious cycle that amplifies both bank fragility and economic inefficiency. This destabilizing feedback
loop represents a previously unrecognized channel through which zombie lending can threaten financial
stability.

Our evidence of feedback effects has important implications for zombie lending mitigation. Pol-
icy interventions to reduce zombie lending—whether through improved insolvency regimes (Becker
and Ivashina, 2022; Andrews and Petroulakis, 2019), bankruptcy reforms (Kulkarni, Ritadhi, Vij, and
Waldock, 2025), or direct bank inspections (Passalacqua, Angelini, Lotti, and Soggia, 2021; Bonfim,
Cerqueiro, Degryse, and Ongena, 2023)—may yield even larger benefits than previously thought, as
breaking the zombie-bank feedback loop could prevent the amplification of initial shocks to either bank

or firm health.

6.3. Robustness

This section presents a series of robustness checks to validate our main findings. For brevity, detailed

results are presented in Appendix A.2.

Adding weights to the bank equation. In a first robustness test, we replace the equal firm weights used
in our baseline bank-level aggregation with debt weights when computing bank-level exposures. The
rationale is that banks should be more sensitive to firms that constitute a larger share of their lending
portfolio. We do not use debt weights in our baseline specification because we only observe total firm
debt rather than bank-specific loan amounts, making this measure imprecise for firms borrowing from
multiple banks since we attribute the firm’s total debt to all of its lenders.

Despite this measurement limitation, our results remain very similar under debt weighting, as shown
in Tables 14 and 15. The zombie effect on bank capital ratios persists with similar magnitude and

significance, and the negative provisioning response to zombie firms remains highly significant.
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Varying the zombie definition. Our main results are robust to alternative zombie definitions. We mod-
ify the definition by imposing only the high-leverage criterion as a condition for financial distress, re-
moving the interest coverage ratio requirement. Tables 16-18 present results from our bank-to-zombie
and zombie-to-bank specifications using capital ratios and loan loss provisions as dependent variables,
respectively.

The coefficients remain similar in magnitude and significance to our baseline results. The main
difference appears in the loan loss provision analysis, where the coefficient on financial distress remains
positive but loses statistical significance. This suggests that leverage alone may not constitute a sufficient
red flag for banks to increase provisioning, unlike the combination of high leverage and low interest
coverage ratios used in our main specification.

Importantly, banks still experience better capital outcomes when exposed to highly leveraged firms,
indicating that prudent behavior persists even when not reflected in provisioning decisions. Most cru-
cially, banks continue to provision significantly less against zombie firms, reinforcing that the interest
rate subsidy, rather than just financial distress, is the key driver of banks’ change in behavior.

We also weight firm-level outcomes in the leverage-only bank specification, and results are largely

unchanged (Tables 19 and 20).

No interpolation. As a further robustness check, we exclude banks with any interpolated observations
and retain only those with complete raw data panels. This approach comes at the cost of a reduced
sample size. Tables 21-23 present the results.

The core feedback loop between bank capital and zombie prevalence remains robust: poorly capital-
ized banks continue to engage in zombie lending, and zombie firms continue to undermine bank capital
ratios. However, the loan loss provision results lose statistical significance, which we attribute to the

substantially reduced sample size.

Consolidated accounts. We also examine our results using consolidated bank accounts instead of the
unconsolidated accounts from our baseline specification. We prioritize unconsolidated accounts in our
main analysis to capture maximum variation at the individual bank level, which may be dampened
when aggregating across entities within banking groups. Tables 24-26 show that the core feedback
mechanism between bank capital and zombie prevalence remains robust, but the loan loss provision
mechanism loses statistical significance, likely due to heterogeneity in provisioning behavior across

individual banks being smoothed out in consolidated accounts.
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7. Conclusion

This paper investigates the feedback effects between bank health and the proliferation of zombie
firms using detailed firm-bank matched data from Spain between 2005 and 2014. We develop an em-
pirical methodology in a linear panel regression framework that addresses the inherent cross-sectional
dependence between industry and bank outcomes arising from the network of firm-bank relationships.

Consistent with much of the literature on zombie lending, we find that worse-capitalized banks are
associated with zombie firm proliferation: a one-percentage-point decrease in average bank capital
ratios is linked to a 3.3-percentage-point increase in an industry’s zombie share. Crucially, we find
evidence of a previously undocumented effect in the opposite direction: zombies are also associated
with deteriorating bank capitalization, with a one-percentage-point increase in the share of zombie
borrowers corresponding to a 3-basis-point reduction in bank capital ratios. We link this effect to a
possible mechanism involving banks’ provisioning behavior: while they appear to respond appropriately
to observable financial distress through higher provisioning, they seem to systematically under-provision
against relationship borrowers receiving subsidized rates, allowing hidden losses to accumulate and
ultimately undermine bank capital.

The network structure of bank-firm relationships means that we cannot assume bank and industry
outcomes to be independent and forces us to account for cross-sectional dependence in regressors that
standard panel methods ignore. Our empirical methodology, which exhibits stable finite sample prop-
erties even in the presence of dense networks, provides a framework for future research examining
feedback effects in settings where complex networks between banks and firms pose a challenge for
standard statistical inference.

While previous literature has established that zombies harm the real economy by crowding out
healthy firms and depressing aggregate economic activity, their impact on the banking system itself
has remained unexplored. Our paper fills this gap by showing that zombies can not only emerge from
weak banks, but can also actively hurt bank health, creating a destabilizing cycle. This implies that the
economic costs of zombie lending may go beyond the well-documented real-sector inefficiencies. By
documenting a self-reinforcing dynamic between zombie prevalence and bank fragility, we show that

forbearance lending can also pose a threat to financial stability through the erosion of bank capital.
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Appendix

A.1. Measurement Error Analysis

A.1.1. Measured Zombie Prevalence. Suppose that there are two types of firms, H (healthy firm) and
L (financially distressed firm). For each i € {H, L}, Ry denotes the actual interest payment of a firm of
type f and R}i the counterfactual interest payment of the firm f in a world without zombie lending.
Denote 7; to be the profit of the firm f. Then, the actual interest coverage ratio (ICR) and the
counterfactual interest coverage ratio are defined as follows:
ICR; = g and ICR} = %.
f f
We take ICR as a measure of the financial health of a firm.

As for (a), we define a firm f to be healthy if and only if

«._ Tf
ICR; := = 2 7y,
f
and to be financially distressed if
«._Tf
ICRf = e <7T.
f

In our empirical study, we also consider the leverage ratio as part of the indicator of the financial distress
of a firm. However, the leverage ratio does not involve the interest payment and does not suffer from
the measurement error. For brevity, we omit leverage ratio in this analysis.

As for the subsidized lending, it is natural to define a firm to receive subsidized credit if and only if
r¢ < rf, where r}‘ denotes the counterfactual interest rate without zombie lending and ry the actual
interest rate in the world that allows for zombie lending. Since we do not observe the actual interest

rate, we use the inferred interest rates as follows:

R Ry
rk and ry = )
= Debt; T T Debt,

where Debtf denotes the total debt of firm. We define a firm to receive a subsidized credit if

rp < r;.
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Note that r}" is a counterfactual quantity because the interest payment Rj‘c is a counterfactual interest
payment. We define Z}‘ to be a zombie indicator of firm f: Z}‘ = 1 if the firm f is a zombie firm and
Z;f = 0 otherwise. Then, our considerations so far suggest the following definition: for each firm f,

1 ifICR; <7 and ry <r7,

% _ f f
Zf—

0 otherwise.

We cannot construct the indicator variable Z}‘ using data, because we do not observe the counter-
factual interest payment R; for the financially distressed firms, due the potential presence of zombie
lending. The infeasibility is not due to a particular deficiency in our data. It stems from the counterfac-
tual nature of the zombie definition. To address this issue, we take the inferred interest rate as a proxy
for R} is taken to be

- Ry
ry =ryg = .
L H Deth

As for the ICR, we use ICR in place of ICR* as a proxy as previously. Then, we define a feasible zombie
indicator using this proxy and the redefined 7: for each firm f,
1 lfICRfSTL and re </T'\f,
Zf ==
0 otherwise.
We explore how the proxy Z; is related to the original zombie definition ij. To facilitate the com-

parison, we make the following assumptions.

(A-) Ry =RY,.
(A-ii) R, <R?.

(A-iii) rj; <]

Condition (A-i) says that the actual interest payment of a healthy firm is the same as the counter-
factual interest payment of the same firm, because zombie lending does not affect the healthy firms.
Condition (A-ii) says that the actual interest payment for the financially distressed firms can be lower
than the counterfactual interest payment of the same firm, due to the possible presence of zombie lend-
ing. Condition (A-iii) says that the inferred interest rate for the healthy firm is lower than that for the
financially distressed firm in a counterfactual world without zombie lending.

Then, a simple consequence of the assumptions is that Z; is a conservative proxy for Z;.
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Proposition A.1. Under the assumptions (A-1)-(A-iii), Z; < Z;.
Proof: Note that by Condition (A-ii),
ICR;, > ICR}

On the other hand, by Conditions (A-i) and (A-iii), we have

L Debty;  Debty

* *
g <T;.

Hence, we obtain a desired result. B

A.1.2. Sign Identification with Measurement Error. Suppose that the linear panel regression model
actually suffers from measurement error. In this case, we provide sufficient conditions under which the
probability limits of the least squares estimators identify the sign of the true coefficients in the regression.

First, we consider the regression model for the true zombie prevalence, not the measured zombie

prevalence:

ZF =X

it~

/ *
l.,t_lal + 5bZBi;t_1 + Uijts and

log B, , =)_(;,t_1/31 + 5:b22t—1 + Vi ts
where Z l* . and Zz,t denote the true zombie prevalence at the industry level and bank level respectively.
We focus on the coefficients 6}, and 67, .
The main challenge here is that Z7, and Ez’t are not directly observable. We observe only their
proxies Z; , and Z’t. We will introduce mild conditions under which at least the sign of 67, and 6} are
identified.

For a given time series, say, x,, t = 1,..., T, we introduce its forward average:

Let X be the o-field generated by all X; ,’s, f,; ,’s and f}, ,’s, and fixed effects r;’s and r,’s. We let

1 — — 1 _
=— Zy,and B, =— ) B.,,
t nB; Lt t HIZZ: it

where np denotes the number of the banks and n; the number of the industries. We consider the

N

following three assumptions.
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Assumption A.1. The following inequalities hold for all t = 1,...,T and hold strictly for some t =

1,..,T—1.

@D Var(Zy, —Z, | X)=Cov(Zy, —Z,(Zy —Z )| X).
(i) Var(B; . — B, | X) > Cov(B;, —B,,(B; — B, | X).

(iii) Cov(Zy, —Z, 2y, —Z, | X) = Cov(Zy, —Z,(Zy, — Z, )| X).

Assumption A.1(i) is satisfied if the conditional covariance between Z} .—Z, and Ze’s—fs is dominated
by the conditional variance of ZZ,t — Z,. This condition is plausible because as the time displacement
between the variables becomes wider, their correlation tends to become weaker. Assumption A.1(ii) has
a similar flavor, now in terms of the bank health measures at the industry level. Assumption A.1(iii) says
that the conditional covariance between Zz,t —Z, and ZZ — Z: is weaker than their contemporaneous
covariance between ZJ —Z, and ZZ,r — 7:. This condition seems plausible when the mean-deviated
proxy zombie prevalence Zz,r — Z, is a reasonable proxy for the true zombie prevalence Zzt —7:, and

their across-time covariation gets weaker as their times get more distant.
Assumption A.2. Forallt =2,...,Tand alls > t, COV(Ei’t_l—Et_l, A | X)=0,where A; , =Z' —Z; .

This condition requires that the previous period mean-deviated bank health is uncorrelated with the

current or future period measurement error of zombie prevalence once conditioned on the covariates.

Assumption A.3. Forallt=1,...,T,i=1,...,n;,and £ =1, ..., ng, the following statements hold.

(1) E[ui,t | X]=r; + foze

(ii) E[Ve,r | X]=r, +fzb,t'

Assumption A.3 assumes that the covariates are strictly exogenous in both equations up to additive
time effects and fixed effects.

Now, let us define

Zthz COV(Ze,t—l _Zt—la (long,t)H | X)

T — — and
ZtIZ COV(Zf,t—l - Zt—l) Zé,t—l | X)

52b =

T _ —_
thz COV(Bi,t—l _Bt—1>Zi|:|t | X)

o - e — '
thz COV(Bi,t—l _Bt—liBi,t—l | )

These quantities are probability limits of the method-of-moment estimators from the regression using

proxies Z; , and 7“. The following proposition shows that the sign of 67, is the same as that of &,y,.
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Proposition A.2. (i) Suppose that Assumptions A.1(i)(iii) and A.3 hold. Then,
sign(6;,) = sign(6,5).
(ii) Suppose that Assumptions A.1(ii), A.2 and A.3 hold. Then,
0}, = Ops-

Proof: (i) First, note that the within-group Helmert transform of x; , is written as

T—t
H — —_—
Xt = T—t+ 1(xi,t — X _(Xi,t_xt)A),

n
where X, = 2> x; . Define

- %
A= Z[’t —Zyy-
We write

j—; — J—
logBE,t = XZ,t—lﬁl + ZZ,t—l 5:b + Al,t—l 5:1) + Vg’t.

Hence,
H H
(log By )" = (X et 1)ﬂ1+Zet 15;b+A€t 1950 T Ve

where the superscript “H” denotes the Helmert transform. Note that by Assumption A.3, we have E[ul.Ht

X]1=0and E[vl!"t | X]=0. Hence,

T e —_—
thz Cov(Zy,i1 _Zt—la(IOgBe,t)H | X)
T - S ——
Zt:z Cov(Zy,1—1 —Zi1,2 | X)

Z COV(ZEL' 1_Zt 13 Zt 1|X)

H
Z COV(Zét 1~ Zt—l:Z[’t_l | X)

5zb =

Sk *
- 5zb 5zb

Now, we consider

_ —H _ — — H
COV(Ze,t—l _Zt—lj_Ag’t | X) = COV(Zé,t—l —Z 1, (Ze,t—1 g — 1) | X)
— —  —H
=Cov(Zp1—Zi1Zg g | X)

— — —x
—Cov(Zg e —Zes (Zy, ) | X)),



We conclude that

T - - =k
thz Cov(Zyr1—Z¢1s (Zg’t_l)H | X)

T - S —T
thz Cov(Zy,1— —Zi1Zy | &)

(A]-) 521) = 5:1)

The numerator is written as

T
— — —% —x%
Z \ T_ COV(ZE,t—l —Zq, Zf,t—l —Z | %)
t=2

7 - — =%
—Cov(Zy1—2Z1,(Zy, —Zt_l)A | X)) >0

by Assumption A.1(iii). Similarly, the denominator is written as

T—t — —
T—t+1 (Var(Ze, 1= Zi1 1 %)

M=

,.,
Il
S

_COV(ZE,t—l ~Z, (Zf,t—l —Z 1) X)) >0

by Assumption A.1(i).
Hence, we find that
T - = —%
thz COV(ZZ,t—l —Zi1, (Zg,t_l)H | X)
>0

T — = —H
ZIZZ COV(Ze,t—l _Zt—lJ Zf’[_]_ | X)

In light of (A.1), this shows that
sign(5,p) = sign(5;,).
(ii) Similarly as before, we write
Ziy=X{ a1+ 8By — A Ty,

Hence,

T —_ p—
Zt=2 Cov(B; -1 —B;-1, Zil:lt | X)
T = = =H
Z[:Z COV(Bi,t—l _Bt—lJBl"t_l | X)
T —_ —
D=3 Cov(B; 1 —B,_1,All, | X)

T — - —H :
thz COV(Bi,t—l - Bt—l: Bi,t—l | X)

Ops =

*_
bz
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(Note that under Assumption A.1(ii), the denominator in the last term is positive.) Hence, the desired

result follows by Assumption A.2. &
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A.2. Additional Empirical Results and Robustness

TABLE 13. Summary statistics (weighted variables)

N Mean  Std. Dev. P10 P50 P90

Panel A: Industry equation

Zombie share 5,121 0.101 0.139 0.000 0.062 0.238
Bank capital ratio 5,121 0.070 0.009 0.060 0.070 0.081
Firm sales growth 5,121 0.014 0.220  —0.185 0.025 0.186
Firm return on assets 5,121 0.028 0.049 —0.009 0.027 0.070
Industry HHI 5,121 0.091 0.147 0.005 0.039 0.225
Panel B: Bank equation

Bank capital ratio 639 0.096 0.055 0.050 0.086 0.138
Zombie firms 639 0.163 0.184 0.000 0.120 0.409
Financially distressed firms 639 0.388 0.251 0.000 0.391 0.708
Firm sales growth 639 —0.030 0.389  —0.294 0.000 0.219
Firm return on assets 639 0.015 0.031 —0.010 0.013 0.049

Notes: This table shows summary statistics for variables in our industry-level (Panel A) and bank-level (Panel B) regressions,
corresponding to equations (5.1) and (5.4), respectively. Firm-level variables are aggregated to the industry level using time-
averaged asset weights in Panel A, and to the bank level using time-averaged debt weights in Panel B. A firm is considered
financially distressed if, for the past two years, it has had above-median leverage and below-median interest coverage ratios.
A firm is considered a zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers.
Bank capital ratio is total equity divided by total assets. Firm return on assets is net income divided by total assets. Industry
HHI is the Herfindahl-Hirschman index of sales concentration.
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Weighted bank exposure

TABLE 14. Effect of zombie prevalence on bank capital ratios: Weighted bank exposure

€y} ()] 3) )}
log CAPR log CAPR  log CAPR log CAPR
Zombie firms —0.208** —0.165*
(0.090) (0.089)
Zombie firms, non-exiting —0.208* —0.165*
(0.090) (0.089)
Zombie firms, exiting —0.202 —0.126
(0.176) (0.158)
Financially distressed firms 0.057 0.057
(0.072) (0.072)
Firm sales growth —0.003 —0.003 0.001 0.001
(0.013) (0.013) (0.013) (0.013)
Firm return on assets 0.071 0.071 —0.017 —0.017
(0.466) (0.466) (0.456) (0.456)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log capital ratio, defined as
total equity divided by total assets. All explanatory variables are aggregated at the bank level by averaging across all of the
bank’s borrowers using weights based on each firm’s average debt size over the sample period. A firm is considered financially
distressed if, for the past two years, it has had above-median leverage. A firm is considered a zombie if it is financially distressed
and receives an interest rate below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into
those that exit the sample in the following period (exiting) and those that remain (non-exiting). All regressors are lagged one
period. Standard errors in parentheses.
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TABLE 15. Effect of zombie share on bank loan loss provision ratios: Weighted bank

exposure
€y} ()] (3 @
log LLPR log LLPR log LLPR  log LLPR
Zombie firms —2.038** —0.670
(0.757) (0.785)
Zombie firms, non-exiting —2.038"* —0.671
(0.757) (0.785)
Zombie firms, exiting —2.285* 0.225
(1.286) (1.207)
Financially distressed firms 2.064* 2.064**
(0.708) (0.708)
Firm sales growth —0.142 —0.142 —0.019 —0.019
(0.168) (0.168) (0.129) (0.129)
Firm return on assets 5.255 5.257 2.113 2.104
(4.026) (4.026) (3.724) (3.721)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 58 58 58 58
Number of firms 130,383 130,383 130,383 130,383

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the loan loss provision
ratio, defined as loan loss provisions divided by gross loans. All explanatory variables are aggregated at the bank level by
averaging across all of the bank’s borrowers using weights based on each firm’s average debt size over the sample period. A
firm is considered financially distressed if, for the past two years, it has had above-median leverage. A firm is considered a
zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers. In columns 2 and
4, zombie firms are separated into those that exit the sample in the following period (exiting) and those that remain (non-
exiting). All regressors are lagged one period. Standard errors in parentheses.



Leverage-only zombie definition

TABLE 16. Effect of bank capital ratios on zombie prevalence: Leverage-based zombie

definition
(@D)] (2) (3) @
Zombie Zombie, weighted Distressed Distressed, weighted
Bank capital ratio —3.593" —3.316"* —4.949*** —4.376**
(1.349) (1.250) (1.848) (1.411)
Firm sales growth 0.027 0.030* 0.045* 0.034*
(0.021) (0.016) (0.022) (0.016)
Firm return on assets —0.284* —0.329% —0.202 —0.210*
(0.155) (0.113) (0.181) (0.119)
Industry HHI 0.381* 0.168 0.616** 0.185
(0.216) (0.271) (0.266) (0.296)
Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of industries 569 569 573 573
Number of firms 130,460 130,460 132,932 132,932
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Notes: This table shows results from estimating equation (5.1). The dependent variable is the industry-level share of zombie
firms (columns 1-2) or financially distressed firms (columns 3-4). Columns 1 and 3 use equal weights, while columns 2 and

4 use asset weights based on each firm’s average asset size over the sample period. A firm is considered financially distressed

if, for the past two years, it has had above-median leverage. A firm is considered a zombie if it is financially distressed and
receives an interest rate below that of AAA-rated industry peers. All regressors are industry-level averages using the same
weighting scheme as the dependent variable in each column. Bank capital ratio is computed by first averaging across all
lending banks for each firm, then averaging across firms within each industry. Firm return on assets is the ratio of net income
to total assets. Industry HHI is the Herfindahl-Hirschman index of sales concentration. All regressors are lagged one period.

Standard errors in parentheses.
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TABLE 17. Effect of zombie prevalence on bank capital ratios: Leverage-based zombie

definition
(@] (2) 3 4
log CAPR log CAPR  log CAPR  log CAPR
Zombie firms —0.170** 0.014
(0.082) (0.078)
Zombie firms, non-exiting —0.170* 0.014
(0.082) (0.078)
Zombie firms, exiting —1.323 —1.694*
(1.054) (0.701)
Financially distressed firms 0.348** 0.348*
(0.168) (0.168)
Firm sales growth —0.014 —0.014 0.000 0.000
(0.025) (0.025) (0.025) (0.025)
Firm return on assets 0.178 0.179 —0.014 —0.013
(0.568) (0.568) (0.550) (0.550)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the capital ratio, defined
as total equity divided by total assets. All explanatory variables are aggregated at the bank level by averaging across all of the
bank’s borrowers. A firm is considered financially distressed if, for the past two years, it has had above-median leverage. A
firm is considered a zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers.
In columns 2 and 4, zombie firms are separated into those that exit the sample in the following period (exiting) and those
that remain (non-exiting). All regressors are lagged one period. Standard errors in parentheses.
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TABLE 18. Effect of zombie prevalence on bank loan loss provision ratios: Leverage-
based zombie definition

(@] ()] 3) ()]
log LLPR  log LLPR log LLPR log LLPR
Zombie firms —2.996* —1.839*
(1.766) (0.929)
Zombie firms, non-exiting —2.995* —1.838"
(1.767) (0.929)
Zombie firms, exiting 4.478 1.732
(6.156) (4.317)
Financially distressed firms 2.291 2.293
(2.509) (2.511)
Firm sales growth —0.465 —0.463 —0.219 —0.218
(0.489) (0.488) (0.323) (0.323)
Firm return on assets 5.016 5.016 3.621 3.621
(6.250) (6.251) (5.488) (5.488)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 58 58 58 58
Number of firms 130,383 130,383 130,383 130,383

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the loan loss provision
ratio, defined as loan loss provisions divided by gross loans. All explanatory variables are aggregated at the bank level by
averaging across all of the bank’s borrowers. A firm is considered financially distressed if, for the past two years, it has had
above-median leverage. A firm is considered a zombie if it is financially distressed and receives an interest rate below that
of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample in the following
period (exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors in parentheses.
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Leverage-only definition with debt weights

TABLE 19. Effect of zombie prevalence on bank capital ratios: Leverage-based zombie
definition with debt-weighted bank exposure

(€D} ()] (3) 4
log CAPR log CAPR  log CAPR log CAPR
Zombie firms —0.140*" —0.096
(0.071) (0.071)
Zombie firms, non-exiting —0.140* —0.096
(0.071) (0.071)
Zombie firms, exiting —0.276 —0.218
(0.181) (0.188)
Financially distressed firms 0.090 0.090
(0.120) (0.120)
Firm sales growth —0.006 —0.006 —0.003 —0.003
(0.015) (0.015) (0.019) (0.014)
Firm return on assets 0.162 0.163 0.131 0.132
(0.434) (0.434) (0.443) (0.443)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the capital ratio, defined
as total equity divided by total assets. All explanatory variables are aggregated at the bank level by averaging across all of the
bank’s borrowers using weights based on each firm’s average debt size over the sample period. A firm is considered financially
distressed if, for the past two years, it has had above-median leverage. A firm is considered a zombie if it is financially distressed
and receives an interest rate below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into
those that exit the sample in the following period (exiting) and those that remain (non-exiting). All regressors are lagged one
period. Standard errors in parentheses.
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TABLE 20. Effect of zombie prevalence on bank loan loss provision ratios: Leverage-
based zombie definition with debt-weighted bank exposure

(€Y} (2) 3 (C)]
log LLPR log LLPR log LLPR log LLPR
Zombie firms —2.416"* —1.902*
(0.691) (0.587)
Zombie firms, non-exiting —2.417% —1.902"**
(0.691) (0.587)
Zombie firms, exiting —2.892* —2.143
(1.499) (1.334)
Financially distressed firms 1.002 1.001
(0.840) (0.840)
Firm sales growth —0.124 —0.124 —0.090 —0.090
(0.126) (0.126) (0.123) (0.123)
Firm return on assets 3.203 3.207 2.876 2.879
(3.990) (3.989) (3.897) (3.896)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 58 58 58 58
Number of firms 130,383 130,383 130,383 130,383

Notes: This table shows results from estimating equation (5.4). The dependent variable is the log of the loan loss provision
ratio, defined as loan loss provisions divided by gross loans. All explanatory variables are aggregated at the bank level by
averaging across all of the bank’s borrowers using weights based on each firm’s average debt size over the sample period. A
firm is considered financially distressed if, for the past two years, it has had above-median leverage. A firm is considered a
zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers. In columns 2 and
4, zombie firms are separated into those that exit the sample in the following period (exiting) and those that remain (non-
exiting). All regressors are lagged one period. Standard errors in parentheses.



46

No interpolation

TABLE 21. Effect of bank capital ratios on zombie prevalence: No interpolation

(@D)] (2) (3) @
Zombie Zombie, weighted Distressed Distressed, weighted
Bank capital ratio —3.316™ —2.681* —5.678"* —3.596"
(1.322) (1.100) (1.963) (1.301)
Firm sales growth 0.002 0.018 0.001 —0.002
(0.019) (0.014) (0.022) (0.017)
Firm return on assets —0.498** —0.484* —0.744** —0.476%
(0.124) (0.139) (0.187) (0.131)
Industry HHI 0.442** 0.421* 0.595** 0.463*
(0.195) (0.233) (0.270) (0.278)
Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of industries 569 569 573 573
Number of firms 130,188 130,188 132,653 132,653

Notes: This table shows results from estimating equation (5.1) using only banks with complete raw data panels, excluding
any observations with interpolated values. The dependent variable is the industry-level share of zombie firms (columns 1-2)
or financially distressed firms (columns 3-4). Columns 1 and 3 use equal weights, while columns 2 and 4 use asset weights
based on each firm’s average asset size over the sample period. A firm is considered financially distressed if, for the past two
years, it has had above-median leverage and below-median interest coverage ratios. A firm is considered a zombie if it is
financially distressed and receives an interest rate below that of AAA-rated industry peers. All regressors are industry-level
averages using the same weighting scheme as the dependent variable in each column. Bank capital ratio is computed by first
averaging across all lending banks for each firm, then averaging across firms within each industry. Firm return on assets is the
ratio of net income to total assets. Industry HHI is the Herfindahl-Hirschman index of sales concentration. All regressors are

lagged one period. Standard errors in parentheses.
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TABLE 22. Effect of zombie prevalence on bank capital ratios: No interpolation

(@] (2) 3 ()]
log CAPR log CAPR log CAPR log CAPR
Zombie firms —0.240* —0.008
(0.096) (0.097)
Zombie firms, non-exiting —0.239* —0.007
(0.096) (0.098)
Zombie firms, exiting —2.524" —2.4127
(0.481) (0.457)
Financially distressed firms 0.291** 0.291*
(0.118) (0.118)
Firm sales growth —0.016 —0.015 0.003 0.003
(0.026) (0.026) (0.028) (0.028)
Firm return on assets 1.005% 1.003* 0.367 0.365
(0.597) (0.597) (0.571) (0.571)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 60 60 60 60
Number of firms 130,188 130,188 130,188 130,188

Notes: This table shows results from estimating equation (5.4) using only banks with complete raw data panels, excluding any
observations with interpolated values. The dependent variable is the log of the capital ratio, defined as total equity divided
by total assets. All explanatory variables are aggregated at the bank level by averaging across all of the bank’s borrowers.
A firm is considered financially distressed if, for the past two years, it has had above-median leverage and below-median
interest coverage ratios. A firm is considered a zombie if it is financially distressed and receives an interest rate below that
of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample in the following
period (exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors in parentheses.
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TABLE 23. Effect of zombie prevalence on bank loan loss provision ratios: No interpo-

lation
€Y} ()] (3) C))
log LLPR log LLPR log LLPR  log LLPR
Zombie firms —4.100 —0.672
(2.678) (2.062)
Zombie firms, non-exiting —4.111 —0.678
(2.685) (2.069)
Zombie firms, exiting 1.774 3.184
(3.688) (3.813)
Financially distressed firms 4.710** 4.707**
(2.395) (2.395)
Firm sales growth —1.768 —1.771 —0.432 —0.435
(1.397) (1.398) (0.868) (0.869)
Firm return on assets 13.483 13.500 5.378 5.392
(8.468) (8.471) (6.458) (6.454)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 44 44 44 44
Number of firms 123,451 123,451 123,451 123,451

Notes: This table shows results from estimating equation (5.4) using only banks with complete raw data panels, excluding
any observations with interpolated values. The dependent variable is the log of the loan loss provision ratio, defined as loan
loss provisions divided by gross loans. All explanatory variables are aggregated at the bank level by averaging across all of
the bank’s borrowers. A firm is considered financially distressed if, for the past two years, it has had above-median leverage
and below-median interest coverage ratios. A firm is considered a zombie if it is financially distressed and receives an interest
rate below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample
in the following period (exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors
in parentheses.
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TABLE 24. Effect of bank capital ratios on zombie prevalence: Consolidated accounts

1) 2 (3) @
Zombie Zombie, weighted Distressed Distressed, weighted
Bank capital ratio —1.960* —1.109 —2.102* —0.643
(1.134) (0.927) (1.264) (1.184)
Firm sales growth 0.001 0.017 0.003 —0.002
(0.018) (0.0149) (0.021) (0.017)
Firm return on assets —0.538** —0.495% —0.808** —0.477*
(0.132) (0.136) (0.199) (0.133)
Industry HHI 0.445* 0.418* 0.589** 0.462
(0.201) (0.235) (0.284) (0.282)
Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of industries 569 569 573 573
Number of firms 130,460 130,460 132,932 132,932

Notes: This table shows results from estimating equation (5.1) using consolidated bank accounts instead of unconsolidated
accounts. The dependent variable is the industry-level share of zombie firms (columns 1-2) or financially distressed firms
(columns 3-4). Columns 1 and 3 use equal weights, while columns 2 and 4 use asset weights based on each firm’s average
asset size over the sample period. A firm is considered financially distressed if, for the past two years, it has had above-median
leverage and below-median interest coverage ratios. A firm is considered a zombie if it is financially distressed and receives
an interest rate below that of AAA-rated industry peers. All regressors are industry-level averages using the same weighting
scheme as the dependent variable in each column. Bank capital ratio is computed by first averaging across all lending banks
for each firm, then averaging across firms within each industry. Firm return on assets is the ratio of net income to total assets.
Industry HHI is the Herfindahl-Hirschman index of sales concentration. All regressors are lagged one period. Standard errors
in parentheses.
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TABLE 25. Effect of zombie prevalence on bank capital ratios: Consolidated accounts

(D (2) (3 (C)]
log CAPR log CAPR log CAPR log CAPR
Zombie firms —0.295% —0.074
(0.100) (0.109)
Zombie firms, non-exiting —0.294" —0.073
(0.100) (0.110)
Zombie firms, exiting —2.064" —2.153"
(0.581) (0.517)
Financially distressed firms 0.276** 0.277**
(0.109) (0.109)
Firm sales growth —0.021 —0.020 0.003 0.003
(0.023) (0.023) (0.024) (0.024)
Firm return on assets 0.570 0.570 0.006 0.006
(0.588) (0.588) (0.528) (0.528)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4) using consolidated bank accounts instead of unconsolidated
accounts. The dependent variable is the log of the capital ratio, defined as total equity divided by total assets. All explanatory
variables are aggregated at the bank level by averaging across all of the bank’s borrowers. A firm is considered financially
distressed if, for the past two years, it has had above-median leverage and below-median interest coverage ratios. A firm
is considered a zombie if it is financially distressed and receives an interest rate below that of AAA-rated industry peers. In
columns 2 and 4, zombie firms are separated into those that exit the sample in the following period (exiting) and those that
remain (non-exiting). All regressors are lagged one period. Standard errors in parentheses.



TABLE 26. Effect of zombie prevalence on bank loan loss provision ratios: Consolidated

accounts

€Y} ()] (3) C))
log LLPR log LLPR log LLPR  log LLPR
Zombie firms —2.019 —0.049
(1.309) (1.146)
Zombie firms, non-exiting —2.027 —0.054
(1.313) (1.149)
Zombie firms, exiting 5.236* 3.986
(3.090) (3.369)
Financially distressed firms 2.943* 2.943**
(1.374) (1.373)
Firm sales growth —0.514 —0.516 —0.101 —0.102
(0.447) (0.447) (0.331) (0.331)
Firm return on assets 9.686 9.686 2.386 2.387
(6.576) (6.576) (5.397) (5.397)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 58 58 58 58
Number of firms 130,383 130,383 130,383 130,383
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Notes: This table shows results from estimating equation (5.4) using consolidated bank accounts instead of unconsolidated
accounts. The dependent variable is the log of the loan loss provision ratio, defined as loan loss provisions divided by gross
loans. All explanatory variables are aggregated at the bank level by averaging across all of the bank’s borrowers. A firm
is considered financially distressed if, for the past two years, it has had above-median leverage and below-median interest
coverage ratios. A firm is considered a zombie if it is financially distressed and receives an interest rate below that of AAA-
rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample in the following period

(exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors in parentheses.
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No log transformation

TABLE 27. Effect of zombie prevalence on bank capital ratios

(D (2) (3 @
CAPR CAPR CAPR CAPR
Zombie firms —0.030** —0.015
(0.009) (0.011)
Zombie firms, non-exiting —0.030"* —0.015
(0.009) (0.011)
Zombie firms, exiting —0.162* —0.168"*
(0.069) (0.057)
Financially distressed firms 0.019 0.019
(0.013) (0.013)
Firm sales growth 0.002 0.002 0.004 0.004
(0.005) (0.005) (0.005) (0.005)
Firm return on assets 0.051 0.051 0.011 0.011
(0.073) (0.073) (0.071) (0.071)
Bank fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Number of banks 71 71 71 71
Number of firms 130,460 130,460 130,460 130,460

Notes: This table shows results from estimating equation (5.4). The dependent variable is the capital ratio, defined as total
equity divided by total assets.All explanatory variables are aggregated at the bank level by averaging across all of the bank’s
borrowers. A firm is considered financially distressed if, for the past two years, it has had above-median leverage and below-
median interest coverage ratios. A firm is considered a zombie if it is financially distressed and receives an interest rate
below that of AAA-rated industry peers. In columns 2 and 4, zombie firms are separated into those that exit the sample in
the following period (exiting) and those that remain (non-exiting). All regressors are lagged one period. Standard errors in

parentheses.
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A.3. Asymptotic Inference

A.3.1. Estimation and Inference. Let us explain the estimation procedure. We first obtain consistent
estimators of y;, and v,;. Then, using these estimators, we form an optimal weighting matrix to con-

struct the main estimators of y;, and y,;. Define

. H

t=2{eNg

M,y = - (T_UZZ(WM 1 — W 1)(logBg, )",

t=2(eNg

where W,_; = % ZZGNB W, (—1. We also define
_ NN RN
Yzb = (M]:VMW) MJVMwb-

Similarly, we let 7, = (M;Mv) M MVZ, where we use V;,_; instead of W, ,_; and Z; , instead of

log By ;, that is,

Mv nI(T—l)ZZ(Vlt 1™ t 1) 1and

t=21i€eN;

Mvz: TlI(T— )ZZ(VM 1 t 1)th 1°

t=2i€eN;

with V,_; = 1 ien, Vit—1- This gives us the first step estimators 7,3 and 7y,.

Now we explain asymptotic inference. First, we construct

T T
. 1 T \oH . 1 T yaH
Vet = 77 Z(Wf,t—l —Wer)Vpp and Yy, = Z(Vi,t—l — V)i,
=2 =2
where ¥ v = (log B, )M — “ (7= and 1 u = Zl.H VH' " |¥bs- Define

Z Papehry and Qp, = — Z Pia i P

ZeN 1€N,

Using this, we construct second step estimators as follows:
— (o=l Yo 61w
b= (M QM) MO, and

ANoa 1 =1 A, A 1A
bz=(M£szle) M;szlez
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Below, we show that under the regularity assumptions,

Vv nB(}A/zb - Yzb) —4q N(O; z:zb): and

\/n_l(?bz - sz) —d N(O: sz):

where %, = (Mv/sz_blMW)_l and %, = (M;Q;;Mv)_l and M,,, M,,, Q,; and Qp, are probability limits
of M,,, M,, €., and €2,,. Thus, in order to implement asymptotic inference, we estimate these asymp-

totic variances %,;, and X, as
& (s A—1xy V-1 & (s A—1 e 1
S = (MLSOML,) " and 3, = (MIQ,2ML,)
Using these estimators, we construct standard errors in a standard manner.

A.3.2. Asymptotic Theory. For brevity, we focus on the asymptotic normality of /fiz(7,5 — Y55) only.

That of \/n;(Yp, — v»,) can be dealt with similarly. For each time t > 1, we define the o-field
Fra=0Wy,f,1),

_ —1 _ . _ n _ n .
where Wt—l - (I/Vs)st:p and ft - (sz,s:fzb,s)ﬁ:p with Wt—l - (Wl,t—l)gil and r = (ré)gi1 is the
collection of all fixed effects. We set Fy = o (f,1).

We denote the conditional expectation, variance, and covariance given F,_; by E,_;, Var,_;, and

Cov,_;. The first set of assumptions is concerned with the error terms 7, ;.

Assumption A.4. For each t =2,..., T, the following statements hold.
(i) n,,’s are conditionally independent across £ € N given F,_;.
(i) E,_1[n¢,]=0for all £ € Np.
(iii) There exists C > 0 such that for all ng > 1, max,ey, Et_l[n?’t] <C.

(iv) 02, :==E,_1[n7 ] is identical across £ € Np, and as ny — 00,

2 2
0,0 —p 0,

for some random variable af > 0 which is Fy-measurable.
Assumption A.4(i) says that once we condition on F,_;, 1,,’s do not exhibit any cross-sectional de-

pendence. Hence the errors can still be cross-sectionally correlated through the variables contained in

Fi_1. Assumption A.4(iii) requires a conditional fourth moment condition for the errors, uniformly over
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{ € Ng. Assumption A.4(iv) allows for conditional heteroskedasticity for 1, ., only if the heteroskedas-
ticity arises through the conditioning variables in F,_;.
The assumption below is a condition that requires the networks between the banks and the firms to

be sparse enough.

Assumption A.5. For any k,m = 1,...,dy, and s,s’,s”,t,t',t” = 2,...,T, with h,h’,h” = 2,..., T such
that h < min{s, t}, i’ < min{s,s’, t,t’} and h”/ < min{s,s’,s”, t,t’,t”}, we have

e Z Z COVh Wl tk’Wé’sm) OP(l)

np €eNB {’eNp

Z Z Covy, (We,t,kWZ,ﬂ,k’WZ’,s,mWZ/,sgm) = 0p(1), and
"B e iren,

Z Z COVh//( W2 Wi e iWi o o0 WE s Wi gy Wi, ):op(1), as ny — 00,
B (’ENg § i’eNg

where W, , ; denotes the j-th entry of W, ;, and dy, denotes the dimension of W ;.

Note that W, , involves the bank-level zombie prevalence measures Ee,p As there are firms that are
connected with multiple banks, W, , naturally exhibits cross-sectional dependence across the banks.
While Assumption A.5 allows for such presence of cross-sectional dependence, it restricts that for each
t, the cross-sectional dependence is not too extensive among the banks, once conditioned on F,_;.

The fourth assumption is concerned with the limit of the components in the conditional variance of

the estimator 7,;. Define

S S
g =D hy (W — W) and Wy, = > hy (Wp, — B [W, ),
t=2 t=2

and
(A.2) Mn,w = Z Z E,_ 2[ £,s—1 Z/s]’ and
s=2 Np LeNg
1 o v _
Q= E,_, a WEs 1W€s 1|, foreachs=2,..,T,
np {eNg

where we recall aﬁ’ = s—l[n?,s]‘ As for M, ,, and Q, ;, we make the following assumption.

Assumption A.6. Fors =1,..., T, the following holds.
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(i) There exist ¢ > 0 and ny > 1 such that for all ng > ny,
/
mm( ZES 2[ 05— 1W€*s 1])>C’
ZEN

where A,;,(A) for any symmetric matrix A denotes the minimum eigenvalue of A.

(ii) There exist F,-measurable random matrices M,, and £ such that as ng — 00,
M,,—M,, —p0and Q, ;—Q; —p 0,
where M/ M,, and € are nonsingular.

Assumption A.6 requires that the “effective instrumental variables”, W;* are not redundant for

51’
large enough sample size. While the convergence assumption (ii) may be replaced by some lower level
conditions, it appears that given the heterogeneity of conditional distributions, such convergence is nec-
essary for the asymptotic validity of the inference procedure. Such an assumption has often been used
in the literature in developing asymptotic theory with heterogeneously distributed random variables.

(For example, see Assumption EX of Kuersteiner and Prucha (2020).)

Lastly, we introduce conditions that control the conditional moments of the data.

Assumption A.7. There exist C > 0 and ny = 1 such that for all ng > n,,

Z D Ea[IW, slll]<CandZ SR (W] <

s=2 BZEN s=2 BZGN

Under these assumptions, we can obtain the asymptotic normality for the estimator 7,; as follows:

Theorem A.1. Suppose that Assumptions A.4-A.7 hold. Then, as ng — 00,

\/n_B (Yzb Yzb) —d N(O: I))

where I denotes the identity matrix.
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FEEDBACK EFFECTS”

Clemens Possnig'’?, Andreea Rotirescu?’, and Kyungchul Song?!

In this supplemental note, we provide the proof of Theorem A.1. Throughout the supplemental note,

we assume that the assumptions in the theorem hold. Recall the definitions in the appendix of the

paper:
S . s .
Wes = Zhs,f(we’f —W,)and Wf*,s = Zhs,t(wf,t —E4[W.]),
t=2 =
and
1
(B.3) n_z [ f “],and
eNg

|b—\ ||M~1
[\%)

Z [o We*s 1W£*; 1] foreachs=2,..., T,
€Ny

where o2 = E[nis | F._1]. We define

1

(B.4) E,=——
‘/_ {eNg

W*S 1T]Z S

Lemma B.1. As ny — oo, ,/iizU,, = Zstz & +op(1).

Proof: Define

Uy, = Zh” Z(We,f—Wf)(w,s—vs).

feNB
We write
T 1 T T o
(BS) RVALY:) Uzb = 4/ Np Z UZb,t = — Z Z hs,t Z (Wf,t — Wt)(vz,s _Vs)
t=2 VB 5o 5=t (eN,
L1
Z — 2 (W — Wr)z hg ((ngs +1— (s +7)),
t= L: LEN, s=t

&

19Department of Economics, University of Waterloo
2ODepartment of Economics, Wake Forest University
2lyancouver School of Economics, University of British Columbia



where

st, andr——Zre

ng LENg np LEeNg

The last term on the right-hand side of (B.5) is equal to

T
Z Z (We,e =W ) D (ngs+10),

t=2 éeNB

due to the mean deviation W , — W,. By the definition of hs ¢, we have ZsT:t h, ; = 0, and hence the

last sum is equal to

ZZ(WM W)Zhsfms Z ZZMWM W ong

leN t=2 leN t=2
T
=D &+
s=2
where
T 1 S
Ag=>— h ((Bea[W 1= W ).
s=2 V"B ey, t=2
Note that

T
A, —Z(Et W 1-W)D hy, Z Nes = 0p(1),

€eN

because foreacht =2,..., T,

Mes =0p(1) and E,_ W 1—=W, =0p(1),
‘/_KEN

by Assumptions A.4 and A.5. Thus, the desired result follows. B

Lemma B.2. Foreachs =2,...,T, as ng — 09,

ni Z (We,s—l W/, —E. [Wzs—1We/,sD —p 0.
B {eNg



Proof: We first write

1 . . s—1 1 - o
(B.6) — Z (Wz,s—l - Wefs_l) Wg/,s = — ho (B 1 [W,]— W)W,
np LeN, =2 "B {eNp
s—1
= > h (B [W ]-W )— D W/ =o0p(1),
t=2

EeN
because for eachs,t =2,...,T,

= W, = 0p(1) and By [W, ]~ W, = 0p(1),
e {ENg

by Assumption A.5.

Now, note that

Es—Z[ 1331 ] ZhstEs ZI:(WZt th]) ]

Hence,
1 Y / /
Tl_ (WZS—IWLS —E» [Wl*s IWZ s])
B {eNg
S
1 — _
= hoe >, ((We B [W DW/ — B, [ (We, —Ea[W W, ])
=2 B geny
S S
= hs,tAln,s,t + Z hs,tA2n,s,t:
t=2 t=2
where

A == > (W Wi, — ey [ Wi, w7, ]) and

B {ENg

AZn,s,t = ni Z (Et—l [Wt]wg/’s —E, 5 [Et—l [Wt]we/,s]) .

B {eNg

By Assumption A.5, it is not hard to see that A, , = 0p(1). As for Ay, ; ,, we write its (j, m)-th entry as

(B.7) - Z Z t— 1[W£’ t,j Wls m — Es—2 [Et—l[WZ’,t,j]WZ,s,m])

B ZeNB 0'ENg

= Z Z WE’ t]WZs m Es—z [WE’,t,jWK,s,m])

nB EENB {’eNg

- T Z Z ((WZ’ t,j t 1[W€’,t,j])W€,s,m _Es—2 [(WZ’,t,j - Et—l[WK’,t,j])Wl,s,mD .

B {eNg ’eNg
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The first term on the right hand side is written as

) Z Z W(’ t]WEs m Es—2 [Wf/,t,jwl,s,m:l)

B leNB 0Ny

=3 Z Z (WZ’ t]W£s m Es—l [WZ’,t,jWK,s,m:l)

B EENB {’eNg

+_ Z Z Es 1 Wf’t]WEsm Es—2 I:WZ’,t,jWE,s,m]:l'

B {eNg {'eNg
By Assumption A.5, both terms on the right hand side can be shown to be 0p(1). Similarly, using Assump-

tion A.5, again, we can show that the last term in (B.7) is 0p(1). As the arguments are straightforward

and tedious, we omit the details. We conclude that

w

1 (W* e”s]) = op(1).

/ A7*
n £,s—1 WE,s —E;_» I:W
B {eNg

£,s—1
Combined with (B.6), this delivers the desired result. &

Lemma B.3. As ng — 0o, M, —M,,, —p 0.

Proof: First we write

M'ﬂ

niz (W1 =W 1)WH/ Z ZWZS W,

t=2 B eNy s=2 "B (N,

Then, foreachs =2,...,T

5 ooy 5

_ZWZSI ZEszl: ls—1 €5]+0P(1)
"B (eN,; B geny

by Lemma B.2. This gives the desired result. B

Define
~ 1 o
(B.8) Qps=— 02 W,Z*S 1Wes ,» foreachs =2,..., T, and
np {eNg
T
Qn = Z Qn,s
s=2

and Q,, ; is defined in (B.3).



Lemma B.4. Foreachs=2,...,T,
Qn,s - Qn,s —p 0;

as ng — 0.

Proof: It suffices to show that as ng — o0,

ni (W WZ*; 1 Es—2 I:Wés 1Wg*; 1]) —p 0.
B feny

The result follows from Assumption A.5, similarly as in the proof of Lemma B.2. Details are omitted for

brevity. B

Lemma B.5. As ng — 09,
?zb —Yzb 7P 0.
Proof: We first show that U,, = op(1). By Lemma B.1,
T
vnpUyp = Z gs + OP(l)-
s=2

Note that

Zvar(§s|]:s 1)_2 ZO (s 1W(*; 1

s=2 np {eNg

T T
=2 ni DB [0 Wy Wy, ]+ op(1) = D9, +0p(D),
§=2 €Np s=2

by following the same arguments as in the proof of Lemma B.2 and Assumptions A.4 and A.6. By

Assumption A.7, we have

T
E[ZVar(és | fs_l)] =0(1),

s=2

asng — 00. Since E,_;[£,]=0, foreachs =2,...,T, £, = 0p(1), as ng — 0o. We conclude that

U, = Op(nz"/*) = 0p(1).



Hence

~ A A —1 A A
(B.9) Yzb —Vab = (M]:VMW) M]:VUzb
/ -1 ;7N
= (MTI,WMH,W) Mn,wUZb + OP(l) = OP(]-):

by Lemma B.3 and Assumption A.6(ii). B
Lemma B.6. {1,, —Q, —p 0, as ng — 00.

Proof: Let A, =7, — Yzp- Since f/th — VHt —wh" 185, We write

T T
1 ETYa JAT A A
Oy =22 — > Wema =Wt ) Weoma =W ) 9790
=2 t'=2 "'B (N,
L
=ZZ_ (W[t 1_Wt 1)(W€t/ 1_Wt/ 1) V@tvet/-i_RnJ
(=2 /=2 B LEN

where

T T dw dw ,
= Z Z Z Z Azb,j ( Z 0,t—1,j Wl,t—l _Wt—l) (We,v—l _Wt’—l) ng,-ltz_l

By €N

t=2t'=2j'=1 IZGN

with Wé':'t_l,j denoting the j-th entry of WZ':'t_l and similarly with A, ;. Note that

T T
:ZZTSB ZW“ LJWls 1W 05— Wis—1,jv

s=25'=2 {ENg
T /
Z (Z Wls 1,]Wls 1) (Z Wi,s—l,j’Wl,s—l) .
"B (N, s=2

By Cauchy-Schwarz inequality, we bound the (m, m’)-th entry of the last term by

B peny \s=2 B (eN, \s=2

T 2 T 2
ni Z (Z We,s—1,jWe,s—1,m) X ni Z (Z Wg’s_l’jW[’S_l’m/) 5

1) Asb,jr

T
- ZZ Z Z V[ t ( Z (Wl,t—l _Wt—l) (Wé,t’—l _Wt’—l)/ Wﬂ/_l,j/) Azb,j’)



where Wg’s_l’m denotes the m-th entry of We,s—l- We write

2
- Z (ZWZS 1,]W€s 1m) < Tr;l Z Zwlz,s—l,jwfz,s—l,m‘

np {eNg {eNg s=2

Using Assumption A.5 and following the same arguments as in the proof of Lemma B.2,

T
ZZ {,s—1,m és 1] ZZES Z[W[*SZ 1mW525 1J]+OP(1)

BZGN s=2 éeN s=2
T
< STE L (Wl x ZES 2 [V 114] + 0 (D).
s—2 \ "B £eNg B yeng

By Assumption A.7, we find that

1

WIZHt 1J(W13,t—1 t— 1)(W£ t'— _Wt’ 1) ft’ 1,/ —Op(l)-

np {eNg
Since ¥, = 7,p + 0p(1) by Lemma B.5, the leading term in the definition of R, is 0p(1). We can deal

with the second term similarly to show that it is 0p(1). Hence, we have

— Z (We o1 =W oy) (We s — W 1) V;g ths

np feNB

= o 3 W = Wea) W =) oL + 001,
{eNg

This gives us

T /
sz:ni (Z(Wer 1~ Wt 1)Vgt) (Z(Wft 1~ Wt 1)‘{2) +o0p(1)

B peN, \t=2 t=2
T T !
1 ~
= L3 (S ) (2 amis ) +or)
"B jen, \5=2 =2
T T /
1 ~ -
- L3 (3 ) (X ) +orc
B peN, \s=2 =2

where the first equality is due to our derivation above, and the third equality follows by the same
arguments in the proof of Lemma B.2.

For s #s’, we have for all j,j’ =1,...,dy,

E [(Wzs—l,jWZs’—l,j’) NesNes | -7:1] =0,
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by Assumption A.4(i) (ii). Hence for s # s,

Var( Z Wf*s 1] —Lj'né,snl,s’ |-7:1)

np {eNg
1 Y i 2 2 2
= n_z EI:(WZs—l,jWE*,s’—l,j’) n(,snﬁ,s’ | ]:1]
B (eNg
1 1 ~ 4 1 . 4
s — _ E[ W*_ v |‘F1:| - E|: W*,_ Mg |F1].
nB\J ng l;\l: ( £,5—1,j ,S) ng geZNB ( 0,s'—1,j ,s)
Since
1
4 4 4 1=
= > B[ L] S T W, maxE, [t ] = 0p(1),
"B (N, B (N,

we find that whenever s #s/, for all j,j' =1, ...,dy,

Var( Z fs 1,j Zs’—l,j’nf,sné,s’ Ifl) = (TlBl) .

np LeNg
Hence
A 1
ap = — Z ZWzs Wy +op(1)
B {eNg s=2
ZZW *; 10' +0p(1)
ZeNB

=E ZZES 2[0 W(f*s 1Wé*; 1]+OP(1)=QH+OP(1):
{eNg s=

by Lemma B.4. B

For each b € R with b’b = 1, we define

L ST bW, P [0

np {eNg

3/2°
( ( Z Wf*s IWZ*S 10' )b)
np {eNg

Lemma B.7. Foreachs =1,...,T, and each b € R% with b’b = 1,

qn,s(b) =

qn,s(b) = OP(1)>



as ng — o0,

Proof: Note that
1 - 1 -
— D I0Wy PE [IneP] < maxEey [lng P]— > 16Wy .
B peny B B reny
By Assumptions A.4(iii) and A.7, we have
1 ~
37 & ITAT* 3 —
S LU P I [16'W;, 1 *]= 0p(1),
B
as ng — 0.
By Assumption A.6(i) and Lemma B.4, there exists ¢ > 0 such that with probability approaching one
as ng — 09,
1 e o
)Lmin n_ Z WZS—].WZS—l =c.
B LeNg

Thus we obtain the desired result. B

Lemma B.8. For any vector b € R™ such that b’b =1, and for each s =2,..., T,
§uE|P (v, <e| F ) —P{bEX <& Fili}| = 0p(D),
ce

as ng — 00, where é;” = Qsl/ 27, 7., € RW  are i.i.d. standard normal random vectors independent of all

other random variables and ), is defined in Assumption A.6.

Proof: Define &, = Q}/SZZS, where fln’s is as defined in (B.8). Since 1, £ = 1,...,ng, are conditionally
independent given F,_; by Assumption A.4(i) and Qn,s is F,_;-measurable, we use the Berry-Esseen
bound (Theorem 3 of Chow and Teicher (1988), p.304) to deduce that**

7.5q,,5(b)

sELElE\P{b’sssala_l}—P{b’éssem_l}ls Vi

The last bound is 0p(1) by Lemma B.7. Furthermore, by Assumption A.6 and Lemma B.4, for each

s=2,..,T,

Qn,s = Qs + OP(l):

22The theorem itself is concerned with the sum of independent random variables. However, with appropriate modifications,
the same bound with replacing the moments by the conditional moments given the common shock applies to a sum of condi-
tionally independent random variables given the common shocks.
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as ng — o0. Hence

sup [P{b'EX° < &| Fy} —P{b'E <& | F}
¢ceR

=sup|P{b'E® <¢|F_1}—P {b’és‘” <E+ (M2 -0V2)z, | ]—"5_1})
¢er 7

= §ug{P {DEX <&| Fy}—P{b'EX <&+0p(1) | £y }| = 0p(D),
S

as ng — 090, because b’ <§S°° is a random variable whose conditional distribution given F,_; is equal
to that given JFj, and its conditional distribution given F; is absolutely continuous with respect to the
Lebesgue measure due to £, being positive definite by Assumption A.6. Hence, we obtain the desired

result. B

We set G; = F; and for each t = 2,..., T, we define

gt = 0-(62, 537 sees gt) Vfla

where 0(&,,&5,...,&,) denotes the o-field generated by £,,&5, ..., &,.

Lemma B.9. For any vector b € R™ such that b’b =1 and for ¢ €R,

T T T
P{Zb'as <& gl}—P{Zb’S? <¢ gl} =>E[A (E-bR1)161],

where

and R, = Zizz &, Ry =0, and 5500, withs =2,..., T, are defined in Lemma B.8.

Proof: First, we write

T
P {Z b <&| QH} =P{b'&r <E— bRy |97}
s=2

=Ar_(E—bRy_)+P{b'EX <E—b'Rr_y | Gr1},



where

Ary(E— b/RT—l) =P {blgT <¢— b/RT—l | gT—l}

—P{b'EX <E¢—bRy_ 1671}
(Note that Ry_; is Gr_;-measurable.) Hence,
T ~
P {Z b'E <E| gl} =E [Ar 1 (E—bRr_)]+P{V/EX <¢—bRr11G,}.
s=2
As for the last term, we write

P{b'EXP° <&—b'Ry_y | Grp} =P{b'Ery SE—b'EFX — bRy, | Grs}
=P{b'EX +b'EX <E—bRry | Gr}

+ Ar_p(E—b'Rr_y).
Hence,
T
P {Z b <E| gl} =E; [A7_1(E— b'Ry_1) ] +E [Ar (€ — b'Ry_y)]
s=2
+P{b'EX +bEX <E—bRr,1G}.
We continue this procedure until we have
P{V/EP <E—bEX—bEX - —bEP bRy |G}

=P{b/E, <E—bEXP—PEX ... —DEX |G )

=P{bEX+bEX -+ b E+DEFP <E|G}+A(E—D'Ry),
where R; =0, and

A(E—Db'Ry) =P{b/§2 < E—b’é;’f’ —b’é?il---—b’é? | 91}

—P{bEP <E—VEX —PEX .. —DEX |G ).

By taking conditional expectations given G; of all the conditional probabilities above, we obtain the

desired result. B
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We let
T
(B.10) Q5= > Q.
s=2

Lemma B.10. For any vector b € R™ such that b’b = 1, as ng — 00,

T
sup P{b’ng <¢| fl}—P{b’Q;{fZ <& A} -0,
s=2

ceR

where Z € R is a standard normal random vector independent of other random variables.

Proof: By Lemma B.9,

T T
P{Zb’gssmﬂ}—P{Zb’é;’" SEIE}

s=2 s=2

sup

ceER ceER

T
= E [SUP Ay 1(6) | ]:1] >
=2

S

because R,_; is G,_;-measurable. Note that for eachs =2,..., T,

5

sup A, (&) <sup [P {b'E, <&| Gy} —P{b'EX <&| G}
ceR ceR

because Z,’s that constitute & *’s are independent of G, and Q,’s are all 7;-measurable by Assumption
A.6. The last supremum is 0p(1) by Lemma B.8. Since sup;cg A;_1(¢) is bounded by 1, it is uniformly

integrable. Hence, we find that

E [supAs_l(E) | ]—‘1] =o0p(1),

¢eR

for each s = 2,..., T. Thus, we obtain the desired result. B

Proof of Theorem A.1: We write
2—1/2 4 (v A=1yy Y2 0 a1 A
(B.11) VS (Fap —vap) = (ML QML) ML Q) g Uy,
By Lemma B.10, (B.11), and Cramér-Wold device, we find that
Qz_bl/zv U, —q N(O,1),

as nz — 00, with the matrix €, defined in (B.10). This implies that ,/ngU,;, = Op(1).
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Since /nzU,, = Op(1), we use Lemmas B.3 and B.6, and Assumption A.6 to rewrite the last term in

(B.11) as

(M o} m,)

w"“zb

ML 2 U,y + 0p(1),

w""zb

as ng — 00. The leading term converges in distribution to N(0,I), delivering the desired result. B
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