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Chapter 1.  

Introduction 

  

 This thesis serves as my doctoral thesis entitled “Essays in Empirical Banking” that is 

submitted in partial fulfillment of the requirements for the doctoral degree in administration 

(finance track) at the Brazilian School of Public and Business Administration (EBAPE) of 

Getulio Vargas Foundation (FGV) in Rio de Janeiro, Brazil. In this thesis, I include three 

research chapters in which I study three research questions in the area of empirical banking. 

First and foremost, I investigate whether labor turnover affects bank risk and performance in 

commercial lending in the second chapter. Next, I investigate whether the COVID-19 pandemic 

itself and ensuring government policy interventions jointly affect local credit under the 

COVID-19 crisis in the third chapter. Last but not least, I investigate whether local personal 

income taxes affect small business lending in the fourth chapter. To be more specific, I briefly 

introduce and summarize each research chapter as follows. 

 Chapter 2 is a jointly-authored research paper with Lars Norden and Bernardus Van 

Doornik, entitled “Labor Turnover and Bank Risk”, in the context of labor turnover and 

banking finance in Brazil. The production of complex information in firms heavily depends on 

the intellectual work of their employees. One particularly relevant example is bank lending to 

firms, which depends on information and people. Banks’ main role – to reduce asymmetric 

information to allocate capital efficiently – is performed through decentralized information 

production by loan officers. These bank employees produce hard and soft information about 

borrower risk and manage the bank-borrower relationships. Soft information is difficult to 
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produce, interpret and store because of the institutional and market frictions. In this paper, we 

investigate whether labor turnover affects bank risk and performance in commercial lending. 

We base our analysis on a novel and unique dataset that contains monthly employer-employee 

data from Brazilian banks at the municipality level during the period from January 2003 to 

December 2019. First, we find that banks with higher labor turnover show lower risk buffers 

in loan loss reserves, higher loan growth and lower profitability in the short and long term. We 

address identification issues with local peer-group labor turnover as instrument and in placebo 

tests. Second, the unfavorable effects of labor turnover are due to an easing of credit standards 

vis-à-vis existing and new borrowers and abnormal growth in corporate and agriculture loans. 

Third, we find stronger effects for turnover of employees directly involved in lending and when 

hired employees are younger and less skilled than the fired ones. The effects are smaller for 

employee transfers within the same bank and vary with bank ownership, size and local bank 

competition. Our findings are consistent with labor turnover deteriorating a bank’s institutional 

memory and soft information production, promoting a risk culture characterized by high 

growth in transactions lending and short-termism. The evidence points at a critical channel 

through which labor markets affect bank risk and performance and has clear policy implications. 

 Chapter 3 is a jointly-authored research paper with Lars Norden and Daniel Mesquita, 

entitled “COVID-19, Policy Interventions and Credit: the Brazilian Experience”, in the context 

of the COVID-19 pandemic, government policy interventions and local credit in Brazil. The 

COVID-19 pandemic caused a global health and economic crisis to which governments 

responded with massive policy interventions. We investigate whether and how the COVID-19 

pandemic and ensuing policy interventions affect local credit. We use Brazil as a testing ground 
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because, although the country has been strongly hit, there has been fundamental disagreement 

between the federal government vs. state/municipal governments on how to react to the 

pandemic. Policy intervention decisions in Brazil were ultimately taken at the municipality 

level, implemented in a staggered way, and varied in speed, duration and intensity. First, we 

perform panel data regression analysis at the bank-municipality level to examine how the local 

pandemic severity influences the monthly credit. We find that the pandemic has a significantly 

negative impact on local credit. Second, using a novel dataset on local policy interventions in 

920 major metropolitan municipalities, we examine how different types of policy interventions 

influence local credit in a difference-in-differences analysis. We find heterogenous effects of 

interventions: positive effects of soft intervention (social distancing, mass gathering restrictions 

and closure of schools and universities) and late reopening, and negative effects of hard 

intervention (closure of public venues and/or non-essential services) and early reopening. Third, 

we address potential endogeneity problems in an instrumental variable analysis using pre-

pandemic local political preference as instrument for municipal government policy 

interventions. We show the local political preference is a strong instrument and significantly 

related to the likelihood and restrictiveness of policy interventions. We then confirm the 

heterogenous impact of instrumented soft and hard interventions on credit. Our results are 

upheld for orthogonalized policy intervention indicators and in placebo tests for pandemic 

severity and interventions. The effects are sector-dependent, influenced by pre-pandemic bank 

and municipality characteristics and stronger for longer intervention duration and higher 

intervention speed. The evidence suggests clear policy implications. 

 Chapter 4 is a single-authored research paper entitled “Personal Income Taxes and Small 
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Business Lending” in the context of business taxation and small business loans in the U.S. In 

this chapter, I investigate whether local personal income taxes affect small business lending. 

My empirical design exploits the staggered statutory changes of state personal income tax rate 

as identification, and compares loans granted in geographically adjacent counties across state 

borders with relative tax changes from 2001 to 2018. I base my analysis on the matched tax-

bank-firm data between local personal income tax rates, granular loan-level small business loan 

records and aggregate-level small business loan information in the U.S. I perform a multivariate 

panel data regression analysis to examine whether local personal income tax rates affect small 

business loan outcomes at the loan level and aggregate level respectively, accounting for a 

comprehensive set of control variables, including local tax characteristics, local business and 

bank characteristics, local socio-economic characteristics, and various fixed effects. I find two 

main results. First, my baseline results show that higher personal income taxes significantly 

cause negative loan outcomes, including smaller loan size, shorter maturity, higher default 

probability and higher charge-off ratio. I also find relatively weaker evidence that the SBA 

raises its loan guaranty ratio for small business loans granted in localities with a higher personal 

tax burden compared with others, which indicates that the government may try to help 

compensate for the tax-induced reduction in the creditworthiness of local small businesses. 

Second, my estimates show that higher taxes lead to smaller aggregate number, smaller amount 

and lower growth rate of small business loans granted in the tax-adjusted localities, particularly 

for medium-sized small business loans and loans to small businesses with revenues lower than 

$1 million. My results are upheld for a random sample analysis using the bootstrapping 

technique, a narrative approach, a test using discrete tax change indicators, tests considering 



 

11 

 

tax avoidance and tradable industries, and various robustness checks, such as tests varying 

geographic and tax income bracket bandwidths, a propensity-score-matching approach, 

placebo tests and tests using alternative econometric settings. These findings suggest that the 

tax-induced deterioration in borrower creditworthiness constrains local banks’ lending to small 

businesses. 
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Chapter 2.  

Labor Turnover and Bank Risk 

 

Lars Nordena,b, Bernardus Van Doornikc,d, Weichao Wanga 

 

a Brazilian School of Public and Business Administration, Getulio Vargas Foundation, Brazil 

b EPGE Brazilian School of Economics and Finance, Getulio Vargas Foundation, Brazil  

c Central Bank of Brazil, Brazil 

d Bank for International Settlements 

 

Abstract 

We investigate whether labor turnover affects bank risk and performance in commercial 

lending using monthly matched employer-employee data from Brazil during 2003-2019. Banks 

with higher labor turnover show lower loan loss reserves and higher loan growth paired with 

lower profitability. We address identification issues with local peer-group labor turnover as 

instrument and in placebo tests. Our findings are consistent with labor turnover deteriorating a 

bank’s institutional memory and soft information production, promoting a risk culture 

characterized by high growth in transactions lending and short-termism. The evidence points 

at a critical channel through which labor markets affect bank risk and performance.  

 

Keywords: Banks, labor turnover, bank lending, experience, risk taking 

JEL Classification: G20, G21, G32, J24, J31, J63  

 

 
The authors thank Klenio Barbosa, Rafael Goldszmidt, Felipe Iachan and Gregory F. Udell for helpful comments. 

The views expressed in the paper are those of the authors and do not necessarily reflect those of Getulio Vargas 

Foundation, Central Bank of Brazil, or Bank for International Settlements.  



 

13 

 

2.1. Introduction 

 Economic activity heavily depends on the labor force. Physical labor has been progressively replaced 

by automatized production processes since the industrial revolution, but intellectual work related to the 

production and processing of complex information remains a key domain of people, even more so in the 

modern information economy. One particularly relevant example is bank lending to firms, which relies on 

information and people. Banks’ main role – reduce asymmetric information to allocate capital efficiently – 

is performed through decentralized information production by loan officers. These bank employees produce 

hard and soft information about borrower risk and manage the bank-borrower relationships. Soft information 

is difficult to produce, interpret and store because of the institutional and market frictions (e.g., Berger and 

Udell, 2004; DeLong and DeYoung, 2007; Hertzberg, Liberti and Paravasini, 2010; Bouwman and 

Malmendier, 2015; Liberti and Petersen, 2019). Surprisingly, the literature has not directly investigated the 

effects of labor disruptions on bank information production and their consequences for risk and performance. 

This issue is especially relevant, because banks are – unlike many other industries – of systemic importance. 

If banks do not perform their main role well, take excessive risks and ultimately fail, the rest of the economy 

will suffer negative real effects very quickly.  

 In this paper, we investigate whether labor turnover affects bank risk and performance in 

commercial lending. We base our analysis on a novel and unique dataset that contains monthly 

employer-employee data from Brazilian banks at the municipality level during the period from 

January 2003 to December 2019. We propose our institutional memory hypothesis that labor 

turnover deteriorates a bank’s institutional memory and thereby imposes unfavorable effects 

on its risk buffer, loan growth and profitability. We attribute this hypothesis to three potential 

effects. First, labor turnover may unfavorably affect a bank’s soft information production, 
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learning about local borrowers and relationship lending. Second, labor turnover may lead to an 

atrophy of expertise and experience of bank employees over time through hiring junior officers 

and firing senior ones. Third, next to the distortions of labor turnover on soft information 

production and expertise in the short term, labor turnover may adversely influence a bank’s 

inherent risk culture in the long term. 

 We consider a broad set of labor turnover measures based on the hiring, resignation, 

dismissal and transfer decisions for bank employees. Note that labor turnover, defined as the 

sum of hired and fired employees relative to the total of employees, differs from employment 

growth. For example, a bank may hire 20% new employees and fire 20% of its existing 

employees, showing a turnover of 40% and employment growth of 0%. In other words, labor 

turnover captures differential effects of hiring, firing or both because of the underlying 

qualitative changes in a bank’s labor force (even if the net quantitative change is zero) that may 

have disruptive effects on information production. In our baseline analysis, we examine 

whether labor turnover affects a bank’s credit risk buffer, loan growth and profitability at the 

bank-municipality level.  

We employ several strategies to ensure that these effects are well identified, thereby 

mitigating potential concerns about endogeneity related to reverse causality, omitted variable 

bias and measurement error. We deal with these issues in a multivariate panel data analysis, a 

local sectorial peer-group based instrumental variable (IV) regression analysis, placebo tests 

and further checks. In the IV analysis, we use the peer-group labor turnover of local sectors – 

excluding the specific banks – as instruments for bank labor turnover. The peer-group labor 

turnover should be positively correlated with bank labor turnover due to their shared local labor 
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market dynamics but uncorrelated with an individual bank’s financial conditions. We also 

conduct placebo tests using the labor turnover of employees in job positions of non-financial 

services within banks as placebos to check whether our results are driven by unobserved shocks 

or random confounders within banks.  

Moreover, we isolate the labor turnover of transferred employees within banks since 

within-bank employee transfers should not be endogenously related to bank’s own financial 

conditions in economic booms and busts as they do not affect the overall payroll costs. Finally, 

we examine the labor turnover of the subgroups of bank employees, such as bank loan officers, 

newly hired junior employees, and bank employees hired and transferred across different 

municipalities, to further examine the differential effects on bank risk and performance in 

commercial lending.  

 We find three main results. First, labor turnover has significantly unfavorable effects on 

bank risk and performance in commercial lending. Higher labor turnover leads to lower risk 

buffers in loan loss reserves and higher loan growth paired with lower profitability in return on 

assets for banks in the short and long term. These unfavorable effects are mainly driven by the 

labor turnover of newly hired and transferred bank employees. Second, the IV analysis using 

the peer-group labor turnover of local sectors as instruments for bank labor turnover confirms 

these results. The placebo tests show that our results are not driven by unobserved local 

contemporaneous shocks or random temporal labor confounders within banks. Third, the 

unfavorable effects of labor turnover are smaller for bank-internal employee transfers and 

larger for bank loan officers, junior employees and bank employees hired and transferred from 

different municipalities. 
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 In the further empirical checks, we provide evidence on the underlying mechanisms 

through which labor turnover impacts bank risk and performance in commercial lending. First, 

banks that display high labor turnover lend more to non-investment grade rated borrowers and 

make more corporate and agriculture loans. Second, banks with larger employee age and salary 

differentials due to labor turnover show stronger unfavorable effects on risk and performance. 

Third, we examine the heterogenous effects of bank ownership, bank size and local bank 

competition. State-owned banks with higher labor turnover have larger unfavorable effects on 

the risk buffer, loan growth and profitability than privately owned banks. Small banks with 

high labor turnover have larger unfavorable effects on the risk buffer and loan growth than 

large banks. Banks with high labor turnover in municipalities with high local bank competition 

show smaller unfavorable effects on bank risk buffer, loan growth and profitability than banks 

in municipalities with low local bank competition. This result suggests that local bank 

competition has a disciplining effect on bank risk-taking.  

 This paper contributes to three strands of the literatures on banking, finance and labor. First, 

this paper contributes to the studies on the information production and learning in bank lending. 

Theoretical work has shown how banks make lending decisions using soft information on 

borrower risk (Rajan, 1992; Mullainathan, 2002; Stein, 2002). Empirical work has documented 

that bank loan officers play a critical role in soft information production and soft information 

improves loan contracting and serves as the basis for relationship lending (e.g., Diamond, 1991; 

Petersen and Rajan, 1994; Berger and Udell, 1995; Boot, 2000; Uchida, Udell, Yamori, 2012; 

Kysucky and Norden, 2016). There is also evidence that loan officers significantly influence 

on the design and performance of syndicated loans to large firms (e.g., Bushman, Gao, Martin 
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and Pacelli, 2021; Herpfer, 2021). Nevertheless, institutional frictions and incentives influence 

a loan officer’s ability to produce and process soft information (e.g., Stein, 2002; Berger and 

Udell, 2002, 2004; DeLong and DeYoung, 2007; Alessandrini, Presbitero and Zazzaro, 2009; 

Liberti and Mian, 2009; Liberti, Hertzberg and Paravasini, 2010; Bouwman and Malmendier, 

2015; Liberti and Petersen, 2019). Berger and Udell (2004) show that the deterioration of bank 

ability to recognize potential loan problems as time passes since last loan default leads to an 

easing of credit standards. They attribute this deteriorated “institutional memory” to the 

inexperience and skill atrophy of loan officers to differentiate low-quality from high-quality 

borrowers. Bouwman and Malmendier (2015) document that the experience of past macro-

economic and bank-specific shocks affects bank’s capital and risk-taking. Our paper provides 

novel and direct evidence indicating that labor turnover disrupts banks’ information production, 

resulting in adverse effects on risk and performance in commercial lending. 

 Second, our study contributes to research on bank risk-taking and risk culture. Theoretical 

literature on corporate culture in economics is reviewed in a thorough survey by Hermalin 

(2001). Stulz (2016) provides a comprehensive review on how governance, culture, and risk 

management affect risk-taking in banks. Song and Thakor (2019) formalize bank culture as an 

institutional behavior that affects growth and safety and makes it possible to improve on 

outcomes beyond incentive contracting. Empirical studies document the determinants of risk-

taking and the persistence of risk culture of banks (e.g., Foos, Norden and Weber, 2010; 

Fahlenbrach, Prilmeier and Stulz, 2012, 2018; Cheng, Hong and Scheinkman, 2015; Campello, 

Gao, Qiu and Zhang, 2018; Pacelli, 2019; Bertay and Uras, 2020; Bui, Chen, Hsu and Lin, 

2020). Pacelli (2019) demonstrates that the corporate risk culture of financial institutions is 
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associated with less accurate forecasts and less informative reports of financial analysts. 

Campello, Gao, Qiu and Zhang (2018) find that firm unionization is associated with costlier 

bond losses and bankruptcies and Bui, Chen, Hsu and Lin (2020) find that unionized banks 

have lower loan default probabilities and tail risk in stock returns, suggesting that labor 

preferences may shape the risk culture of banks. Gao, Kleiner and Pacelli (2020) find that 

downgrades and defaults are positively associated with turnover of bank mid-level employee. 

Labor turnover may also have adverse consequences on bank short-term risk-taking and long-

term risk culture in terms of risk awareness, risk taking and risk management. Our paper sheds 

light on whether and how labor turnover impacts bank’s short-term risk-taking and also shapes 

its innate long-term risk culture in commercial lending. Previous studies largely focus on the 

role of top executives and board members in mitigating firm risk-taking (e.g., Fahlenbrach and 

Stulz, 2011; Ellul and Yerramilli, 2013; Cheng, Raina and Xiong, 2014). Departing from these 

studies, we focus on the decentralized bank labor force at the municipality level that is directly 

involved in daily lending and show how their turnover affects bank risk and performance. 

 Third, we contribute to research on labor mobility, industry-specific labor dynamics and 

the consequences of labor decisions such as hiring, firing and transfers within firms. 

Theoretical research has shown how search and matching frictions in the labor market affects 

the performance, productivity and salary of workers (e.g., Malcomson, 1984; Arnott and 

Stiglitz,1985; Moscarini and Postel-Vinay, 2013). Bond and Glode (2014) theoretically show 

that banks hire more employees in financial booms but the misbehavior of employees also 

increases due to the competitive labor forces. Empirical research has also documented that 

labor mobility and the job ladder significantly impact workers’ human capital, productivity and 
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income dynamics over economic cycles (e.g., Tate and Yang, 2015; Haltiwanger, Hyatt and 

McEntarfer, 2018; Jung and Kuhn, 2019). Bradley, Choi and Clarke (2011) and Gao, Wang and 

Yu (2021) document that the migration of high-performing investment bankers imposes 

significant effects on the market share of the gaining and losing banks in Merger & Acquisition 

(M&A) deals. Drexler and Schoar (2014) document adverse effects on information production 

and lending when loan officers are unexpectedly fired or on leave. Hertzberg, Liberti and 

Paravisini (2010) show that loan officer rotation improves information production and internal 

reporting of borrower credit risk. Chernykh and Mityakov (2022) show that firms hiring ex-

bankers display higher asset growth and easier access to bank loans, indicating a beneficial 

impact of human capital through labor transfer from banks to nonfinancial firms. We extend 

and complement this literature by providing direct evidence on the differential effects of hiring, 

resignation, dismissals and transfers of bank employees. Our study shows how labor mobility 

within and between banks affects risk and performance in the industry. 

 The remainder of this paper is organized as follows. Section 2.2 describes the theoretical 

background and develops hypotheses. Section 2.3 outlines the data and our empirical strategy. 

Section 2.4 presents the main results on the effects of labor turnover on bank risk and 

performance. Section 2.5 reports findings of further empirical checks. Section 2.6 concludes. 

 

2.2. Theoretical background and hypotheses 

 Bank lending significantly bases on and benefits from information (e.g., Petersen and 

Rajan, 1994; Kysucky and Norden, 2016), and information production and learning largely rely 

on bank employees (e.g., Berger and Udell, 2004; Uchida, Udell and Yamori, 2012). Prior 
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research documents the importance of the “institutional memory” of past bad loan experience 

in bank capital and risk-taking (e.g., Mullainathan, 2002; Berger and Udell, 2004; Bouwman 

and Malmendier, 2015). In light of these research, we further extend and refer to the 

“institutional memory” in this paper as the dynamic repository for the accumulation and 

processing of information, financial expertise and experience, and risk culture in terms of risk 

awareness, risk taking and risk management within banks over time in bank lending. In our 

concept, the “institutional memory” of banks is more based on soft information (e.g., character 

and reliability) than hard information (e.g., credit scores and tax returns), and is decentralized 

at the bank employee level, in which is likely to be affected by labor disruptions.  

 Based on this notion, we attribute three theoretical dimensions to bank’s “institutional 

memory” through which labor turnover may impact bank risk and performance in commercial 

lending. First, labor turnover may impede bank’s ability to produce and learn soft information 

of borrowers and maintain lending relationships with good-quality customers. Consequently, 

loan officers may underestimate underlying credit risks, grant excessive credit amount and 

underprice loans contracted, which result in riskier and less profitable bank loan portfolios. 

Second, labor turnover may cause the loss and atrophy of financial expertise and experience of 

bank employees over time within banks through hiring junior officers and firing senior ones 

(e.g., Berger and Udell, 2004; Gao, Wang and Yu, 2021), which may decrease loan officers 

capability of establishing sufficient risk buffers and offering relationship lending while 

balancing loan growth and profitability. These distortions on banks’ soft information and 

financial expertise jointly contributes to a deteriorated “institutional memory” of banks in the 

short term. Furthermore, the quality of financial service activities of employees can shape the 
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risk culture of financial institutions (Pacelli, 2019), and the intensified competition induced by 

labor turnover can incentivize bank employees to engage in more high-risk operations with 

excessive credit supply (Seltzer and Frank, 2007). Finally, this deteriorated short-term 

institutional memory induced by labor turnover may thus further shape bank’s innate long-term 

risk culture of strong risk-taking, high growth in transactions (but not relationship) lending and 

short-termism. We therefore propose our institutional memory hypothesis as follows:  

Hypothesis 1. Labor turnover has unfavorable effects on bank risk and performance 

in commercial lending. Higher labor turnover leads to lower risk buffers in loan loss 

reserves (H1a), higher loan growth (H1b) and lower profitability (H1c). 

 Based on our institutional memory hypothesis, labor transfer within same banks has fewer 

disruptions on the soft information and financial expertise of bank employees than hiring, 

resignation and dismissal (Hertzberg, Liberti and Paravisini, 2010; Drexler and Schoar, 2014), 

which should cause smaller unfavorable effects on bank risk-taking. We therefore hypothesize: 

Hypothesis 2. The unfavorable effects of labor turnover are smaller for transfers of 

employees within the same banks.  

 Differentiating the impacts of bank employee subgroups on the decentralized institutional 

memory of banks, bank loan officers should play a more vital role in soft information 

production and learning (Bushman, Gao, Martin and Pacelli, 2021) than other employees, such 

as financial consultants and branch managers. Second, junior bank employees who are first-

time employed should introduce more disruptions in soft information production and learning, 

maintain fewer lending relationships and have lower level of financial expertise and experience 

than senior ones. Finally, bank labor flow across localities should cause more losses in the soft 
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information and lending relationships of local borrowers for banks than flow within same 

localities, as the geographical disruption. We therefore hypothesize:  

Hypothesis 3. The unfavorable effects of labor turnover are larger for loan officers 

than non-loan officers (H3a), junior employees than senior employees (H3b) and 

employees across different municipalities than within same municipalities (H3c).  

 

2.3. Data 

2.3.1. Data and variables 

 We base our study on a unique dataset that we assemble by merging data from several 

sources. 1  First, we gather individual employee information from the Annual Social 

Information Report (Relação Anual de Informações Sociais, or RAIS) data in Brazil. The RAIS 

data contains administrative employer-employee level records from a mandatory survey filled 

annually by all registered firms, independent of legal form or firm size, in Brazil. For each 

record, the RAIS data contains the employer identifier (Cadastro Nacional da Pessoa Jurídica, 

or CNPJ), employee identifier (Cadastro de Pessoas Físicas, or CPF), start and end date of the 

employment, work location, occupation type, salary and employee characteristics, e.g., 

employee age and education level, which allows us to track the bank employer-employee 

relationships over time.  

 We define several labor turnover measures based on bank’s employee hiring, resignation, 

 
1 RAIS individual-level data is confidential and administered by the Brazilian Ministry of Economy (Ministério 

da Economia do Brasil). ESTBAN and COSIF bank financial data are publicly available from the Central Bank 

of Brazil (BCB). The codes of our analysis for statistical software to replicate our results is available from the 

corresponding author on reasonable request.  
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dismissal and transfer decisions in our main analyses. One may concern that underperformance 

of banks and credit defaults could cause the labor outflow from banks (e.g., Gao, Kleiner and 

Pacelli, 2020). To help mitigate this endogeneity concern, we focus on the labor turnover of 

hired and transferred employees since the frequent labor hiring and transfer are not likely to be 

driven by banks’ own worsening risk-taking situations and financial performance in economic 

downturns. We employ the variable Turnover hire as our main measure for labor turnover, 

which is calculated by the number of newly hired and within-bank transferred employees over 

the total number of employees. In addition, we consider the labor turnover measures of 

Turnover fire for newly resigned and dismissed employees and Turnover total for the sum of 

newly hired, resigned, dismissed and transferred employees as complementary measures. We 

restrict our labor turnover measures to include only the bank employees in job positions of 

financial services, such as bank loan officers, financial consultants, financial analysts, financial 

operation officers and branch managers. We exclude the top-level bank managers, directors and 

board members to focus on the bank employees at lower tiers who are directly involved into 

the decentralized soft information production of banks in commercial lending at the bank-

municipality level.2 Figure 2.1 shows a heatmap of the bank labor turnover measures across 

municipalities in Brazil during 2003-2019.  

 
2 We identify job positions based on the Brazilian Occupation Classification Code (Classificação Brasileira de 

Ocupações, or CBO). We restrict our employee sample to bank loan officers (e.g., “3532-Técnico de operações e 

serviços bancários” in CBO), financial service officers (e.g., “4132-Escriturários de serviços bancários” in CBO), 

financial analysts and consultants (e.g., “2525-Profissionais de administração ecônomico-financeira” and “2532-

Profissionais de comercializacão e consultoria de serviços bancários” in CBO) and bank operation offcers and 

managers (e.g., “1417-Gerentes de operações de serviços em instituição de intermediação financeira” in CBO). 

We exclude top-level bank managers and directors (e.g., “1227- Diretores de operações de serviços em instituição 

de intermediação financeira” and “1231- Diretores administrativos e financeiros” in CBO). 
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Figure 2.1: Labor turnover of banks by municipality in Brazil during 2003-2019 

This figure shows the scale of the average monthly labor turnover of banks per municipality in Brazil during the sample period of 2003-2019 using Turnover hire, Turnover 

fire and Turnover total as the labor turnover measure respectively. We group the value of our labor turnover measures into 5 groups: [0, 0.005), [0.005, 0.01), [0.01, 0.025), 

[0.025, 0.03], and (0.03, 1]. Details on variable definitions and according data sources are shown in Appendix Table A2.1. 
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 We match the RAIS data with the Monthly Banking Statistics per Municipality (Estatística 

Bancária Mensal por município, or ESTBAN) data that contain the monthly balance sheet 

information of all commercial banks in Brazil in all municipalities they have branch operations 

from the Central Bank of Brazil (Banco Central do Brasil, or BCB). This novel and unique 

matched bank employer-employee dataset is at the bank-municipality level with the monthly 

frequency during the sample period of January 2003 to December 2019. Our final sample 

contains 830,998 bank-municipality-month observations. Focusing on bank risk and 

performance in commercial lending, we examine the Loan loss reserve ratio as the measure of 

banks’ credit risk buffer, which is defined as the amount of loan loss reserves over total assets. 

A lower value of Loan loss reserve ratio indicates that a bank possesses a lower credit risk 

buffer to absorb loan losses, which makes a bank more vulnerable to credit defaults and hence 

riskier. We further consider Loan growth as an indicator of bank risk-taking, which is the 

monthly loan growth rate of customer loans. Previous studies show that banks with high 

abnormal loan growth ease their credit standards, grant loans to de novo or elsewhere rejected 

borrowers and thus become riskier and less profitable (e.g., Jiménez and Saurina, 2006; Foos, 

Norden and Weber, 2010; Fahlenbrach, Prilmeier and Stulz, 2012). Lastly, we examine the 

Return on assets as a measure of bank profitability in the short and long run, which is calculated 

as the ratio of bank gross profits over total assets in the current month or as its moving average 

over 12 months forward.  

 To mitigate the possible omittable variable bias, we include three sets of time-variant 

control variables in our regression analysis, regarding bank labor characteristics, financial 

characteristics and local socio-economic characteristics. First, we include a vector of labor 
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characteristics at the bank-municipality level. Financial expertise, experience and management 

skills can significantly affect bank risk-taking (e.g., Minton, Taillard and Williamson, 2014; 

Gilani, Keasey and Vallascas, 2021). Thus, we control for the average age in years as Average 

age, the average nominal monthly salary as Average salary and the ratio of employees who 

complete higher education as Education to account for the financial expertise and experience 

of local bank employees. More importantly, we control for the average employment length of 

local bank employees as Length total and the average employment length in months of newly 

resigned and dismissed employees as Length fire. These variables aim to jointly account for 

the temporal deterioration in the ability of bank employees to screen, structure and monitor 

loans, since these loan officer´s activities are influenced by the time since last loan bust or bad 

experience of problem loans (e.g., Berger and Udell, 2004; Malmendier, 2021). We control for 

the local bank employment scale with Log(Employment) to account for the differences in labor 

force and competition across banks and municipalities. Second, we include a vector of bank 

financial characteristics at the bank-municipality level. We control for the natural logarithm of 

bank total book assets as Size, loans over assets ratio as Loans over assets, deposits over assets 

ratio as Deposits over assets, and cash and cash equivalents holding over assets ratio as 

Liquidity to account for the bank lending and funding disruptions in risk-taking. Finally, we 

include a vector of local socio-economic characteristics at the municipality and state level. We 

control for the bank deposit market concentration measure as a Herfindahl-Hirschman Index, 

HHI deposit, to account for local bank competitiveness and concentration. We further collect 

data from the Brazilian Institute of Geography and Statistics (IBGE) and the Institute of 

Applied Economics Research (IPEA) to control for local GDP per capita as Log(GDP per 
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capita), the local population as Log(Population) to account for the local labor supply scale, the 

local government revenue as Log(Total revenue) to account for the local government income 

and fiscal spending, and the local retail sales index as Retail sales index to account for local 

customer spending and economic outputs.  

 

2.3.2. Summary statistics 

 Table 2.1 presents the summary statistics of the variables used in this study during the 

sample period of January 2003 to December 2019. Our bank-municipality level sample 

contains 830,998 bank-municipality-month observations, in which banks exhibit on average 

book assets of R$ 93.3 million per municipality, a Loan loss reserve ratio of 1.158%, and Loan 

growth of 2.412% and Return on assets of 1.523%. Concerning our labor monthly turnover 

measures, banks have a Turnover hire ratio of 0.009, Turnover fire ratio of 0.004, and combined 

Turnover total ratio of 0.013 on average per municipality. The definitions and according data 

sources of all variables used in this study can be found in Appendix Table A2.1. 

 

Table 2.1: Summary statistics 

This table presents the summary statistics for the variables used in this study at the bank municipality level. We 

winsorize Loan growth and Return on assets at the 1st and 99th percentile to account for outliers. Loan loss reserve 

ratio, Loan growth and Return on assets are denoted in percentage. The sample period spans from Jan 2003 to 

Dec 2019. Std. Dev. is the standard deviation. P5 and P95 are the variable values at the 5th and 95th percentile, 

respectively. Number of obs. is the number of observations. Details on variable definitions and according data 

sources are shown in Appendix Table A2.1. 

 

Variable Mean Median Std. Dev. P5 P95 
Number of 

obs. 

       

Dependent variables       

Loan loss reserve ratio (%) 1.158 0.858 1.220 0.007 3.199 830,998 

Loan growth (%) 2.412 1.003 10.877 -7.040 13.670 830,998 
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Return on assets (%) 1.523 0.710 2.247 -0.321 6.450 830,998 

Return on assets (%, 12-month) 1.524 0.804 1.918 -0.253 5.650 830,998 

       

Labor turnover variables       

Turnover hire 0.009 0 0.044 0 0.057 830,998 

Turnover fire 0.004 0 0.026 0 0.017 830,998 

Turnover total 0.013 0 0.051 0 0.083 830,998 

Turnover transfer 0.005 0 0.038 0 0.013 830,998 

Turnover non-transfer 0.004 0 0.021 0 0.018 830,998 

Turnover resign 0.001 0 0.012 0 0 830,998 

Turnover dismiss 0.003 0 0.023 0 0.003 830,998 

Turnover junior 0.002 0 0.016 0 0.091 830,998 

Turnover senior 0.007 0 0.041 0 0.030 830,998 

Turnover LO 0.007 0 0.031 0 0.047 830,998 

Turnover non-LO 0.006 0 0.037 0 0.026 830,998 

Turnover same-city 0.005 0 0.033 0 0.026 830,998 

Turnover different-city 0.004 0 0.026 0 0.004 830,998 

       

Control variables       

Labor controls:       

Average age 39.340 39.073 4.720 32.364 47.750 830,998 

Average salary 5.697 5.446 2.285 2.782 9.512 830,998 

Length total 122.694 121.940 65.416 24.583 236.871 830,998 

Length fire 141.430 111.667 120.922 0.700 362.743 830,998 

Education 0.734 0.759 0.218 0.333 1.000 830,998 

Log(Employment) 2.594 2.367 1.218 1.099 4.963 830,998 

       

Bank controls:       

Size 11.444 11.321 2.052 8.432 14.954 830,998 

Loans over assets 0.258 0.241 0.148 0.055 0.508 830,998 

Deposits over assets 0.288 0.256 0.415 0.017 0.650 830,998 

Liquidity 0.015 0.006 0.024 0.001 0.062 830,998 

       

Local controls:       

HHI deposit 0.033 0.028 0.020 0.015 0.084 830,998 

Log(GDP per capita) 9.756 9.755 0.732 8.598 10.922 830,998 

Log(Population) 4.137 3.907 1.573 1.927 7.256 830,998 

Log(Total revenue) 5.169 4.884 1.593 3.058 8.819 830,998 

Retail sales index 79.175 83.800 18.511 48.000 101.100 830,998 

       

Instrumental variables       

Peer turnover hire 0.139 0.136 0.090 0 0.278 830,998 

Peer turnover fire 0.105 0.106 0.076 0 0.223 830,998 

Peer turnover total 0.244 0.249 0.142 0 0.468 830,998 
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Other variables       

ΔAge 7.548 6.236 10.731 -8.667 26.000 830,998 

ΔSalary 2.466 1.450 4.063 -2.201 9.732 830,998 

State-owned 0.347 0 0.476 0 1 830,998 

Small bank 0.499 0.500 0.500 0 1 830,998 

High competition 0.499 0 0.500 0 1 830,998 

       

 

2.3.3. Empirical strategy 

 We perform a multivariate panel data regression analysis to empirically study the impact 

of labor turnover on bank risk and performance in commercial lending. In our baseline analysis, 

we investigate whether the labor turnover measures Turnover hire, Turnover fire and Turnover 

total affect a bank’s Loan loss reserve ratio, Loan growth and Return on assets, respectively. 

We estimate the following baseline model at the bank-municipality level using the matched 

RAIS and ESTBAN data: 

 

𝑌𝑖,𝑚,𝑡 = 𝛽0 + 𝛽1𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1 + 𝛾𝑍𝑖,𝑚,𝑡−1 + 𝜐𝑖 + 𝜃𝑚 + 𝜑𝑡 + 휀𝑖,𝑚,𝑡 (1) 

 

 where i indexes a bank, m indexes a municipality and t indexes a time unit of year-month; 

𝑌𝑖,𝑚,𝑡∈ {Loan loss reserve ratio, Loan growth, Return on assets} for bank i within municipality 

m during year-month t; 𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1  equals one of our labor turnover measures 

lagged by one year-month. We saturate the model with 𝑍𝑖,𝑚,𝑡−1 that is a vector of time-variant 

control variables lagged by one year-month, including the bank labor characteristics, financial 

characteristics and local socio-economic features as defined in Appendix Table A2.1. We take 

the one-month lag for the labor turnover measures and control variables to avoid simultaneity 
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in the model. We also re-estimate our model using various lagged values and lagged moving 

averages of our labor turnover measures over several time periods to further examine their 

short-term and long-term effects on bank risk-taking. 𝜐𝑖  are bank fixed effects accounting for 

unobserved time-invariant bank fundamentals. 𝜃𝑚 are municipality fixed effects accounting 

for unobserved time-invariant local features. 𝜑𝑡 are year-month time fixed effects accounting 

for the aggregate temporal dynamics in bank labor and financials such as the seasonality in 

labor supply and credit demand, and aggregate economic cycles. 휀𝑖,𝑚,𝑡  is the error term. 

Standard errors are robust and clustered at the bank-municipality level to allow for the serial 

correlation within bank-municipality groups over time. 𝛽1  is the coefficient of interest in 

Equation (1).  

 

2.4. Main results 

2.4.1. Labor turnover and bank risk at the bank-municipality level 

 We conduct our baseline analysis to examine the impact of labor turnover on bank risk and 

performance in commercial lending at the bank-municipality level using the monthly matched 

bank employer-employee data from January 2003 to December 2019. Table 2.2 reports the 

results.3 

 
3 We report the results of our univariate analysis of t-tests and non-parametric Wilcoxon rank sum tests for our 

main bank dependent variables between the high and low labor turnover group in Appendix Table A2.2 and yield 

consistent results with our baseline analysis results. We also note that our baseline results are consistent across 

the sub-periods of our sample period of 2003-2019, including the period of the 2008 Global Financial Crisis.  
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Table 2.2: Labor turnover, bank risk and performance at the bank-municipality level 

This table reports the baseline regression results for the effects of bank labor turnover on bank risk and performance in commercial lending at the bank-municipality level 

(within municipalities across banks). Turnover hire, Turnover fire, Turnover total and all control variables are lagged by one month. Bank FE, Municipality FE and Time FE 

are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and clustered at the bank-

municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire -0.631***   6.217***   -0.624***   -0.320***   

 (0.037)   (0.497)   (0.046)   (0.040)   

Turnover fire  0.254***   -3.124***   -0.003   -0.007  

  (0.052)   (0.488)   (0.065)   (0.049)  

Turnover total   -0.395***   3.724***   -0.456***   -0.235*** 

   (0.031)   (0.387)   (0.038)   (0.033) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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 We find significant and consistent evidence showing that our main labor turnover measure 

Turnover hire has a negative effect on the Loan loss reserve ratio and the short- and long-term 

Return on assets and a positive effect on Loan growth, taking into account all the control 

variables and fixed effects. The effects of Turnover total are also highly significant and fully 

consistent with our main measure. We note that the effects of Turnover fire are different. The 

coefficients show the opposite signs on the Loan loss reserve ratio and Loan growth (compared 

to Turnover hire and Turnover total) and are not statistically significant for the regressions for 

Return on assets. We examine this finding in more detail in the next section of instrumental 

variable analysis.  

Furthermore, we examine the long-term impact of labor turnover on bank risk and 

performance in commercial lending using the 6-month moving average, 6-month lagged, 12-

month lagged and 18-month lagged variables of Turnover hire, Turnover fire and Turnover 

total as the labor turnover measures. Appendix Table A2.3 reports the results. These results 

remain significant and consistent with our baseline results, which indicates that the impact of 

labor turnover persists over longer time horizons.  

Our findings suggest that banks with higher labor turnover establish lower risk buffers in 

loan loss reserves and display higher loan growth paired with lower profitability, over both the 

short-term and long-term time periods. These results corroborate our Hypothesis 1 that labor 

turnover has unfavorable effects on bank risk and performance in commercial lending.  

 

2.4.2. Instrumental variable analysis 

 One important concern for our study is that there may exist simultaneous effects between 

labor turnover, bank financials and other unobserved factors. To address this endogeneity 

concern, we conduct an instrumental variable (IV) analysis, in which we use the local peer-

group labor turnover as instruments for bank labor turnover. Peer characteristics at the industry, 
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state or municipality level have been widely used as instruments for potentially endogenous 

individual characteristics in the literature (e.g., Demirgüç-Kunt and Detragiache, 2002; Laeven 

and Levine, 2009; Ferrell, Liang and Renneboog, 2016; Liu, Norden and Spargoli, 2020). We 

define Peer turnover hire, Peer turnover fire and Peer turnover total as the weighted peer-

group labor turnover measures of all local sectors at the municipality level but excluding the 

specific bank observed to instrument Turnover hire, Turnover fire and Turnover total 

respectively. These local peer-group labor turnover measures should be positively correlated 

with individual bank labor turnover due to their shared local labor market dynamics but 

theoretically uncorrelated with bank risk since the labor force of peer firms is not involved in 

the commercial lending of these banks.  

Table 2.3: Instrumental variable analysis 

This table reports the results of instrumental variable (IV) analysis for the effects of bank labor turnover on bank 
risk and performance in commercial lending using the weighted local peer-group labor turnovers at the bank-

municipality level (within municipalities across banks). Panel A reports the first stage results and the IV diagnosis 

statistics for the validity of the instrumental variables. Panel B reports the final stage results. Bank FE, 

Municipality FE and Time FE are the fixed effects. Peer turnover hire, Peer turnover fire, Peer turnover total and 

all control variables are lagged by one month. Details on variable definitions and according data sources are shown 

in Appendix Table A2.1. Standard errors are robust and clustered at the bank-municipality level and shown in 

parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: First stage results at the bank-municipality level 

Dependent variable Turnover hire Turnover fire Turnover total 

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

       

Peer turnover hire 0.020*** 0.025***     

 (0.001) (0.001)     

Peer turnover fire   0.008*** 0.013***   

   (0.0005) (0.0008)   

Peer turnover total     0.010*** 0.019*** 

     (0.001) (0.001) 

       

Labor controls No Yes No Yes No Yes 
Bank controls No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes 

Bank FE No Yes No Yes No Yes 

Municipality FE No Yes No Yes No Yes 

Time FE No Yes No Yes No Yes 

       

Adjusted R-squared 0.002 0.073 0.001 0.024 0.001 0.065 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 

       

IV diagnosis statistics:       

Weak identification test       

Cragg-Donald Wald F statistic 289.576 666.834 1043.550 
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Panel B: Final stage results at the bank-municipality level 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

IV-Turnover hire -1.728**   7.734**   -3.542***   -3.500***   

 (0.741)   (3.129)   (0.997)   (0.811)   

IV-Turnover fire  -2.817   33.902*   -14.344***   -11.641***  

  (2.167)   (17.857)   (2.991)   (2.406)  

IV-Turnover total    -2.045**   14.190**   -6.219***   -5.547*** 

   (0.999)   (7.298)   (1.293)   (1.121) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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 We employ a two-stage least squares (2SLS) regression approach for the IV analysis. In 

the first stage, we regress our bank labor turnover measures on the according local peer-group 

labor turnover measures with all controls and fixed effects. Panel A of Table 2.3 reports the 

results. We find that Peer turnover hire, Peer turnover fire and Peer turnover total are 

positively and significantly correlated with Turnover hire, Turnover fire and Turnover total 

respectively. The IV diagnosis statistics indicate the instruments are econometrically valid and 

not weak.  

In the second stage, we substitute our bank labor turnover measures with the instrumented 

ones and re-estimate our results. Panel B of Table 2.3 reports the results.4 We find significant 

and consistent results with our baseline results for Turnover hire and Turnover total, confirming 

that labor turnover has unfavorable effects on bank risk and performance in commercial lending. 

We note that the estimated coefficients in the IV analysis are higher than the ones in Table 2.2. 

This is plausible if there are strong local average treatment effects (LATE), as discussed by 

Jiang (2017). Interestingly, the IV results for Turnover fire are different from the baseline 

results in Table 2.2, suggesting that the previous coefficients on this variable were biased and 

therefore inconsistent with the other two measures. In the IV analysis, we now find that 

Turnover fire has unfavorable effects on bank risk, consistent with Turnover hire and Turnover 

total. Moreover, with regard to the economic significance, a one standard deviation increase in 

Turnover total corresponds to a 9 percent decrease of the mean of Loan loss reserve ratio, 30 

 
4 We also employ the same instrument variables of the local peer-group labor turnover with similar magnitudes 

to local banks’ labor turnover measures by excluding the small local peer firms as they have relatively high labor 

turnover in the IV analysis. We obtain qualitatively consistent results to the ones reported in Table 2.3 which are 

available upon request. 



 

36 

 

percent increase of the mean of Loan growth, 20 percent decrease of the mean of short-term 

Return on assets, and 18 percent decrease of the mean of long-term 12-month forward moving 

average Return on assets, as shown in Panel B of Table 2.3. 

 

2.4.3. Placebo tests 

 We further conduct placebo tests, in which we use the labor turnover measures of the bank 

employees in job positions of non-financial services within the same banks as placebos. These 

placebo labor turnover measures should not be correlated with bank risk-taking since the bank 

employees in job positions of non-financial services, such as security guards and maintenance 

workers, are not involved in commercial lending. Table 2.4 reports the results. We find no 

significant results for the placebo labor turnover measures. The placebo test results indicate our 

baseline results are not driven by unobserved local contemporaneous shocks or random 

temporal labor confounders within banks over time. 
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Table 2.4: Placebo tests 

This table reports the results of the placebo tests using the labor turnover of bank employees in job positions of non-financial services within banks at the bank-municipality 

level (within municipalities across banks). Bank FE, Municipality FE and Time FE are the fixed effects. Placebo-Turnover hire, Placebo-Turnover fire, Placebo-Turnover total 

and all control variables are lagged by one month. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and 

clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 
Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
             

Placebo-Turnover hire -0.009   0.153   -0.016   -0.010   

 (0.008)   (0.086)   (0.012)   (0.008)   

Placebo-Turnover fire  0.019   0.011   0.009   -0.002  

  (0.011)   (0.013)   (0.017)   (0.008)  

Placebo-Turnover total    0.0001   0.103   -0.014   0.745 

   (0.007)   (0.072)   (0.010)   (0.490) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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2.4.4. Transferred, resigned and dismissed employees 

 We decompose our labor turnover measures to further examine the effects of the labor 

turnover of transferred, resigned and dismissed employees on bank risk and performance in 

commercial lending using our baseline model. Table 2.5 reports the results. First, we find the 

labor turnover of within-bank transferred employees has smaller unfavorable effects on bank 

loan growth and profitability in terms of economic significance than the labor turnover of 

newly hired employees as shown in Panel A. This finding is consistent with our Hypothesis 2 

and suggests that employee transfer within banks has fewer disruptions in bank’s institutional 

memory in commercial lending. Second, we find the labor turnover of resigned and dismissed 

employees have largely insignificant effects on bank risk risk as shown in Panel B, which is 

consistent with our baseline and IV analysis results. Nevertheless, we find the magnitudes of 

the coefficients estimated of Turnover dismiss are substantially larger than the coefficients of 

Turnover resign for bank Loan loss reserve ratio and Loan growth. This finding suggests 

dismissed employees indeed have more disruptions in bank risk-taking than resigned ones, 

which is particularly important for Brazil, since the Brazilian workers prefer dismissal more 

for severance pay packages to voluntary resignation due to the labor law in Brazil.  

 

Table 2.5: Bank labor turnover of transferred, resigned and dismissed employees 

This table reports the regression results for the effects of the bank labor turnover of transferred, resigned and 

dismissed employees within banks on bank risk and performance in commercial lending at the bank-municipality 

level (within municipalities across banks). Panel A reports the results for the labor turnover of transferred 

employees within banks. Panel B reports the results for the labor turnover of resigned and dismissed employees 

within banks. Turnover transfer, Turnover non-transfer, Turnover resign, Turnover dismiss and all control 

variables are lagged by one month. Bank FE, Municipality FE and Time FE are the fixed effects. Details on 

variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and 

clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance 

at the 10, 5, and 1 percent levels, respectively. 
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Panel A: Results for the labor turnover of transferred bank employees  

Dependent variable 
Loan loss reserve ratio 

(%) 
Loan growth (%) Return on assets (%) 

Return on assets (%, 12-

month) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Turnover transfer -0.634***  4.433***  -0.508***  -0.175***  

 (0.036)  (0.531)  (0.052)  (0.046)  

Turnover non-transfer  -0.624***  12.081***  -1.006***  -0.796*** 

  (0.109)  (1.193)  (0.010)  (0.083) 

         

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.453 0.453 0.152 0.152 0.704 0.704 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

         

 

Panel B: Results for the labor turnover of resigned and dismissed bank employees  

Dependent variable 
Loan loss reserve ratio 

(%) 
Loan growth (%) Return on assets (%) 

Return on assets (%, 12-

month) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Turnover resign 0.021  -2.732***  -0.140  -0.023  

 (0.091)  (0.949)  (0.121)  (0.089)  

Turnover dismiss  0.319***  -3.234***  0.034  -0.004 

  (0.061)  (0.566)  (0.074)  (0.054) 

         

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.453 0.453 0.152 0.152 0.704 0.704 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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2.4.5. Subgroups of bank employees 

 We further examine the effects of the labor turnover of the subgroups of bank employees 

on bank risk and performance in commercial lending. Table 2.6 reports the results. First, we 

find that the labor turnover of bank loan officers has larger unfavorable effects on bank risk-

taking than the labor turnover of bank employees in other job positions of financial services as 

shown in Panel A. This result is consistent with loan officers being primarily responsible for 

soft information production and learning in the decentralized institutional memory of banks, 

consistent with our Hypothesis 3a. Second, we find the labor turnover of newly hired junior 

employees who are first-time employed by banks has larger unfavorable effects on bank risk-

taking than the labor turnover of newly hired senior employees who are recruited from other 

banks or institutions as shown in Panel B. This result is consistent with hiring senior employees 

having fewer disruptions in bank soft information and lending relationships, and smaller losses 

in financial expertise and experience of bank employees for the institutional memory of banks 

than hiring junior ones, in line with our Hypothesis 3b. Third, we find that the labor turnover 

of hired and transferred employees within same municipalities has smaller unfavorable effects 

on bank loan growth and profitability than the labor turnover of hired and transferred 

employees across different municipalities as shown in Panel C. This result is consistent with 

hiring employees within same municipalities helping banks lose less soft information of local 

borrowers and maintain more lending relationships with local customers than hiring employees 

from different municipalities, which is consistent with our Hypothesis 3c.  

 

Table 2.6: Labor turnover of bank employee subgroups  

This table reports the regression results for the effects of the bank labor turnover of loan officers and non-loan 
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officers, junior and experienced senior bank employees, and employees within same and across different 

municipalities on bank risk and performance in commercial lending. Panel A reports the results for the labor 

turnover of loan officers and non-loan officers. Panel B reports the results for the labor turnover of junior and 

senior bank employees. Panel C reports the results for bank labor turnover of bank employees within same and 

across different municipalities. Turnover LO, Turnover non-LO, Turnover junior, Turnover senior, Turnover 

same-city, Turnover different-city and all control variables are lagged by one month. Bank FE, Municipality FE 

and Time FE are the fixed effects. Details on variable definitions and according data sources are shown in 

Appendix Table A2.1. Standard errors are robust and clustered at the bank-municipality level and shown in 

parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: Results for labor turnover of loan officers and non-loan officers 

Dependent variable 
Loan loss reserve ratio 

(%) 
Loan growth (%) Return on assets (%) 

Return on assets (%, 12-

month) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Turnover LO -0.492***  7.469***  -0.594***  -0.503***  

 (0.060)  (0.742)  (0.065)  (0.057)  

Turnover non-LO  -0.406***  1.783***  -0.449***  0.090** 

  (0.038)  (0.453)  (0.051)  (0.043) 

         

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.453 0.453 0.152 0.152 0.704 0.704 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

         

 

Panel B: Results for labor turnover of junior and senior bank employees  

Dependent variable 
Loan loss reserve ratio 

(%) 
Loan growth (%) Return on assets (%) 

Return on assets (%, 12-

month) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Turnover junior -0.703***  13.854***  -1.270***  -0.991***  

 (0.160)  (1.339)  (0.106)  (0.082)  

Turnover senior  -0.617***  4.906***  -0.512***  -0.204*** 

  (0.036)  (0.535)  (0.049)  (0.043) 

         

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 
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Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.453 0.453 0.152 0.152 0.704 0.704 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

         

 

Panel C: Results for labor turnover of bank employees within and across different municipalities 

Dependent variable 
Loan loss reserve ratio 

(%) 
Loan growth (%) Return on assets (%) 

Return on assets (%, 12-

month) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Turnover same-city -0.796***  5.953***  -0.206***  0.134***  

 (0.052)  (0.567)  (0.052)  (0.046)  

Turnover different-city  -0.482***  7.595***  -1.351***  -1.054*** 

  (0.054)  (0.971)  (0.079)  (0.065) 

         

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.453 0.453 0.152 0.152 0.704 0.704 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

         

 

2.5. Further empirical checks 

2.5.1. Bank-level analysis and easing of credit standards 

 We now investigate the impact of labor turnover on bank risk and performance at the bank 

level to complement the previous analyses at the bank-municipality level. We match our RAIS 

data with the National Financial Institution Accounting Chart (Plano Contábil das Instituções 

do Sistema Financeiro Nacional, or COSIF) data from BCB at the bank level which saturates 
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our bank-level data with the information on credit ratings of bank loans granted. We then re-

estimate our baseline model at the bank level using the new matched RAIS and COSIF data. 

Panel A of Table 2.7 reports the results. We obtain consistent bank-level results with our 

baseline bank-municipality level results.5  

More importantly, we also examine whether labor turnover affects the loan growth to 

borrowers with credit ratings of AA, A, B, C, D, E, F, G and H, taking advantage of the rich 

COSIF bank financial data at the bank level. This analysis was not possible at the bank-

municipality level because loans are not reported separately by rating. Panel B of Table 2.7 

reports the results. We find while our labor turnover measures Turnover hire and Turnover 

total are positively associated with Loan growth across models, the magnitudes of their 

coefficients for the customer loans with credit ratings of B, C to D and E to H are much larger 

than their coefficients for the customer loans with credit ratings of A. Our results indicate that 

banks with higher labor turnover exhibit weaker credit standards by lending more to high-risk 

new borrowers and having existing borrowers whose ratings deteriorated over time in their 

credit portfolio. These effects can be explained with the labor turnover-induced impairment of 

screening and monitoring in commercial lending. 

 

 
5 We further show that our bank-level results are consistent using the labor turnover measures over varying time 

periods at the bank level in Appendix Table A2.4, and also upheld in the IV analysis and placebo tests at the bank 

level in Appendix Table A2.5. 
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Table 2.7: Labor turnover and easing of credit standards at the bank level 

This table reports the regression results for the effects of bank labor turnover on bank risk-taking and easing of credit standards at the bank level (within banks across 

municipalities). Panel A reports the results for bank risk and performance in commercial lending at the bank level. Panel B reports the results for loan growth rates of bank 

customer loans with different credit ratings at the bank level. Turnover hire, Turnover fire, Turnover total and all control variables are lagged by one month. Bank FE and Time 

FE are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and clustered at the bank-

municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: Results for bank risk and performance at the bank level 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire -0.268*   13.369***   -0.021   -0.033   

 (0.159)   (4.018)   (0.063)   (0.064)   

Turnover fire  1.153**   -11.735***   -0.227*   -0.243*  

  (0.495)   (4.051)   (0.136)   (0.136)  

Turnover total   0.191   5.334*   -0.088*   -0.101** 

   (0.173)   (3.073)   (0.049)   (0.050) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.553 0.554 0.553 0.056 0.055 0.055 0.345 0.345 0.345 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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Panel B: Results for loan growth rates of bank loans with different credit ratings at the bank level 

Dependent variable Loan growth (%, Rating AA-A) Loan growth (%, Rating B) Loan growth (%, Rating C-D) Loan growth (%, Rating E-H) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire 8.513**   41.629*   16.483*   8.503*   

 (3.718)   (24.929)   (9.643)   (4.322)   

Turnover fire  -4.143   -25.727   -31.005***   4.797  

  (5.760)   (24.689)   (11.006)   (5.578)  

Turnover total   4.478   20.120   1.184   7.375* 

   (2.932)   (24.936)   (7.174)   (4.168) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.179 0.179 0.179 0.076 0.076 0.076 0.179 0.179 0.178 0.192 0.192 0.192 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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2.5.2. Corporate loans, agriculture loans and mortgage loans 

 We further study the impact of labor turnover on the loan growth rates of bank corporate 

loans (i.e., loans to businesses in a broad sense; except agricultural firms), agriculture loans 

and mortgage loans using our baseline model at the bank-municipality level. Table 2.8 reports 

the results. We find while our main labor turnover measures Turnover hire and Turnover total 

are positively associated with Loan growth across loan categories, their coefficients for bank 

corporate and agriculture loans are much larger than their coefficients for mortgage loans. Our 

results suggest that labor turnover has larger effects on bank corporate and agriculture loans 

that are sensitive to soft information of local borrowers, since around 99.1% of Brazilian firms 

are micro or small businesses who heavily rely on soft information to acquire bank loans, than 

highly standardized mortgage loans which rely more on hard information. 

 

Table 2.8: Bank labor turnover and loan growth  

This table reports the results for the effects of bank labor turnover on the loan growth rates of bank corporate 

loans, agriculture loans and mortgage loans granted at the bank-municipality level. Turnover hire, Turnover fire, 

Turnover total and all control variables are lagged by one month. Bank FE, Municipality FE and Time FE are the 

fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. 

Standard errors are robust and clustered at the bank-municipality level and shown in parentheses. *, **, and *** 

indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Dependent variable Corporate loan growth (%) Agriculture loan growth (%) Mortgage loan growth (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

          

Turnover hire 2.224***   1.698**   0.365***   

 (0.132)   (0.790)   (0.025)   

Turnover fire  -2.371***   1.544   -0.097***  

  (0.207)   (1.364)   (0.030)  

Turnover total    1.008***   1.638**   0.241*** 

   (0.110)   (0.723)   (0.020) 

          

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 



 

47 

 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          

Adjusted R-squared 0.125 0.125 0.125 0.352 0.352 0.352 0.487 0.487 0.487 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

          

 

2.5.3. Age and salary differences due to hiring and firing 

 The loss and atrophy of financial expertise and experience of bank employees as time 

passes can impose a “brain drain” effect on bank’s institutional memory (Berger and Udell, 

2004; Malmendier, 2021), which may further amplify the unfavorable effects of labor turnover 

on bank risk and performance in commercial lending. To test our hypothesis, we use the 

differentials in the average age as ∆Age and the average monthly salary as ∆Salary between 

newly hired, resigned and dismissed bank employees to proxy the loss and atrophy of financial 

expertise and experience through labor turnover over time. A higher value of ∆Age and ∆Salary 

indicates a greater extent of disruptions in the financial expertise and experience of bank 

employees resulting from bank employee hiring, resignation and dismissal over time. We 

interact ∆Age and ∆Salary with our labor turnover measures respectively as the main 

explanatory variables and estimate the following model at the bank-municipality level: 

 

𝑌𝑖,𝑚,𝑡 = 𝛽0 + 𝛽1𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1 × 𝐷𝑖,𝑚,𝑡−1 + 𝛽2𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1

+ 𝛽3𝐷𝑖,𝑚,𝑡−1 + 𝛾𝑍𝑖,𝑚,𝑡−1 + 𝜐𝑖 + 𝜃𝑚 + 𝜑𝑡 + 휀𝑖,𝑚,𝑡 

(2) 

 

 where 𝐷𝑖,𝑚,𝑡−1 ∈ {∆Age, ∆Salary}. All other variables are the same as defined before. 𝛽1 
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is the coefficient of interest in Equation (2). Table 2.9 reports the results. We find banks with 

higher differentials in the average age and salary between newly hired, resigned and dismissed 

employees also have larger unfavorable effects of labor turnover on bank risk and performance 

in commercial lending. These findings are consistent with our institutional memory hypothesis 

and suggest that the loss and atrophy of financial expertise and experience over time contribute 

to the deterioration of banks’ institutional memory induced by labor turnover. 
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Table 2.9: Effects of age and salary differentials due to hiring and firing 

This table reports the regression results for the effects of the differentials in average age and average salary between newly hired and newly resigned and dismissed employees 

on bank risk and performance in commercial lending at the bank-municipality level (within municipalities across banks). Panel A reports the results for the effects of employee 

age differentials. Panel B reports the results for the effects of employee salary differentials. Turnover hire, Turnover fire, Turnover total, ΔAge, ΔSalary and all control variables 

are lagged by one month. Bank FE, Municipality FE and Time FE are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table 

A2.1. Standard errors are robust and clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent 

levels, respectively. 

 

Panel A: Effects of employee age differential and labor turnover on bank risk and performance  

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire × ΔAge -0.005   0.128***   -0.024***   -0.019***   

 (0.006)   (0.042)   (0.004)   (0.004)   

Turnover fire × ΔAge  -0.007*   0.097**   0.016***   -0.0008  

  (0.004)   (0.038)   (0.005)   (0.004)  

Turnover total × ΔAge   -0.001   0.046   -0.007***   -0.011*** 

   (0.004)   (0.031)   (0.003)   (0.003) 

             

Turnover hire -0.620***   5.948***   -0.568***   -0.274***   

 (0.034)   (0.504)   (0.046)   (0.040)   

Turnover fire  0.301   -3.765***   -0.113   -0.006  

  (0.064)   (0.612)   (0.076)   (0.062)  

Turnover total   -0.398***   3.576***   -0.431***   -0.197*** 

   (0.030)   (0.411)   (0.039)   (0.035) 

ΔAge 0.0006 0.0006 0.0005 0.004* 0.005* 0.005* 0.002*** 0.002*** 0.002*** 0.003*** 0.003*** 0.003*** 

 (0.0005) (0.0005) (0.0005) (0.003) (0.003) (0.003) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) 
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Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel B: Effects of employee salary differential and labor turnover on bank risk and performance 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire × ΔSalary -0.034***   0.333***   -0.001   0.001   

 (0.008)   (0.116)   (0.011)   (0.009)   

Turnover fire × ΔSalary  -0.015   0.108   -0.049***   -0.080***  

  (0.010)   (0.076)   (0.010)   (0.009)  

Turnover total × ΔSalary   -0.024***   0.217***   -0.014**   -0.024*** 

   (0.006)   (0.081)   (0.007)   (0.007) 

             

Turnover hire -0.554***   5.496***   -0.626***   -0.328***   

 (0.037)   (0.512)   (0.049)   (0.042)   

Turnover fire  0.298***   -3.439***   0.115   0.186***  

  (0.052)   (0.534)   (0.073)   (0.055)  

Turnover total   -0.336***   3.210***   -0.428***   -0.187*** 
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   (0.031)   (0.403)   (0.041)   (0.035) 

ΔSalary -0.007*** -0.007*** -0.007*** 0.035*** 0.041*** 0.036*** 0.004** 0.004** 0.005*** 0.006*** 0.006*** 0.006*** 

 (0.002) (0.002) (0.002) (0.009) (0.009) (0.009) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.454 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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2.5.4. Bank ownership, bank size and local bank competition 

 We further examine the potential heterogenous effects of bank ownership, bank size and 

local bank competition on the unfavorable impacts of labor turnover on bank risk and 

performance in commercial lending. First, we focus on bank ownership since state-owned 

banks grant more credits to small and medium firms, offer more relationship lending and rely 

more on soft information production and learning in commercial lending than privately owned 

banks. We use State-owned to indicate the state-owned banks in Brazil. Second, we look at 

bank size since small banks tend to offer more relationship lending to informationally opaque 

borrowers while large banks may be less inclined to make such loans due to their organizational 

disadvantages at handling soft information which cannot be easily communicated to and 

verified by bank management (Berger, Miller, Petersen, Rajan and Stein, 2005). We use Small 

bank to indicate the banks below the sample median of bank total book assets. Third, we switch 

to look at local bank competition and use the number of bank branches per local population to 

measure the local bank competition at the municipality level. High competition indicates banks 

are located in municipalities above the median of local bank competition measure. While 

competition creates incentives for risk-taking, local market discipline can be more effective in 

curbing banks’ risk appetites in high-competition localities (Nier and Baumann, 2006). We 

interact State-owned, Small bank and High competition with our labor turnover measures 

respectively as the main explanatory variables and estimate the following model at the bank-

municipality level: 
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𝑌𝑖,𝑚,𝑡 = 𝛽0 + 𝛽1𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1 × 𝑋𝑖,𝑚,𝑡−1 + 𝛽2𝐿𝑎𝑏𝑜𝑟 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑚,𝑡−1

+ 𝛽3𝑋𝑖,𝑚,𝑡−1 + 𝛾𝑍𝑖,𝑚,𝑡−1 + 𝜐𝑖 + 𝜃𝑚 + 𝜑𝑡 + 휀𝑖,𝑚,𝑡 

(3) 

 

 where 𝑋𝑖,𝑚,𝑡−1 ∈ {State-owned, Small bank, High competition}. All other variables are 

the same as defined before. 𝛽1 is the coefficient of interest in Equation (3). Table 2.10 reports 

the results. First, we find state-owned banks with higher labor turnover have larger unfavorable 

effects on bank risk and performance in commercial lending than privately owned banks as 

shown in Panel A. This result is consistent with state-owned banks being more sensitive to the 

disruptions in soft information and lending relationships of borrowers caused by labor turnover. 

Or, put differently, privately owned banks are more efficient in dealing with the disruptions due 

to labor turnover than state-owned banks. Second, we find small banks with higher labor 

turnover reserve fewer risk buffers and have higher loan growth. Nevertheless, they also have 

higher profitability in the short and long term, which are driven by the labor turnover of 

resigned and dismissed employees, as shown in Panel B. This result suggests that small banks 

are more capable of engaging in more high-risk, high-return investments with excessive credit 

growth by creating a more competitive work environment through dismissing underperforming 

employees than large banks. Third, we find banks with higher labor turnover located in 

municipalities with higher bank competition have smaller unfavorable effects on bank risk and 

performance in commercial lending than banks located in municipalities with lower bank 

competition, as shown in Panel C. This result suggests that the local banking markets have a 

disciplining effect on banks’ excessive risk-taking induced by labor turnover in high-

competition municipalities through local labor and credit markets.  
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Table 2.10: Heterogeneous effects of bank ownership, size and local competition 

This table reports the regression results for the heterogeneous effects of bank ownership, bank size and local bank competition on the relationship between labor turnover and 

bank risk and performance in commercial lending at the bank-municipality level (within municipalities across banks). Panel A reports the results for state-owned and privately 

owned banks. Panel B reports the results for small and large banks. Panel C reports the results for municipalities with high and low local bank competition. Turnover hire, 

Turnover fire, Turnover total and all control variables are lagged by one month. The single terms of Turnover hire, Turnover fire, Turnover total, State-owned, Small bank and 

High competition are omitted for simplicity. Bank FE, Municipality FE and Time FE are the fixed effects. Details on variable definitions and according data sources are shown 

in Appendix Table A2.1. Standard errors are robust and clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 

10, 5, and 1 percent levels, respectively. 

 

Panel A: Results for the heterogeneous effects of bank ownership  

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire × State-owned -0.292**   16.338***   -1.468***   -1.832***   

 (0.148)   (1.761)   (0.133)   (0.114)   

Turnover fire × State-owned  -0.426***   4.013***   -0.310*   -2.230  

  (0.149)   (1.579)   (0.185)   (0.156)  

Turnover total × State-owned   -0.419***   15.147***   -1.325***   -1.569*** 

   (0.126)   (1.518)   (0.114)   (0.099) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Adjusted R-squared 0.453 0.453 0.453 0.153 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel B: Results for the heterogeneous effects of bank size 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire × Small bank -0.726***   4.916***   0.023   0.135   

 (0.072)   (0.915)   (0.094)   (0.084)   

Turnover fire × Small bank  -0.808***   2.545**   0.750***   0.284***  

  (0.130)   (1.189)   (0.137)   (0.107)  

Turnover total × Small bank   -0.755***   4.423***   0.199**   0.167*** 

   (0.065)   (0.760)   (0.079)   (0.072) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.454 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel D: Results for the heterogeneous effects of local bank competition 
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Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire × High competition 0.477***   -3.442***   0.383***   0.295***   

 (0.076)   (1.009)   (0.092)   (0.085)   

Turnover fire × High competition  -0.121   -1.244   0.009   0.104  

  (0.108)   (1.082)   (0.145)   (0.115)  

Turnover total × High competition   0.402***   -3.638***   0.340***   0.271*** 

   (0.064)   (0.830)   (0.079)   (0.074) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.152 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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2.6. Conclusions 

 In this paper, we investigate whether labor turnover affects bank risk and performance in 

commercial lending. We base our analysis on a novel and unique dataset that contains matched 

monthly employer-employee data from Brazilian banks during January 2003 to December 2019, 

controlling for the bank labor, financial and local characteristics and fixed effects at several 

dimensions.  

 We have several important findings. First, we find that banks with higher turnover have 

lower risk buffers and higher loan growth paired with lower profitability both in the short and 

long term. We confirm our results using local peer-group labor turnover as instrumental 

variable and in placebo tests. Second, these unfavorable effects are smaller for the labor 

turnover of employee transfers within banks, and larger for loan officers, junior employees and 

employees hired and transferred from different municipalities. Third, banks with higher labor 

turnover ease their credit standards as they lend more to high-risk new borrowers and also 

engage more in corporate and agriculture lending than in mortgage lending. Fourth, we 

document significant amplification effects of employee age and salary differences due to labor 

turnover on bank risk-taking. Finally, we find heterogenous effects of bank ownership, bank 

size and local bank competition on the impact of labor turnover on bank risk and performance. 

Our findings are consistent with our hypothesis that labor turnover deteriorates bank’s short-

term institutional memory and compromise soft information production, financial expertise and 

experience. This deteriorated institutional memory shapes a bank risk culture characterized by 

high growth in transactions lending and short-termism.  

 This study provides novel, comprehensive and consistent evidence on the impact of labor 
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turnover on bank risk and performance through the “institutional memory” channel. We take 

banks as one particularly relevant example, but it is likely that this channel also exists for firms 

in other industries where information production, learning and experience are critical. Financial 

institutions, regulators and policy makers should take our findings on labor turnover and bank 

risk and performance into account when monitoring financial stability and making decisions 

and rules that influence labor market outcomes. 
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Abstract 

The COVID-19 pandemic caused a global health and economic crisis to which governments 

responded with massive policy interventions. Using Brazil as a testing ground, we investigate 

the influence of the pandemic and ensuing policy interventions on local credit markets. First, 

we find that the pandemic has a significantly negative impact on local credit. Second, using a 

novel manually collected database on the staggered municipal government policy interventions, 

we show heterogenous effects of interventions: positive effects of soft interventions (e.g., social 

distancing and mass gathering restrictions) and late reopening, and negative effects of hard 

interventions (e.g., closure of non-essential services) and early reopening. Third, we find that 

state-owned banks grant more local credit than privately owned banks during the COVID-19 

crisis but this difference is less pronounced than it was in the 2008 Financial Crisis. We confirm 

our results using pre-pandemic local political preference as instrument for policy interventions 

and orthogonalized policy intervention indicators, and in placebo tests.  
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3.1. Introduction 

 The COVID-19 pandemic has caused a global health crisis that rapidly transformed to a 

full-scale economic crisis, creating a “perfect storm” particularly for emerging economies 

(Hevia and Neumeyer, 2020). There have been more than 196.5 million confirmed cases of 

infections and 4.1 million deaths worldwide as of July 31, 2021, and the global GDP growth 

tanked at -4.4% in 2020. International organizations and national governments responded with 

massive policy interventions, but there has been an increasing debate about the economic 

consequences of the pandemic itself and its ensuing differential policy interventions, especially 

on restrictive interventions and lockdowns.  

In this paper, we investigate whether and how the COVID-19 pandemic and ensuing 

public policy interventions affect local credit in Brazil. We refer to “local credit” as bank credit 

to firms at the municipality level. We focus on Brazil as a testing ground for the following 

reasons. First, Brazil is the third most severely affected country by the pandemic in the world 

after the U.S. and India, in which the number of new cases and deaths have kept growing and 

maintained high levels for months, reaching 19.9 million confirmed cases and 556,370 deaths 

as of July 31, 2021. Second, there has been fundamental disagreement between the Brazilian 

federal government and state/municipal governments about how to react to the COVID-19 

pandemic.6 Importantly, policy intervention decisions in Brazil were ultimately taken at the 

municipality level, were implemented in a staggered way, and varied in several dimensions, 

 
6 Different from the Coronavirus Aid, Relief, and Economic Security (CARES) Act in the U.S., the Brazilian 

federal government financially supported mainly small businesses (next to much larger programs for low income 

households and unemployed workers, e.g., BEm and Auxílio Emergencial) with the Working Capital Program 

(CGPE, BRL 127 billion) and the Emergency Employment Support Program (PESE, BRL 40 billion). These two 

programs together only correspond to 4.4% (Sep 2020) to 5.9% (Jan 2018) of total local credit in Brazil. 
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such as speed, duration and intensity. Local governments implemented policy interventions 

such as closure of public venues and non-essential services,7 while the federal virus-control 

policies have been prominently decoupled from those of local governments (see, e.g., 

Nadanovsky and Santos, 2020). The Brazilian President Jair Bolsonaro, whose term continues 

until the end of 2022, has publicly downplayed the COVID-19 pandemic, and has been opposed 

to interventions and in favor of early reopening (Ponce, 2020). Third, the COVID-19 crisis has 

severely disrupted the economy and likely affected local credit considering the Brazilian local 

credit markets are characterized by notoriously high interest rates, high borrower default risk, 

a relatively weak legal environment with congested courts and low enforcement. Fourth, a 

single-country study enables us to exploit the cross-sectional and monthly time-series variation 

of the pandemic severity and local policy interventions across municipalities in Brazil, keeping 

the institutional and legal environment constant.  

We base our analysis on a novel and unique dataset that combines information on the 

COVID-19 pandemic, policy interventions and local credit at the municipality level. In the first 

step, we perform panel data regression analysis at the bank-municipality level to examine how 

the case severity of the COVID-19 pandemic influences local credit. We measure the local case 

severity using the absolute and per capita numbers of new confirmed infections and deaths per 

municipality and month. In the second step, we employ a difference-in-difference (DiD) design 

to examine the heterogeneous effects of different types of policy interventions on local credit. 

 
7 We investigate the effect of policy interventions in response to the COVID-19 pandemic until September 2020 

since approved vaccines or medical treatments were not available in Brazil until that date. The discussion on the 

necessity and the impact of policy interventions continues in 2021 as mass vaccination tends to advance more 

slowly than expected due to various reasons. 
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For this purpose, we manually collect a novel dataset on local policy interventions and define 

indicator and intensity variables that indicate the enactment periods of these interventions for 

920 major metropolitan municipalities in Brazil and interact these variables with case severity 

measures of the COVID-19 pandemic in a DiD regression model for local credit, with a 

comprehensive set of time-varying control variables and fixed effects. 

 We find three main results. First, we show that the COVID-19 pandemic has a significantly 

negative impact on local credit. Second, we document heterogenous effects of municipal 

government policy interventions on local credit. On the one hand, we find positive effects of 

soft interventions (social distancing, mass gathering restrictions and closure of schools and 

universities) and late reopening. On the other hand, we find negative effects of hard 

interventions (closure of public venues and/or non-essential services) and early reopening. 

Third, we find that state-owned banks in Brazil grant more local credit than privately owned 

banks during the COVID-19 crisis but this difference is less pronounced than it was in the 2008 

Global Financial Crisis. 

 In further checks, we first conduct an instrumental variable analysis, using the pre-

pandemic local political preference in a municipality (share of votes in favor of President 

Bolsonaro in 2018) as instrument for local policy interventions. This analysis helps address the 

potential endogeneity between the pandemic and interventions as well as pandemic-induced 

economic contraction and policy interventions. In the first stage, we find that local political 

preference is significantly related to the likelihood and restrictiveness of policy interventions. 

In the second stage, we obtain results that are consistent with our previous findings in terms of 

economic and statistical significance. We also confirm our results with the policy intervention 
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variables orthogonalized by the COVID-19 pandemic case severity measures and in placebo 

tests which indicates our results are not driven by unobserved contemporaneous shocks or 

random local and temporal confounders in our data. Furthermore, we show that the pandemic 

has a larger effect on the local credit to the rural agriculture sector, and a potential credit 

reallocation effect between urban and rural sectors under the enactment and revoking of local 

policy interventions during the crisis. Finally, we find evidence that the duration and reaction 

speed of local governments to adopt interventions influence our main results on local credit. 

Overall, our empirical findings highlight the pandemic-induced disruption in local credit and 

suggest the undocumented yet critical heterogenous effects of the policy interventions in 

response to the COVID-19 pandemic, i.e., positive effects of soft interventions (e.g., social 

distancing and mass gathering restrictions) and late reopening, and negative effects of hard 

interventions (e.g., closure of non-essential services) and early reopening on local credit 

granted by banks in Brazil. Our paper has clear implications for policy makers and financial 

regulators that different types of restrictive policy interventions in the COVID-19 crisis may 

have differential, or even opposite, effects on local credit, and bank state-ownership, sectoral 

specification and policy intervention timing matter for the prospect of lenders and borrowers. 

 Our paper contributes to the literature on the economic consequences of the COVID-19 

pandemic. Previous studies have found that the pandemic strongly affects labor markets 

(Coibion, Gorodnichenko and Weber, 2020b), stock markets (Baker, Bloom, Davis, Kost, 

Sammon and Viratyosin, 2020a, Fahlenbrach, Rageth and Stulz, 2020), consumer credit 

(Horvath, Kay and Wix, 2021), household consumption (Baker, Farrokhnia, Meyer, Pagel and 

Yannelis, 2020b; Coibion, Gorodnichenko and Weber, 2020a), and overall economic activity 



 

64 

 

(Ludvigson, Ma and Ng, 2020). Concerning credit markets, there is evidence that large firms 

rapidly drew on their existing lines of credit at the beginning of the pandemic because of 

precautionary motives (Acharya and Steffen, 2020). The effect is concentrated on the largest 

banks (Li, Strahan and Zhang, 2020). Berger, Bouwman, Norden, Roman, Udell and Wang 

(2021) document that relationship borrowers fare worse during the COVID-19 crisis than non-

relationship borrowers, which indicates that the dark side of close bank-firm relationships (hold 

up) due to market power dominates during the crisis. Beck and Keil (2021) show a decrease in 

syndicate lending and an increase of interest rates for banks that are more affected by the 

pandemic. Our study contributes to this literature by showing a negative and significant impact 

of the COVID-19 pandemic on local credit. 

 We also add to the research on government policy interventions during the COVID-19 

pandemic. Goel and Thakor (2020) develop a two-period production-consumption model in 

which the government can choose to either invest in shock mitigation to attenuate the effects 

of a shock or simply shut down the economy when facing a pandemic crisis. They show that 

investing in mitigation (soft interventions) while keeping the economy open is Pareto-optimal 

and can be superior to a lockdown because it leads to higher consumption. Eichenbaum, Rebelo 

and Trabandt (2021) show that the policy interventions in response to the COVID-19 pandemic 

deepen the economic recession as they reduce consumption and labor supply. Empirical 

research provides evidence for a significantly negative impact of restrictive interventions on 

economic activity (Carletti, Oliviero, Pagano, Pelizzon and Subrahmanyam, 2020; Coibion, 

Gorodnichenko and Weber, 2020a; Kong and Prinz, 2020; Horvath, Kay and Wix, 2021). 

Coibion, Gorodnichenko and Weber (2020a) show that restrictive policy interventions have a 
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negative effect on real economic activity and household spending. Horvath, Kay and Wix (2021) 

document that both the COVID-19 pandemic case severity and policy interventions have 

negative effects on consumer credit in the early stage of the COVID-19 crisis in the U.S. 

Spiegel and Tookes (2021) find heterogenous effects of business restriction policies on 

COVID-19 fatalities. Our study contributes to this literature by analyzing the effects of 

government policy interventions on local credit empirically and providing novel evidence on 

the heterogeneous effects of different policy interventions in Brazil during the COVID-19 

pandemic.  

 Finally, our study contributes to the growing literature on the macroeconomic policies and 

their financial outcomes in the 2020 COVID-19 crisis relative to previous crisis, in particular 

the 2008 Global Financial Crisis (e.g., Cortes, Gao, Silva and Song, 2021; Sedunov, 2021). We 

document that state-owned banks in Brazil grant relatively more credit than privately owned 

banks in both crises, but the difference was substantially smaller during the COVID-19 crisis. 

We show that lending by state-owned banks was countercyclical in the 2008 crisis and less 

cyclical in the 2020 crisis. This differential response can be explained with the different nature 

of the two crises, bank governance issues and political influence on state-owned banks and the 

recovery after the first COVID-19 wave in Brazil. 

 The remainder of this paper is organized as follows. Section 3.2 discusses the theoretical 

background and develops three main hypotheses. Section 3.3 describes our data and 

methodology. Section 3.4 presents our main results. Section 3.5 reports further findings. 

Section 3.6 concludes. 
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3.2. Theory and hypotheses 

 The COVID-19 pandemic has caused a substantial economic disruption. It has reduced 

economic output (Furceri, Ganslmeier, Ostry and Yang, 2021), employment (Coibion, 

Gorodnichenko and Weber, 2020b), consumer spending (Baker, Farrokhnia, Meyer, Pagel and 

Yannelis, 2020b), and significantly contributed to an overall decrease of economic activity 

(Ludvigson, Ma and Ng, 2020). Credit demand might have temporarily surged due to the 

precautionary cash hoarding motive in the early stage of the crisis (Acharya and Steffen, 2020). 

However, when the pandemic unfolded, credit demand likely fell due to disruptions in overall 

economic activity, drop in firm revenues, temporary shut-down or suspension of investments. 

Regarding credit supply, higher probability of default should lead banks to tighten their lending 

standards, especially for riskier borrowers (Berger, Bouwman, Norden, Roman, Udell and 

Wang, 2021; Beck and Keil, 2021). We expect that the overall effect of the COVID-19 

pandemic on local credit is negative and driven by a simultaneous decrease of credit supply 

and credit demand. We therefore hypothesize: 

Hypothesis 1. The COVID-19 pandemic has a negative impact on local credit. 

 During the COVID-19 pandemic, governments have implemented a series of policy 

interventions, ranging from soft interventions that are less restrictive to local economic 

activities such as social distancing and mass gathering restrictions, to hard interventions that 

are more restrictive ones such as closure of public venues and closure of non-essential services. 

These policy interventions have a significant impact on local markets (see, e.g., Coibion, 

Gorodnichenko and Weber, 2020a; Carletti, Oliviero, Pagano, Pelizzon and Subrahmanyam, 

2020). We hypothesize that they also have significant and heterogenous effects on local credit 
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during the COVID-19 crisis. Our theoretical reasoning closely relates to Goel and Thakor 

(2020)’s model, which establishes sufficient conditions under which less restrictive policy 

interventions can result in higher consumption and lower mortality relatively to lockdown 

measures. We expect a heterogeneous impact also on local credit. Less restrictive policy 

interventions should not severely affect local economic activities, and could further help 

mitigate the pandemic and, in turn, their effect on local credit. In contrast, more restrictive 

interventions impose more constraints to local economic activities, which should negatively 

affect local credit. Consequently, relaxing or revoking these restrictive interventions to reopen 

the economy should have a positive effect on local credit. Echoing our hypothesis, for instance, 

Kong and Prinz (2020) provide evidence on this heterogenous impact of policy interventions 

on employment, which closure of non-essential services is associated with increase in 

unemployment insurance claims, whereas there is no association for less restrictive 

interventions, such as mass gathering restriction. We therefore hypothesize that restrictiveness 

of policy interventions matters for its impact on local credit: 

Hypothesis 2. Policy interventions have heterogeneous effects on local credit during 

the COVID-19 pandemic. Soft interventions (social distancing, mass gathering 

restrictions and closure of schools and universities) have a positive effect (H2a), hard 

interventions (closure of public venues and/or non-essential services) have a negative 

effect (H2b), and the revoking of restrictive policy interventions (reopening) has a 

positive effect on local credit during the pandemic (H2c). 

 State-owned banks are historically important in Brazil and account for almost half of total 

credit during the last three decades. Research shows that state-owned banks help to sustain 
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credit expansions and avoid credit crunches (see, e.g., Coleman and Feler, 2015; Cortes, Silva 

and Van Doornik, 2019). Coleman and Feler (2015) find that Brazilians state-owned banks 

increased lending compared to privately owned banks in the 2008 Global Financial Crisis. 

Cortes, Silva and Van Doornik (2019) also show that Brazilian firms had greater access to credit 

from state-owned banks after the bankruptcy of Lehman Brothers. Based on this research, we 

expect that state-owned banks have a less cyclical pattern in granting local credit in the 

COVID-19 crisis. We therefore hypothesize:  

Hypothesis 3. Lending by state-owned banks helps stabilize local credit during the 

COVID-19 crisis in Brazil. 

 

3.3. Data and methodology 

3.3.1. Data and variables 

 We collect data from three main sources and gather additional control variables from 

further sources. First, we gather data on the COVID-19 pandemic. We consider the data of daily 

new confirmed infection and death cases of the COVID-19 pandemic in Brazil as of Sep 2020 

at the municipality level from the Ministry of Health of Brazil (Ministério da Saúde do Brasil). 

Figure 3.1 displays the new infection cases and deaths in Brazil over time as of September 30, 

2020 on the daily (past 15 days moving average) basis. New cases is the absolute number of 

new infection cases confirmed in a municipality during a given month, and New cases per 

population is the number of new cases per 1,000 local population in a given municipality during 

a given month. Similarly, we define two other variables that indicate the number of death cases 

caused by the COVID-19 pandemic at the municipality level, i.e., Deaths and Deaths per 

population. Figure 3.2 shows a heatmap displaying the dynamics of the COVID-19 pandemic 
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across municipalities in Brazil in March, June and September of 2020 respectively, using New 

cases per population as the severity measure. We set the value of case severity variables to 0 

for observations before February 2020 as comparison group in the pre-crisis time period. We 

use these local case severity measures of New cases, New cases per population, Deaths and 

Deaths per population to quantify the impact of the COVID-19 crisis across municipalities in 

Brazil as of September 2020.  
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Figure 3.1: COVID-19 new cases and deaths in Brazil 

This figure shows the severity of the COVID-19 pandemic in 2020 using the number of daily (past 15 days moving 

average) newly confirmed infection cases and deaths in Brazil. The black line indicates the number of new cases 

shown on the left vertical axis and the gray line indicates the number of deaths shown on the right vertical axis. 
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Figure 3.2: COVID-19 new cases per population by municipality 

This figure shows the temporal evolution of the COVID-19 pandemic at the municipality level in Brazil over time using New cases per population as the case severity measure, 

in which New cases per population is grouped into 6 groups: 0 new case, (0, 0.01 new case per 1000 people), [0.01 new case per 1000 people, 1 new case per 1000 people), [1 

new case per 1000 people, 5 new cases per 1000 people), [5 new cases per 1000 people, 10 new cases per 1000 people), and more than 10 new cases per 1000 people.   
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 Second, we manually assemble a novel dataset about the policy interventions in response 

to the COVID-19 pandemic in Brazil.8 According to the Brazilian Federal Constitution, the 

federal, state and municipal governments share the authority to legislate on public health 

matters due to the regional disparities across Brazil’s territory, which allows local public 

administrators to adopt different legislative and administrative measures depending on the 

pandemic’s progression in respective administrative area (Alves et al, 2020). Along with the 

COVID-19 crisis unfolded with extreme speed, local governments have enacted various policy 

interventions to flatten the curve of the COVID-19 pandemic cases and also relaxed these 

restrictions to promote economic activity over time. Following the Ministry of Health of Brazil, 

we classify the government policy interventions enacted in response to the COVID-19 

pandemic across municipalities into seven types including social distancing (SD), mass 

gathering restrictions (MGR), closure of schools and universities (CSU), closure of public 

venues (CPV), closure of non-essential services (CNES), stay-at-home orders (i.e., lockdown 

or shelter-in-place orders) and phased reopening. We hand-collect and assemble the starting 

and ending date of these policy interventions in response to the COVID-19 pandemic enacted 

by local legislatures for 920 major metropolitan municipalities in Brazil as of September 2020. 

We conduct a manual textual search with reference to local government legislative decrees, 

gazettes, official notices (Diário Oficial), health secretary websites, local regulations and 

public media reports at the municipality and state level. 

 
8 Data on the COVID-19 pandemic in Brazil are publicly available at the official website of the Ministry of Health 

of Brazil (https://covid.saude.gov.br/), and the OpenDATASUS website (https://opendatasus.saude.gov.br/). Data 

on the policy interventions during the COVID-19 pandemic in Brazil is available from the corresponding author 

on reasonable request. 
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 We create indicator variables to denote the enactment period of each type of policy 

interventions for a given municipality in Brazil as of September 2020. That is, we make these 

indicators equal 1 only between the starting and ending date of according policy interventions 

for a given municipality during our sample period, and 0 otherwise.9 We start by constructing 

the indicators of three relatively less restrictive (“soft”) policy interventions, which are mainly 

imposed on individuals and less likely to restrict local economic activities, i.e., social 

distancing (SD), mass gathering restrictions (MGR), closure of schools and universities (CSU). 

We create the variable Soft intervention to indicate the enactment period of these local soft 

policy interventions during which either SD, MGR or CSU equals 1 for a given municipality in 

a given month. Second, we construct the indicators of two more restrictive (“hard”) policy 

interventions imposed on local social and economic activities, i.e., closure of public venues 

(CPV) and closure of non-essential services (CNES). Similarly, we create the variable Hard 

intervention to indicate the enactment period of local hard policy interventions during which 

either CPV or CNES equals 1 for a given municipality in a given month. Third, we use the 

variable Lockdown to indicate the stay-at-home orders, lockdown or shelter-in-place orders that 

impose transport restrictions and mandate people should shelter in their homes except for 

essential reasons. Finally, we define the indicators of local phased reopening process across 

municipalities in Brazil over time, i.e., Reopen-early phase indicating the time period after the 

date of the 1st phase (“orange phase”) of reopening for a given municipality and Reopen-late 

phase indicating the time period after the date of either the 2nd (“yellow phase”) or the 3rd phase 

 
9 Since our merged bank financial data are on the monthly basis, we count the intervention starting month with a 

date before 15th in each month as the current month and after 15th to be the following month to avoid over-

statements of their enactment periods. 
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(“blue phase”) of reopening for a given municipality. In sum, we construct the indicator 

variables Soft intervention, Hard intervention, Lockdown, Reopen-early phase and Reopen-late 

phase to proxy the enactment and revoking of local policy interventions in response to the 

COVID-19 pandemic. Figure 3.3 displays the number of the metropolitan municipalities that 

adopted individual policy interventions in Brazil from February to September of 2020. 

Furthermore, we also construct an intervention intensity index Intervention intensity to proxy 

and quantify the restrictive scale of local government policy interventions for a given 

municipality in a given month by summing up the three restrictive intervention indicators Soft 

intervention, Hard intervention and Lockdown while subtracting the phased reopening 

indicators. Thereby, Intervention intensity index indicates an intensity average of local policy 

interventions in a given municipality over the month with an index value ranging from 0 to 3. 
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Figure 3.3: Monthly number of metropolitan municipalities under individual 

interventions 

This figure shows the monthly number of the metropolitan municipalities that adopted a certain type of 

government policy interventions, including social distancing, mass gathering restrictions, closure of schools and 

universities, closure of public venues, closure of non-essential services, stay-at-home orders and phased reopening, 

in a given month in Brazil. 

 

 

 

 Third, we collect monthly data on bank credit to firms at the municipality level from the 

Central Bank of Brazil (Banco Central do Brasil, or BCB). Credit to firms is largely local in 

Brazil since most of Brazilian firms are locally operating micro and small businesses, through 

a highly concentrated bank-based financial system involving five large banks, a large number 

of relatively small banks and credit unions (Cortes and Marcondes, 2018). We gather the 

financial statement data of all commercial banks in Brazil from the Monthly Banking Statistics 

per Municipality data (Estatística Bancária Mensal por município, or ESTBAN) of the Central 
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Bank of Brazil (BCB) at the granular bank-municipality level. We merge these data with our 

manually assembled policy intervention data. The merged dataset covers 920 major 

metropolitan municipalities that account for 94.04% of the total bank assets in Brazil. We focus 

on the total amount of outstanding credit for each bank and also differentiate by credit to the 

local corporate, agricultural and housing sectors. The granularity of the ESTBAN data allows 

for a geographic identification on the effect of the COVID-19 crisis on local credit across 

municipalities in Brazil. To be more specific, we take the ratio of monthly bank outstanding 

loan amount granted over total book assets for a given bank within a given municipality in a 

given month as the main local credit measure Loans over assets. Moreover, in order to further 

analyze variations in local credit to different sectors, we differentiate local credit with the 

variables Corporate loans over assets, Agriculture loans over assets and Mortgage loans over 

assets. We thereby compare variations in local credit across municipalities with varying case 

severity of the COVID-19 pandemic between the pre- and crisis period to examine how the 

local credit responds to the pandemic severity over time. Figure 3.4 shows the evolution of the 

bank local credit measure in Brazil during January to September of 2020. Local credit 

significantly decreased after the outbreak of the pandemic in Brazil, and then slightly 

rebounded which coincides with the reopening periods.  
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Figure 3.4: Local credit in Brazil during the COVID-19 pandemic 

This figure shows the local credit measured as the mean of banks’ loans over assets ratio in percentage in a given 

municipality in Brazil during the COVID-19 pandemic. The broken vertical line marks the start of the pandemic 

in Brazil. 

 

 

 Fourth, we add a comprehensive set of control variables regarding bank financial controls 

and local economic and demographic characteristics. We first include a vector of bank financial 

variables including the bank asset growth rate Asset growth to proxy the variation dynamics in 

local bank asset size, the deposits over assets ratio Deposits over assets as the ratio of bank 

customer deposits over total book assets to proxy local funding conditions, the forward-looking 

bank credit risk-risk measure Loan loss provision ratio as the ratio of bank loan loss provisions 

over total book assets, the bank profitability measure ROA as the ratio of bank gross profit over 

total book assets and the bank liquidity ratio Liquidity as the ratio of bank cash holdings and 

short-term liquid assets over total book assets. Moreover, we include a variety of municipality-
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level and state-level controls. To start, we include a deposit market concentration measure as 

the Herfindahl-Hirschman Index HHI deposit calculated by the bank deposits at the Brazilian 

municipality level using the ESTBAN data. We also include local economic and labor market 

activity characteristics from the IPEA database, CAGED database and the Brazilian Institute 

of Geography and Statistics (Instituto Brasileiro de Geografia e Estatística, or IBGE) as 

controls at the state level. First, we control for the state-level retail sales index with a base value 

of 100 in 2014 as Retail sales index to account for local customer spending and economic 

outputs. Second, we control for the state-level average income level Average income to control 

for the dynamics in local income and economic development. Third, we include two labor 

indicators to control for the variations in local employment conditions and labor markets, i.e., 

Unemployment rate as the state-level unemployment rate and Labor turnover as the state-level 

labor turnover ratio calculated as the difference between the number of employee admissions 

and layoffs over total population within a given state. Our sample period from January 2018 to 

September 2020 incorporates both a pre-crisis period before February 2020 and a crisis period 

as of September 2020 surrounding the outbreak of the COVID-19 pandemic in Brazil. 

Appendix Table A3.1 reports the variable definitions and according data sources. 

 

3.3.2. Summary statistics 

 Table 3.1 presents the summary statistics of the variables for our sample of 920 major 

metropolitan municipalities in Brazil for the full sample period, pre-crisis period (Jan 2018 to 

Jan 2020) and crisis period (Feb 2020 to Sep 2020) respectively. Our main local credit measure 

Loans over assets has an average of 27.784% across banks and municipalities in Brazil from 
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Jan 2018 to Sep 2020. The mean is 28.132% in the pre-crisis period and decreases to 26.669% 

during the crisis. Regarding the COVID-19 case severity and policy interventions variables, 

during the crisis period, the average monthly number of new cases is around 1,953 per 

municipality, which corresponds to 2.810 cases per 1000 local population, and the average 

monthly number of deaths is 85 per municipality, which is 0.077 deaths per 1000 population. 

The intervention intensity index has an average of 0.847. We note that municipalities from 

different Brazilian states have rather heterogenous intervention intensities over time but all 

peaked around April-May and decreased after July. 
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Table 3.1: Summary statistics 

This table presents summary statistics for the variables used in this study. We winsorize Asset growth, Capital adequacy, and ROA at the 1th and 99th percentile to account for 

outliers. The unit of observation is at the bank-municipality level. The full sample period spans from Jan 2018 to Sep 2020. The pre-crisis period spans from Jan 2018 to Jan 

2020 and the crisis period spans from Feb 2020 to Sep 2020. Std. Dev. is the standard deviation. P5 and P95 are the values at the 5th and 95th percentile, respectively. Number 

of obs. is the number of observations. Variable definitions and according data sources are shown in Appendix Table A3.1. 

 

 Full sample period Pre-crisis period Crisis period 

Variable Mean Median Std. Dev. P5 P95 Number of obs. Mean Std. Dev. Number of obs. Mean Std. Dev. Number of obs. 

             

Dependent variables             

Loans over assets (%) 27.784 23.832 22.294 1.235 73.146 110,967 28.132 22.477 84,593 26.669 21.658 26,374 

Corporate loans over assets (%)  13.631 10.943 11.668 0.444 35.895 110,967 13.683 11.580 84,593 13.466 11.945 26,374 

Agriculture loans over assets (%) 5.935 0 14.711 0 46.129 110,967 6.030 14.847 84,593 5.628 14.261 26,374 

Mortgage loans over assets (%) 5.680 0 11.127 0 31.383 110,967 5.760 11.268 84,593 5.424 10.662 26,374 

             

Crisis variables             

COVID-19 severity measures:             

New cases 0.464 0 4.015 0 0.702 110,967 0 0 84,593 1.953 8.058 26,374 

New cases per population 0.668 0 2.291 0 4.906 110,967 0 0 84,593 2.810 4.007 26,374 

Deaths 0.020 0 0.182 0 0.021 110,967 0 0 84,593 0.085 0.365 26,374 

Deaths per population 0.018 0 0.061 0 0.150 110,967 0 0 84,593 0.077 0.105 26,374 

             

Policy intervention variables:             

Soft intervention (SD/MGR/CSU) 0.188 0 0.390 0 1 110,967 0 0 84,593 0.789 0.408 26,374 

Hard intervention (CPV/CNES) 0.169 0 0.375 0 1 110,967 0 0 84,593 0.710 0.454 26,374 

Lockdown 0.004 0 0.060 0 0 110,967 0 0 84,593 0.015 0.122 26,374 

Reopen-early phase 0.114 0 0.317 0 1 110,967 0 0 84,593 0.478 0.500 26,374 

Reopen-late phase 0.055 0 0.229 0 1 110,967 0 0 84,593 0.233 0.423 26,374 
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Intervention intensity 0.201 0 0.555 0 2 110,967 0 0 84,593 0.847 0.864 26,374 

             

Control variables             

Bank controls:             

Asset growth 0.014 0.010 0.067 -0.067 0.109 110,967 0.011 0.068 84,593 0.024 0.066 26,374 

Deposits over assets 0.305 0.297 0.198 0 0.624 110,967 0.301 0.195 84,593 0.318 0.204 26,374 

Loan loss provision ratio 0.005 0 0.011 0 0.025 110,967 0.005 0.011 84,593 0.005 0.011 26,374 

ROA 0.014 0.009 0.015 0 0.044 110,967 0.014 0.016 84,593 0.011 0.013 26,374 

Liquidity 0.018 0.006 0.055 0 0.054 110,967 0.018 0.056 84,593 0.016 0.052 26,374 

             

Local controls:             

HHI deposit 0.393 0.337 0.195 0.222 1 110,967 0.393 0.195 84,593 0.392 0.193 26,374 

Retail sales index 97.572 96.800 12.465 77.700 121.700 110,967 97.463 10.722 84,593 97.923 16.877 26,374 

Average income 2.539 2.632 0.565 1.548 3.379 110,967 2.478 0.543 84,593 2.732 0.589 26,374 

Unemployment rate (%) 6.870 6.420 3.418 3.304 15.100 110,967 5.606 1.513 84,593 10.922 4.501 26,374 

Labor turnover (%) 0.012 0.033 0.152 -0.240 0.183 110,967 0.028 0.101 84,593 -0.041 0.246 26,374 

             

Instrumental variable             

Political preference 0.623 0.661 0.166 0.265 0.826 110,967       
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3.3.3. Methodology 

 We study the effects of the COVID-19 pandemic and ensuing policy interventions on local 

credit, using monthly bank-municipality data from the period from January 2018 to September 

2020. The COVID-19 pandemic was unexpected and exogenous to local credit markets and 

local governments, since it was neither caused by lenders or borrowers, nor were local 

governments prepared to contain its outbreak. First and foremost, we examine whether and 

how the COVID-19 pandemic directly affects the local credit in Brazil. We thus compare the 

variations in the monthly local credit granted between the pre-crisis period from January 2018 

to January 2020 and crisis period from February 2020 to September 2020. We start by 

examining the effect of the COVID-19 crisis in terms of local case severity on local credit at 

the bank-municipality level. Our baseline regression model is specified as follows: 

 

𝐿𝑜𝑎𝑛𝑠 𝑜𝑣𝑒𝑟 𝑎𝑠𝑠𝑒𝑡𝑠𝑖,𝑚,𝑡 = 𝛽0 + 𝛽1𝐶𝑎𝑠𝑒 𝑠𝑒𝑣𝑒𝑟𝑖𝑡𝑦𝑚,𝑡 + 𝛾𝑍𝑖,𝑚,𝑡−1 + 𝜐𝑖,𝑡 + 𝜃𝑠 + 휀𝑖,𝑚,𝑡 (1) 

 

 where i indexes a bank, m indexes a municipality, s indexes a state and t indexes a time 

unit of year-month; 𝐿𝑜𝑎𝑛𝑠 𝑜𝑣𝑒𝑟 𝑎𝑠𝑠𝑒𝑡𝑠𝑖,𝑚,𝑡  is the ratio of loans over assets of bank i in 

municipality m at time t; 𝐶𝑎𝑠𝑒 𝑠𝑒𝑣𝑒𝑟𝑖𝑡𝑦𝑚,𝑡 is the local case severity measure of the COVID-

19 pandemic for municipality m during year-month t, which is one of our four main explanatory 

variables: New cases, New cases per population, Deaths and Deaths per population. We 

saturate the model with 𝑍𝑖,𝑚,𝑡−1 that is a vector of time-varying control variables including 

bank financial controls and local economic and demographic characteristics as defined before 

lagged by one year-month. We take the one-month lag setting for the control variables to 



 

83 

 

mitigate the potential endogeneity and simultaneity between bank loan lending and local 

socioeconomic characteristics; 𝜐𝑖,𝑡  are bank-time fixed effects accounting for aggregate 

temporal variations in local credit before and during the crisis, bank-specific temporal lending 

dynamics, such as the idiosyncratic lending seasonality in credit demand, aggregate economic 

cycle, and the temporal variations in the benchmark interest rate and nationwide liquidity relief 

policies; 𝜃𝑠 are state fixed effects accounting for the state-level time-invariant fundamental 

characteristics.10  Standard errors are robust and clustered at the bank-municipality level to 

allow for the temporal autocorrelations within bank and municipality groups. 휀𝑖,𝑚,𝑡 is the error 

term. In Equation (1), 𝛽1 is the coefficient of our interest that captures the extent to which the 

COVID-19 pandemic impacts local credit granted. 

 Next, we examine whether and how the COVID-19 crisis and different policy interventions 

jointly affect local credit across municipalities over time using a staggered difference-in-

difference (DiD) design, following Goodman-Bacon and Marcus (2020). We hypothesize that 

the spread of the COVID-19 pandemic may impose negative effects on local credit while 

specific types of policy interventions may either alleviate or deteriorate this negative effect on 

local credit. We interact the COVID-19 case severity measure with the vector of intervention 

indicators as the main explanatory variable that resembles DiD-like interaction terms capturing 

the joint effect of the COVID-19 crisis and ensuing policy interventions across municipalities 

over time. We estimate the regression model specified as follows: 

 

 
10 The results remain consistent when we include alternative sets of fixed effects, such as bank-state fixed effects, 

bank-municipality fixed effects and year-month fixed effects. We do not include state-time or municipality-time 

fixed effects because they are highly collinear with the COVID-19 crisis and policy intervention variables. 
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𝐿𝑜𝑎𝑛𝑠 𝑜𝑣𝑒𝑟 𝑎𝑠𝑠𝑒𝑡𝑠𝑖,𝑚,𝑡

= 𝛽0 + 𝛽1𝐶𝑎𝑠𝑒 𝑠𝑒𝑣𝑒𝑟𝑖𝑡𝑦𝑚,𝑡 × 𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑚,𝑡

+ 𝛽2𝐶𝑎𝑠𝑒 𝑠𝑒𝑣𝑒𝑟𝑖𝑡𝑦𝑚,𝑡 + 𝛽3𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑚,𝑡 + 𝛾𝑍𝑖,𝑚,𝑡−1 + 𝜐𝑖,𝑡 + 𝜃𝑠

+ 휀𝑖,𝑚,𝑡 

(2) 

 

 where 𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑚,𝑡 is the vector of policy intervention indicator variables including 

Soft intervention, Hard intervention, Lockdown, Reopen-early phase and Reopen-late phase. 

All other variables are the same as defined before. 휀𝑖,𝑚,𝑡 is the error term. Standard errors are 

robust and clustered at the bank-municipality level. In Equation (2), 𝛽1  is the vector of 

coefficients of our interest that indicates the amplification effect of each specific type of policy 

interventions on the relationship between the COVID-19 severity and local credit. We then 

investigate the effect of local policy intervention intensity on local credit across municipalities 

over time. We include the interaction term between the intervention intensity index Intervention 

intensity, which is the monthly policy intensity index at the municipality level, and the COVID-

19 case severity measure as the main explanatory variable in the DiD model to estimate the 

extent to which the local intervention intensity amplifies the impact of the COVID-19 

pandemic severity on local credit. 

 Finally, we investigate the role of state-owned banks during the COVID-19 pandemic and 

compare it with the 2008 Global Financial Crisis. We define the bank indicator variable State-

owned that equals one if a bank is a state-owned bank and zero otherwise, and the time indicator 

variable Post that equals zero before and one during the crisis. We use the interaction term 

between State-owned and Post as the main explanatory variable in the DiD regression model 
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for bank-specific local credit during these two crisis periods. 

 

3.4. Main results 

3.4.1. The COVID-19 pandemic and local credit 

 We study whether and how the COVID-19 pandemic impacts local credit using the 

regression model shown in Equation (1). Table 3.2 reports the results for our final sample of 

920 major metropolitan municipalities in Brazil, for which we manually collected the policy 

intervention data. 

 We find that the coefficients of Case severity are negative and statistically significant 

across our four case severity measures (New cases, New cases per population, Deaths and 

Deaths per population). These results remain robust when we add the vector of control 

variables and bank-time and state fixed effects. The economic magnitude estimated of the 

COVID-19 pandemic effect on local credit is also large. For instance, an increase of deaths by 

one per 1000 local population during the pandemic corresponds to a drop of 4.07 percentage 

points in the loans over assets ratio, as shown in column (8) of Table 3.2. 11  This impact 

corresponds to 14.4 percent decrease of the pre-crisis mean of the loans over assets ratio (i.e., 

-4.07/28.13=-0.144). These results suggest that the COVID-19 pandemic has a significantly 

negative impact on local credit, which is consistent with our Hypothesis 1. 

 

 
11 We report the results for all 3,380 municipalities in the Appendix Table A3.2, for which credit data is available 

in the ESTBAN database from BCB. The results are similar to the ones reported in Table 3.2.  



 

86 

 

Table 3.2: Regression analysis results using new cases and deaths as the COVID-19 severity measure 

This table reports the regression analysis results using new cases and deaths as the measure for the COVID-19 pandemic severity for the sample of 920 metropolitan 

municipalities for which we have collected data of local policy interventions. Column (1) - (8) report results using New cases, New cases per population, Deaths and Deaths 

per population as the COVID case severity measure respectively. The unit of observation is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. 

Results are estimated using the regression model shown in Equation (1). Control variables are lagged by one month. Standard errors are shown in parentheses and clustered at 

the bank-municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. Details on variable definitions and according data 

sources are shown in Appendix Table A3.1. 

 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 New cases New cases per population Deaths Deaths per population 

     

Case severity -0.311*** -0.110*   -0.244*** -0.097*** -7.110*** -2.099*    -19.426*** -4.076*** 

 (0.029) (0.064)    (0.035) (0.028)    (0.669) (1.290)    (1.321) (0.960)    

         

Bank controls:         

Asset growth  -7.478***  -7.461***  -7.482***  -7.480*** 

  (1.026)     (1.026)     (1.026)     (1.026)    

Deposits over assets  -13.551***  -13.499***  -13.546***  -13.511*** 

  (2.704)     (2.704)     (2.704)     (2.704)    

Loan loss provision ratio  174.922**   174.538**   174.728**   174.566**  

  (73.127)     (72.950)     (73.036)     (72.965)    

ROA  216.522***  216.958***  216.593***  216.923*** 

  (13.704)     (13.709)     (13.703)     (13.707)    

Liquidity  -9.457**   -9.376**   -9.490**   -9.403**  

  (4.160)     (4.161)     (4.161)     (4.159)    

         

Local controls:         
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HHI deposit  13.767***  13.774***  13.781***  13.764*** 

  (1.334)     (1.334)     (1.335)     (1.334)    

Retail sales index  0.005     0.005     0.005     0.005    

  (0.005)     (0.005)     (0.005)     (0.005)    

Average income  0.252     0.249     0.251     0.252    

  (0.170)     (0.170)     (0.170)     (0.170)    

Unemployment rate  0.002     0.002     0.002     0.002    

  (0.008)     (0.008)     (0.008)     (0.008)    

Labor turnover  -0.065     -0.071     -0.067     -0.067    

  (0.114)     (0.114)     (0.114)     (0.114)    

         

Bank-time FE No Yes No Yes No Yes No Yes 

State FE No Yes No Yes No Yes No Yes 

         

Adjusted R-squared 0.003 0.705 0.001 0.705 0.003 0.705 0.003 0.705 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 110,967 110,967 
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3.4.2. Policy interventions and local credit during the COVID-19 crisis 

 We employ a DiD design to investigate whether and how the policy interventions in 

response to the COVID-19 pandemic affect local credit using the model in Equation (2). Table 

3.3 reports the corresponding results. We note that the model specifications in Table 3.3 include 

a full set of interacted bank-time fixed effects, which absorbs any effect due to differences in 

bank lending in the cross-section and over time. We find the coefficient of the interaction term 

Soft intervention × Case severity is positive and statistically significant, which indicates that 

less restrictive interventions that focus on restricting individual activities increase local credit. 

This result is consistent in all specifications. Furthermore, the coefficient of Hard intervention 

× Case severity is negative and statistically significant, which indicates that the more restrictive 

interventions, which heavily disrupt local economic activities, amplify the local “credit drain” 

effect induced by the COVID-19 pandemic. The effect of lockdown is weakly or not significant, 

probably because the preceding hard interventions absorbed most of the negative impact on 

local credit. Moreover, the coefficient of Reopen-early phase × Case severity is negative and 

statistically significant but the coefficient of Reopen-late phase × Case severity goes to the 

opposite direction as it is positive and statistically significant. These differential effects of 

revoking local restrictive interventions at different temporal stages suggest early-stage 

reopening in Brazil further constrains the local credit granting under the overall deteriorating 

pandemic conditions, while late-stage reopening alleviates this local credit constraint under 

improved local pandemic-control conditions. These findings are broadly consistent using 

different case severity measures, in line with the theoretical model of Goel and Thakor (2020) 

and support our Hypothesis 2.  
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Table 3.3: Regression analysis results for effects of government policy interventions 

This table reports the regression analysis results for the effects of the government policy interventions and invention intensity on the interplay between COVID-19 pandemic 

severity and local credit. Soft intervention is an indicator variable that equals 1 if the observed month falls into the enactment period of social distancing, mass gathering 

restriction or closure of schools and universities for a given municipality and 0 otherwise. Hard intervention is an indicator variable that equals 1 if the observed month falls 

into the enactment period of closure of public venues and non-essential services for a given municipality and 0 otherwise. Intervention intensity is an intensity measure for local 

government restrictive intervention ranging from 0 to 3. Details on variable definitions and according data sources are shown in Appendix Table A3.1. The unit of observation 

is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. Results are estimated using the regression model shown in Equation (2) and (3). Control 

variables are lagged by one month. Standard errors are shown in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance at the 

10, 5, and 1 percent level, respectively. 

 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 New cases New cases per population Deaths Deaths per population 

         

Soft intervention × Case severity 25.636***  50.266***  1,223.574**  363.266***  

 (9.365)  (9.414)     (550.260)  (69.919)     

Hard intervention × Case severity -0.087**  -0.168**   -1.185  -6.577*    

 (0.040)  (0.085)     (1.044)  (3.729)     

Lockdown × Case severity 0.041  0.190*   1.072  5.175*     

 (0.132)  (0.095)     (1.806)  (3.231)     

Reopen-early phase × Case severity -0.012  -0.174***  -0.342  -5.020***  

 (0.056)  (0.059)     (1.064)  (1.926)     

Reopen-late phase × Case severity 0.004  0.108**    -1.243  3.420     

 (0.020)  (0.055)     (0.879)  (2.219)     

Intervention intensity × Case severity  0.002  0.056**   0.808*  2.080**  

  (0.017)  (0.023)     (0.425)  (0.820)    

         

Case severity -25.660*** -0.112* -50.115*** -0.147*** -1,224.093** -3.113* -359.052*** -6.739*** 
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 (9.359) (0.063) (9.416)    (0.035)    (550.114) (1.758) (69.837)    (1.569)    

Soft intervention -1.729***  50.266***  -1.608***  -1.673***  

 (0.403)  (9.414)     (0.393)  (0.410)     

Hard intervention 0.298  -0.168**   0.205  0.860     

 (0.430)  (0.085)     (0.434)  (0.558)     

Lockdown -0.391  0.190**   -0.427  -1.399     

 (0.802)  (0.095)     (0.700)  (1.247)     

Reopen - early phase 0.498  -0.174***  0.516  0.814**   

 (0.330)  (0.059)     (0.323)  (0.407)     

Reopen - late phase -0.803***  0.108*    -0.738**  -1.273***  

 (0.298)  (0.055)     (0.303)  (0.438)     

Intervention intensity  -0.054  -0.187     -0.096  -0.186    

  (0.165)  (0.194)     (0.167)  (0.202)    

         

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.705 0.705 0.705    0.705 0.705 0.705 0.705    0.705 

Number of obs. 110,967 110,967 110,967 110,967    110,967    110,967 110,967    110,967 
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 We also examine how the invention intensity in response to the pandemic correlates with 

local credit using a similar DiD model to Equation (2). As shown in Table 3.3, we find the 

coefficient of Intervention intensity × Case severity is positive and statistically significant. This 

finding indicates that the positive amplification effects of soft interventions to contain the 

pandemic spread and reopening outweigh the negative effects of hard interventions to restrict 

local economic activities on local credit under the pandemic. 

 We find the economic magnitudes of the heterogenous intervention effects on local credit, 

which are calculated by multiplying the estimated coefficients with the mean of the COVID-

19 case severity measures in the crisis period, are also large. For instance, using Deaths per 

population as the case severity measure and the DiD analysis results shown in column (7) of 

Table 3.3, we show that the loans over assets ratio decreases by 0.506 percentage points (i.e., -

6.577 × 0.077=-0.506) on average per bank and municipality after the hard interventions, and 

decreases by 0.387 percentage points (i.e., -5.020 × 0.077=-0.387) on average per bank and 

municipality after early-stage reopening, holding all other factors constant. 

 

3.4.3. State-owned banks in the COVID-19 crisis vis-à-vis the 2008 Global Financial Crisis 

 We further examine the role of state-owned banks in local credit granting during the 2020 

COVID-19 crisis (hereafter the 2020 crisis) vis-à-vis the 2008 Global Financial Crisis 

(hereafter the 2008 crisis). Following the prior research such as Coleman and Feler (2015) and 

Cortes, Silva and Van Doornik (2019), we construct a sample period of 12 months for the 2008 

crisis with March 2008 to August 2008 (6 months) as the pre-crisis period and September 2008 

to February 2009 (6 months) as the crisis period, using September 2008, when Lehman 
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Brothers filed for bankruptcy, as the break point for the start of the crisis in Brazil. To better 

compare these two crises, we adopt a similar sample period of 12 months for the 2020 crisis 

with August 2019 to January 2020 (6 months) as the pre-crisis period and February 2020 to 

July 2020 (6 months) as the crisis period, using February 2020 as the break point for the start 

of the pandemic. 

 We plot the average loans over assets ratio of state-owned and privately owned banks in 

Brazil over time during the 2020 crisis and the 2008 crisis period respectively in the Appendix 

Figure A3.1. Panel A shows that state-owned banks exhibit a less steep downward trend in 

lending than privately owned banks after the start of the COVID-19 crisis in February 2020. 

Panel B shows that state-owned banks exhibit an upward trend in lending, while privately 

owned banks exhibit a downward trend in lending after the start of the 2008 crisis. These 

findings empirically corroborate our Hypothesis 3 that Brazilian state-owned banks’ lending 

was less cyclical than that of privately owned banks in the 2020 crisis and counter-cyclical in 

the 2008 crisis. 

 We conduct a DiD analysis of the local credit granted by state-owned and privately owned 

banks during the 2020 crisis and the 2008 crisis. We define the bank indicator variable State-

owned that equals one if a bank is a state-owned bank and zero otherwise, and the time indicator 

variable Post that equals zero before and one during the crisis. We use the interaction term 

between State-owned and Post as the main explanatory variable and estimate the DiD 

regression model for bank-specific local credit. We report the results in Panel A of Table 3.4. 

For the 2020 crisis, we find positive and statistically (borderline) insignificant coefficients of 

State-owned × Post for loans over assets ratio during the 2020 crisis period. For the 2008 crisis, 
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we find positive and highly significant coefficients of State-owned × Post for loans over assets 

ratio during the 2008 crisis period and these results remain when we add the vector of control 

variables and bank, time and state fixed effects. Echoing the findings of Coleman and Feler 

(2015) and Cortes, Silva and Van Doornik (2019), we find that state-owned banks grant 

relatively more local credit than privately owned banks in Brazil during both the 2020 crisis 

and the 2008 crisis. We calculate the relative credit supply elasticity between Brazilian state-

owned and privately owned banks as the ratio of our DiD estimation over the mean difference 

in our local credit measure between these two groups of banks during the respective crisis 

period. The relative credit supply elasticity during the 2020 crisis equals 0.05% (i.e., 

0.013/(40.344-15.070)=0.0005) and the one during the 2008 crisis 4.5% (i.e., 0.722/(41.469-

25.598)=0.045). The relative credit supply elasticity between state-owned and privately owned 

banks is substantially smaller in the 2020 crisis than the 2008 crisis.  

 We see three possible explanations for this difference. First, the two crises differ. The 

negative health shock due to the COVID-19 pandemic in 2020 significantly reduced economic 

activity, increased economic uncertainty and credit risk. As a result, credit demand decreased 

and credit supply followed. In contrast, the 2008 crisis is mainly characterized by a large 

negative bank credit supply shock, in which state-owned banks were better capable of granting 

credit than privately owned banks. Second, this difference may be attributed to the contrasts 

between two major state-owned banks in Brazil, i.e., Caixa Econômica Federal and Banco do 

Brasil, regarding their internal bank governance and political influence from the Brazilian 

federal government, since we find that Caixa Econômica Federal granted more local credit than 
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Banco do Brasil during both crises but with a larger extent in the 2020 crisis.12 Banco do Brasil 

deviated from the “classic role” of state-owned banks which may be due to the market 

discipline effect (see, e.g., Flannery, 2001; Flannery and Bliss, 2019) since 49.6% of Banco do 

Brasil’s capital is held by private shareholders. Banco do Brasil had notoriously intense 

political conflicts with President Bolsonaro’s government on its credit expansion since the 

outbreak of the pandemic.13 Third, we observe that the local credit increased again during June 

to September 2020 when the economy experienced a temporary recovery in Brazil and 

privately owned banks increased credit supply again, which made the credit expansion of state-

owned banks in the 2020 crisis relatively less pronounced compared to the 2008 crisis. 

 

Table 3.4: State-owned and privately owned banks in the COVID-19 crisis vis-à-vis the 

2008 Global Financial Crisis  

This table reports the regression analysis results for the local credit of state-owned and privately owned banks in 

Brazil and their subgroups during the 2020 COVID-19 crisis and the 2008 Global Financial Crisis for the sample 

of 920 metropolitan municipalities in Brazil. CEF is a dummy variable that equals one if the bank is Caixa 

Econômica Federal and zero if the bank is Banco do Brasil. Foreign is a dummy variable that equals one if the 

bank is a foreign private bank and zero if the bank is a domestic private bank. The unit of observation is at the 

bank-municipality level. We drop local control variables Average income and Unemployment rate from 

regressions due to the data limit in the years before 2012. Control variables are lagged by one month. Standard 

errors are shown in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical 

 
12 We plot the local credit of Caixa Econômica Federal and Banco do Brasil during the 2008 crisis and 2020 crisis 

in Panel A and Panel B of Appendix Figure A3.2 respectively and report the according DiD analysis results in 

Panel B of Table 3.4. In addition, we plot the local credit of foreign private and domestic private banks in Brazil 

during the two crises in Panel A and B of Appendix Figure A3.3 respectively and report the according DiD 

analysis results in Panel C of Table 3.4. We find that foreign private banks granted more local credit than domestic 

private banks during both the COVID-19 crisis and the 2008 Global Financial Crisis. 

13 We note the former CEO of Banco do Brasil, Rubem Novaes conflicts with President Bolsonaro’s government, 

especially regarding the eventual privatization of Banco do Brasil, which was supported by Novaes but dismissed 

by Bolsonaro. Explaining his formal resignation in Sep 2020, Novaes stated in interviews that he had trouble 

“adapting to the culture of privilege, cronyism and corruption” due to the political inference on Banco do Brasil. 

Meanwhile, consistent with our results on the credit contraction of Banco do Brasil during the first months of the 

2020 crisis, Novaes publicly claimed that it was impossible to supply enough credit to the “unhealthy demand” 

induced by the COVID-19 crisis, and the toolbox available to expand credit of Banco do Brasil was much limited. 
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significance at the 10, 5, and 1 percent level, respectively. 

 

Dependent variable Loans over assets (%) 

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

 2020 COVID-19 Crisis 2008 Financial Crisis 

   

Panel A: All state-owned and privately owned banks  

State-owned × Post 0.043 0.013 1.768*** 0.722*** 

 (0.148) (0.141) (0.220) (0.203) 

     

Bank controls: No Yes No Yes 

Local controls: No Yes No Yes 

     

Bank FE No Yes No Yes 

Time FE No Yes No Yes 

State FE No Yes No Yes 

     

Adjusted R-squared 0.339 0.687 0.123 0.632 

Number of obs. 39,801 39,801 47,044 47,044 

     

Panel B: Two major state-owned banks: Caixa Econômica Federal and Banco do Brasil  

CEF × Post 0.559*** 0.906*** 0.556** 0.807** 

 (0.160) (0.162) (0.291) (0.309) 

     

Bank controls: No Yes No Yes 

Local controls: No Yes No Yes 

     

Bank FE No Yes No Yes 

Time FE No Yes No Yes 

State FE No Yes No Yes 

     

Adjusted R-squared 0.304 0.536 0.281 0.452 

Number of obs. 16,154 16,154 14,472 14,472 

     

Panel C: Foreign private and domestic private banks 

Foreign × Post 1.201*** 1.039*** 1.607*** 1.329*** 

 (0.230) (0.231) (0.227) (0.196) 

     

Bank controls: No Yes No Yes 

Local controls: No Yes No Yes 

     

Bank FE No Yes No Yes 

Time FE No Yes No Yes 

State FE No Yes No Yes 
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Adjusted R-squared 0.002 0.569 0.055 0.627 

Number of obs. 20,944 20,944 30,269 30,269 

     

 

3.5. Further empirical checks and robustness tests 

3.5.1. Instrumental variable analysis, orthogonalization test and placebo tests 

 One important challenge in our analysis is that the enactment and revoking of policy 

interventions are directly related to the local COVID-19 pandemic severity and economic 

activities. To address this potential reverse causality, we first conduct an instrumental variable 

(IV) analysis. We hypothesize that local political preferences for President Bolsonaro influence 

the likelihood of local policy interventions during the COVID-19 pandemic in Brazil since 

President Bolsonaro has publicly downplayed the severity of the pandemic, refused more 

restrictive interventions and promoted early reopening (Ajzenman, Cavalcanti and Da Mata, 

2020; Ponce, 2020). We use Political preference, the ratio of popular votes for President 

Bolsonaro over total votes in a municipality in the 2018 Brazilian general election, as the 

instrument for municipal policy interventions. This variable is pre-determined and uncorrelated 

with local credit that is largely determined by economic factors. Higher Political preference 

should correlate with lower likelihood of restrictive interventions and higher likelihood for 

reopening.  

 In the first step, we regress the policy intervention variables on the Political preference 

with all controls and fixed effects. Panel A of Table 3.5 reports the results. Political preference 

is significantly related to intervention variables in five of six models with expected coefficient 

signs. It is negatively correlated with the likelihood of more restrictive interventions and 
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lockdown, positively correlated with the likelihood of local reopening and also negatively 

correlated with the intervention intensity index. The IV diagnosis statistics indicate the 

instrument is econometrically valid and not weak. In the next step, we use the instrumented 

intervention variables and include all residuals from the first stage in the final stage IV 

regressions. We adopt this control function (CF) approach since the variable of interest is an 

interaction term (Wooldridge, 2015). Panel B of Table 3.5 reports the final stage results. The 

coefficients of the instrumented interaction terms between the case severity measures and 

intervention indicators are statistically significant and consistent in terms of sign and 

magnitude with our baseline results. In sum, we continue to find positive effects of soft 

interventions and late-stage reopening while negative effects of hard interventions and early-

stage reopening on local credit. 
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Table 3.5: Results for the instrumental variable (IV) analysis 

This table reports the instrumental variable (IV) analysis results following the control function (CF) approach (Wooldridge, 2015). Panel A reports the first stage results using 

Political preference as the instrument and the IV diagnosis statistics. Political preference is the share of popular votes cast for Jair Bolsonaro in the 2018 Brazilian general 

election at the municipality level. Panel B reports the final stage results with the policy intervention indicators (Soft intervention, Hard intervention, Lockdown, Reopen-early 

phase, Reopen-late phase) and the intervention intensity index using Loans over assets as the dependent variable. Details on variable definitions and according data sources are 

shown in Appendix Table A3.1. The unit of observation is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. Control variables are lagged by 

one month. Standard errors are shown in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, 

respectively. 

 

Panel A: First stage results using Political preference as the instrument 

Dependent variable Soft intervention Hard intervention Lockdown Reopen-early phase Reopen-late phase Intervention intensity 

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

       

Political preference 0.003 -0.010** -0.004**    0.031*** 0.040*** -0.078*** 

 (0.002) (0.004) (0.002)    (0.006) (0.006) (0.010)    

       

Case severity Yes Yes Yes Yes Yes Yes 

       

Bank controls Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes 

       

Bank-time FE Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

       

Adjusted R-squared 0.960 0.919 0.140 0.823 0.650 0.804    

Number of obs. 110,967 110,967 110,967    110,967 110,967 110,967    

       

IV diagnosis statistics:       
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Under-identification test       

Kleibergen-Paap rk LM statistic 1.913 6.506 3.173 30.545 41.796 53.666 

Chi-square test P-value 0.167 0.011 0.075 <0.01 <0.01 <0.01 

       

Weak identification test       

Cragg-Donald Wald F statistic 0.930 7.861 3.732 47.375 74.050 87.276 

       

 

 

Panel B: Final stage results with the policy intervention indicators and intervention intensity index 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

 New cases New cases per population Deaths Deaths per population 

         

IV-Soft intervention × Case severity 33.656***  14.509*  809.388***  37.586  

 (11.465)  (8.242)  (289.095)  (338.753)  

IV-Hard intervention × Case severity -18.093***  -23.798**  -528.927**  -555.260  

 (6.079)  (10.358)  (269.300)  (419.833)  

IV-Lockdown × Case severity -35.614**  -8.828  -673.645*  39.480  

 (15.394)  (5.580)  (363.900)  (241.506)  

IV-Reopen-early phase × Case severity -37.548**  -10.375*  -719.775**  -8.689  

 (15.464)  (5.700)  (364.053)  (246.884)  

IV-Reopen-late phase × Case severity 5.579*  -1.934  86.281  -100.306  

 (2.874)  (1.352)  (78.051)  (61.153)  

IV-Intervention intensity × Case severity  0.283  0.364***  6.042     2.657    

  (0.356)  (0.117)  (10.181)     (7.042)    
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Case severity 0.626 -0.225 39.882*** -0.598*** 11.778 -4.429    832.395*** -12.502*** 

 (2.345) (0.196) (13.817) (0.127) (68.313) (4.931)    (279.509) (2.862)    

IV-Soft intervention 1079.763***  -703.467  1076.331***  2,525.172***  

 (293.980)  (572.943)  (294.552)  (719.888)  

IV-Hard intervention -4772.765***  -23810.138***  -4780.487***  -10,334.97***  

 (1247.302)  (7792.871)  (1248.318)  (2925.038)  

IV-Lockdown -1368.374***  -12752.665***  -1377.365***  -3,827.812***  

 (341.951)  (4389.848)  (342.336)  (1119.037)  

IV-Reopen-early phase -1382.829***  -10424.192***  -1392.133***  -2,001.244***  

 (348.140)  (3534.037)  (348.444)  (503.217)  

IV-Reopen-late phase -570.038***  761.251*  -566.261***  -1,827.118***  

 (150.954)  (423.094)  (151.047)  (565.003)  

IV-Intervention intensity  0.707  13.120**  0.596     9.926**  

  (1.684)  (5.349)  (1.708)     (4.500)    

Residual-Soft intervention -1.319***  -1.346***  -1.316***  -1.355***  

 (0.383)  (0.384)  (0.383)  (0.385)  

Residual-Hard intervention 0.160  0.212  0.136  0.149  

 (0.408)  (0.404)  (0.409)  (0.405)  

Residual-Lockdown 0.114  0.297  0.127  -0.177  

 (0.675)  (0.669)  (0.698)  (0.674)  

Residual-Reopen-early phase 0.470  0.402  0.495  0.370  

 (0.321)  (0.326)  (0.321)  (0.325)  

Residual-Reopen-late phase -0.688**  -0.777**  -0.692**  -0.662**  

 (0.288)  (0.303)  (0.288)  (0.297)  

Residual-Intervention intensity  -0.082  -0.008  -0.059     -0.024    

  (0.166)  (0.164)  (0.165)     (0.164)    
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Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.707 0.705 0.707 0.705 0.707 0.705 0.707 0.705 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 110,967 110,967 
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 Second, we further address the endogeneity problem by performing an orthogonalization 

test (Hendry and Nielsen, 2007; Hastie et al, 2009). We first regress the intervention variables 

on the severity measures and include the resulting residuals as new orthogonalized intervention 

variables. These orthogonalized intervention variables capture the intervention effect that 

cannot be explained with the severity measures. Appendix Table A3.3 reports the results. All 

results remain consistent and statistically significant across different severity measures.14 

 Third, we employ a placebo test design with placebo severity measures and policy 

intervention variables that are similarly distributed but take randomly assigned values. 

Appendix Table A3.4 reports the results. Panel A shows that the falsified severity measure does 

not have significant coefficients. Panel B and C show that the interaction terms between 

falsified policy intervention variables and severity measure are mostly insignificant. Hence, 

our findings are not driven by unobserved contemporaneous shocks or random local and 

temporal confounders in the data. 

 

3.5.2. Sectoral dependence of local credit: corporate, agriculture and housing sector 

 We study whether the main effects on local credit differ across the corporate, agricultural 

and housing sector. The sectoral difference is relevant for Brazil since it has a large, labor-

intensive and fast-growing agriculture industry. The lower productivity induced by the negative 

 
14 We show the first stage results using the case severity measure New cases per population as an example in 

Panel A of Appendix Table A3.3 for simplicity because we use the intervention variables orthogonalized by the 

respective case severity measure in the final stage tests shown in each column of Panel B of Appendix Table A3.3. 

We also obtain both qualitatively and quantitatively similar results of the orthogonalization test if we 

orthogonalize the intervention variables with the lagged case severity measures by one month as shown in Panel 

C and D of Appendix Table A3.3. 
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labor shock and market disruption may decrease the local credit to the agriculture sector from 

both the demand and supply side (Bustos, Garber and Ponticelli, 2020). Appendix Table A3.5 

reports the results. The coefficients of Case severity are negative for local credit to firms from 

all three sectors, while the magnitude for agriculture sector is larger than others. We also find 

the local credit to agriculture sector increases after the pandemic outbreak and enactment of 

the soft interventions in urban regions and late-stage reopening, but decreases after early-stage 

reopening. These findings indicate that the pandemic has a larger negative impact on local 

credit to the agriculture sector and also suggest a credit reallocation between the rural 

agricultural sector and other sectors under different policy interventions in Brazil.  

 

3.5.3. Duration and reaction speed of policy interventions and local credit 

 We further study whether and how the duration and reaction speed of local policy 

interventions enacted by the local governments in Brazil as of September 2020 influence our 

results. Appendix Table A3.6 reports the results. Panel A reports the results that longer duration 

of more restrictive interventions amplifies the negative shocks of these interventions on local 

credit under the crisis. Panel B reports the results that higher reaction speed of local 

governments increases the positive effect of soft interventions on local credit.  

 

3.6. Conclusions 

 We investigate whether and how the COVID-19 pandemic and ensuing policy 

interventions impact the local credit in Brazil. Using a novel and unique dataset that combines 

monthly information on local COVID-19 pandemic case and deaths, municipal government 
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policy interventions, and local bank credit to firms, we analyze the impact of the pandemic and 

ensuing policy interventions on credit during the period from January 2018 to September 2020. 

 We find consistent evidence that the COVID-19 pandemic has a significantly negative 

impact on local credit. We also find that the policy interventions have heterogenous effects on 

local credit during the COVID-19 pandemic. Specifically, we find positive effects of soft 

interventions (less restrictive interventions focused on individual activities such as social 

distancing and mass gathering restrictions) and late-stage reopening. In contrast, we find 

negative effects of hard interventions (more restrictive interventions focused on local economic 

activities such as closure of public venues and/or non-essential services), and early-stage 

reopening. We further find that state-owned banks grant more local credit than privately owned 

banks during both the COVID-19 crisis and the 2008 Global Financial Crisis in Brazil. 

However, the differential response of state-owned banks is less pronounced in the COVID-19 

crisis, which can be explained with the different nature of the crises, bank governance issues 

and political influence and the recovery after the first COVID-19 wave in Brazil. We confirm 

the main results in an instrumental variable analysis, in which we use local pre-pandemic 

political preference as instrument for local policy interventions. Our results are upheld in a 

policy intervention orthogonalization test and placebo tests. We also show that the effects on 

local credit are sector-dependent and stronger with longer intervention duration and higher 

intervention speed. Our findings suggest undocumented yet critical heterogenous effects of the 

COVID-19 pandemic and ensuing policy interventions on local credit. 
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Chapter 4.  

Personal Income Taxes and Small Business Lending  

 

Weichao Wanga 

 

a Brazilian School of Public and Business Administration, Getulio Vargas Foundation, Brazil 

 

Abstract 

I investigate whether local personal income taxes impact small business lending. I use the 

staggered statutory changes of state tax rates as identification and compare loans granted in 

geographically adjacent counties across state borders using matched tax-bank-firm data from 

the U.S. during 2001-2018. I find higher personal income taxes cause negative loan outcomes, 

including smaller loan size, shorter maturity, higher default probability and charge-off ratio. I 

also find higher taxes lead to smaller aggregate number, amount and growth rate of small 

business loans granted. These findings suggest the tax-induced deterioration in borrower 

creditworthiness constrains local banks’ lending to small businesses. 
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4.1. Introduction 

 The U.S. state and local governments collected $529.9 billion from corporate and personal 

income taxes in 2019, accounting for 33.5% of their total tax revenue. These income taxes 

represent a major cost for firms’ financial operations which insert a considerable wedge 

between their gross income and level of net profit gained and equity capital accumulated. The 

impact of taxation on firm financing has been heavily debated in academic and policy circles 

on the theoretical (e.g., Modigliani and Miller, 1958, 1963; Bradley, Jarrell and Kim, 1983) and 

empirical grounds (e.g., Hall and Jorgenson, 1967; Auerbach, 2006). Particularly, small 

businesses are riskier, less profitable, informationally opaque and rely more on debt financing 

than equity thus are more bank dependent with higher bankruptcy costs and more sensitive to 

the negative shocks from taxations (e.g., Fazzari, Hubbard, Petersen, Blinder and Poterba, 

1988). Whereas prior research has looked at the taxation effects on local individuals (e.g., 

Campello, Gao and Xu, 2020) and the institutional and market determinants of bank credit (e.g., 

Berger and Udell, 2004, 2006; Bouwman and Malmendier, 2015), the literature on the 

relationship between local personal income taxes and bank loan outcomes remains scarce.  

 In this paper, I investigate whether local personal income taxes impact small business 

lending of banks. A relative increase in personal income tax rates directly raises the labor costs 

and income taxes faced by small businesses and reduces their net income and business activities 

since most of small businesses are only taxed at local personal income tax rates (e.g., Giroud 

and Rauh, 2019). Consequently, there are several reasons why personal income taxes are likely 

to matter in small business lending of banks. First, a higher tax burden may impair the character 

of small business borrowers and the local prospects of economic growth assessed by bank 



 

107 

 

lenders, which negatively reduces a borrower’s creditworthiness. Second, a higher tax burden 

may decrease the capacity of a small business firm to borrow since the higher tax burden 

undermines its profitability and increases its debt-to-income ratio, which makes the borrower 

less attractive with fewer growth opportunities for bank lenders to grant credit. Third, a higher 

tax burden may reduce the capital and firm value of a small business firm to absorb negative 

shocks, which leads to a higher probability of future default and bankruptcy. Finally, a higher 

tax burden may reduce the retained earing to reinvest and boost the marginal cost of capital for 

small business firms, which suppresses their investment incentives on positive net present value 

(NPV) projects and consequently restrains their incentives and opportunities to borrow credit. 

As a result, personal income taxes may induce small business borrowers to face more costly 

loan contract terms and lead to more severe consequences of loan defaults. 

 To test these potential effects, my empirical strategy exploits the staggered statutory 

changes of the state personal income tax rates in the U.S. during 2001-2018 as identification. I 

thereby compare small business loans granted in the geographically adjacent counties across 

state borders with relative statutory personal tax changes. I base my analysis on a novel and 

unique matched dataset that contains rich and granular information on local personal income 

taxes and bank loan outcomes for small businesses at the loan level and the aggregate level 

respectively. I calculate the effective local personal income tax rate as the main tax variable 

using the NBER TaxSim calculator which considers the complex interactions between federal 

and state personal tax schemes. I use the 7(a) loan data of the working capital loans issued to 

small business firms, including seasonal financing, export loans, revolving credit and 

refinanced business debt, from the Small Business Administration (SBA) in my baseline 
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analysis. This data contains the granular lender-borrower geographic location, loan size, term 

to maturity, default status, charged-off amount, and amount guaranteed by local governments 

at the loan level. Furthermore, I also use the Community Reinvestment Act (CRA) data that 

contains the total number and amount of all small business loans issued at the aggregate level 

from the Federal Financial Institutions Examination Council (FFIEC). The richness and 

granularity of these data allow me to track whether local personal income taxes impact small 

business loan outcomes at the loan level and the aggregate level over time. I sample the small 

business loans granted in the geographically adjacent counties within a narrow geographical 

bandwidth from state borders with relative tax changes. This empirical design helps me draw 

the casual inference between local tax changes and loan outcomes from the spatially close 

credit markets that share similar local socio-economic and demographic characteristics yet 

experience different tax innovations. At the loan level, I conduct a multivariate panel data 

regression analysis to examine the impact of personal income tax rates on the small business 

loan outcomes including loan size, maturity, default probability, charge-off rate and 

government guaranty ratio. I include a comprehensive set of control variables for interstate 

differences, including local corporate, sales and property tax rates, local bank and business 

characteristics, and local socio-economic conditions, as well as various fixed effects in the 

baseline regression analysis. At the aggregate level, I examine the impact of personal income 

tax rates on the aggregate loan outcomes including the total number, amount and loan growth 

rate of all small business loans granted in the local county. This aggregate-level analysis using 

the CRA loan data complements the baseline loan-level analysis since specific groups of high-

risk business borrowers and bank lenders may self-select themselves to enter the 7(a) loan 
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sample through the SBA government-backed lending programs.  

 I find the following main results. First, I find that, contrasting small business borrowers in 

geographically adjacent counties across state borders, higher personal income taxes negatively 

affect small business loan outcomes at the loan level. On the intensive margin, a relative 1-

percentage-point increase in personal income tax rate leads to a reduction of $23,450 in loan 

size and 3.4 months in loan term to maturity on average. It also triggers an increase of 1.8 

percentage points in loan default probability and an increase of 1.5 percentage points in loan 

charge-off ratio on average. I further find relatively weaker evidence that the local governments 

increase the ratio of loan amount guaranteed with higher personal income taxes to compensate 

for the tax-induced deterioration in borrower creditworthiness. Second, I conduct a 

bootstrapping analysis and find my baseline results are consistent and robust to the 

bootstrapped estimates. Third, I further find that higher personal income taxes lead to smaller 

total number, amount and loan growth rate of small business loans granted at the aggregate 

level, particularly for medium-sized small business loans with loan amount between $100,000 

and $250,000 and loans to businesses with revenues lower than $1 million. To summarize, my 

findings suggest that the deterioration in borrower creditworthiness induced by personal 

income taxes constrains local banks’ lending to small businesses at both the loan level and the 

aggregate level.  

 In further checks, I show my baseline results remain consistent and robust in a host of tests 

that help address potential endogeneity concerns, exclude alternative explanations and further 

enhance the comparability of sampled units. First, I examine my baseline results using the 

discrete state statutory tax change indicators, instead of continuous tax rates, to examine 
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whether my estimates are symmetric between state tax increase and decrease events. Second, I 

examine my baseline results using a narrative approach that helps resolve the concern that the 

tax changes are endogenous and reversely driven by local short-run economic and business 

conditions. Third, I examine whether my baseline results remain under the potential disruption 

of tax avoidance motive across state borders using the counties sampled relatively far from 

state borders and neighboring state pairs with reciprocal tax agreements between states to 

eliminate the tax-mitigation concern. Fourth, I examine whether my baseline results remain 

under the disruption of local tax-driven customer demand for goods and services using the 

small business borrowers sampled from tradable industries that are not dependent on local 

demand for goods and services. Finally, I perform a set of robustness tests to confirm my 

baseline results are not driven by specific sampling and measurement choices or econometric 

settings. I show my results remain robust using alternative sampling choices of geographically 

adjacent counties across state borders and alternative taxable income brackets for small 

business borrowers. I further show my results also remain consistent using a propensity score 

matching (PSM) approach. Moreover, I show my results are upheld in various placebo tests 

which suggest my baseline estimates are not driven by unobserved contemporaneous shocks, 

random local or temporal confounders. Lastly, I show my results are robust in various 

econometric settings. To the best of my knowledge, this paper is the first to empirically 

investigate the direct causal relationship between personal income taxes and small business 

lending outcomes of banks. This paper provides clear policy implications on local taxation 

schemes and bank lending to small businesses. 

 This paper contributes to three strands of banking, corporate finance and business taxation 
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literature. First, this paper contributes to the literature on the determinants of bank lending to 

small businesses. Bank lenders must overcome the asymmetric information problems, i.e., 

costly state verification, adverse selection and moral hazard, inherent in small business lending 

since small business borrowers tend to be informationally opaque and bank dependent (e.g., 

Petersen and Rajan, 1994). Previous studies have emphasized the importance of both hard 

information (e.g., financial statement, tax records and repayment history) and soft information 

(e.g., management skills, character, firm’s product-market position and strategy) in bank 

lending to small businesses (e.g., Petersen and Rajan, 1994; Berger and Udell, 1995, 1998, 

2002, 2006; Berger, Saunders, Scalise and Udell, 1998; Berger, Goldberg and White, 2001; 

Cole, Goldberg and White, 2004; Petersen, 2004; Grunert, Norden and Weber, 2005; Berger, 

Rosen and Udell, 2007; Grunert and Norden, 2012; Kirschenmann and Norden, 2012). Berger 

and Udell (1998) show that firm size and age impact firm capital structure in small business 

financing choices between private equity and debt markets over a financial growth cycle. Cole, 

Goldberg and White (2004) find that large banks employ more hard information on financial 

statements of small businesses in lending while small banks rely to a greater extent on soft 

information such as the character of borrowers. Grunert, Norden and Weber (2005) find that a 

combination of financial (hard information) and non-financial factors (soft information) 

significantly improves the prediction accuracy of future default events. Ortiz-Molina and Penas 

(2008) find a negative relation between borrower risk proxied by firm delinquency and loan 

maturity in new lines of credit granted to small business firms, whereas Kirschenmann and 

Norden (2012) document a positive relationship between borrower risk and loan maturity 

which supports a signaling hypothesis. Grunert and Norden (2012) document that more 
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favorable soft information (management skills and character) increases borrower bargaining 

power than hard information in loan contracting. Several studies also indicate that small and 

relationship banks lend proportionately more to small businesses than large banks (e.g., Berger 

and Udell, 1996, 2002; Berger, Goldberg and White, 2001; DeYoung, Gron, Torna and Winton, 

2015). Notably, DeYoung, Gron, Torna and Winton (2015) find that relationship community 

banks have maintained higher levels of loans granted to small businesses reduced business 

lending during the 2008 Financial Crisis while reduce lending to large firms due to reductions 

of liquid assets and increases in lender risk aversion. This paper contributes to this literature by 

documenting a critical tax channel through which personal income taxes may reduce borrower 

creditworthiness and negatively affect bank lending to small businesses.  

 Second, this paper contributes to the literature on the relationship between taxation and 

corporate finance. The traditional view suggests that tax deductibility of interest encourages 

usage of debt financing for corporates (Modigliani and Miller, 1958, 1963). Prior theoretical 

studies (e.g., Bradley, Jarrell and Kim, 1984) and empirical studies (e.g., Auerbach, 1985; 

MacKie-Mason, 1990; Rajan and Zingales, 1995; Graham, 1996; Gropp, 1997; Graham, 

Lemmon and Schallheim, 1998; Gordon and Lee, 2001) have long focused on modelling and 

testing the cross-sectional effects of corporate tax rates on firm debt financing usage. More 

related to this paper, Hasan, Hoi, Wu and Zhang (2014) document that firms with greater tax 

avoidance incur higher spreads and more stringent nonprice loan terms when obtaining bank 

loans. They find these firms also incur higher at-issue bond spreads and preference of bank 

loans over public bonds when obtaining debt financing. Differing from the previous research 

on corporate taxes, this paper focuses on personal taxes and documents the negative effects of 
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personal income taxes on small business debt financing outcomes. Furthermore, previous 

studies indicate that business taxation may influence firm incentives to invest through the 

marginal tax rates and the cost of capital (e.g., Hall and Jorgenson, 1967; Fullerton, 1984; 

Devereux and Griffith, 1998). Theoretically, Auerbach (2006) argues that firm shareholders 

may face a considerable portion of the corporate income tax burden since they may be unable 

to shift taxes on corporate capital in both the short run and the long run. Empirically, Carroll, 

Holtz-Eakin, Rider and Rosen (2001) find that a rise in personal marginal tax rates lowers the 

investment spending, reduces the growth in workforces and payrolls, and slows the expansion 

of profitable sole proprietor firms. Bruce and Mohsin (2006) find that higher personal income 

tax rates significantly reduce a state’s share of the national entrepreneurial activity stock. 

Borchers, Deskins and Ross (2015) document that higher corporate income taxes are associated 

with lower small business growth. Moretti and Wilson (2017) show that the changes in state 

personal and corporate taxation have an effect on the geographical location of firm innovative 

activity of research and development investment on top scientist employment. This paper 

contributes to this literature by showing that higher personal income taxes cause negative loan 

outcomes at the aggregate level, which suggests the tax-induced marginal cost of capital and 

restrained investment incentives may lower local credit demand and hinder economic growth.     

 Third, this paper contributes to the literature on the relationship between taxation and local 

market development. Prior theoretical literature models the tax implication on firms’ choices 

to enter and reallocate their production in foreign markets (e.g., Devereux and Griffith, 1998; 

Devereux, Lockwood and Redoano, 2008). Prior empirical literature looks at the tax-induced 

effects on local labor markets, real economic output and the capital formation and movement 
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in the local capital markets (e.g., Reed, 2008; Gale and Brown, 2013; Gale, Krupkin and 

Rueben, 2015; Ljungqvist and Smolyansky, 2016; Suarez Serrato and Zidar, 2016; Fajgelbaum, 

Morales, Serrato and Zidar, 2018; Fuest, Peichl and Siegloch, 2018; Giroud and Rauh, 2019; 

Campello, Gao and Xu, 2020). Campello, Gao and Xu (2020) document negative effects of 

local personal income taxes on the level of education, experience, and technological skills 

required by firms when hiring workers. This paper contributes to this literature by showing that 

higher personal income taxes induce negative small business lending outcomes that persistently 

disrupt local credit markets which may have spillover effect on the real sector. 

 The remainder of this paper is organized as follows. Section 4.2 introduces the institutional 

background and develops the hypotheses. Section 4.3 describes the data and variables. Section 

4.4 elaborates the empirical strategy. Section 4.5 presents the main results. Section 4.6 

discusses the findings of the further checks and robustness tests. Section 4.7 concludes.  

 

4.2. Background and hypotheses 

4.2.1. Background: Tax policies and small businesses in the U.S. 

 Income tax is imposed as a sum of the products of the taxable income of a taxpayer falls 

within each tax bracket, which is the taxpayer’s gross income less allowable deductions, and a 

flat or marginal tax rate.15 The U.S. federal government uses a progressive income tax system 

ranging its current marginal tax brackets range from 10% to 37%, which applies different rates 

 
15 For the U.S. federal, state and local governments, personal income tax is the primary source of their tax revenue, 

accounting for 28.9% of total tax revenue and 86.5% of total income tax revenue in 2019. Notably, around 26.8 

million of 28.7 million business income tax returns are filed by non-farm small businesses with less than $10 

million of assets, which equals around 93.4% of all business tax returns. 
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to each specific portion of a taxpayer’s income. Different from the universal and progressive 

federal taxes, state personal income tax rates and taxation rules vary widely across jurisdictions 

and adjust substantially over years. The majority of states impose progressive income tax 

schemes, with California charging the highest marginal tax rates on top earners, followed by 

Minnesota, Oregon, and New Jersey. Nine states, including Alaska, Florida, Nevada, Tennessee, 

Texas, Washington, Wyoming, South Dakota and New Hampshire, do not tax individual 

incomes while the 43 states and jurisdictions left require their residents to pay a personal 

income tax. Eight states, including Colorado, Illinois, Indiana, Massachusetts, Michigan, North 

Carolina, Pennsylvania, and Utah, apply a flat tax rate to all income levels. Based on the data 

from the Tax Policy Center (TPC), I document that 36 states increased their state statutory 

personal income tax rates while 87 states decreased during the period of 2001-2018.16 State 

tax rate change is a statutory consequence of the state tax law revision and innovation, which 

can be seen as an exogenous shock to local small business firms since they have little political 

power to directly influence the state legislatures on tax policies.  

 There are more than 30.7 million small businesses which account for 99.9% of all the 

business enterprises in the U.S. and employ 47.3% of private workforce, contribute 43.5% of 

the GDP and provide 66.7% of net new jobs in 2019 (Cooper et al., 2015).17 Small business 

 
16 I exclude changes in personal tax rates with magnitude smaller than 0.025% (2.5 base points) since some states 

index their income tax rates to the federal income tax rates or have different statutory provisions for automatic 

adjustment of tax brackets, personal exemption or standard deductions to the rate of inflation over years. 

17 The definition of small business varies in different industries. Following the SBA, IRS and Tax Policy Center 

(TPC), a small business can defined as an for-profit independently owned and operated enterprise with fewer than 

500 employees or a maximum of $750,000 to $38.5 million in average annual receipts, which reports income or 

loss on either Schedule C (self-employment income), or Schedule E (income from rents, royalties, partnerships, 

limited liability companies, and S corporations), or Schedule F (income from farming). 
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firms are legally structured as pass-through entities in general, including sole proprietorship, 

partnership, limited liability company, and Subchapter S corporation, which allow their income, 

losses, deductions and credits to pass through without being taxed until they are claimed on the 

personal tax returns of their owners or shareholders to avoid a double-taxation of business 

income.18 That is, pass-through entities do not pay taxes at the corporate level and income 

taxes are only reported on the personal tax returns of their owners or shareholders (Gordon and 

MacKie-Mason, 1994; MacKie-Mason and Gordon, 1997; Goolsbee, 2004). Such taxation 

policies help isolate the direct impact of personal income taxes on the net income and costs of 

small business firms whose tax bases are independent from corporate tax schemes. My 

empirical setting is therefore similar to those of Yagan (2015) and Giroud and Rauh (2019) 

who also take advantage of the taxation distinction between large corporations and pass-

through entities as identification.19 

 

4.2.2. Hypotheses 

 The incentive of tax deduction in firms’ preference to use debt than equity is more 

prominent for small businesses that are more informationally-opaque with higher bankruptcy 

 
18 Individuals filing itemized deductions in their tax forms can claim a deduction of state and local taxes (SALT) 

towards their federal income taxes, thus a SALT deduction may partially offset the higher tax burden by the 

marginal tax rate that a taxpayer faces at the federal level. High-earning taxpayers tend to benefit more from SALT 

deductions but be also constrained by the alternative minimum tax (AMT) which limits their local tax exemptions. 

19 Yagan (2015) uses the distinction between C corporations and S corporations to test whether the 2003 dividend 

tax cut affected corporate investment since S corporations are not subject to the dividend tax on capital income. 

Giroud and Rauh (2019) exploit the fact that the corporate tax code affects only firms organized as C corporations 

while pass-through entities are only directly affected by the personal income tax code. I note that under my 

empirical design, the personal tax effects on banks’ profitability and personal tax burden shifting to borrowers 

and loans are free of concern since banks, as C corporations, are mainly taxed at the corporate level. 
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costs and less access to the financial markets thus more bank-dependent.20  Small business 

firms typically do not have formal financial reporting, credit history or public information 

disclosure, which largely constrains the credit supply of their bank lenders since banks screen 

and grant loans based on both hard information (e.g., statements and credit scores) and soft 

information (e.g., character and reliability). Considering the taxation nature of small business, 

an increase in personal income tax can directly boost the tax burden and reduce the earning for 

small business owners who face a considerable portion of business tax burden (Auerbach, 

2006). Prior research emphasizes that small businesses lack quantitative data, audited financial 

statements, and other types of “hard”, easily transmitted information (e.g., Petersen and Rajan 

1994; Berger and Udell 1995, 1998). Consequently, bank lending to small businesses relies 

more on “soft” information on the bank lender’s subjective assessment of borrower’s 

creditworthiness, such as borrower character and capacity, and also the local economic 

conditions and prospects for borrower firm’s growth.  

 I argue there are three intertwined reasons why personal income taxes may affect small 

business lending of banks. First, a higher tax burden may impair the character of small business 

firm and the local economic conditions and prospects for firm’s growth assessed by bank 

lenders, which negatively reduces the borrower’s creditworthiness. Second, a higher tax burden 

may decrease the capacity of small business firm to borrow since the higher tax burden weakens 

its profitability and thus increases its debt-to-income ratio, which makes the borrower less 

 
20 Modigliani and Miller (1958) documents the value irrelevance of a firm’s capital structure in a frictionless 

financial market, while Modigliani and Miller (1963) further shows that the tax deductibility of interest paid (tax 

shield), but not of dividends, creates an incentive for firms to use debt financing instead of equity to reduce the 

firm’s cost of capital. 
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attractive with fewer growth opportunities for bank lenders to grant credit. Third, a higher tax 

burden may reduce the capital and firm value of small business borrowers to absorb negative 

shocks, which leads to a higher probability of default and bankruptcy. To boost local credit 

markets, the SBA may increase their loan guaranty to compensate for the deteriorated borrower 

creditworthiness. As a result, higher personal income taxes may induce small business 

borrowers to face more costly loan contract terms and more severe consequences of loan 

defaults. Based on the reasoning above, I propose my baseline hypothesis as follows:  

Hypothesis 1. At the loan level, higher personal income taxes lead to smaller loan size 

granted (H1a), shorter term to maturity contracted (H1b), higher loan default 

probability (H1c), and larger portion of charged-off amount (H1d) for small business 

loans, all other factors being equal. Furthermore, the SBA increases its guaranteed 

portion of loans in high-tax areas (H1e) to compensate for the tax-induced reduction 

of business borrower creditworthiness.  

 On the other hand, from the corporate investment perspective, small business are more 

financially constrained and subject to the capital market imperfections and information 

asymmetry (e.g., Fazzari, Hubbard, Petersen, Blinder and Poterba, 1988). In the light of the 

“free cash flow” theory (Jensen, 1986), a higher tax burden may also reduce the cash flow in 

excess and retained earnings available to reinvest and boost the marginal cost of capital and 

labor for small business firms, which may curtail firms’ incentives to borrow credit and invest 

on positive NPV projects (e.g., Hall and Jorgenson, 1967; Devereux and Griffith, 1998; Giroud 

and Rauh, 2019). That is, higher personal income taxes may suppress small business firms’ 

investment incentives and growth opportunities in their local markets, which may negatively 
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disrupt local credit markets. I therefore propose the hypothesis as follows:  

Hypothesis 2. At the aggregate level, higher personal income taxes lead to smaller 

total number (H2a), smaller total amount (H2b) and lower loan growth rate (H2c) of 

small business loans granted at the aggregate level, all other factors being equal. 

 

4.3. Data 

4.3.1. Data and variables 

 I base my analysis on a novel and unique dataset that I assemble by matching data from 

several sources. First, I collect the state personal income tax rates in the U.S. during the period 

of 2001 to 2018 from the Tax Policy Center (TPC). I present these state statutory tax changes 

corresponding to taxpayers’ top income brackets across years in Figure 4.1. Panel A shows the 

number of states that increased or decreased their personal tax rates in each year and Panel B 

shows the average changes of personal tax rates across states in each year. In both panels, the 

blue columns indicate states that cut their personal tax rates and the red columns indicate states 

that increase their personal tax rates. I document 36 states increased their statutory personal 

income tax rates while 87 states decreased during 2001-2018 and these states change rather 

frequently. For instance, following the 2008 Financial Crisis, a considerable number of states 

changed their rates with significant cuts in 2009 and drastic increases during 2010-2013. These 

state tax variations can be further amplified by cross-state differences in the deduction of state 

and local taxes towards their federal income taxes, such as the treatment of SALT exemptions. 

This pattern suggests a high degree of heterogeneity in the statutory changes of state personal 

income tax regimes across states over time hence provides me a natural laboratory to examine 
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the causal tax-induced effects on local small business firms. 

Figure 4.1: State changes in personal income taxes during 2001-2018 

This figure shows the state-level personal income tax rate changes during the period of 2001-2018. Panel A 

presents the number of states that changed their top state personal tax rates per year. Panel B presents the average 

tax rate changes across states per year. In each panel, blue columns indicate tax cuts and red columns indicate tax 

increases. In Panel A, the vertical axis indicates the number of states that changed their top personal tax rates in 

each given tax year. In Panel B, the vertical axis represents the average magnitude of top rate changes across all 

states that increased or decreased their top personal taxes in percentage per year. 

Panel A: Number of States with Personal Tax Changes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Panel B: Average Personal Income Tax Changes in Percentage 
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 Second, to identify the effective personal income tax rate faced by a single hypothetical 

taxpayer under both federal and state tax schemes, I employ the TaxSim tax calculator program 

from the National Bureau of Economic Research (NBER).21 TaxSim accounts for the complex 

interaction between state and federal income tax schemes since state tax regime changes may 

simultaneously affect both types of taxes and confound the eventual tax rates. To be more 

specific, I first use TaxSim to calculate the federal and state income tax liabilities for a 

hypothetical taxpayer whose gross income is fixed at a specific income percentile in a given 

state and tax year based on the state and federal tax codes while accounting for, e.g., mortgage 

interest deductions, dividend income, and cross-deductions between federal and state taxes. I 

then use the effective personal income tax rate, Personal tax, calculated as the percentage ratio 

of the sum of state and federal income tax liabilities scaled by the gross income, as the main 

measure for local personal income taxes.22  In this way, my personal income tax variable 

Personal tax captures the variations in the entire personal income tax burden that a local 

taxpayer faces while the state statutory tax changes drive the local rates. Following Moretti and 

Wilson (2017) and Campello, Gao and Xu (2020), I base the tax rate calculation on a 

hypothetical taxpayer of a certain annual earning level that was a married joint filer, less than 

65 years old, had zero dependent exemptions, zero childcare expenses, no other sources of 

income, and zero itemized deductions other than the deduction for state income tax payments, 

 
21 TaxSim program is publicly available from the NBER and coded based on both the federal and state personal 

tax forms and tax information from the summaries published by the Commerce Clearing House, the Advisory 

Commission on Intergovernmental Relations (ACIR), and the Tax Foundation (Feenberg and Coutts, 1993). 

22 TaxSim program sets the total deduction amount to the greater value between the standard deduction and all 

itemized deductions automatically, triggering the alternative minimum tax (AMT) when eligible conditions are 

met. I also note that the federal income tax liability calculated by TaxSim includes capital gains rates, surtaxes, 

AMT and refundable and non-refundable credits. 
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while assuming away other forms of income so that the his/her personal tax rates are directly 

affected by his/her earnings. That is, aside from tax years, states located and primary wage 

earnings of this hypothetical taxpayer, all other inputs into TaxSim calculator program are 0. 

 To pin down the relevant income level of small business firms for tax purposes, I collect 

the national average income profiles of small business owners from the PayScale company. 

According to PayScale, the small business owners earned an annual gross income of $160,606 

at the 90th percentile with bonuses, profit sharing and commissions included before taxes and 

deductions in 2018. The earning distribution is highly skewed to the left tail as the average 

earning of small business owners is $59,000 and owners at the 10th percentile make only 

around $29,462. Following Campello, Gao and Xu (2020), I take the representative high-

earning taxpayer income at the 90th percentile in the distribution as the baseline benchmark to 

calculate the effective local personal income tax rates. In further checks, I also show that my 

results are consistent and robust using alternative income levels of small business owners. 

 Third, I obtain the loan-level small business loan data of the SBA flagship loan program 

under Section 7(a) of the Small Business Act from 2001 to 2018 through the U.S. Freedom of 

Information Act (FOIA). These 7(a) loans are working capital loans issued by private lending 

institutions, such as commercial banks and credit unions, to small business borrowers who have 

fully exhausted alternative financial resources before seeking SBA’s financial assistance thus 

are especially critical to financially marginal small business firms. This rich loan-level data 

includes detailed information on the loan disbursement date, borrower’s location and industry 

classification, loan size, term to maturity in months, default status, charged-off amount, and 

government guaranty amount. Using the 7(a) loan data, I construct the small business loan 



 

123 

 

outcome variables including the loan size granted Loan size, the loan default status indicator 

Default, the ratio of loan balance charged off over loan size Charge-off ratio, the loan term to 

maturity in months Maturity, the loan amount guaranteed by the SBA Guaranty and the ratio 

of government guaranty amount over loan size Guaranty ratio. 

 Fourth, to complement my baseline loan-level data, I collect the aggregate local small 

business loan data from the Community Reinvestment Act (CRA) database from FFIEC. This 

CRA loan data covers all local small business loans granted with commitment amount below 

$1 million filed by each respondent banking institution with more than $1 billion in assets 

across years at the granular census tract level. Using the CRA loan data, I construct the 

aggregate small business loan outcome variables including the total number of all small 

business loans granted Number of loans, total loan amount Total loan amount and loan growth 

rate in terms of total number Loan growth in number and amount Loan growth in amount. 

Using the CRA loan data in loan size categories, I differentiate these aggregate loan outcome 

variables for small business loans with original loan size less than $100,000, between $100,000 

and $250,000, and between $250,000 and $1 million, and loans granted to firms with less than 

$1 million revenue, to further examine the potential heterogeneous effects of personal income 

taxes on different loan size categories of local small business loans granted.     

 I employ the U.S. state border data and NBER county centroid distance data to identify 

geographically adjacent counties located alongside but across state borders within a certain 

centroid distance to state borders.23 I use the sample counties of which the centroids are within 

 
23 State border data is from the State Border Data Set provided by Thomas J. Holmes and used in Holmes (1998), 

which is publicly available at the author’s website. 
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128.1 miles away from the state borders between neighboring states, as 128.1 miles is the 

median distance of county centroids to state borders, to construct the treatment and control 

group of counties that have relative personal tax rate changes. In the further checks, I also show 

my results remain consistent and robust using alternative sampling choices to define 

“geographically adjacent counties” by varying the geographical bandwidth to 210.1 miles (75th 

percentile), 178.1 miles (top tercile), 147.6 miles (mean), 84.5 miles (bottom tercile) and 63.6 

miles (25th tercile), balancing the standard trade-off between bias and precision. 

 Finally, I collect data to construct a comprehensive set of county-level and state-level 

control variables to account for the potential disruptions from local tax environments, local 

bank, business and labor characteristics, and local socio-economic and demographic conditions. 

First, to account for the tax disruptions other than personal income taxes, I collect and control 

for the state corporate income tax rates Corporate tax, retail sales tax rates Sales Tax, and 

property taxes Property tax imposed by local state legislatures across years.24  These taxes 

constitute the major part of the local tax burden that a small business faces, which may also 

influence its debt financing outcomes. Second, to account for the disruptions from local lenders 

and credit markets, I saturate my sample with the Summary of Deposits (SOD) data from the 

Federal Deposit Insurance Corporation (FDIC) and construct two county-level control 

variables of local bank characteristics including the natural logarithm of total customer deposits 

 
24 Corporate tax, sales tax and property tax data are from the Tax Foundation and Tax Policy Center (TPC). 

Property tax rate is calculated as the percentage share of state and local property tax revenue over total tax revenue 

in a given state following Giroud and Rauh (2019). I replace corporate income tax rates with gross receipts tax 

rates for states that charge taxes based on corporate gross receipts instead, including Nevada, Ohio, Texas, and 

Washington. I do not include self-employment tax or employee payroll tax since their rates typically do not vary 

across states or years. 
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Log(Total deposits) to capture the scale of local bank funding basis and the total number of 

bank branches Branches to capture the degree of local banks’ concentration and 

competitiveness within a county. Third, to account for the disruptions from local business and 

labor characteristics, I merge my sample with the county-level County Business Patterns (CBP) 

and Non-employer Statistics (NES) data from the U.S. Census Bureau. With respect to local 

business characteristics, I construct the total number of local business establishments with or 

without paid employees Establishments to capture the degree of local firms’ concentration and 

competitiveness, and the natural logarithm of annual receipts of businesses without paid 

employees Log(Total receipts) to capture the revenue scale of local firms, particularly for small 

businesses. With respect to local labor characteristics, I construct the natural logarithm of firm 

annual payroll volume Log(Payroll) and the natural logarithm of number of firm employees 

Log(Employment) to capture the dynamics in labor cost and labor force scale of local business 

firms. Lastly, to account for the disruptions from local socio-economic and demographic 

characteristics, I merge my sample with state-level historical census data.25 I construct and 

control for the natural logarithm of state median household income Log(Income) to proxy for 

the local economic development and income level, and the state government budgetary surplus 

scaled by local GDP Budget surplus since local taxation policy is directly linked to government 

budget spending. Moreover, I also include the local government policy characteristics 

including the state minimum wage per hour Minimum wage to proxy the labor cost threshold 

 
25 The underlying data sources include the Correlates of State Policy Database of the Institute for Public Policy 

and Social Research (IPPSR) for state budgetary surplus, minimum wage and government expenditure (see more 

details in Jordan and Grossmann, 2020), the American Community Survey (ACS) and the Census Bureau for state 

median household income. 
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to enter local markets, the natural logarithm of local state expenditure on infrastructure and 

public welfare Log(Expenditure), such as highways, hospitals, parks and recreation facilities  

since tax revenues are mainly used to fund local fiscal spending by local governments, and the 

political party indicator of state governor Political leaning to proxy the idiosyncratic party 

influence on local tax policies. The sample period spans from 2001 to 2018.  

 

4.3.2. Summary statistics 

 Table 4.1 presents summary statistics for the variables used in this study. The effective 

local personal income tax rate, Personal tax, has an average of 22.4% and a standard deviation 

of 2.4%. At the loan level, the average size of small business loans is $223,426.1 of which 62.2% 

are guaranteed by the SBA. The average term to maturity contracted is 98.7 months. 13.7% of 

these small business loans default or are partially settled, and the average loan charge-off ratio 

is 0.1. At the aggregate level, there are around 92 bank loans granted to small businesses with 

the total loan amount of $1.7 million within a given census tract in a given year. Loan growth 

rate ranges from 8.2% in loan number to 10.9% in loan amount. Among control variables, the 

state corporate income tax rate an average of 6.9% and a standard deviation of 2.7%. Local 

banks have an average of $28.1 million of customer deposits and 204 branches in a given 

county. Local small business firms with no paid employees have an average receipt of $11.3 

billion. The definitions and data sources of all variables can be found in Appendix Table A4.1. 

 

Table 4.1: Summary statistics 

This table presents the summary statistics of all variables used in this study. Std. Dev. is the standard deviation. 

P5 and P95 are variable values at the 5th and 95th percentiles, respectively. Number of obs. is the number of 

observations. Loan size, Guaranty and Total loan amount are in thousand USD. Branches and Establishments are 
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in thousands. Number of loans, Total loan amount, Loan growth in number and Loan growth in amount are based 

on the small business loans with loan size less than $250,000 at the census-tract level. Tax variables, Loan growth 

in number and Loan growth in amount are in percentage. All variable definitions and according data sources are 

shown in Appendix Table A4.1. 

 

Variable Mean Median Std. Dev. P5 P95 Number of 

obs. 

       

Dependent variables 

Loan-level variables:       

Loan size 223.426 75.000 445.687 10.000 1,000.000 359,098 

Maturity 98.707 84.000 67.720 22.000 299.000 359,098 

Default 0.137 0 0.343 0 1 359,098 

Charge-off ratio 0.101 0 0.271 0 0.901 359,098 

Guaranty 160.566 42.500 339.425 5.000 750.000 359,098 

Guaranty ratio 0.622 0.500 0.150 0.500 0.850 359,098 

Aggregate-level variables:       

Number of loans 91.596 62.000 109.082 10.000 265.000 322,668 

Total loan amount 1,701.634 1,062.000 2,374.004 92.000 5278.000 322,668 

Loan growth in number (%) 8.158 0 101.458 -100.000 200.000 322,668 

Loan growth in amount (%) 10.957 0 112.558 -100.000 197.050 322,668 

       

Personal tax variable 

Personal tax (%) 22.384 22.321 2.412 18.095 26.906 359,098 

       

Control variables 

Tax controls:       

Corporate tax (%) 6.915 7.500 2.710 0 9.990 359,098 

Sales tax (%) 5.910 6.000 1.727 4.000 8.500 359,098 

Property tax (%) 32.797 30.710 8.297 20.372 46.347 359,098 

Bank and business controls: 

Log(Total deposits) 1.971 2.038 1.690 -0.791 4.515 359,098 

Branches 0.204 0.143 0.222 0.014 0.501 359,098 

Establishments 353.468 213.495 450.597 14.910 1,127.762 359,098 

Log(Total receipts) 8.498 8.740 1.463 5.862 10.539 359,098 

Log(Payroll) 10.282 10.643 1.813 6.935 12.750 359,098 

Log(Employment) 6.641 6.984 1.602 3.647 8.660 359,098 

Local controls:       

Log(Income) 3.903 3.904 0.152 3.679 4.171 359,098 

Budget surplus 0.674 0.274 4.769 -6.771 8.144 359,098 

Minimum wage 6.351 6.550 1.269 5.150 8.250 359,098 

Log(Expenditure) 8.453 8.592 0.815 6.446 9.380 359,098 

Political leaning 0.422 0 0.492 0 1 359,098 
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4.4. Empirical strategy 

 My empirical strategy exploits the staggered statutory changes of the state personal income 

tax rates over time as identification. I use the personal income tax variable Personal tax to 

capture the variations of relevant effective local personal income tax rates during 2001-2018 

and analyze whether personal income taxes impact small business loans outcomes at the loan 

level and the aggregate level. One major challenge to well identify the causal inference between 

personal income taxes and small business loan outcomes is that personal taxes may be primarily 

driven by the unobservable fundamentals and time-varying idiosyncratic characteristics of 

local banks, businesses and industries which may confound the local bank credit to small 

businesses simultaneously. I adopt the empirical setting of geographic proximity sampling to 

address this challenge. I construct the sample of small business loans from geographically 

adjacent counties alongside but separated by state borders with relative tax changes. In this 

way, I identify the counties of the tax-adjusted states, which either increased or decreased their 

personal tax rates, in a given year as the treatment group, and the counties of their 

geographically adjacent counties without tax changes as the control group. In particular, I 

sample on counties located within a certain distance from a shared state border whereby one 

side of the border experiences a change in personal income tax rates while the other side does 

not. I illustrate this empirical setting of geographic proximity sampling in Figure 4.2, using the 

tax year 2009 as an example. In Figure 4.2, blue (red) shades identify counties in states with 

decreases (increases) in state personal tax rates in 2009 as treatment group of counties, while 

gray shades identify adjacent counties that did not register changes in personal taxes in 2009 

as the control group of counties. Only counties whose centroids are within 128.1 miles to their 
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state borders are shaded in Figure 4.2, and kept in the sample. By limiting the sample to 

counties that are in close geographic proximity, I am able to account for unobservable interstate 

differences using a relatively homogenous sample of counties with similar underlying local 

social, economic and demographic features over time.  
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Figure 4.2: Illustration of empirical design in geographically adjacent counties for the tax year of 2009 

This figure illustrates the empirical strategy that focuses on geographically adjacent counties near state borders using changes of state-level personal income tax rates in the tax 

year 2009 as an example. Blue (red) shades identify sample adjacent counties in states with decreases (increases) in state personal tax rates in 2009 (“treatment counties”). Gray 

shades identify sample adjacent counties that do not register changes in personal taxes in 2009 (“control counties”). Only counties whose centroids are within 128.1 miles to 

their state borders are shaded and kept in the sample for the baseline analyses. 
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 In the baseline analysis, I examine whether personal income taxes impact the loan-level 

outcomes of small business loans including loan size, maturity, default status, charge-off ratio 

and government guaranty. First, I plot the values of these small business loan outcome variables 

over Personal tax respectively in Figure 4.3. I find that small business loan size decreases with 

higher personal income tax rates in Panel A, and loan term to maturity shortens with higher 

personal income tax rates in Panel B. I also find the probability of loan default and loan charge-

off ratio increase with higher personal income tax rates in Panel C and D. Moreover, I find loan 

amount guaranteed by government decreases with higher personal income tax rates in Panel E, 

nevertheless it can be mechanical as loan size decreases. I further find that the ratio of loan 

guaranteed amount over loan size has a slightly upward trend with higher personal income tax 

rates in Panel F. These graphical evidences corroborate my Hypothesis 1 that local personal 

income taxes have negative effects on the small business loan outcomes at the loan level. 

 

Figure 4.3: Graphical analysis for small business loan outcomes over personal taxes 

This figure maps the average loan outcomes of SBA 7(a) small business loans over the effective personal income 

tax rates during 2001-2018 in the following graphs with a prediction line plotted from a simple linear regression 

of loan outcome on personal tax rates. Panel A-F plot the average loan size, term to maturity, default probability, 

charge-off ratio, government guaranty amount and guaranty ratio respectively in sample counties over personal 

income tax rates. All variable definitions and according data sources can be found in Appendix Table A4.1. 
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 Second, to statistically test my graphical evidences, I perform the univariate tests of 

Student’s t-test and Wilcoxon rank sum test to compare the group equality of the loan outcomes 

between the groups of small business loans under high and low personal income tax burden. I 

create a binary variable that indicates the groups of high and low personal income tax using the 

median of Personal tax as the cutoff. Table 4.2 reports the results of these univariate tests. Panel 

A reports the mean comparison t-test results and shows the loan group under higher personal 

taxes displays statistically significant less advantageous loan outcomes at the 1% level, 

including smaller loan size, shorter term to maturity, higher default probability and loan charge-

off ratio. I find that the ratio of loan guaranty amount over loan size is significantly higher by 
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0.6% on average in the higher tax rate group compared with the lower tax rate group, which 

corroborates the graphical evidence in Figure 4.3 Panel F. This result indicates the governments 

may try to mitigate the tax-induced deterioration in borrower’s creditworthiness by increasing 

their guaranteed portion in small business loans, which is consistent with my Hypothesis 1e. 

Panel B reports the non-parametric Wilcoxon rank sum test results and shows the medians of 

loan outcomes between two loan groups are significantly different. These univariate test results 

are consistent with my graphical evidences and Hypothesis 1.  

 

Table 4.2: Univariate analysis results for small business loan outcomes  

This table reports the univariate analysis results of group equality tests between the high and low personal income 

tax rate groups on small business loan outcomes, including loan size, term to maturity, default probability, charge-

off ratio, government guaranty amount and guaranty ratio. Tests include counties within 128.1 miles from state 

borders. The sample period is 2001-2018. The unit of observation is at the loan level. Panel A presents the group 

means, differences and parametric t-test results comparing group mean equality. Panel B presents the group 

medians, standard deviations and non-parametric Wilcoxon rank sum test results for group distribution equality. 

*, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Panel A: T-tests for group mean equality 

Dependent variable High personal tax 

group mean 

Low personal tax 

group mean 

Difference between 

groups 

P-value of 

difference 

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

     

Loan size 176.591 267.093 -90.502*** <0.01 

Maturity 93.845 103.240 -9.395*** <0.01 

Default 0.173 0.103 0.070*** <0.01 

Charge-off ratio 0.127 0.078 0.049*** <0.01 

Guaranty 125.625 193.144 -67.519*** <0.01 

Guaranty ratio 0.625 0.619 0.006*** <0.01 

     

Panel B: Wilcoxon rank sum tests for group equality 

Dependent variable High personal 

tax group 

median 

Low personal 

tax group 

median 

High 

personal tax 

group SD 

Low 

personal tax 

group SD 

Z-statistics 

of rank 

sum test 

P-value 

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

       

Loan size 60.000 82.500 328.143 528.669 -52.896 <0.01 
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Maturity 84.000 84.000 65.123 69.751 -49.814 <0.01 

Default 0 0 0.378 0.303 61.448 <0.01 

Charge-off ratio 0 0 0.297 0.243 60.471 <0.01 

Guaranty 37.500 50.000 247.809 403.943 -46.187 <0.01 

Guaranty ratio 0.500 0.500 0.153 0.148 13.577 <0.01 

       

 

 Third, more importantly, I perform a multivariate panel data regression analysis to 

empirically examine the causal effects of personal income taxes on the small business loan 

outcomes at the loan-level. To do so, I regress the small business loan outcome variables of 

Loan size, Maturity, Default, Charge-off ratio, Guaranty and Guaranty ratio on the effective 

local personal income tax rates Personal tax respectively, with the set of control variables and 

various fixed effects. I estimate the following regression model at the loan level: 

  

𝑌𝑐,𝑓,𝑖,𝑙,𝑡 = 𝛽0 + 𝛽1𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙 𝑡𝑎𝑥𝑐,𝑡 + 𝛾𝑋𝑐,𝑡−1 + 𝜐𝑜,𝑙 + 𝜆𝑐,𝑙,𝑖 + 𝜃𝑙,𝑡 + 𝜑𝑠,𝑏,𝑡 + 𝛿𝑖,𝑡

+ 𝜇𝑐,𝑖,𝑙,𝑏,𝑡 

(1) 

  

 where c indexes a county, f indexes a small business firm, i indexes an industry, l indexes 

a bank lender, b indexes a border between states, s indexes a state and t represents the fiscal 

year of the small business loan was approved. The loan-level dependent variable 𝑌𝑐,𝑓,𝑖,𝑙,𝑡 ∈ 

{Loan size, Maturity, Default, Charge-off ratio, Guaranty, Guaranty ratio} which is the loan 

outcome of a small business loan granted. 𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙 𝑡𝑎𝑥𝑐,𝑡  is the relevant effective local 

personal income tax rate in county c in year t. 𝑋𝑐,𝑡−1 is a vector of the set of control variables 

defined before but lagged by one year, including local tax rates, local bank and business 

characteristics and local socio-economic and demographic conditions to further account for 
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local confounding factors. I take the one-year lag setting for the control variables to mitigate 

the potential endogeneity and simultaneity issue in the model. Following Ljungqvist and 

Smolyansky (2016); Moretti and Wilson (2017) and Campello, Gao and Xu (2020), my 

baseline model features a robust set of fixed effects. 𝜐𝑜,𝑙 are the business legal structure-bank 

fixed effects to account for the variations in banks’ lending to different types of business clients. 

𝜆𝑐,𝑙,𝑖 are the county-bank-industry fixed effects to account for the time-invariant fundamentals 

of banks’ lending to local industries. 𝜃𝑙,𝑡 are the bank-year fixed effects to account for the 

aggregate temporal dynamics in banks’ lending over time, such as the seasonality in credit 

demand, and aggregate economic cycles. 𝛿𝑖,𝑡 are the industry-year fixed effects to account for 

the aggregate temporal dynamics in the production and development of local industries over 

time. 𝜑𝑠,𝑏,𝑡 are the state-border-year fixed effects that allow me to compare treated and control 

counties in pairs with close geographic proximity instead of contrasting counties that are not 

located in neighboring states. This set of fixed effects allows me to examine the loan outcomes 

from the same bank lenders to the same type of small businesses from same industries within 

the same locations while exhausting potential local time-evolving idiosyncratic characteristics 

across neighboring state borders. I cluster the robust standard errors at the county-industry level 

which allows for the temporal autocorrelations of observation units within the county-industry 

clusters. 𝛽1 is the coefficient of interest in Equation (1). 

 Finally, I examine whether personal income taxes impact small business lending outcomes 

at the aggregate level to complement my baseline analysis. I focus on the total number of loans 

Number of loans, total loan amount granted Total loan amount, and loan growth rate Loan 

growth in number and Loan growth in amount. I further differentiate these variables for loans 
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with loan size less than $100,000, between $100,000 and $250,000, and between $250,000 and 

$1 million and loans to borrowers with annual revenue less than $1 million. I estimate the 

following regression model at the census tract level: 

 

𝑌𝑐,𝑡 = 𝛽0 + 𝛽1𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙 𝑡𝑎𝑥𝑐,𝑡 + 𝛾𝑋𝑐,𝑡−1 + 𝜆𝑐 + 𝜑𝑠,𝑏,𝑡 + 𝛿𝑡 + 휀𝑐,𝑏,𝑡 (2) 

 

 where c indexes a census tract, l indexes a bank lender, b indexes a border between states, 

s indexes a state and t represents the year of observation. The dependent variable 𝑌𝑐,𝑡  ∈ 

{Number of loans, Total loan amount, Loan growth in number, Loan growth in amount}. 𝑋𝑐,𝑡−1 

is the vector of control variables same as defined before lagged by one year. I also include the 

census tract fixed effects 𝜆𝑐 , the state-border-year fixed effects 𝜑𝑠,𝑏,𝑡  and the year fixed 

effects 𝛿𝑡 to account for time-invariant local fundamentals and the time-evolving dynamics 

within neighboring comparison groups over time. I cluster robust standard errors at the census 

tract level which allows for the temporal autocorrelations of observation units within the census 

tract clusters. 𝛽1 is the coefficient of interest in Equation (2). 

 

4.5. Main results 

4.5.1. Personal income taxes and loan outcomes: loan-level evidence 

 In the baseline analysis, I investigate whether personal income taxes impact small business 

loan outcomes at the loan level. I sample the geographically adjacent counties within 128.1 

miles from state borders and estimate the baseline model in Equation (1) using the matched 

7(a) loan data. First, I examine the effect of personal income taxes on the loan size and maturity 



 

137 

 

of small business loans. Table 4.3 reports the results. I find that Personal tax has a negative and 

statistically significant coefficient for Loan size across models as shown in column (1)-(3) of 

Table 4.3. The estimate in the full model suggests that, on the intensive margin, a 1-percentage-

point relative increase in personal income tax rate leads to a decrease of $23,450 on average in 

the loan size of small business loans. This findings is consistent with my Hypothesis 1a. 

Moreover, I find that Personal tax has a negative and statistically significant coefficient for 

Maturity across models as shown in column (4)-(6) of Table 4.3. The estimate of the full model 

suggests that, on the intensive margin, a 1-percentage-point relative increase in personal 

income tax rate leads to a decrease of 3.419 months on average in the loan term to maturity of 

small business loans. This finding is consistent with my Hypothesis 1b. 

 

Table 4.3: Regression results for loan size and maturity of small business loans 

This table reports the baseline regression results for the effect of the effective local personal income tax rate on 

small business loan size and term to maturity. The dependent variable Loan size is the loan amount disbursed in 

thousand USD and Maturity is the loan term to maturity in months. Personal tax, Corporate tax, Sales tax and 

Property tax are in percentage. Tests include counties within 128.1 miles from state borders. Results are estimated 

using the regression model shown in Equation (1). All control variables are lagged by one year. The sample period 

is 2001-2018. The unit of observation is at the loan level. Standard errors are shown in parentheses and clustered 

at the county-industry level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, 

respectively. All variable definitions and according data sources are shown in Appendix Table A4.1. 

 

Dependent variable Loan size Maturity 

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

       

Personal tax -19.228*** -12.116*** -23.450**  -2.019*** -1.003*** -3.419*   

 (0.558) (0.703) (11.364)    (0.105) (0.133) (1.964)    

       

Tax controls No Yes Yes No Yes Yes 

Bank and business controls No Yes Yes No Yes Yes 

Local controls No Yes Yes No Yes Yes 

       

Structure-bank FE   No No Yes No No Yes 

County-bank-industry FE No No Yes No No Yes 
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Bank-year FE No No Yes No No Yes 

Industry-year FE No No Yes No No Yes 

Border-year FE No No Yes No No Yes 

       

Adjusted R-squared 0.011 0.024 0.537 0.005 0.021 0.453       

Number of obs. 359,098 359,098 359,098 359,098 359,098 359,098 

Bootstrapped estimates:       

Bootstrapped Std. Err. 3.218 0.598 

95% Confidence Interval [-29.757, -17.143] [-4.591, -2.247] 

 Second, I examine the effect of personal income taxes on the loan default probability and 

charge-off ratio of small business loans. Column (1)-(4) of Table 4.4 report the results. I find 

that Personal tax yields a positive and statistically significant coefficient for Default across 

models. Also, I find that Personal tax obtains a positive and statistically significant coefficient 

for Charge-off ratio across models. The estimates in the full model suggest that, on the 

intensive margin, a 1-percentage-point relative increase in personal income tax rates translates 

to a 1.8% increase on average in the default probability and 1.5% increase on average in loan 

charge-off ratio of small business loans. These findings corroborate my Hypothesis 1c and 1d 

respectively.  

 Third, I examine the effect of personal income taxes on the government guaranty of small 

business loans. Column (5)-(8) of Table 4.4 report the results. I find that Personal tax attracts 

a negative and statistically significant coefficient for Guaranty across models. The magnitude 

estimated on the government guaranty reduction is smaller ($16,613) than the estimate of loan 

size reduction ($23,450), which may raise the concern that the government guaranty decrease 

is mechanic due to the loan size decrease. Furthermore, I find that Personal tax attracts a 

positive and statistically significant coefficient for Guaranty ratio in the simple baseline model, 

nevertheless this coefficient remains positive but loses statistical significance in the full model 

as shown in column (7)-(8) of Table 4.4. 
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Table 4.4: Regression results for loan default, charge-off ratio and government guaranty of small business loans 

This table reports the baseline regression results for the effects of the effective local personal income tax rate on default probability, charge-off ratio and government guaranty 

of small business loans. Default is an indicator variable which denotes the loan default status. Charge-off ratio is the ratio of loan charge-off amount over loan amount. Guaranty 

is the loan amount guaranteed. Guaranty ratio is the ratio of loan amount guaranteed over loan amount. Tests include counties within 128.1 miles from state borders. Results 

are estimated using the regression model shown in Equation (1). All control variables are lagged by one year. The sample period is 2001-2018. The unit of observation is at the 

loan level. Standard errors are shown in parentheses and clustered at the county-industry level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, 

respectively. All variable definitions and according data sources are shown in Appendix Table A4.1. 

Dependent variable Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Personal tax 0.011*** 0.018*    0.007*** 0.015*   -14.472*** -16.613*   0.001*** 0.003    

 (0.000) (0.011)    (0.000) (0.009)    (0.424) (8.524)    (0.0001) (0.004)    

         

Tax controls No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes 

         

Structure-bank FE   No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes 

         

Adjusted R-squared 0.006 0.176 0.004 0.129 0.011 0.537    0.001 0.546 

Number of obs. 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 

Bootstrapped estimates:         

Bootstrapped Std. Err. 0.002 0.002 2.449 0.001 

95% Confidence Interval [0.014, 0.022] [0.011, 0.019] [-21.413, -11.813] [-0.193, 0.199] 
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 I am concerned that my sampled small business borrowers and bank lenders are not 

randomly selected from the population since high-risk borrowers may be more likely to 

borrower credit from the SBA government-backed 7(a) loan program as the lender of last resort. 

Though I base my analysis on the geographically adjacent pairs and control for a robust set of 

control variables and fixed effects, the baseline estimates may still be biased by the violated 

distributional assumptions or correlated regressors and error terms. To address this concern, I 

employ a random sample analysis using the bootstrapping technique which is widely used in 

modern finance research (e.g., Efron, 1979, 1982; Grunert, Norden and Weber, 2005; Kysucky 

and Norden, 2016). I randomly draw samples of 3,591 observations, which equals 1% of the 

sample size, with replacements for 500 times and derive the bootstrapped estimates using the 

baseline model with robust standard errors clustered at the county-industry level. I report the 

bootstrapped standard error and 95% confidence interval for the coefficients of Personal tax in 

the according full model of small business loan outcome variables in Table 4.3 and Table 4.4. 

I find that the bootstrapped estimates confirm my baseline results in terms of statistical 

significance, which mitigates the sampling concern on the 7(a) loan data. I further look into the 

causal relationship between local personal income taxes and aggregate small business loan 

outcomes using the more comprehensive CRA loan data in the Section 4.5.2.  

 To summarize, these baseline results highlight the negative effects of higher personal 

income taxes on local small business loan outcomes at the loan level, including smaller loan 

size, shorter maturity, higher loan default probability and charge-off ratio. The results also elicit 

weaker evidence that the SBA may raise the portion of loan amount guaranteed to compensate 

for the tax-induced reduction in the creditworthiness of small businesses. 
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4.5.2. Personal income taxes and loan outcomes: aggregate-level evidence 

 I further investigate whether personal income taxes impact small business loan outcomes 

at the aggregate level. I focus on the same geographically adjacent counties sampled and 

estimate the model in Equation (2) using the CRA loan data. Table 4.5 reports the results. First, 

I examine the effect of personal income taxes on the total number and amount of small business 

loans with loan size less than $100,000. I find that Personal tax has a positive and statistically 

significant coefficient for Number of loans as shown in column (1)-(2) of Panel A. Nevertheless, 

the coefficient of Personal tax turns to be negative but statistically insignificant for Total loan 

amount as shown in column (3)-(4) of Panel A. Second, I examine the effect of personal income 

taxes on the total number and amount of small business loans with loan size between $100,000 

and $250,000. I find that Personal tax attracts negative and statistically significant coefficients 

for both Number of loans and Total loan amount across models as shown in column (5)-(8) of 

Panel A. Third, I examine the effect of personal income taxes on the total number and amount 

of small business loans with loan size between $250,000 and $1 million and find no significant 

results. Finally, I examine the effect of personal income taxes on the total number and amount 

of small business loans granted to firm borrowers with less than $1 million annual revenue. I 

find that Personal tax obtains a negative and statistically significant coefficient for Total loan 

amount as shown in column (7)-(8) of Panel B. Furthermore, I zoom in to examine the effect 

of personal income taxes on the loan growth rate in terms of total number and amount of small 

business loans granted. Table 4.6 reports the results. I find that Personal tax has negative and 

statistically significant coefficients for Loan growth in number and Loan growth in amount for 

the loans with loan size between $100,000 and $250,000 and between $250,000 and $1 million. 
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 To summarize, these findings are consistent with my Hypothesis 2 and suggest that higher 

personal income tax leads to smaller total number, amount and growth rate of small business 

loans granted at the aggregate level, particularly for the medium-sized loans between $100,000 

and $250,000 and loans to borrowers with less than $1 million annual revenue 
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Table 4.5: Regression results for total number and amount of small business loans at the aggregate level 

This table reports the regression results for the effects of personal income tax rate on the total number and amount of small business loans at the census tract level. Personal tax 

is in percentage. Tests include counties within 128.1 miles from state borders. Results are estimated using the regression model shown in Equation (2). All control variables are 

lagged by one year. The sample period is 2001-2018. The unit of observation is at the census tract level. Standard errors are shown in parentheses and clustered at the census 

tract level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. All variable definitions and according data sources are shown in Appendix 

Table A4.1. 

 

Panel A: Total number and amount of loans with loan size less than $100,000, and between $100,000 and $250,000 

Dependent variable Number of loans 

(loans less than $100,000) 

Total loan amount 

(loans less than $100,000) 

Number of loans 

(loans between $100,000-$250,000) 

Total loan amount 

(loans between $100,000-$250,000) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Personal tax 0.312 0.749* -1.181 -0.986 -0.055** -0.057** -9.746** -8.918** 

 (0.422) (0.396) (6.441) (6.003) (0.022) (0.024) (3.847) (4.272) 

         

Tax controls No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes 

         

Census tract FE Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.376 0.406 0.295 0.322 0.270 0.276 0.275 0.281 

Number of obs. 322,668 322,668 322,668 322,668 322,668 322,668 322,668 322,668 
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Panel B: Total number and amount of loans with size between $250,000-$1 million and loans to firms with less than $1 million revenue 

Dependent variable Number of loans 

(loans between $250,000-$1 

million) 

Total loan amount 

(loans between $250,000-$1 

million) 

Number of loans  

(loans to firms with less than $1 

million revenue) 

Total loan amount 

(loans to firms with less than $1 

million revenue) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Personal tax -0.033 0.023 -14.839 19.628 -0.078 0.085 -9.751 -17.154*   

 (0.023) (0.026) (12.681) (14.646) (0.165) (0.170) (7.617) (8.931)    

         

Tax controls No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes 

         

Census tract FE Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.320 0.329 0.322 0.331 0.354 0.381 0.264 0.273    

Number of obs. 322,668 322,668 322,668 322,668 322,668 322,668 322,668 322,668    
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Table 4.6: Regression results for loan growth rate of small business loans at the aggregate level 

This table reports the regression results for the effects of personal income tax rate on the loan growth rate in terms of total number and amount of small business loans at the 

census tract level. Personal tax is in percentage. Tests include counties within 128.1 miles from state borders. Results are estimated using the regression model shown in 

Equation (2). All control variables are lagged by one year. The sample period is 2001-2018. The unit of observation is at the census tract level. Standard errors are shown in 

parentheses and clustered at the census tract level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. All variable definitions and 

according data sources are shown in Appendix Table A4.1. 

 

Panel A: Loan growth rate for the loans with loan size less than $100,000, and between $100,000 and $250,000 

Dependent variable Loan growth in number 

(loans less than $100,000) 

Loan growth in amount 

(loans less than $100,000) 

Loan growth in number 

(loans between $100,000-$250,000) 

Loan growth in amount 

(loans between $100,000-$250,000) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Personal tax -0.148 -0.088 0.188 0.927* -0.586** -0.558** -0.742*** -0.667** 

 (0.195) (0.230) (0.415) (0.496) (0.229) (0.286) (0.259) (0.322) 

         

Tax controls No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes 

         

Census tract FE Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.201 0.201 0.039 0.040 0.025 0.025 0.020 0.020 

Number of obs. 322,668 322,668 322,668 322,668 322,668 322,668 322,668 322,668 

 

 

 



 

146 

 

Panel B: Loan growth rate for the loans with loans size between $250,000-$1 million and loans to firms with less than $1 million revenue 

Dependent variable Loan growth in number 

(loan between $250,000-$1 million) 

Loan growth in amount 

(loan between $250,000-$1 

million) 

Loan growth in number 

(loans to firms with less than $1 

million revenue) 

Loan growth in amount 

(loans to firms with less than $1 

million revenue) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Personal tax -0.841*** -0.547** -0.935*** -0.694** -0.155 -0.008 -0.966 0.490 

 (0.207) (0.266) (0.255) (0.325) (0.248) (0.287) (1.205) (1.469) 

         

Tax controls No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes 

         

Census tract FE Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.021 0.021 0.014 0.014 0.103 0.104 0.002 0.003 

Number of obs. 322,668 322,668 322,668 322,668 322,668 322,668 322,668 322,668    
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4.5.3. Economic significance 

 My estimates of the negative effects of personal income taxes on small business loan 

outcomes are statistically significant at the loan level and the aggregate level. I find the 

economic magnitudes of these estimates, which are calculated by scaling the coefficient of 

Personal tax in the full models over the mean of the according small business loan outcome 

variable, are also large. I document that a 1-percentage-point relative increase in Personal tax 

corresponds to a decrease of 10.5% in Loan size (i.e., -23.450/223.426 = -0.105) and 3.5% in 

Maturity (i.e., -3.419/98.707 = -0.035), all other factors being equal. This 1-percentage-point 

relative increase in Personal tax also triggers an increase of 13.1% in Default (i.e., 0.018/0.137 

= 0.131) and 14.9% in Charge-off ratio (i.e., 0.015/0.101 = 0.149), all other factors being equal. 

Moreover, this 1-percentage-point relative increase in Personal tax leads to a decrease of 10.3% 

in Guaranty (i.e., -16.613/160.566 = -0.103), whereas the increase of 0.5% in Guaranty ratio 

(i.e., 0.003/0.622 = 0.005) is not statistically significant in the full model. Furthermore, for the 

small business loans with loan size between $100,000 and $250,000, a 1-percentage-point 

relative increase in Personal tax corresponds to a decrease of 1.8% in Number of loans (i.e., -

0.057/3.222 = -0.018), 1.6% in Total loan amount (i.e., -8.918/570.328 = -0.016), 6.8% in Loan 

growth in number (i.e., -0.558/8.158=-0.068), and 6.1% (i.e., -0.667/10.957=-0.061) in Loan 

growth in amount at the aggregate level, all other factors being equal. 

 

4.6. Further empirical checks and robustness tests 

4.6.1. Discrete measures for state-level statutory tax changes 

 In the baseline analysis, I use the effective local personal income tax rate Personal tax as 
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the main personal income tax measure which is calculated by TaxSim and takes the complex 

interaction between local federal, state and local tax schemes into account. However, its 

variations can be amplified by the cross-state differences in the deduction of state and local 

income taxes towards federal income taxes, such as the treatment of a taxpayer’s federal 

adjusted gross income (AGI) and SALT exemptions, which may bias my estimates. To address 

this concern, I estimate the following regression model: 

 

𝑌𝑐,𝑓,𝑖,𝑙,𝑡 = 𝛽0 + 𝛽1𝑇𝑎𝑥 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑐,𝑡 + 𝛽2𝑇𝑎𝑥 𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒𝑐,𝑡 + 𝛾𝑋𝑐,𝑡−1 + 𝜐𝑜,𝑙 + 𝜆𝑐,𝑙,𝑖

+ 𝜃𝑙,𝑡 + 𝜑𝑠,𝑏,𝑡 + 𝛿𝑖,𝑡 + 𝜇𝑐,𝑖,𝑙,𝑏,𝑡 

(3) 

 

 where I substitute Personal tax with two discrete state statutory tax change indicators, i.e., 

Tax increase that indicates the states with a relative personal income tax increase and Tax 

decrease that indicates the states with a relative state personal income tax decrease in the 

baseline model. 𝛽1 and 𝛽2 are the coefficients of interest in Equation (3). Table 4.7 reports 

the results. I find that Tax increase has negative and statistically significant coefficients for 

Loan size, Maturity and Guaranty, which is in line with my baseline results. I also find that Tax 

decrease has a negative and statistically significant coefficient for Guaranty ratio. This finding 

further corroborates my Hypothesis 1e. To summarize, these results suggest that the effects of 

personal income taxes on small business loan outcomes are not symmetric between state tax 

increase and decrease. I show that the negative effects of personal income taxes for loan size 

and maturity are more pronounced in state tax increase events and the SBA tends to decrease 

their loan guaranty ratio of small business loans in state tax decrease events.  
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Table 4.7: Regression results using state-level statutory tax change indicators 

This table reports the regressions results for the effects of personal taxes on small business loan outcomes 

considering state-level statutory personal income tax changes only. Tax increase and Tax decrease are state-level 

dummy variables that indicates state statutory tax increases and decreases respectively. All control variables are 

lagged by one year. Tests include counties within 128.1 miles from state borders. Results are estimated using the 

regression model shown in Equation (3). The sample period is 2001-2018. The unit of observation is at the loan 

level. Standard errors are shown in parentheses and clustered at the county-industry level. *, **, and *** indicate 

statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Dependent variable Loan size Maturity Default 
Charge-off 

ratio 
Guaranty 

Guaranty 

ratio 

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

       

Tax increase -13.796** -2.539** -0.002 -0.001 -11.306** -0.003   

 (6.806) (1.135) (0.003) (0.005) (5.113) (0.002)   

Tax decrease 0.902 0.034 -0.003 0.001 -0.112 -0.006** 

 (6.979) (1.303) (0.009) (0.007) (5.138) (0.003) 

       

Tax controls Yes Yes Yes Yes Yes Yes 

Bank and business controls Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes 

       

Structure-bank FE   Yes Yes Yes Yes Yes Yes 

County-bank-industry FE Yes Yes Yes Yes Yes Yes 

Bank-year FE Yes Yes Yes Yes Yes Yes 

Industry-year FE Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes 

       

Adjusted R-squared 0.537 0.453 0.176 0.129 0.537 0.546   

Number of obs. 359,098 359,098 359,098 359,098 359,098 359,098 

 

4.6.2. Narrative approach 

 To further substantiate my causal inferences, I adopt a narrative approach that focuses on 

assessing the effects of tax changes which are plausibly exogenous to short-term local 

economic conditions on small business loan outcomes following Romer and Romer (2010) and 

Campello, Gao and Xu (2020). I classify the tax changes taken to promote philosophy and 

beliefs about taxpayer fairness, to deal with an inherited budget deficit or to achieve a long-run 
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goal, which are motivated by factors unrelated to the current or prospective state of the 

economy, as “exogenous”. In contrast, tax changes taken because government spending 

changes or designed to offset other factor affecting output systematically in the short or medium 

run are identified as “endogenous”. To do so, I collect local narratives from media news, 

politicians, journalists, and policy analysts regarding a change in state personal income taxes 

by searching on Google News, LexisNexis and Factiva database. I identify large state statutory 

“tax events” during the sample period of 2001-2018 which change its top personal tax rate by 

at least 2.5 basis points and also exclude tax changes that are soon reversed in the following 

year. After applying these filters, I identify and focus on 78 exogenous tax events of tax 

increases and tax decreases in my sample. I thereby estimate the following model: 

 

𝑌𝑐,𝑓,𝑖,𝑙,𝑡 = 𝛽0 + 𝛽1𝑇𝑎𝑥 𝑐ℎ𝑎𝑛𝑔𝑒𝑐,𝑡 + 𝛾𝑋𝑐,𝑡−1 + 𝜐𝑜,𝑙 + 𝜆𝑐,𝑙,𝑖 + 𝜃𝑙,𝑡 + 𝜑𝑠,𝑏,𝑡 + 𝛿𝑖,𝑡

+ 𝜇𝑐,𝑖,𝑙,𝑏,𝑡 

(4) 

 

 where Tax change is the exogenous tax event variable. 𝛽1 is the coefficient of interest in 

Equation (4). Table 4.8 reports the results. First, I use Tax change as a discrete tax event 

indicator. I assign a value of 1 to the variable Tax change for the states that experience an 

exogenous tax event of tax increase in a given year and a value of -1 for counties in states that 

experience an exogenous tax event of tax decrease in a given year. Tax change is set to 0 for 

their geographically adjacent counties within 128.1 miles from state borders as the control 

group. I find that the coefficients of Tax change are negative and statistically significant for 

Loan size, Maturity and Guaranty as shown in column (1)-(6). Second, I assign the according 
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personal income tax rates to Tax change to denote these exogenous tax events. I find that the 

coefficients of Tax change are statistically significant and even larger in economic magnitudes 

for Loan size, Maturity, Default, Charge-off ratio and Guaranty as shown in column (7)-(12). 

To summarize, the narrative approach confirms my baseline results and suggests my results are 

not driven by the potential endogeneity of short- and medium-term economic conditions 

disrupting local tax policies and small business loan outcomes simultaneously.  
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Table 4.8: Results for a narrative approach 

This table reports the results for the effects of state statutory personal income tax changes on small business loan outcomes using a narrative approach. Column (1)-(6) present 

the baseline estimates using the exogenous tax event indicator as the main explanatory variable which is assigned a value of 1 for counties in states that increase personal taxes, 

-1 for counties that decrease personal taxes, and 0 for adjacent control counties. Column (7)-(12) present the baseline estimates using the effective local personal tax rate as the 

main explanatory variable with the sample restricted to treatment counties that experience exogenous tax events and their adjacent control counties only. Tests include counties 

within 128.1 miles from state borders. Results are estimated using the regression model shown in Equation (4). All control variables are lagged by one year. Standard errors are 

shown in parentheses and clustered at the county-industry level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Dependent variable Tax event indicator (values of -1, 0, 1) Effective local personal tax rate 

 Loan size Maturity Default 
Charge-off 

ratio 
Guaranty 

Guaranty 

ratio 
Loan size Maturity Default 

Charge-off 

ratio 
Guaranty 

Guaranty 

ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Tax change -11.908* -2.687** 0.011 -0.006 -9.047* 0.002 -42.467*** -8.124*** 0.042*** 0.030** -31.521*** -0.001 

 (7.283) (1.263) (0.007) (0.006) (5.409) (0.002) (16.073) (2.721) (0.016) (0.013) (12.025) (0.005) 

             

Tax controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank and business controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Structure-bank FE   Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

County-bank-industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.540 0.440 0.155 0.104 0.539 0.516 0.540 0.440 0.155 0.104 0.539 0.516 

Number of obs. 258,607 258,607 258,607 258,607 258,607 258,607 258,607 258,607 258,607 258,607 258,607 258,607 
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4.6.3. Tax avoidance at state borders 

 My causal inferences rely on the clean identification of sampling on geographically 

adjacent counties near state borders with relative tax changes. Nevertheless, small business 

owners may adopt tax-mitigation strategies by migrating or investing across state borders to 

avoid high taxes, which could bias my results. To be more specific, small business owners in a 

high-tax state may choose their residence or to commune across the state border establishing 

their businesses in a relatively low-tax state in order to reduce their tax burden. On the other 

hand, some states may also tax the portion of a nonresident’s net income that derives from 

businesses owned by the nonresident within its borders, while others do not. To tackle these 

concerns, I perform two checks. First, I restrict my sampling to the adjacent counties whose 

centroid distances to state borders are between 26.1 miles (10th percentile) and 128.1 miles 

(50th percentile), under the assumption that communing costs become higher as distance from 

the borders increases. I then re-estimate my baseline results with this new sample and report 

the results in Panel A of Table 4.9. I find the coefficients of Personal tax remain consistent for 

Loan size, Maturity, Default, Charge-off ratio, Guaranty and Guaranty ratio. Second, I sample 

on adjacent counties located along the border of state pairs that share a reciprocal tax agreement 

which specifies that business owners who commune across these state borders pay income 

taxes to the residency state and not the work state. Such reciprocal tax agreements reduce 

commuters’ incentive to commute across state borders to operate their businesses for tax 

differentials. I then re-estimate my baseline results with these sample states and report the 

results in Panel B of Table 4.9. I find coefficients of Personal tax also remain consistent for 

Loan size, Maturity and Guaranty while merely lose significance in the full models for Default, 
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Charge-off ratio and Guaranty ratio. These findings suggest that business owners’ motive of 

tax avoidance commuting across state borders does not unduly drive my baseline results. 
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Table 4.9: Results for tests on tax avoidance at state borders  

This table reports the results considering the possibility of small business investors migration across state borders for tax reasons. Panel A presents baseline regression results 

using small business loans located in counties within 128.1 miles but not within 26.2 miles from a state border. Panel B presents regression results using sample loans located 

in states with reciprocal tax agreements where personal income taxes are collected only by the state of residence. Personal tax is in percentage. The sample period is 2001-

2018. All control variables are lagged by one year. The unit of observation is at the loan level. Standard errors are shown in parentheses and clustered at the county-industry 

level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Panel A: Distance to state borders between 26.2 miles and 128.1 miles 

Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Personal tax -19.616*** -36.929** -2.05*** -4.572* 0.011*** 0.028* 0.008*** 0.024* -14.74*** -26.189** 0.002*** 0.008* 

 (0.646) (16.983) (0.124) (2.772) (0.0004) (0.016) (0.0003) (0.013) (0.490) (12.731) (0.0003) (0.005) 

             

Tax controls No Yes No Yes No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes No Yes No Yes 

             

Structure-bank FE   No Yes No Yes No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

             

Adjusted R-squared 0.011 0.499 0.005 0.415 0.006 0.150 0.005 0.099 0.011 0.498 0.001 0.507 

Number of obs. 280,776 280,776 280,776 280,776 280,776 280,776 280,776 280,776 280,776 280,776 280,776 280,776 
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Panel B: Counties across states with reciprocal tax agreements only   

Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Personal tax -21.204*** -74.771*** -1.540*** -12.970*** 0.023*** 0.018 0.015*** 0.020 -15.150*** -52.970*** 0.012*** 0.008 

 (1.148) (26.015) (0.202) (4.104) (0.001) (0.022) (0.0004) (0.017) (0.874) (19.455) (0.0004) (0.007) 

             

Tax controls No Yes No Yes No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes No Yes No Yes 

             

Structure-bank FE   No Yes No Yes No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

             

Adjusted R-squared 0.008 0.437 0.002 0.317 0.016 0.113 0.011 0.063 0.007 0.432 0.023 0.436 

Number of obs. 126,414 126,414 126,414 126,414 126,414 126,414 126,414 126,414 126,414 126,414 126,414 126,414 
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4.6.4. Tradable industries 

 Personal tax changes may affect the demand for goods and services of local households 

which influences local small businesses’ income, financing and investment. This disruption in 

local product demand could confound my causal inferences since the variations in small 

business loan outcomes may simply reflect small businesses’ responses to local customer 

demand, instead of tax-induced effects on their creditworthiness. To address this concern, I 

focus on a sample of small businesses operating exclusively in tradable industries whose 

business activities do not mainly rely on local customer demand for goods and services. 

Following Mian and Sufi (2014) and Campello, Gao and Xu (2020), I define tradable industries 

as the industry sectors other than retail trade (NAICS Code 44 and 45) and accommodation and 

food services industries (NAICS Code 72). Table 4.10 reports the results. My results remain 

largely consistent and suggest that local customer demand under tax changes is unlikely to be 

the main driver of my baseline results. 
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Table 4.10: Results for tests on tradable industries 

This table reports the results for the effects of the effective local personal tax rates on the small business loan outcomes of tradable industries. The tradable industries include 

industry sectors other than retail trade (NAICS Code 44 and 45) and accommodation and food services industries (NAICS Code 72). Personal tax is in percentage. All control 

variables are lagged by one year. Tests include counties within 128.1 miles from state borders. The sample period is 2001-2018. The unit of observation is at the loan level. 

Standard errors are shown in parentheses and clustered at the county-industry level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

All variable definitions and according data sources are shown in Appendix Table A4.1. 

 

Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Personal tax -17.754*** -18.257 -1.995*** -4.167* 0.011*** 0.027** 0.007*** 0.023** -13.337*** -12.630 0.001*** 0.003 

 (0.582) (13.898) (0.096) (2.342) (0.0004) (0.013) (0.0003) (0.009) (0.443) (10.438) (0.0002) (0.004) 

             

Tax controls No Yes No Yes No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes No Yes No Yes 

             

Structure-bank FE     No Yes No Yes No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

             

Adjusted R-squared 0.010 0.498 0.006 0.415 0.006 0.164 0.004 0.108 0.009 0.497 0.0003 0.526 

Number of obs. 253,919 253,919 253,919 253,919 253,919 253,919 253,919 253,919 253,919 253,919 253,919 253,919 
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4.6.5. Varying geographical proximity and income bracket bandwidth 

 My baseline analysis revolves around geographically adjacent counties within 128.1 miles 

bandwidth to state borders which is the median in the distance distribution. To ensure the 

robustness of the baseline results, I adopt alternative sampling choices of geographically 

adjacent counties to construct my treatment and control group for comparison and re-estimate 

the baseline results. To do so, I sample on the adjacent counties whose centroid distances to 

state borders are within 63.6 miles (value at the 25th percentile), 84.5 miles (value at the bottom 

tercile), 147.6 miles (distance mean), 178.1 miles (value at the top tercile) and 210.1 miles 

(value at the 75th percentile) respectively to construct the comparison groups. Appendix Figure 

A4.1 illustrates these alternative geographical sampling choices using the tax changes in the 

year of 2009 as an example. Appendix Figure A4.2 reports the results using these alternative 

geographical sampling procedures. In each panel, the coefficients of Personal tax estimated 

using the alternative geographical bandwidths are presented together with corresponding 90% 

confidence interval. These estimates demonstrate that my baseline results are upheld using the 

alternative geographical bandwidths to sample adjacent counties. Moreover, I calculate 

Personal tax levied on small business owners whose taxable income levels rank at the 90th 

percentile of the small business owners’ income distribution. To further ensure the robustness 

of my baseline results, I calculate Personal tax for small business owners on all levels of 

taxable incomes, starting with the 10th percentile all the way through the 90th percentile of the 

income distribution. To do so, I use the taxable income levels of $29,462 (value at the 10th 

percentile), $45,000 (value at the 25th percentile), $59,000 (income mean), $70,000 (value at 

the 50th percentile) and $126,250 (value at the 75th percentile) to calculate Personal tax and 



 

160 

 

re-estimate my baseline results. Appendix Figure A4.3 reports the results. In each panel, the 

coefficients of Personal tax for the alternative taxable income levels are presented together 

with corresponding 90% confidence interval. These estimates suggest that my baseline results 

are upheld using the alternative taxable income levels, and the tax-induced effects are stronger 

for relatively low-income small business owners whose income are below the 50th percentile. 

 

4.6.6. Robustness tests 

 I perform a variety of robustness tests including a propensity score matching (PSM) 

approach, placebo tests and using alternative econometric settings. First, I re-estimate my 

baseline results with the matched county sample for comparisons using the PSM approach to 

enhance the comparability among the localities on which I sample following Abadie, Drukker, 

Herr and Imbens (2004). I match the treatment and control counties based on my control 

variables including local corporate tax, sales tax, property tax, bank deposit, number of bank 

branches, number of business establishments, annual receipts, annual payroll, employment 

scale, household income level, state budget surplus, minimum wage level, government 

expenditure and political leaning. I employ the single nearest-neighbor 1-to-1 PSM algorithm 

without replacement to construct a matched sample, which allows me to match county pairs 

weighting treatment observations with their nearest control observations based on their 

distances.26  I then re-estimate my baseline results with the matched sample. Panel A of 

 
26 In unreported results, I adopt several alternative matching matrices with PSM scores estimators to ensure 

balance, such as a nearest neighbor matching with number of neighbor = 1 with replacement, Mahalanobis 1-to-

1 matching, the non-parametric kernel matching algorithm and nearest neighbor matching with 0.1 caliper. The 

results are similar to the ones presented in Appendix Table A4.2. 
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Appendix Table A4.2 reports the results. I find my baseline results remain consistent. 

Second, I test whether unobserved contemporaneous shocks, random local or temporal 

confounders drive my results. To do so, I employ a placebo test design in which I use placebo 

personal income tax rate as the explanatory variable, which is similarly distributed but with 

randomly assigned values, to re-estimate my baseline model. Panel B of Appendix Table A4.2 

reports the results. I show that the falsified personal income tax rate does not have statistically 

significant coefficients for small business loan outcomes. These results demonstrate that my 

baseline results are robust and not driven by unobserved contemporaneous shocks or random 

local and temporal confounders in the data. 

Third, I examine whether my baseline results are driven by specific regression setups. I 

cluster the standard errors at the state level, and also the county-industry and year level to 

simultaneously account for the spatial and temporal autocorrelation within clusters using a 

robust two-way clustering method, respectively. Panel C of Appendix Table A4.2 reports the 

results. My baseline results remain consistent in terms of statistical significance. 

 

4.7. Conclusions 

 I investigate whether personal income taxes affect small business lending of banks. My 

empirical strategy exploits the staggered statutory changes of state personal income tax rates 

as identification and compares small business loans granted in geographically adjacent counties 

across state borders with relative tax changes. I base my analysis on a novel and unique 

assembled dataset that contains local personal income tax rates and granular small business 

loan outcomes at the loan level and the aggregate level in the U.S. during 2001-2018. 
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 I find the following main results. First, I find that higher personal income taxes cause 

negative small business loan outcomes, including smaller loan size, shorter maturity, higher 

loan default probability and higher loan charge-off ratio. I also find weaker evidence that local 

SBA raises its loan guaranty ratio of local small business loans with higher taxes to help 

compensate for the tax-induced reduction in the creditworthiness of local small business 

borrowers. Second, I find my baseline results hold consistent and robust in the bootstrapping 

analysis. Third, I find that higher personal income taxes lead to smaller total number, amount 

and loan growth rate of small business loans granted, particularly for medium-sized small 

business loans with loan size between $100,000 and $250,000 and loans to borrowers with 

revenues lower than $1 million. I confirm my results in a comprehensive set of further checks 

and robustness tests.  

 This paper provides novel and consistent evidences that the deterioration in borrower 

creditworthiness induced by personal income taxes constrains local banks’ lending to small 

businesses. Given the importance of bank loans for small businesses, these tax-induced 

negative effects are likely to persistently disrupt local credit markets and eventually harm local 

economy. Policy makers and financial regulators should take my findings into account when 

they make tax innovations and financial decisions. 
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Figure A3.1: Heterogeneity by banks during the 2020 crisis and 2008 crisis: state-owned 

banks and privately owned banks  

This figure shows the heterogeneity of local credit by state-owned banks and privately owned banks in Brazil 

during the 2020 crisis and 2008 crisis. Panel A shows the loans over assets ratio in percentage of state-owned 

banks and privately owned banks from Jan 2020 to Jul 2020. Panel B shows the loans over assets ratio in 

percentage of state-owned banks and privately owned banks from Aug 2008 to Feb 2009. The vertical line marks 

the start of the 2020 crisis in Brazil in Panel A, and the start of the 2008 crisis in Brazil in Panel B. 

 

Panel A: State-owned and privately owned banks during the 2020 crisis

 

Panel B: State-owned and privately owned banks during the 2008 crisis 
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Figure A3.2: Heterogeneity by banks during the 2020 crisis and 2008 crisis: Caixa 

Econômica Federal and Banco do Brasil  

This figure shows the heterogeneity of local credit by two major state-owned banks in Brazil, Caixa Econômica 

Federal and Banco do Brasil. Panel A shows the loans over assets ratio in percentage of Caixa Econômica Federal 

and Banco do Brasil from Jan 2020 to Jul 2020. Panel B shows the loans over assets ratio in percentage of Caixa 

Econômica Federal and Banco do Brasil from Aug 2008 to Feb 2009. The vertical line marks the start of the 2020 

crisis in Brazil in Panel A, and the start of the 2008 crisis in Brazil in Panel B. 

 

Panel A: Caixa Econômica Federal and Banco do Brasil during the 2020 crisis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Panel B: Caixa Econômica Federal and Banco do Brasil during the 2008 crisis 
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Figure A3.3: Heterogeneity by banks during the 2020 crisis and 2008 crisis: foreign 

private and domestic private banks 

This figure shows the heterogeneity of local credit by foreign private and domestic private banks in Brazil during 

the 2020 crisis and 2008 crisis. Panel A shows the loans over assets ratio in percentage of foreign private and 

domestic private banks from Jan 2020 to Jul 2020. Panel B shows the loans over assets ratio in percentage of 

foreign private and domestic private banks from Aug 2008 to Feb 2009. The vertical line marks the start of the 

2020 crisis in Brazil in Panel A, and the start of the 2008 crisis in Brazil in Panel B. 

 

Panel A: Foreign private and domestic private banks during the 2020 crisis 

 

Panel B: Foreign private and domestic private banks during the 2008 crisis 
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Figure A4.1: Illustration of alternative sampling choices for geographically adjacent counties 

This figure illustrates the alternative sample selection criteria for treatment and control adjacent counties with relative personal income tax changes.in 2009. Blue (red) shades 

identify counties in states with decreases (increases) in state personal tax rates in 2009 (“treatment counties”). Gray shades identify adjacent counties that do not register changes 

in personal taxes in 2009 (“control counties”). Only counties whose centroids are within corresponding distance ranges to their state borders are shaded and kept for analysis. 
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Figure A4.2: Results for alternative sample choices of adjacent counties 

This figure shows the effects of personal income tax rates on outcomes of small business loans located in adjacent 

treatment and control counties with relative tax changes using alternative sampling choices. The horizontal axis 

represents the sampling choices on the distance range of county centroid to state borders. In each graph, the dots 

represent the coefficient estimates corresponding to county sampling choices of a certain range of county centroid 

distance to state border, and the solid intervals represent the 90% confidence intervals for the estimates. 
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Figure A4.3: Results for alternative personal tax brackets 

This figure shows the effects of personal income tax rates at different income brackets on the small business loan 

outcomes. The horizontal axis represents the income bracket range of local small business borrowers by which 

the effective personal income tax rates are calculated. In each graph, the dots represent the coefficient estimates 

corresponding to personal tax taxes at a certain income bracket percentile, and the solid intervals represent the 

90% confidence intervals for the estimates. 

 

 

 

 



 

187 

 

Table A2.1: Variable definitions 

This table presents the definitions and data sources of the variables used in this study. 

 

Variable name Definition Source 

 

Dependent variables 

Loan loss reserve ratio 

(%) 

Ratio of bank loan loss reserves over total book assets in 

percentage in a given bank and locality. 

ESTBAN, COSIF 

Loan growth (%) Loan growth rate in bank total loans over year-months in 

percentage in a given bank and locality. 

ESTBAN, COSIF 

Return on assets (%) Ratio of bank gross income over total book assets in percentage 

in a given bank and locality. 

ESTBAN, COSIF 

Return on assets (%, 

12-month) 

12-month forward moving average of bank return on assets 

ratio in percentage in a given bank and locality. 

ESTBAN, COSIF 

   

Labor turnover variables 

Turnover hire Ratio of newly hired employees and transferred employees 

within banks scaled by total bank employment in a given bank 

and locality. 

RAIS 

Turnover fire Ratio of newly resigned and dismissed employees scaled by 

total bank employment in a given bank and locality. 

RAIS 

Turnover total Ratio of the sum of newly hired, resigned, dismissed and 

within-bank transferred employees scaled by total bank 

employment in a given bank and locality. 

RAIS 

Turnover transfer 
Ratio of transferred bank employees within banks scaled by 

total bank employment in a given bank and locality. 

RAIS 

Turnover non-transfer 

Ratio of newly hired bank employees (without bank-internal 

transfers) scaled by total bank employment in a given bank and 

locality. 

RAIS 

Turnover resign 
Ratio of voluntarily resigned bank employees scaled by total 

bank employment in a given bank and locality. 

RAIS 

Turnover dismiss 
Ratio of dismissed bank employees scaled by total bank 

employment in a given bank and locality. 

RAIS 

Turnover junior 

Ratio of newly hired novice bank employees who are first-time 

employed by banks scaled by total bank employment in a given 

bank and locality. 

RAIS 

Turnover senior 
Ratio of hired and transferred experienced bank employees 

scaled by total bank employment in a given bank and locality. 

RAIS 

Turnover LO 

Ratio of hired, resigned, dismissed and transferred bank loan 

officers scaled by total bank employment in a given bank and 

locality. 

RAIS 

Turnover non-LO 
Ratio of newly hired, resigned, dismissed and transferred bank 

employees in job positions of financial services besides loan 

RAIS 
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officers scaled by total bank employment in a given bank and 

locality. 

Turnover same-city 

Ratio of newly hired and transferred bank employees from 

same municipalities scaled by total bank employment in a 

given bank and locality. 

RAIS 

Turnover different-city 

Ratio of newly hired and transferred bank employees from 

different municipalities scaled by total bank employment in a 

given bank and locality. 

RAIS 

   

Control variables 

Labor controls:   

Average age Average employee age in years in a given bank and locality. RAIS 

Average salary Average employee monthly salary in 1,000 Brazilian reais in a 

given bank and locality. 

RAIS 

Length total Average employment length of all employees in months in a 

given bank and locality. 

RAIS 

Length fire Average employment length of resigned and dismissed 

employees in months in a given bank and locality. 

RAIS 

Education Ratio of number of employees who complete higher education 

over total number of employees in a given bank and locality. 

RAIS 

Log(Employment) Natural logarithm of bank employment scale as total number of 

employees in a given bank and locality. 

RAIS 

   

Bank controls:   

Size Natural logarithm of bank total book assets in a given bank and 

locality. 

ESTBAN, COSIF 

Loans over assets Ratio of bank total loans over total book assets in percentage in 

a given bank and locality. 

ESTBAN, COSIF 

Deposits over assets Ratio of bank total deposits over book assets in a given bank 

and locality. 

ESTBAN, COSIF 

Liquidity Ratio of bank cash and cash equivalents holding over total book 

assets in a given bank and locality. 

ESTBAN, COSIF 

   

Local controls:   

HHI deposit Customer deposit market concentration measure calculated as 

a Herfindahl-Hirschman Index at the municipality level. 

ESTBAN 

Log(GDP per capita) Natural logarithm of GDP per capita at the municipality level. IBGE 

Log(Population) Natural logarithm of population at the municipality level. IBGE 

Log(Total revenue) Natural logarithm of total government revenue at the 

municipality level. 

IBGE, IPEA  

Retail sales index Seasonally-adjusted retail sales index with a base value of 100 

in 2014 in Brazil at the state level. 

IBGE, IPEA 

   

Instrumental variables 
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Peer turnover hire 

Weighted average ratio of newly hired and transferred firm 

employees of all local sectors excluding the specific bank 

scaled by total employment in a given locality. 

RAIS 

Peer turnover fire 

Weighted average ratio of newly resigned and dismissed firm 

employees of all local sectors excluding the specific bank 

scaled by total employment in a given locality. 

RAIS 

Peer turnover total 

Weighted average ratio of the sum of hired, resigned, dismissed 

and transferred firm employees of all sectors excluding the 

specific bank scaled by total employment in a given locality. 

RAIS 

   

Other variables   

ΔAge Differential between the average age of newly resigned and 

dismissed employees minus the age of newly hired employees 

in years in a given bank and locality. 

RAIS 

ΔSalary Differential between the per-capital nominal monthly salary of 

newly resigned and dismissed employees minus the per-capita 

nominal contracted monthly salary of newly hired employees 

in 1,000 Brazilian reais in a given bank and locality. 

RAIS 

State-owned Indicator variable that equals 1 for state-owned banks and 0 for 

privately owned banks in Brazil. 

BCB 

Small bank Indicator variable that equals 1 if the bank’s total book assets 

is below the sample median of total book assets. 

ESTBAN 

High competition Indicator variable that equals 1 if the ratio of local bank 

branches per population is above the sample median.  

ESTBAN 
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Table A2.2: Univariate analysis 

This table reports the univariate analysis results of t-tests and non-parametric Wilcoxon rank sum tests between 

the high and low labor turnover group. Panel A presents the group means of Loan loss reserve ratio, Loan growth 

and Return on assets, and results of t-tests between the high and low labor turnover group at the bank-municipality 

level. Panel B presents the group medians and results of Wilcoxon rank sum tests at the bank-municipality level. 

Details on variable definitions and according data sources are shown in Appendix Table A2.1. *, **, and *** 

indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Panel A: T-test results at the bank-municipality level 

Group statistics 
Loan loss reserve 

ratio (%) 

Loan growth 

(%) 

Return on 

assets (%) 

Return on assets 

(%, 12-month) 

 (1) (2) (3) (5) 

     

High turnover (hire) group mean  1.154 2.991 1.072 1.062 

Low turnover (hire) group mean 1.184 2.338 1.581 1.583 

Difference between groups (High-Low) -0.030*** 0.653*** -0.509*** -0.521*** 

P-value of difference <0.01 <0.01 <0.01 <0.01 

     

High turnover (fire) group mean  1.168 2.372 1.272 1.217 

Low turnover (fire) group mean 1.033 2.415 1.545 1.550 

Difference between groups (High-Low) 0.135*** -0.043 -0.273*** -0.333*** 

P-value of difference <0.01 0.338 <0.01 <0.01 

     

High turnover (total) group mean 1.155 2.655 1.182 1.518 

Low turnover (total) group mean 1.171 2.369 1.584 1.589 

Difference between groups (High-Low) -0.016*** 0.286*** -0.402*** -0.431*** 

P-value of difference <0.01 <0.01 <0.01 <0.01 

     

Panel B: Wilcoxon rank sum tests at the bank-municipality level 

Group statistics 
Loan loss reserve 

ratio (%) 

Loan growth 

(%) 

Return on 

assets (%) 

Return on assets 

(%, 12-month) 

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

     

High turnover (hire) group median  0.907 1.026 0.507 0.615 

Low turnover (hire) group median 0.853 1.001 0.738 0.833 

Difference between groups (High-Low) 0.054 0.025 -0.231*** -0.218 

P-value of difference 0.276 0.778 <0.01 <0.01 

     

High turnover (fire) group median  0.688 0.737 0.542 0.591 

Low turnover (fire) group median 0.869 1.026 0.723 0.822 

Difference between groups (High-Low) -0.181*** -0.289*** -0.181*** -0.231 

P-value of difference <0.01 <0.01 <0.01 <0.01 

     

High turnover (total) group median 0.887 0.910 0.557 0.645 
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Low turnover (total) group median 0.854 1.019 0.739 0.836 

Difference between groups (High-Low) 0.033*** -0.109*** -0.182*** -0.191 

P-value of difference <0.01 <0.01 <0.01 <0.01 
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Table A2.3: Labor turnover variables over different time periods 

This table reports the regression results for the effects of bank labor turnover on bank risk and performance in commercial lending using labor turnover variables over varying 

time periods at the bank-municipality level (within municipalities across banks). Panel A reports the results with 6-month backward moving labor turnover variables. Panel B 

reports the results with labor turnover variables at t-6 (6 months lagged). Panel C reports the results with labor turnover variables at t-12 (12 months lagged). Panel D reports 

the results with labor turnover variables at t-18 (18 months lagged). Turnover hire, Turnover fire, Turnover total and all control variables are lagged by one month. Bank FE, 

Municipality FE and Time FE are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust 

and clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: Baseline results with 6-month backward moving average labor turnover  

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (6mo) -2.313***   24.929***   -1.738***   -0.674***   

 (0.134)   (1.424)   (0.139)   (0.146)   

Turnover fire (6mo)  1.645***   -12.694***   0.280   0.558**  

  (0.299)   (1.686)   (0.273)   (0.268)  

Turnover total (6mo)   -1.627***   18.281***   -1.366***   -0.462*** 

   (9.120)   (1.237)   (0.123)   (0.129) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.455 0.453 0.454 0.155 0.152 0.154 0.704 0.704 0.704 0.812 0.812 0.812 
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Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel B: Baseline results with labor turnover at t-6 (6 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-6) -0.622***   9.690***   -0.596***   -0.600***   

 (0.052)   (0.675)   (0.066)   (0.053)   

Turnover fire (t-6)  0.370***   -2.053***   -0.115   0.157***  

  (0.088)   (0.526)   (0.072)   (0.060)  

Turnover total (t-6)   -0.389***   6.905***   -0.480***   -0.421*** 

   (0.046)   (0.555)   (0.054)   (0.044) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.153 0.152 0.153 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel C: Baseline results with labor turnover at t-12 (12 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 
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 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-12) -0.684***   9.218***   -0.627***   -0.912***   

 (0.055)   (0.611)   (0.073)   (0.059)   

Turnover fire (t-12)  0.272***   -1.771***   -0.076   0.146*  

  (0.101)   (0.509)   (0.080)   (0.073)  

Turnover total (t-12)   -0.489***   6.850***   -0.507***   -0.684*** 

   (0.049)   (0.514)   (0.061)   (0.050) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.454 0.453 0.453 0.153 0.152 0.153 0.704 0.704 0.704 0.812 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 

             

 

Panel D: Baseline results with labor turnover at t-18 (18 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-18) -0.463***   7.747***   -0.692***   -1.095***   

 (0.068)   (0.547)   (0.074)   (0.061)   

Turnover fire (t-18)  0.218**   -1.924***   -0.136   0.076  
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  (0.103)   (0.536)   (0.095)   (0.084)  

Turnover total (t-18)   -0.329***   5.827***   -0.578***   -0.860*** 

   (0.058)   (0.484)   (0.063)   (0.052) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Municipality FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.453 0.453 0.453 0.152 0.152 0.153 0.704 0.704 0.704 0.813 0.812 0.812 

Number of obs. 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 830,998 
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Table A2.4: Bank-level results with labor turnover variables over different time periods  

This table reports the regression results for the effects of bank labor turnover on bank risk and performance in commercial lending using labor turnover variables over varying 

time periods at the bank level (within banks across municipalities). Panel A reports the results with 6-month backward moving labor turnover variables. Panel B reports the 

results with labor turnover variables at t-6 (6 months lagged). Panel C reports the results with labor turnover variables at t-12 (12 months lagged). Panel D reports the results 

with labor turnover variables at t-18 (18 months lagged). Turnover hire, Turnover fire, Turnover total and all control variables are lagged by one month. Bank FE and Time FE 

are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and clustered at the bank-

municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: Bank-level results with 6-month backward moving average labor turnover 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (6mo) -0.904*   45.113***   0.096   -0.163   

 (0.538)   (8.991)   (0.232)   (0.194)   

Turnover fire (6mo)  4.726***   -51.722***   -1.025*   -1.083*  

  (1.767)   (12.520)   (0.556)   (0.603)  

Turnover total (6mo)   0.351   24.145**   -0.156   -0.374** 

   (0.617)   (9.686)   (0.227)   (0.164) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.553 0.556 0.553 0.061 0.057 0.057 0.254 0.254 0.254 0.401 0.402 0.402 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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Panel B: Bank-level results with labor turnover at t-6 (6 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-6) -0.376*   13.355***   -0.089   -0.081   

 (0.197)   (4.214)   (0.069)   (0.065)   

Turnover fire (t-6)  0.762**   -13.545***   -0.109   -0.199  

  (0.315)   (3.463)   (0.140)   (0.128)  

Turnover total (t-6)   -0.082   6.482*   -0.096*   -0.113** 

   (0.185)   (3.853)   (0.059)   (0.053) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.553 0.556 0.553 0.057 0.055 0.055 0.254 0.254 0.254 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 

             

 

Panel C: Bank-level results with labor turnover at t-12 (12 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-12) -0.555***   11.135***   -0.117**   -0.118*   

 (0.198)   (2.993)   (0.055)   (0.069)   
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Turnover fire (t-12)  0.742*   -7.227   -0.176   -0.155  

  (0.391)   (5.208)   (0.133)   (0.134)  

Turnover total (t-12)   -0.272   7.177**   -0.132***   -0.128** 

   (0.207)   (2.984)   (0.050)   (0.063) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.554 0.553 0.553 0.056 0.055 0.056 0.254 0.254 0.254 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 

             

 

Panel D: Bank-level results with labor turnover at t-18 (18 months lagged) 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Turnover hire (t-18) -0.510***   10.479***   -0.128*   -0.100   

 (0.155)   (2.164)   (0.074)   (0.074)   

Turnover fire (t-18)  0.194   -12.657***   -0.025   -0.106  

  (0.319)   (4.121)   (0.139)   (0.130)  

Turnover total (t-18)   -0.382**   6.189**   -0.110   -0.102 

   (0.154)   (2.479)   (0.074)   (0.069) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 



 

199 

 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.554 0.553 0.553 0.056 0.055 0.055 0.254 0.254 0.254 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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Table A2.5: Bank-level results of IV analysis and placebo tests 

This table reports the regression results of the IV analysis and placebo tests for the effects of bank labor turnover on bank risk and performance in commercial lending at the 

bank level (within banks across municipalities). Panel A reports the IV analysis final stage results at the bank level. Panel B reports the placebo test results at the bank level. 

IV-Turnover hire, IV-Turnover fire, IV-Turnover total, Placebo Turnover hire, Placebo-Turnover fire, Placebo-Turnover total and all control variables are lagged by one month. 

Bank FE and Time FE are the fixed effects. Details on variable definitions and according data sources are shown in Appendix Table A2.1. Standard errors are robust and 

clustered at the bank-municipality level and shown in parentheses. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively. 

 

Panel A: IV analysis final stage results at the bank level 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

IV-Turnover hire -15.180**   529.013   5.543   4.409**   

 (7.739)   (357.015)   (3.560)   (1.859)   

IV-Turnover fire  18.482   -583.029   -17.595   -0.950  

  (30.465)   (1371.557)   (16.556)   (6.917)  

IV-Turnover total    -20.018   681.083   10.159   4.617* 

   (14.432)   (690.147)   (7.379)   (2.439) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.553 0.553 0.553 0.056 0.055 0.055 0.254 0.254 0.254 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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Panel B: Placebo test results at the bank level 

Dependent variable Loan loss reserve ratio (%) Loan growth (%) Return on assets (%) Return on assets (%, 12-month) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Placebo-Turnover hire 2.943   -12.173   2.228   0.847   

 (3.688)   (81.073)   (1.485)   (0.981)   

Placebo-Turnover fire  -24.473*   695.907   -1.704   4.745  

  (11.975)   (487.798)   (6.481)   (4.059)  

Placebo-Turnover total    1.636   22.415   2.064   1.049 

   (3.551)   (85.669)   (1.479)   (1.017) 

             

Labor controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.553 0.553 0.553 0.055 0.056 0.055 0.254 0.254 0.254 0.401 0.401 0.401 

Number of obs. 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 29,223 
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Table A3.1: Variable definitions 

This table presents the names, definitions and data sources of the variables used in this analysis. 

 

Variable name Definition Source 

 

Dependent variables 

Loans over assets (%) Ratio of lending amount of bank loans granted over total book assets for 

a given bank in a municipality in percentage. 

ESTBAN data 

Corporate loans over 

assets (%) 

Ratio of bank corporate loans granted over total book assets for a given 

bank in a municipality in percentage. 

ESTBAN data 

Agriculture loans over 

assets (%) 

Ratio of bank agriculture loan granted over total book assets for a given 

bank in a municipality in percentage. 

ESTBAN data 

Mortgage loans over 

assets (%) 

Ratio of bank mortgage loans granted over total book assets for a given 

bank in a municipality in percentage. 

ESTBAN data 

   

Crisis variables   

New cases The absolute number of new COVID-19 infection cases in a municipality 

during a given month, denoted in thousand. 

Ministry of Health 

New cases per 

population 

Number of new COVID-19 cases per 1,000 local population in a 

municipality during a month. 

Ministry of Health 

Deaths The absolute number of new COVID-19 caused deaths in a municipality 

during a given month, denoted in thousand. 

Ministry of Health 

Deaths per population Number of new COVID-19 deaths per 1,000 local population in a 

municipality during a month. 

Ministry of Health 

Soft intervention Indicator variable that equals 1 during the enactment period of the 

policies of social distancing (i.e., social distancing mandate of at least 6 

feet between people and work-at-home advices for the general 

population accompanied by local health disaster declarations), mass 

gathering restrictions (i.e., prohibition of public gatherings above a 

certain size) or closure of schools and universities for a given 

municipality, and 0 otherwise. 

Authors’ collection 

Hard intervention Indicator variable that equals 1 during the enactment period of the 

policies intervention of closure of public venues or non-essential in-

person services for a given municipality, and 0 otherwise. 

Authors’ collection 

Lockdown Indicator variable that equals 1 during the enactment period of the policy 

of stay-at-home and lockdown orders for a given municipality, and 0 

otherwise. 

Authors’ collection 

Reopen-early phase Indicator variable that equals 1 after the enactment date of the 1st phase 

of reopening order for a given municipality, and 0 otherwise. This early 

stage reopening corresponds to the “orange phase” of local reopening 

plans and features, e.g., allowing street vendors back and a partial 

reopening of selected non-essential services. 

Authors’ collection 

Reopen-late phase Indicator variable that equals 1 after the enactment date of the order of 

the 2nd or 3rd phase of reopening for a given municipality, and 0 

Authors’ collection 
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otherwise. This late stage reopening corresponds to the “yellow phase” 

or “blue phase” of local reopening plans, and features, e.g., an amplified 

reopening of non-essential services such as bars and cinemas, and partial 

or full reopening of public venues such as beaches and parks.  

Intervention intensity Intensity index measure variable to quantify the restrictive scale of local 

government interventions, which is calculated by summing up the 

indicators of soft interventions (SD/MGR/CSU), hard interventions 

(CPV/CNES) and lockdown while subtracting the reopening indicators, 

for a given municipality over time, with a value ranging from 0 to 3. 

Authors’ collection 

   

Control variables 

Bank controls:   

Asset growth Monthly bank total book asset growth rate in a municipality. ESTBAN data 

Deposits over assets Ratio of bank customer deposits over total book assets. ESTBAN data 

Loan loss provision 

ratio 

Ratio of bank loan loss provisions over total book assets. ESTBAN data 

ROA Ratio of bank gross profits over total book assets. ESTBAN data 

Liquidity Ratio of bank cash holdings and short-term assets over total book assets. ESTBAN data 

   

Local controls:   

HHI deposit Municipality-level Herfindahl-Hirschman Index calculated by bank 

customer deposits within a given municipality. 

ESTBAN data 

Retail sales index State-level seasonally-adjusted retail sales index with a base value of 100 

in 2014. 

IPEA data, IBGE 

Average income State-level average income amount in thousand BRL. IPEA data, IBGE 

Unemployment rate (%) State-level unemployment rate in percentage. IPEA data, IBGE 

Labor turnover (%) State-level labor turnover ratio calculated as the difference between the 

number of employee admissions and layoffs over total population within 

a given state in percentage. 

CAGED data, 

IBGE 

   

Instrumental variable  

Political preference Ratio of popular votes cast for Jair Bolsonaro by voters over total votes 

in a given municipality in the 2018 Brazilian general election. 

Superior Electoral 

Court of Brazil 
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Table A3.2: Results using new cases and deaths as the COVID-19 severity measure on full sample 

This table reports the regression analysis results from Table 3.2 using the full sample of 3,380 municipalities in the ESTBAN dataset from the Central Bank of Brazil. Column (1) - (8) report results 
using New cases, New cases per population, Deaths and Deaths per population as the COVID case severity measure respectively. The unit of observation is at the bank-municipality level. The 

sample period spans from Jan 2018 to Sep 2020. Results are estimated using the regression model shown in Equation (1). Control variables are lagged by one month. Standard errors are shown in 

parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. Details on variable definitions and according 

data sources are shown in Appendix Table A3.1. 
 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 New cases New cases per population Deaths Deaths per population 

Case severity -0.420*** -0.146**  -0.267*** -0.039**  -9.277*** -2.595*   -17.571*** -3.935*** 

 (0.030) (0.066)    (0.023) (0.016)    (0.682) (1.372)    (0.909) (0.604)    

Bank controls:         

Asset growth  -5.441***  -5.432***  -5.445***  -5.432*** 

  (0.607)     (0.608)     (0.607)     (0.608)    

Deposits over assets  -18.227***  -18.200***  -18.223***  -18.207*** 

  (1.366)     (1.367)     (1.366)     (1.367)    

Loan loss provision ratio  232.719***  232.432***  232.582***  232.547*** 

  (54.382)     (54.316)     (54.350)     (54.341)    

ROA  239.601***  239.861***  239.646***  239.812*** 
  (8.510)     (8.519)     (8.511)     (8.516)    

Liquidity  -8.275***  -8.194***  -8.286***  -8.222*** 

  (2.999)     (2.999)     (2.999)     (2.998)    

Local controls:         

HHI deposit  5.408***  5.424***  5.418***  5.402*** 

  (0.537)     (0.537)     (0.537)     (0.537)    

Retail sales index  0.001     0.001     0.001     0.001    

  (0.002)     (0.002)     (0.002)     (0.002)    

Average income  0.174*    0.172*    0.174*    0.173*   

  (0.098)     (0.098)     (0.098)     (0.098)    

Unemployment rate  0.007     0.007     0.007     0.007    

  (0.004)     (0.004)     (0.004)     (0.004)    

Labor turnover  -0.052     -0.057     -0.054     -0.053    

  (0.079)     (0.079)     (0.079)     (0.079)    

Bank-time FE No Yes No Yes No Yes No Yes 

State FE No Yes No Yes No Yes No Yes 

Adjusted R-squared 0.002 0.755    0.001 0.755    0.002 0.755    0.002 0.755    

Number of obs. 314,887 314,887 314,887 314,887 314,887 314,887 314,887 314,887 
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Table A3.3: Results for the orthogonalized intervention indicators 

This table reports the regression results using the orthogonalized policy intervention indicators (Soft intervention, Hard intervention, Lockdown, Reopen-early phase, Reopen-

late phase) and the orthogonalized intervention intensity index. Panel A reports the first stage results of the orthogonalization test with the policy intervention variables regressing 

on the case severity measures using New cases per population as an example. Panel B reports the final stage results of the orthogonalization test using the policy intervention 

variables orthogonalized by the according case severity measure. Panel C and D report the re-estimated orthogonalization test results with the case severity measures lagged by 

one month. We omit to report the single terms of orthogonalized policy intervention indicators and intervention intensity index. Details on variable definitions and according 

data sources are shown in Appendix Table A3.1. The unit of observation is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. Control variables 

are lagged by one month. Standard errors are shown in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 

1 percent level, respectively. 
 

Panel A: First stage results of the orthogonalization test 

Dependent variable Soft intervention Hard intervention Lockdown Reopen-early phase Reopen-late phase Intervention intensity 

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

       

Case severity 0.103*** 0.095*** 0.005*** 0.088*** 0.048*** 0.075*** 

 (0.002) (0.002) (0.001) (0.002) (0.001) (0.002) 

       

R-squared 0.368 0.337 0.037 0.405 0.229 0.096 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 

       

 

Panel B: Final stage results of the orthogonalization test 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

 New cases New cases per population Deaths Deaths per population 

         

Ortho-Soft intervention × Case severity -0.021  0.210**  -3.448  5.071  

 (0.303)  (0.096)  (15.221)  (3.952)  

Ortho-Hard intervention × Case severity -0.180**  -0.204**  -7.229**  -7.753**  

 (0.086)  (0.084)  (3.705)  (3.719)  

Ortho-Lockdown × Case severity 0.155*  0.142  3.683  -1.487  

 (0.097)  (0.096)  (3.725)  (3.556)  

Ortho-Reopen-early phase × Case severity -0.182***  -0.203***  -5.325***  -4.972**  

 (0.059)  (0.059)  (1.898)  (1.936)  

Ortho-Reopen-late phase × Case severity 0.101*  0.118**  3.271  2.922  

 (0.054)  (0.053)  (2.233)  (2.119)  

Ortho-Intervention intensity × Case severity  0.041*  -0.019  2.165**   -0.732    
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  (0.025)  (0.018)  (0.878)     (0.798)    

         

Case severity 0.156 -0.097** -0.256*** -0.104*** 7.283 -4.864*** -9.757*** -3.884*** 

 (0.225) (0.040) (0.083) (0.029) (12.122) (1.728)    (3.084) (1.019)    

         

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.705 0.705 0.705 0.705 0.705 0.705 0.705 0.705 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 110,967 110,967 

         

 

Panel C: First stage results of the orthogonalization test with lagged case severity measures 

Dependent variable Soft intervention Hard intervention Lockdown Reopen-early phase Reopen-late phase Intervention intensity 

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

       

Lagged-Case severity 0.097*** 0.083*** 0.003*** 0.094*** 0.064*** 0.038*** 

 (0.002) (0.002) (0.001) (0.002) (0.001) (0.001) 

       

R-squared 0.279 0.223 0.011 0.399 0.350 0.021 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 

       

 

Panel D: Final stage results of the orthogonalization tests with lagged case severity measures 

Dependent variable Loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

 New cases New cases per population Deaths Deaths per population 

         

Ortho-Soft intervention × Lagged-Case severity 0.024  0.176*  -0.343  4.564  

 (0.109)  (0.096)  (2.542)  (3.840)  

Ortho-Hard intervention × Lagged-Case severity -0.118***  -0.167***  -3.225**  -6.639**  

 (0.030)  (0.064)  (1.437)  (3.153)  

Ortho-Lockdown × Lagged-Case severity 0.297  0.210*  3.032  7.984*  

 (0.318)  (0.110)  (5.176)  (4.104)  
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Ortho-Reopen-early phase × Lagged-Case severity -0.134  -0.164**  -3.417  -5.222**  

 (0.118)  (0.077)  (2.864)  (2.446)  

Ortho-Reopen-late phase × Lagged-Case severity -0.143**  0.027  -0.448  1.655  

 (0.068)  (0.057)  (0.469)  (1.842)  

Ortho-Intervention intensity × Lagged-Case severity  -0.058  0.002  -0.358  -0.084    

  (0.034)  (0.023)  (0.376)  (0.872)    

         

Lagged-Case severity -0.233*** -0.121* -0.266*** -0.088*** -4.283*** -2.209*   -9.319*** -4.341*** 

 (0.061) (0.068) (0.080) (0.031) (1.377) (1.285)    (3.047) (1.074)    

         

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.705 0.705 0.705 0.705 0.705 0.705 0.705 0.705 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967 110,967 110,967 
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Table A3.4: Results for the placebo tests 

This table reports the regression results for the placebo tests on the COVID-19 case severity, policy intervention 

indicators and policy intervention intensity measure used in the main analyses. Panel A reports the results with 

the falsified COVID-19 case severity measure. Panel B reports the results with the falsified policy intervention 

indicators using New cases per population as the case severity measure. Panel C reports the results with the 

falsified policy intervention intensity measure using New cases per population as the case severity measure. The 

unit of observation is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. Control 

variables are lagged by one month. Standard errors are shown in parentheses and clustered at the bank-

municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 
 

Panel A: Results with the falsified COVID-19 case severity measure 

Dependent variable 
Loans over 

assets (%) 

Corporate loans 

over assets (%) 

Agriculture loans 

over assets (%) 

Mortgage loans 

over assets (%) 

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

     

Falsified-Case severity -0.286 0.074 -0.172 -0.282 

 (0.256) (0.154) (0.225) (0.134) 

     

Bank controls Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes 

     

Bank-time FE Yes Yes Yes Yes 

State FE Yes Yes Yes Yes 

     

Adjusted R-squared 0.705 0.640 0.530 0.664 

Number of obs. 110,967 110,967 110,967 110,967    
     

 

Panel B: Results with the falsified policy intervention indicators 

Dependent variable 
Loans over 
assets (%) 

Corporate loans 
over assets (%) 

Agriculture loans 
over assets (%) 

Mortgage loans 
over assets (%) 

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

     

Falsified-Soft intervention × Case severity -0.104 0.046 -0.168** 0.051    

 (0.084) (0.073) (0.078) (0.068)    

Falsified-Hard intervention × Case severity 0.077 -0.105 0.244** -0.062    

 (0.119) (0.083) (0.111) (0.075)    

Falsified-Lockdown × Case severity 0.077 -0.461*** 0.386 -0.033    

 (0.300) (0.176) (0.255) (0.093)    

Falsified-Reopen-early phase × Case severity -0.044 0.070 -0.105 0.019    

 (0.110) (0.055) (0.108) (0.044)    

Falsified-Reopen-late phase × Case severity 0.126 0.031 0.047 0.015    

 (0.095) (0.063) (0.090) (0.046)    

     

Case severity -0.092*** -0.024 -0.093*** -0.001    

 (0.029) (0.019) (0.025) (0.016)    

Falsified-Soft intervention 0.560** 0.124 0.259 0.251*   

 (0.280) (0.153) (0.236) (0.147)    

Falsified-Hard intervention -0.586* -0.009 -0.407 -0.384**  

 (0.318) (0.178) (0.268) (0.170)    

Falsified-Lockdown -0.248 -0.107 -0.071 -0.356    

 (0.681) (0.404) (0.495) (0.396)    

Falsified-Reopen-early phase 0.048 -0.186 0.151 0.192    

 (0.219) (0.130) (0.185) (0.119)    

Falsified-Reopen-late phase 0.003 0.250* -0.167 -0.066    

 (0.237) (0.134) (0.191) (0.125)    

     

Bank controls Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes 
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Bank-time FE Yes Yes Yes Yes 

State FE Yes Yes Yes Yes 

     

Adjusted R-squared 0.705 0.640 0.530 0.664    

Number of obs. 110,967 110,967 110,967 110,967    

     

 

Panel C: Results with the falsified policy intervention intensity measure 

Dependent variable 
Loans over 

assets (%) 

Corporate loans 

over assets (%) 

Agriculture loans 

over assets (%) 

Mortgage loans 

over assets (%) 

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

     

Falsified-Intervention intensity × Case severity -0.027 -0.001 0.010 0.002    

 (0.039) (0.023) (0.036) (0.019)    

     

Case severity -0.091*** -0.024 -0.095*** 0.002    

 (0.029) (0.018) (0.025) (0.017)    

Falsified-Intervention intensity 0.058 0.071 -0.067 0.006    

 (0.096) (0.055) (0.084) (0.054)    

     

Bank controls Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes 

     

Bank-time FE Yes Yes Yes Yes 

State FE Yes Yes Yes Yes 

     

Adjusted R-squared 0.705 0.640 0.530 0.664    

Number of obs. 110,967 110,967 110,967 110,967    
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Table A3.5: Results for corporate loans, agriculture loans and mortgage loans 

This table reports regression analysis results for corporate loans, agriculture loans and mortgage loans granted under the COVID-19 crisis in Brazil using New cases per 

population and Deaths per population respectively at the municipality level. Panel A reports the baseline results for the effects of the COVID-19 pandemic case severity and 

policy interventions on each type of local credit. Panel B reports the IV analysis results for each type of local credit. Soft intervention is an indicator variable that equals 1 if the 

observed month falls into the enactment period of social distancing, mass gathering restriction or closure of schools and universities for a given municipality and 0 otherwise. 

Hard intervention is an indicator variable that equals 1 if the observed month falls into the enactment period of closure of public venues and non-essential services for a given 

municipality and 0 otherwise. Intervention intensity is an intensity measure for local government restrictive intervention ranging from 0 to 3. Details on variable definitions and 

according data sources are shown in Appendix Table A3.1. The unit of observation is at the bank-municipality level. The sample period spans from Jan 2018 to Sep 2020. 

Control variables are lagged by one month. Standard errors are shown in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance 

at the 10, 5, and 1 percent level, respectively. 

 

Panel A: Baseline results for corporate loans, agriculture loans and mortgage loans 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

 New cases per population Deaths per population 

             

Dependent variable 
Corporate loans over 

assets (%) 

Agriculture loans over 

assets (%) 

Mortgage loans over 

assets (%) 

Corporate loans over 

assets (%) 

Agriculture loans over 

assets (%) 

Mortgage loans over 

assets (%) 

             

Case severity -0.024 -6.988 -0.093*** -34.516*** 0.002    -11.783*** -1.057* -83.315    -2.518*** -175.472*** -0.133    -65.759**  

 (0.018) (5.699) (0.026) (7.186) (0.016)    (3.704) (0.605) (50.825)    (0.776) (54.435)    (0.499)    (26.167)    

Soft intervention × Case severity  6.974  34.670***  11.744***  80.048     183.369***  65.893**  

  (5.697)  (7.182)  (3.700)  (50.854)     (54.495)     (26.241)    

Hard intervention × Case severity  -0.080  -0.114*  0.069  1.466     -8.467***  0.554    

  (0.061)  (0.061)  (0.046)  (2.298)     (2.944)     (2.069)    

Lockdown × Case severity  -0.015  0.209***  -0.071  -1.860     7.306***  -0.428    

  (0.071)  (0.075)  (0.065)  (2.177)     (2.229)     (2.013)    

Reopen-early phase × Case severity  0.087**  -0.245***  -0.009  2.446**   -7.217***  -0.887    

  (0.038)  (0.053)  (0.033)  (1.197)     (1.639)     (1.027)    



 

211 

 

Reopen-late phase × Case severity  -0.017  0.115**  -0.025  -1.939     5.965***  0.034    

  (0.030)  (0.055)  (0.026)  (1.327)     (2.098)     (1.177)    

             

Soft intervention  -0.411*  -1.635***  -0.107  -0.214     -1.312***  -0.019    

  (0.245)  (0.333)  (0.197)  (0.245)     (0.319)     (0.192)    

Hard intervention  -0.112  1.185***  -0.143  -0.562     1.565***  0.075    

  (0.283)  (0.377)  (0.223)  (0.349)     (0.451)     (0.299)    

Lockdown  -0.272  -1.005  0.240  0.148     -1.347     -0.183    

  (0.698)  (0.656)  (0.722)  (0.794)     (0.879)     (0.890)    

Reopen-early phase  -0.541**  1.330***  0.283  -0.464**   1.118***  0.328    

  (0.221)  (0.416)  (0.248)  (0.219)     (0.412)     (0.243)    

Reopen-late phase  -0.178  -1.313***  0.076  0.003     -1.347***  -0.060    

  (0.261)  (0.412)  (0.213)  (0.270)     (0.406)     (0.230)    

             

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.640 0.640 0.530 0.530 0.664    0.664    0.640 0.640 0.530 0.530 0.664    0.664    

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967    110,967 110,967 110,967 110,967 110,967 110,967    

             

 

Panel B: IV analysis results for corporate loans, agriculture loans and mortgage loans 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

 New cases per population Deaths per population 
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Dependent variable 
Corporate loans over 

assets (%) 

Agriculture loans over 

assets (%) 

Mortgage loans over 

assets (%) 

Corporate loans over 

assets (%) 

Agriculture loans over 

assets (%) 

Mortgage loans over 

assets (%) 

             

IV-Soft intervention × Case severity -3.598  11.272*  12.482*  -31.895     346.982*  253.617     

 (5.957)  (6.576)  (7.116)  (241.171)     (212.579)  (164.039)     

IV-Hard intervention × Case severity -6.101  -2.314  -22.183*  -347.736     -21.032  -732.16***  

 (8.778)  (6.587)  (13.672)  (376.371)     (192.523)  (199.194)     

IV-Lockdown × Case severity 7.226*  -7.306*  -3.759  162.655     74.650  -137.737     

 (3.786)  (4.438)  (3.069)  (157.569)     (162.767)  (108.321)     

IV-Reopen-early phase × Case severity 7.355*  -8.728*  -3.870  181.333     -5.305  -135.347     

 (3.861)  (4.717)  (3.211)  (160.924)     (165.843)  (111.359)     

IV-Reopen-late phase × Case severity -2.539**  1.356***  -2.644*  -122.651**   43.976  -84.170***  

 (1.048)  (0.517)  (1.505)  (48.515)     (39.006)  (26.006)     

IV-Intervention intensity × Case severity  -0.044  0.398***  -0.052  -19.976***  13.557**  -1.082    

  (0.067)  (0.125)  (0.072)  (5.146)     (6.208)  (3.383)    

             

Case severity 24.892*** -0.24*** 23.190 -0.597*** -3.436 0.107 534.543*** 0.835    408.416** -12.18*** -9.129    1.645    

 (8.967) (0.073) (17.862) (0.126) (4.223) (0.066) (184.866)    (2.037)    (204.818) (2.371) (127.854)    (1.467)    

IV-Soft intervention -436.310  -185.323  61.749  1613.38***  1898.8***  -394.165     

 (391.476)  (341.554)  (227.233)  (426.831)     (607.765)  (342.120)     

IV-Hard intervention -15158.9**  -16075.33  3603.869  -6547.4***  -7387.1***  1615.370     

 (4890.464)  (11541.0)  (2378.48)  (1739.380)     (2479.51)  (1395.484)     

IV-Lockdown -8153.5***  -8445.326  1889.555  -2456.6***  -2688.9***  581.881     

 (2794.955)  (6232.03)  (1354.03)  (681.840)     (916.244)  (524.256)     

IV-Reopen-early phase -6673.0***  -6949.537  1552.452  -1282.9***  -1514.2***  322.494     

 (2241.865)  (5090.09)  (1086.68)  (281.873)     (466.417)  (249.004)     

IV-Reopen-late phase 499.530*  417.105  -94.430  -1157.1***  -1257.2***  276.883     

 (284.119)  (407.561)  (149.554)  (347.336)     (452.410)  (263.375)     
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IV-Intervention intensity  11.6***  12.293**  -3.455  11.727***  3.806  -1.718    

  (2.930)  (5.117)  (2.549)  (2.621)     (4.309)  (2.327)    

Residual-Soft intervention -0.202  -0.978**  -0.021  -0.205     -0.971***  -0.024     

 (0.231)  (0.436)  (0.050)  (0.231)     (0.295)  (0.180)     

Residual-Hard intervention -0.462*  0.739  0.157  -0.433*    0.664**  0.144     

 (0.261)  (0.472)  (0.177)  (0.261)     (0.318)  (0.218)     

Residual-Lockdown -0.328  0.918*  -0.097  -0.214     0.325  -0.171     

 (0.423)  (0.550)  (0.450)  (0.431)     (0.477)  (0.503)     

Residual-Reopen-early phase -0.234  0.534**  0.187*  -0.181     0.413  0.211     

 (0.175)  (0.227)  (0.097)  (0.174)     (0.326)  (0.195)     

Residual-Reopen-late phase -0.070  -0.690  -0.089  -0.145     -0.568**  -0.061     

 (0.194)  (0.491)  (0.149)  (0.189)     (0.266)  (0.161)     

Residual-Intervention intensity  -0.026  0.105  -0.073  -0.010     0.080  -0.071    

  (0.100)  (0.154)  (0.098)  (0.100)     (0.154)  (0.098)    

             

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Adjusted R-squared 0.643 0.640 0.533 0.530 0.665    0.664 0.643 0.640 0.533 0.530 0.665    0.664 

Number of obs. 110,967 110,967 110,967 110,967 110,967 110,967    110,967 110,967 110,967 110,967 110,967 110,967    
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Table A3.6: Results for duration and speed of local government policy interventions in the COVID-19 crisis 

This table reports the results for the effects of local enactment duration and reaction speed of policy interventions in response to the COVID-19 pandemic on the relationship 

between case severity, policy intervention indicators and local credit at the municipality level. In Panel A, we report the results for the local enactment duration of policy 

interventions in response to the COVID-19 crisis during the sample period. Duration refers to the time in days between the enactment date for the specific type of policy 

interventions and the revoking date in a given municipality. In Panel B, we report the results for the local government reaction speed to policy interventions since the first 

confirmed COVID-19 case between time bandwidth of pre-crisis (Dec 2019-Feb 2020) and crisis (Mar 2020-May 2020) period. Speed refers to the difference between 219 

days (Feb 25th to Sep 30th) and the days between the date of the first confirmed COVID-19 case and the date of the first state decree dealing with the specific type of policy 

interventions in a given municipality. A higher value of Speed indicates a faster reaction speed of local governments to enact a certain type of policy intervention in a given 

municipality. We omit to report the coefficients of all dual-interactions between Duration, Speed, Case severity and policy intervention indicator variables, and also the 

coefficients of their single terms for simplicity. The unit of observation is at the bank-municipality level. Control variables are lagged by one month. Standard errors are shown 

in parentheses and clustered at the bank-municipality level. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, respectively. 

 

Panel A: Results for the local duration of policy interventions 

Dependent variable Loans over assets (%) Corporate loans over assets (%) Agriculture loans over assets (%) Mortgage loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

     

 
New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

         

Duration-soft × Soft intervention × Case severity 0.051 16.546 -0.481** -18.370*   0.307 10.354 0.081 20.538**  

 (0.380) (19.784) (0.216) (9.642)    (0.220) (13.211) (0.186) (8.853)    

Duration-hard × Hard intervention × Case severity -0.004* -0.231** 0.001 0.102    -0.005*** -0.246*** 0.001 -0.099*   

 (0.003) (0.102) (0.002) (0.069)    (0.002) (0.074) (0.001) (0.056)    

Duration-lockdown × Lockdown × Case severity -0.002 0.200 -0.001 0.142    -0.005 0.139 0.002 -0.201**  

 (0.007) (0.179) (0.004) (0.118)    (0.005) (0.125) (0.006) (0.093)    

Duration-reopen-early × Reopen-early phase × Case severity 0.004 0.055 -0.003* 0.036    0.003 -0.124* 0.004*** 0.102**  

 (0.002) (0.067) (0.002) (0.046)    (0.002) (0.065) (0.002) (0.047)    

Duration-reopen-late × Reopen-late phase × Case severity 0.002 -0.056 0.001 0.055    0.001 -0.146* 0.001 0.029    
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 (0.002) (0.079) (0.001) (0.051)    (0.002) (0.075) (0.001) (0.037)    

         

Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.707 0.707 0.641 0.641    0.535 0.535 0.664 0.664    

Number of obs. 110,967 110,967 110,967    110,967 110,967 110,967    110,967 110,967    

         

Panel B: : Results for the local government speed to policy interventions since the first confirmed COVID-19 case 

Dependent variable Loans over assets (%) Corporate loans over assets (%) Agriculture loans over assets (%) Mortgage loans over assets (%) 

 (1) (2) (3) (4) (5) (6) (7) (8) 

     

 
New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

New cases per 

population 

Deaths per 

population 

         

Speed-soft × Soft intervention × Case severity 0.219*** 1.284** 0.031 0.911**  0.147*** 0.080 0.052*** 0.018    

 (0.045) (0.558) (0.027) (0.385)    (0.035) (0.372) (0.018) (0.232)    

Speed-hard × Hard intervention × Case severity 0.014 0.494 0.002 -0.575*   0.011 0.873*** 0.007** 0.312    

 (0.012) (0.437) (0.007) (0.302)    (0.008) (0.273) (0.003) (0.200)    

Speed-lockdown × Lockdown × Case severity 0.002 -0.346 0.019 -0.004    -0.006 -0.310 0.001 0.084    

 (0.024) (0.635) (0.017) (0.407)    (0.015) (0.334) (0.012) (0.394)    

Speed-reopen-early × Reopen-early phase × Case severity -0.083** -2.073* -0.029 0.177    -0.023 -1.657 -0.031 -0.543    

 (0.042) (1.104) (0.024) (0.364)    (0.038) (1.048) (0.028) (0.692)    

Speed-reopen-late × Reopen-late phase × Case severity 2.021 77.389 0.272 -163.503**  1.235 181.918*** 0.994* 40.778    

 (2.495) (108.172) (1.362) (79.974)    (1.753) (62.931) (0.515) (46.791)    
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Bank controls Yes Yes Yes Yes Yes Yes Yes Yes 

Local controls Yes Yes Yes Yes Yes Yes Yes Yes 

         

Bank-time FE Yes Yes Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes Yes Yes 

         

Adjusted R-squared 0.716 0.716 0.661 0.661    0.551 0.551 0.656 0.655    

Number of obs. 19,904 19,904 19,904 19,904 19,904 19,904 19,904 19,904 
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Table A4.1: Variable definitions 

This table presents the definitions and data sources of main variables used in this study. 

 

Variable name Definition Source 

   

Dependent variables 

Loan-level variables: 

Loan size Total gross loan amount granted in loan contract in thousand USD. SBA 

Maturity Length of loan term to maturity in months. SBA 

Default Dummy variable equals 1 if a loan defaults and 0 other wise. SBA 

Charge-off ratio Ratio of total loan balance charged off (including guaranteed and 

non-guaranteed portion of loan) over total loan amount granted. 

SBA 

Guaranty Loan guaranty amount that is purchased by the SBA upon 

borrower default in thousand USD. 

SBA 

Aggregate-level variables: 

Number of loans Total number of small business loans originated in a census tract. FFIEC 

Total loan amount Total amount of small business loans originated in a census tract 

in thousand USD. 

FFIEC 

Loan growth in number Loan growth rate in terms of the total number of small business 

loans originated in a census tract. 

FFIEC 

Loan growth in amount Loan growth rate in terms of the total amount of small business 

loans originated in a census tract. 

FFIEC 

   

Personal tax variable 

Personal tax Ratio of the sum of state and federal personal income tax liability 

scaled by gross income in percentage. 

NBER TaxSim 

   

Control variables 

Tax controls:   

Corporate tax Corporate tax rate for the top income bracket charged by a state.  TPC 

Sales tax Retail sales tax rate for the top bracket charged by a state. TPC 

Property tax Ratio of state and local property tax revenue over total tax revenue 

in a state in percentage. 

TPC 

Bank and business controls:  

Log(Total deposits) Natural logarithm of total bank customer deposits in a county. SOD 

Branches Total number of bank branches in a county, in thousand. SOD 

Establishments Total number of business establishments in a county, in thousand. NES, CBP 

Log(Total receipts) Natural logarithm of annual receipts of business establishments 

with no paid employees in a county. 

NES 

Log(Payroll) Natural logarithm of annual payroll volume paid by all businesses 

with employees in a county. 

CBP 

Log(Employment) Natural logarithm of mid-March employee number of all 

businesses with employees in a county. 

CBP 

Local controls:   
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Log(Income) Natural logarithm of median household income in a state. U.S. Census 

Budget surplus Percentage of state government budget surplus scaled by state 

GDP. 

IPPSR 

Minimum wage Minimum wage per hour in dollars in a state. IPPSR 

Log(Expenditure) Natural logarithm of state government expenditure on 

infrastructure and public welfare, such as highways, hospitals, 

parks and recreation facilities in a state. 

IPPSR 

Political leaning Dummy variable to indicate the political party of state governor in 

a state, which equals 0 for Republican and 1 for Democrat.  

IPPSR 
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Table A4.2: Results of PSM analysis, placebo tests and varying econometric approaches 

This table reports the results of robustness tests. Panel A presents the results using the matched sample by the single nearest-neighbor 1-to-1 propensity score matching (PSM) 

algorithm without replacement. Panel B presents the results for the placebo tests. Panel C presents the results using alternative robust standard error clustering methods. All 

control variables are lagged by one year. Tests include counties within 128.1 miles from state borders. The sample period is 2001-2018. Standard errors are shown in parentheses 

and clustered at the county-industry level in Panel A and B, and the respective level in Panel C. *, **, and *** indicate statistical significance at the 10, 5, and 1 percent level, 

respectively. All variable definitions and according data sources are shown in Appendix Table A4.1. 

 

Panel A: Results using the propensity score matching (PSM) approach 

Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Personal tax -23.865*** -22.735* -2.304*** -3.060 0.016*** 0.029** 0.010*** 0.020* -17.799*** -16.109* 0.004*** 0.005 

 (0.628) (13.385) (0.105) (2.297) (0.0004) (0.013) (0.0003) (0.011) (0.481) (10.028) (0.0003) (0.004) 

             

Tax controls No Yes No Yes No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes No Yes No Yes 

             

Structure-bank FE   No Yes No Yes No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

             

Adjusted R-squared 0.014 0.503 0.006 0.427 0.010 0.163 0.007 0.110 0.013 0.502 0.003 0.518 

Number of obs. 279,286 279,286 279,286 279,286 279,286 279,286 279,286 279,286 279,286 279,286 279,286 279,286 

             

Panel B: Results for placebo tests   
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Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Falsified-Personal tax 0.030 0.003 0.002 -0.001 0.001 -0.001 0.001 -0.001 0.023 -0.002 0.001 -0.001 

 (0.026) (0.027) (0.004) (0.004) (0.001) (0.001) (0.001) (0.001) (0.020) (0.021) (0.001) (0.001) 

             

Tax controls No Yes No Yes No Yes No Yes No Yes No Yes 

Bank and business controls No Yes No Yes No Yes No Yes No Yes No Yes 

Local controls No Yes No Yes No Yes No Yes No Yes No Yes 

             

Structure-bank FE   No Yes No Yes No Yes No Yes No Yes No Yes 

County-bank-industry FE No Yes No Yes No Yes No Yes No Yes No Yes 

Bank-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Industry-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

Border-year FE No Yes No Yes No Yes No Yes No Yes No Yes 

             

Adjusted R-squared 0.001 0.537 0.001 0.453 0.001 0.176 0.001 0.129 0.001 0.537 0.001 0.526 

Number of obs. 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 

   

Panel C: Results with alternative SE clustering methods   

Dependent variable Loan size Maturity Default Charge-off ratio Guaranty Guaranty ratio 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             

Personal tax -23.450** -23.45** -3.419* -3.419 0.018* 0.018* 0.015* 0.015* -16.613* -16.613** 0.003 0.003 

 (11.799) (10.308) (2.003) (2.281) (0.011) (0.010) (0.009) (0.008) (8.699) (7.947) (0.004) (0.005) 

             

Tax controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank and business controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Local controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

Structure-bank FE   Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

County-bank-industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Border-year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

             

SE clustering level state 

county-

industry 

& year 

state 

county-

industry 

& year 

state 

county-

industry 

& year 

state 

county-

industry 

& year 

state 

county-

industry 

& year 

state 

county-

industry 

& year 

             

Adjusted R-squared 0.537 0.606 0.453 0.434 0.176 0.148 0.129 0.099 0.537 0.521 0.546 0.502 

Number of obs. 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 359,098 
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