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Bank Monitoring and Financial Reporting Quality: The Case of Accounts Receivable–

Based Loans  

 

ABSTRACT 

Using novel receivable-based-loan data, we study the effect of aging-report loan covenants on 

borrowers’ accounts receivable reporting quality. Our purpose is to highlight a channel that lenders 

use to obtain private information and to understand whether lenders’ information acquisition 

affects the financial reporting quality of borrowers. Compared to receivable-based borrowers 

without aging-report requirements (control firms), borrowers with such requirements (test firms) 

increase their receivable reporting quality significantly after loan initiations. The shift in reporting 

quality is more pronounced when borrowers have weak bargaining power. Our results lend support 

to the argument that lender information access affects borrowers’ reporting quality. 
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1. Introduction 

 

 In this study, we identify a mechanism used by banks to acquire borrowers’ private 

information and examine whether such private-information acquisition influences the financial 

reporting quality of borrowers. Specifically, we select a sample of borrowers with accounts 

receivable-based loans and examine whether borrowers’ accounts receivable reporting quality 

increases after the initiation of loans with aging-report covenants relative to that of receivable-

based borrowers without aging-report covenants.  

Receivable-based loans use accounts receivable as collateral and/or as the basis for setting 

the credit-line limit. These loans are a form of secured lending known as asset-based loans (ABL). 

ABL lenders often require periodic and nonpublic reports to monitor borrowers. Accounts 

receivable aging reports are one of the primary reporting requirements for receivable-based loans 

(Comptroller’s Handbook 2014, hereafter the Handbook). We hypothesize that the accounts 

receivable reporting quality of borrowers will increase when lenders obtain private information 

about borrowers’ accounts receivable via aging-report covenants.  

The provision of aging reports might play at least two roles in a lending relationship. First, 

frequent aging reports allow lenders to assess the quality of the borrower’s accounts receivable in 

a timely fashion. This might aid lenders’ future renegotiations with borrowers (Roberts 2015; 

Nikolaev 2018) and allow lenders to take timely actions to minimize their credit-risk exposure. 

Second, the requirement to provide aging reports combined with the awareness that lenders are 

monitoring  accounts receivable likely prompts borrower managers to increase their efforts to 
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collect accounts receivable information, which will translate into higher information precision and 

result in higher reporting quality of account receivables.1,2 

While aging reports are clearly beneficial to lenders who wish to monitor borrowers, 

borrowers may be reluctant to provide aging reports for at least two reasons. First, firms’ flexibility 

in reporting accounts receivables is constrained by aging reports. Prior research shows that firms 

manage earnings via accounts receivable reporting in various contexts. For example, McNichols 

and Wilson (1988) find that firms record income-decreasing discretionary bad debt expense when 

earnings are extreme. Jackson and Liu (2010) find that firms manage bad debt expense downward 

to meet or beat analysts’ earnings forecasts. If firms have incentives to manage earnings via 

accounts receivable reporting, providing lenders with detailed accounts receivable aging 

information can constrain their flexibility.3  Further, when lenders use receivable levels to set 

borrowing limits, aging reports can also prevent borrowers from inflating the value of accounts 

receivable to relax loan amount constraints. 

Second, borrowers can incur proprietary costs when lenders disseminate borrowers’ private 

information to the broader market (Chen and Martin 2011; Carrizosa and Ryan 2017). Prior studies 

                                                           
1 Iossa and Martimort (2015) theoretically derive optimal contracts in the presence of contracting frictions that come 

from agents’ moral hazard in gathering information about productivity shocks and operating effort. Our argument is 

in line with the frictions they specify. Anyone forced to fill out a tax return will recognize that reporting requirements 

influence filers’ record-keeping habits and lead to the availability of expense and income information that filers would 

not otherwise have at their disposal.  
2 The reporting quality of accounts receivable might also improve if lenders’ monitoring of accounts receivable curbs 

managers’ tendency to manage earnings by systematically overstating or understating allowance for doubtful accounts 

(McNichols and Wilson 1988; Teoh et al. 1998). However, given the nuances in the prediction of earnings 

management for our empirical measure of receivable reporting quality, we focus on the information-precision aspect 

throughout the paper and discuss the earnings-management aspect in Section 5.5. 
3 It is also plausible that due to lenders’ presence, borrowers might write off stale receivables promptly to make aging 

reports appear to be of higher quality and thereby make managers appear more trustworthy. This will translate into 

higher-quality write-offs and receivables. We thank the editor for pointing out this possibility. It is also important to 

note that since write-offs per se do not have implications for borrowers’ reported income or for reported net 

receivables, borrowers might have little incentive to delay write-offs even in the absence of lenders, if “uncollectible 

receivables” have already been accounted for as bad debt expense before write-offs.    
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show that lenders capitalize on borrowers’ private information either through trading (Acharya and 

Johnson 2007; Ivashina and Sun 2011; Carrizosa and Ryan 2017) or through their other business 

activities (Bushman et al. 2010). If these activities have negative externalities for borrowers, this 

might constitute another cost. For example, lenders might obtain private information regarding the 

borrowers’ customers from borrowers’ aging reports and trade on this information, which may 

jeopardize the borrowers’ supply chain relationships.4 

Therefore, aging information provision might benefit the lender at the expense of the 

borrower.5 Although lenders might be able to obtain private information directly from borrowers 

during the loan screening process, borrowers may not voluntarily provide such information after 

loan origination. Under rational expectations, borrowers will commit contractually to provide 

aging reports if the benefits of doing so exceed the costs.   

Empirically, we collect receivable-based loans from the LPC DealScan database over the 

period 1996-2012. We employ a difference-in-differences research design, where the first 

difference is between borrowers entering receivable-based loan agreements with aging-report 

requirements (test firms) and borrowers without these requirements (control firms), and the second 

difference is between before and after a receivable-based loan initiation. We measure accounts 

receivable reporting quality as the association between one-year-ahead receivable write-offs and 

current reported allowance for doubtful accounts (ADA). If reported ADA is an unbiased estimate 

of true uncollectible receivables with errors, then a higher association between one-year-ahead 

                                                           
4 Alternatively, aging reports may reveal borrowers’ liquidity shocks to the lender, and the lender, who is concerned 

with borrowers’ future liquidity, may sell the loan in the secondary loan market or hedge via CDS markets. 

Consequently, borrowers’ competitors may glean the negative news from lenders’ unfavorable trading and pursue a 

predatory strategy against borrowers in the product market (Bernard 2016). 
5 Providing an aging report also makes the borrower legally liable for any misreporting it contains, as borrowers are 

often required to provide a certificate of covenant compliance stating that the information provided to the lender 

(including the aging report) is accurate (see, e.g., Baylis et al. 2017).  
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receivable write-offs and current reported ADA implies a more precise reporting of receivables in 

the current period, and thus higher reporting quality. Pooling data between years t-3 and t+2, where 

t denotes the year of loan origination, we expect receivable reporting quality to be higher in the 

post period (years t to t+2) than in the pre period (years t-3 to t-1) for test firms relative to control 

firms. We include borrower fixed effects to capture any time-invariant heterogeneity between test 

and control firms, which allows us to infer changes in accounts receivable reporting quality for the 

same borrower around a loan initiation. 

 The incidence of bank loans containing aging-report requirements might be non-random. 

In fact, we find that test firms tend to be smaller and less profitable than control firms, which 

implies that test firms are riskier and lenders demand additional information to monitor these firms. 

More importantly, if test firms’ borrowing decisions are associated with changes in receivable 

reporting quality for reasons other than banks’ monitoring, the documented association between 

loans with aging-report covenants and subsequent changes in receivable quality can be spurious. 

In addition to including borrower fixed effects, we take several steps to address the endogeneity 

concerns. We first control for various measures of borrower credit risk. Second, we employ a 

propensity score matching approach, matching test firms and control firms based on firm 

fundamentals that allow for various functional forms of the relation between firm characteristics 

and credit risk. As a robustness test, we also use Euclidean distance matching to account for the 

potential selection bias from borrowers’ endogenous decision to provide aging reports.    

For all the estimation methods, we find evidence that the receivable reporting quality of 

test firms increases significantly after the initiation of a receivable-based loan, whereas we find no 

change for control firms. In the cross-section, the increase in receivable reporting quality for test 

firms is more pronounced when lenders have strong bargaining power, suggesting that an aging-
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report requirement affects borrowers’ receivable reporting quality when borrowers face high costs 

of providing low-quality financial reporting.  

Our study makes two contributions. First, prior studies give little insight into how lenders 

obtain borrowers’ accounting-related private information and how such information acquisition 

affects borrower reporting (e.g., Bushman et al. 2010). In addition, as far as we know, prior 

research has not examined or even been aware of aging-report requirements despite the wide use 

of receivable-based lending. Unlike Carrizosa and Ryan (2017), who focus on testing the 

determinants of loan contracts requiring private-information covenants, we concentrate on testing 

the effect of such provisions on borrowers’ financial reporting. Viewed this way, these two studies 

complement each other in extending our understanding of the determinants and consequences of 

lenders’ acquisition of borrowers’ private information. Our study is also related to Mester et al. 

(2007), Jimenez et al. (2009), and Norden and Weber (2010). These papers find that credit-line 

use and transaction-account activity correlate with default risk and that banks use this information 

to alter loan terms. However, these studies do not examine whether information channels opened 

through the lending relationship affect the accounting choices of borrowers.   

Second, prior research suggests that lenders shape borrowers’ accounting policies (e.g., 

Watts 2003; Frankel and Roychowdhury 2009; Bushman and Wittenberg-Moerman 2012). 

However, concepts such as accounting quality are notoriously difficult to measure. Errors in 

measurement can be correlated with a host of simultaneously varying factors. The specificity of 

our tests circumvents such difficulties by focusing on changes in the association between current 

allowance for doubtful accounts and future receivable write-offs. This design offers a cleaner 

measure of accounting quality with regard to receivables.   
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Note that our sample size is relatively small due to the sample-selection criteria, which 

could limit the generalizability of our results. However, the evidence suggests that the sample-

selection procedure does not create systematic bias, and therefore generalizability is not a serious 

concern.6  

2. Background 

Institutional background on receivable-based loans 

Receivable-based loans are a subcategory of asset-based loans (ABLs). ABL candidates 

have balance sheets containing significant proportions of tangible assets, often with at least half of 

their total assets in accounts receivable and inventory (Handbook 2014). Typical ABL credit 

facilities include a revolving credit line to support working capital and possibly a term loan against 

long-term assets such as machinery and real estate. The revolving credit facility requires interest-

only payments. Principal is repaid or re-advanced as working capital varies or as operating cash 

flows are realized. The term loan requires periodic payment of both interest and principal with 

typical maturities of five to fifteen years.  

In a receivable-based loan, lenders use receivables as the borrowing base or/and collateral 

to minimize their lending risk (Handbook 2014). Receivable-based lenders are concerned about 

the integrity of the borrower’s financial reporting. As stated in the Handbook (Handbook 2014, 

27), “the bank’s biggest challenge when lending against a borrowing base is maintaining current 

and accurate information.” To achieve this goal, “an ABL lender should require an aging of 

receivables that lists receivables by customer name, balance outstanding, and current payment 

status. Each day (or less frequently if the agreement so stipulates), the lender should adjust the 

                                                           
6 Table 2 shows that our sample distribution is representative of the Compustat and DealScan universes. 
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maximum amount of credit available based on eligible receivables and cash reports” (Handbook 

2014, 28). Hence, lenders rely on aging information to verify the integrity and reliability of 

borrowers’ reporting of accounts receivable. 

When receivables are used as the borrowing base, lenders require borrowers to provide 

periodic borrowing base certificates (together with the aging reports) documenting the 

computation of the borrowing base. This computation usually begins with total accounts receivable 

from which various receivables are excluded to determine the eligible accounts receivable. 

Accounts commonly excluded are receivables that are over a certain number of days past the due 

date or invoice date.7 In this case, banks use the aging report to monitor the borrowing base. As 

the Handbook states, “borrowing base monitoring also provides an early warning system against 

credit deterioration” (Handbook 2014, 15).  

ABL lenders also perform field audits to confirm asset quality. These field audits focus on 

collateral and the reliability of the borrower’s control/management-information systems. Field 

audits also test the reliability of aging reports, and hence the validity and value of receivables as 

reported on financial statements and borrowing-base certificates to ensure principal payment 

(Handbook 2014). Some banks even require an independently audited opinion of the borrower’s 

operating and internal control systems. Although the majority of ABL agreements contain 

covenants allowing lenders to conduct field audits, field audits are not always sufficient to catch 

fraudulent reporting of accounts receivable. Instead, field exams accompanied by detailed 

information contained in aging reports can help lenders better monitor borrowers’ receivables 

                                                           
7 Accounts are commonly excluded after 60 (90) days past the due date (invoice date). Other commonly excluded 

receivables include receivables owed by the United States or any government agency, receivables owed by affiliates 

or related parties, receivables owed by a customer with at least 50% of receivables overdue, and receivables owed 

by any one customer in excess of a limit set by the borrower. 
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(Handbook 2014; Schwartzkopf 2011).8 In short, aging-reporting requirements can be viewed as 

lenders’ demand to monitor borrowers’ accounts receivable.9 

Relation to literature 

Researchers have long argued that banks have access to private information, but they have 

only recently begun to examine the nature of this information and the institutional arrangements 

that govern access. Diamond (1984) argues that banks gather information, which gives them a 

competitive advantage as delegated monitors of borrowers. Likewise, Fama (1985) classifies bank 

debt as insider debt because he believes banks have access to publicly unavailable information. 

Researchers have sought evidence of bank monitoring in the reaction of borrowers’ stock to loan 

announcements. They find significant positive reactions. The results suggest that banks have 

access to nonpublic information that allows them to screen and monitor borrowers (e.g., Mikkelson 

and Partch 1986; James 1987). These studies, however, do not show how banks acquire this private 

information. 

Mester et al. (2007) provide insight into one source of this private information by studying 

loans made by a Canadian bank to small management-owned firms. Each firm maintains a 

checking account at the bank and must provide the bank with accounts receivable and inventory 

information. Mester et al. (2007) find that the transaction information available to the bank predicts 

credit downgrades, loan write-downs, and loan reviews. Thus, the bank acts “as if” it uses 

transaction information to assess its loans. Related work suggests that credit-line use by borrowers 

reflects default risk (Jimenez et al. 2009; Sufi 2009) and predicts default (Norden and Weber 2010). 

                                                           
8 Assets-based lending professionals also emphasize the importance of aging reports in helping lenders promptly detect 

receivable reporting frauds and lower credit risk (see, e.g., Schwartzkopf 2011; Haddad 2018). 
9 This is in a line with the approach of Nikolaev (2018), who uses audit fee as a measure of lenders’ demand for 

monitoring. 
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The implication is that knowing credit-line use gives the lending banks private information about 

their borrowers.  

Recent research by Minnis and Sutherland (2017) examines whether banks use financial 

statements to monitor borrowers after loan origination. Using a dataset with banks’ ongoing 

requests of information to small commercial borrowers, they find that banks request financial 

statements for half the loans, and the variation in the frequency of the request is related to borrower 

credit risk, relationship length, collateral, and the provision of business tax returns. In addition, 

they find a positive relation between interim request of financial statements and collateral usage, 

but only for non-real-estate loans and only when the collateral is easily accessible to lenders. Their 

findings suggest that banks demand financial information to monitor collateral. Focusing on larger 

public corporations, Carrizosa and Ryan (2017) construct a database of loans with covenants 

requiring that borrowers periodically provide lenders with either projected or historical financial 

statements – which are not publicly available. They find that loan contracts are more likely to 

contain private-information covenants when borrowers have higher credit risk and uncertainty, 

when borrower-lender information asymmetry is higher, and when contracts include financial 

covenants or other terms for which the private information enhances monitoring of the terms. Their 

findings suggest that private-information covenants enhance monitoring. Like Carrizosa and Ryan 

(2017), we focus on public borrowers, but we examine a different information channel, i.e., aging-

reporting requirements, and we look for a financial reporting effect related to this channel.  

3. Research Design 

To examine the effects of aging-report covenants on borrowing firms’ receivable reporting 

quality, we first identify firms that borrow receivable-based loans, and then we separate borrowers 

that are required to provide aging reports (test firms) from those that are not required to provide 
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aging reports (control firms). We use a difference-in-differences (DD) research design, where the 

first difference is between test firms and control firms, and the second difference is between before 

and after the initiation of receivable-based loans. Control firms serve as a benchmark to control 

for concurrent events that can also affect receivable reporting quality. Empirically, we estimate the 

following model:  

WOit+1 = β1 + β2POSTt + β3TESTi× POSTt + β4ADAit + β5TESTi × ADAit    

 + β6 POSTt × ADAit + β7 TESTi× POSTt × ADAit   

+ β8RATINGit + β9LEVit + β10 LEVit+1 + β11CFOit+1 + β12ROAit+1   

+ β13WOit + β14ARit + β15SIZEit + β16FOLLOWit   

+ β17MTBit + β18  ARTO_INDjt + β19SD_SALE_INDjt  

+ β20ZSCORE_INDjt + β21GDPGRjt + ΣλiFIRMi + ΣγtYEARt + εit,                          (1) 

 

where WOit+1 is the one-year-ahead write-offs of accounts receivables scaled by contemporaneous 

accounts receivable. ADAit is the allowance for doubtful accounts scaled by total accounts 

receivable in year t. The model specification is motivated at the conceptual level by McNichols 

and Wilson (1988) and at the empirical level by Beck and Narayanamoorthy (2013). We follow 

McNichols and Wilson (1988) in assuming that ADA recognized in year t has a one-year write-

off horizon; thus ADA recognized in year t is expected to be written off in year t+1. This is because 

ADA is the contra asset account for accounts receivable, which is classified as a current asset. To 

qualify as a current asset, receivables are expected to be collected within one year. This implies 

that the allowance for doubtful accounts is expected to have a write-off horizon of no longer than 

one year, and the ending allowance established for uncollected receivables at the balance sheet 

date is expected to be written off in the next year. We explicitly test this assumption and find 

evidence validating it.10 Thus, we infer the reporting quality of receivables based on the association 

                                                           
10 To empirically test our maintained assumption that firms write off their receivables within the next year, we estimate 

the following model: WOt+2 = β0 + β1 ADAt + β2 ADAt+1 + et+2. Untabulated results show that the coefficient on ADAt+1 

is 0.638, indicating that a significant amount of ADA reported in year t+1 is written off in year t+2. The coefficient 

on ADAt is 0.117 but is not statistically significant. Therefore, the results suggest that firms’ write-offs are driven 

mostly by ADA reported in the previous year, and the write-off horizon is mostly within a one-year window. 
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between year t+1 write-offs and ADA in year t.11 This model specification is also consistent with 

the method of Beck and Narayanamoorthy (2013), in which the authors regress year t+1 charge-

offs of loans on year t allowance for total loans outstanding.  

TESTi is an indicator variable equal to one for borrowers with aging-report requirements 

and zero otherwise.12 POSTt is a dummy variable equal to one if a firm-year is in the post-

borrowing period and zero otherwise. The coefficient on ADAt (β4) captures the association 

between current ADA and year t+1 write-offs for control firms prior to a loan origination. The 

coefficient on TESTi×ADAit  (β5) captures the difference in the association of ADAi,t with year t+1 

write-offs, WOi,t+1, between test firms and control firms before a loan origination; the coefficient 

on POSTt×ADAit  (β6) reflects the effect of receivable-based borrowing on receivable reporting 

quality for control firms; and the coefficient on TESTi×POSTt×ADAit (β7) represents the 

difference-in-differences estimate, which captures the effect of receivable-based borrowing on 

accounts receivable reporting quality for test firms relative to control firms. If banks’ monitoring 

improves the information precision pertaining to accounts receivable, we expect a positive and 

significant β7. We discuss the possibility of earnings management using ADA and its implication 

for the empirical measure of receivable reporting quality in Section 5.5.   

Our first set of control variables aims to account for selection criteria for the aging-report 

requirement in order to control for differences in fundamentals between test and control firms. 

First, we include proxies for borrowers’ credit risk, which may determine the likelihood of aging-

report covenants in loan contracts (Handbook 2014). The specific proxies for credit risk are S&P 

                                                           
11 One important assumption is that reported write-offs of receivables truly reflect uncollectible receivables. The 

assumption is likely to hold because managers do not have much flexibility in receivable write-offs. Auditors are 

concerned about managers covering up embezzlement by writing off a previously collected account, and they 

commonly require firms/customers to supply substantive evidence to support write-offs.  
12 The coefficient on TESTi is subsumed by the firm fixed effects. 
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long-term credit rating (RATINGt),
13 firm current and one-year-ahead leverage (LEVt and LEVt+1), 

future period cash from operations (CFOt+1), and future period return on assets (ROAt+1). We also 

include current period receivable write-offs (WOt) as a proxy for credit risk. Second, we include 

accounts receivable scaled by contemporaneous sales (ARt). The idea is that lenders might be more 

likely to impose an aging-report requirement if a firm has economically large accounts receivable. 

Finally, we include firm size (SIZEt), a dummy variable indicating whether a firm is followed by 

analysts (FOLLOWt), and market to book (MTBt) to capture the effect of general firm reputation 

on the aging-report requirement.  

For the second set of control variables, we follow Jackson and Liu (2010) and control for 

market-wide factors associated with changes in the expected frequency of credit-customer defaults 

that will affect the level of write-offs. We include variables such as industry median receivable 

turnover (ARTO_INDt), industry median standard deviation of sales (SD_SALE_INDt), and 

industry median bankruptcy risk (ZSCORE_INDt) as measured in Altman (1968). To control for 

borrowers’ local economic conditions, we also include the gross domestic product (GDP) growth 

(GDPGRjt) of the state in which the borrowers’ headquarters are located. GDPGRjt is measured as 

the difference in state j’s GDP between year t and t-1 and then scaled by year t-1 GDP.14 Last, we 

include firm and year fixed effects to control for time-invariant firm characteristics and time trend. 

When estimating Equation (1), we cluster standard errors at the firm level to correct for within-

firm serial correction in residuals.  

4. Sample Selection, Descriptive Statistics, and Univariate Analysis 

                                                           
13 If a firm does not have a long-term rating available, we follow Beatty, Weber, and Yu (2008) to estimate an expected 

rating. The higher the rating, the riskier the firm. 
14 To further control for economic conditions, we also include changes for the following variables: ∆ARTO_INDt+1. 

∆SALE_SD_INDt+1, ∆ZSCORE_INDt+1, and ∆GDPGRt+1. All these variables are the changes from year t to t+1. Our 

results remain robust to this alternative model specification.  
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Sample selection  

 We use DealScan to identify receivable-based loans for the period 1996-2012. Our sample 

starts from 1996 because we need receivable write-offs information from EDGAR in the two years 

before a loan origination, and EDGAR did not start providing online filing until 1994. We end the 

sample in 2012 to ensure that we have available financial data for the two years after a loan 

origination. Table 1 presents the sample-selection procedures and the number of loan packages 

available after each procedure.  

[Insert Table 1 here] 

Our initial search of DealScan yields 6,028 receivable-based loan packages for the period 

1996-2012. We merge this initial loan sample with Compustat by firm GVKEY and obtain 4,635 

packages after removing borrowers with missing CIK.15, 16 We then require each borrowing firm 

to have Compustat information for three years before (t-3 to t-1) and three years after (t to t+2) a 

loan origination, where t represents the fiscal year when a loan is originated. This procedure 

reduces the number of loan packages to 2,782. We then manually search EDGAR for these loan 

contracts and identify contracts with aging-report covenants. To increase the test power, for firms 

with multiple receivable-based loan contracts that require aging reports, we keep only the first loan 

contract and remove from the sample any other loan contracts borrowed by the same firm. For a 

firm to be included in the control sample, we require it to have borrowed a receivable-based loan 

with no aging-report covenants during the sample period. After this procedure, we have 1,626 loan 

contracts, of which 918 contracts require aging reports and 708 contracts do not.   

                                                           
15 Special thanks to Michael Roberts, who kindly provided us the Compustat-DealScan linkage file. 
16 We require firms to have valid CIK because we use CIK to search EDGAR for loan contracts. 
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Next, we collect data on write-offs of accounts receivable from Schedule II of the 10K 

footnotes. To ensure the accuracy of our data, we reconcile the beginning balance of the allowance 

with the ending balance for each firm year. In some cases, we cannot locate borrowing firms’ 

Schedule II or an equivalent schedule in the 10-K. We remove those firms from our sample. For 

some borrowers, write-offs of accounts receivable are not available for all six years surrounding 

the loan origination year. To maximize our sample size, we keep these borrowers as long as they 

have at least five years of receivable write-offs available. After this procedure, 919 contracts 

remain in our sample, of which 652 contracts contain aging-report requirements (652 unique firms) 

and 267 contracts do not (258 unique firms). Our final sample used for the empirical analyses 

consists of 5,126 firm-year observations.  

Descriptive statistics  

 We first provide a time trend and industry profile for our sample of receivable-based loans. 

Panel A of Table 2 shows the time trend of contracts with and without aging-report requirements. 

The number of loan contracts with aging-report requirements (test sample) increases from 47 in 

1996 to 91 in 2002. After 2002, the number of contracts gradually decreases to two in 2012. For 

loan contracts without aging-report requirements (the control sample), we also observe a 

decreasing trend after 2002, which is consistent with the overall trend of receivable-based loans 

from DealScan. To alleviate the concern that our results may be driven by aggregate economic 

conditions in any particular year(s), we include year fixed effects and other industry-wide 

economic indicators (such as industry-level Z-score and accounts receivable turnover, etc.) in our 

empirical model. In addition, we report the annual sample distribution in percentage terms for both 

our sample and DealScan. As shown, this variable for our sample resembles that for DealScan, 
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suggesting that our sample selection does not lead to significant sample concentration in any 

particular year. 

Table 2 panel B provides an industry profile of the borrowing firms. Our sample represents 

a wide range of industries. In particular, the construction and wholesale trade industries are more 

heavily represented in our sample (16% and 15.4%, respectively) than in the Compustat universe 

(0.9% and 3.1%, respectively), possibly because these firms have large accounts receivable. 

[Insert Table 2 here] 

In Table 3 panel A, we provide the loan characteristics of our sample firms. Around 71% 

of our sample loans require aging reports. The average loan amount (Deal Amount) after taking 

the natural log is 17.375, which is around 120 million dollars. The average loan maturity (Maturity) 

is 3.8 years, with a median maturity of 4 years. The average percentage of eligible accounts 

receivable used for calculating borrowing bases (Eligible AR) is 81.047%, and the median is 85%. 

Untabulated results show little variation in the eligible rate. For over 90% of loan contracts, the 

eligible rate is either 85% (289 contracts), 80% (206 contracts), or 75% (39 contracts), and the 

eligible rate of the remaining loan contracts (55 contracts) ranges from as low as 25% to as high 

as 100%. In addition, 42.5% of loans contain earnings-based financial covenants (FINCOV), 48.2% 

of loans use accounts receivable as borrowing base only (ARBASE), 15.5% of loans use accounts 

receivable as collateral only (ARCOLLAT), and 36.3% use accounts receivable as both borrowing 

base and collateral (ARBOTH). Further, 36.6% of the loans contain a term loan (TERM) along with 

a revolving line of credit, and the remaining loans (63.4%) contain only a revolving line of credit.   

Panel B of Table 3 provides information on aging report frequency collected from loan 

contracts for test firms only. 85.5% of test firms are required to provide aging reports monthly, 
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while the remainder are required to provide the report quarterly (5.4%), weekly (2%), or by request 

(6.2%). The requirement to provide reports at any other frequency is rare.  

In Table 4, we tabulate statistical distributions and the Pearson correlation matrix for the 

variables used in the analyses. Panel A shows that the mean and median of allowance over accounts 

receivable are 7.1% and 3.9%, respectively, and the mean and median of year t+1 write-offs over 

receivables are 6.7% and 1.3%, respectively. In panel B, the Pearson correlation between 

allowance for doubtful accounts and one-year-ahead write-offs is positive and significant (0.614), 

suggesting that on average our sample firms recognize ADA based on future cash collection of 

receivables. Firms with low credit ratings are associated with more ADA, as shown by the positive 

correlation between allowance and credit rating. More profitable firms have less ADA, as indicated 

by the negative correlations of ADA with one-year-ahead return on assets (ROAt+1) and cash flow 

from operations (CFOt+1).  

[Insert Tables 3 and 4 here] 

5. Multivariate Analyses 

Baseline difference-in-differences results 

In this section, we first estimate equation (1) based on OLS. Results are reported in Table 

5. The coefficient on ADAt is 0.705 and statistically significant at the 1% level. The coefficient on 

TESTi×ADAt is -0.333 and statistically insignificant, indicating that receivable reporting quality is 

similar between test firms and control firms before borrowing. The coefficient on POSTt×ADAt is 

-0.018 and also statistically insignificant. Hence, the receivable reporting quality does not change 

for control firms post borrowing. However, the coefficient on TESTi×POSTt×ADAt is positive 

(coefficient = 0.371) and statistically significant at the 5% level, implying that the receivable 
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reporting quality increases significantly following loan originations for test firms relative to 

control firms. The coefficient on ADAt for test firms increases from 0.372 (0.705 – 0.333) in the 

pre-borrowing period to 0.725 (0.705 – 0.333 – 0.018 + 0.371) in the post-borrowing period, 

suggesting an increase in the mapping of current ADA to next-year write-offs of receivables for 

test firms. In terms of economic significance, test firms’ reporting quality increases by 95% (= 

(0.371-0.018) / (0.705-0.333)). Hence, the OLS results provide initial evidence that receivable-

based lending with aging covenants increases borrowers’ financial reporting quality of accounts 

receivable, supporting the information-precision argument.   

[Insert Table 5 here] 

For control variables, the coefficient on firms’ credit rating, RATINGt, for which large 

values indicate high credit risk, is positive and significant at the 5% level, suggesting that firms 

with high credit risk are associated with more write-offs. The coefficient on current write-offs, 

WOt, is positive and statistically significant at the 1% level. Thus, firms seem to experience higher 

write-offs the following year when current-year write-offs are large. We find a positive and 

significant coefficient on ARt, which suggests that firms write off proportionately more receivables 

next year when current-year accounts receivables are large. The coefficients on other control 

variables are statistically insignificant. In sum, we document a significant increase in receivable 

reporting quality for our test firms relative to our control firms after initiations of loan agreements.  

While we find evidence that test firms’ receivables reporting quality increases post 

borrowing, it is plausible that test firms change their credit policy after loan initiations, which 

might explain the improvement in receivable reporting quality, if the sensitivity of one-year-ahead 

write-offs to current-year ADA is nonlinear in customer credit quality. To test this alternative 

explanation, we examine changes in total receivables over sales after borrowing. We do not find 
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any significant changes in the ratio of receivables over sales after a loan origination, which 

suggests that borrowers do not change their credit policy after borrowing.   

Testing the parallel trends assumption 

The key identification assumption of the difference-in-differences method is the parallel 

trends assumption; that is, in the absence of an aging report, test and control firms’ reporting 

quality of receivables should have parallel trends. To test the assumption, we graphically illustrate 

the trend of receivables quality around the loan initiation for test and control firms. Specifically, 

we estimate the following equation for test and control firms separately for each event year, where 

event year 0 is the year of a loan agreement: 

WOit+1 = β1 + β2ADAit + β3RATINGit + β4LEVit + β5LEVit+1  

+ β6CFOit+1 + β7ROAit+1 + β8WOit + β9ARit + β10SIZEit  

+ β11FOLLOWit + β12MTBit + β13ARTO_INDjt + β14SD_SALE_INDjt  

+ β15ZSCORE_INDjt+ β16GDPGRjt + εit 

 

We then plot the coefficient estimate of β2 for the two groups over the period from t-3 to t+2. The 

results are presented in panel A, Figure 1. 

As shown in panel A, the estimates of β2 for control and test firms move almost in parallel 

prior to the event year and then diverge abruptly in the event year (Event Year = 0). The divergence 

persists into event year 2. The estimate of β2 increases significantly for test firms after the 

borrowing year, while it remains relatively unchanged for control firms. In panel B of Figure 1, 

we plot the 95% confidence intervals for the β2 difference between test and control firms. As shown, 

the difference in reporting quality of accounts receivable between test and control firms becomes 

statistically significant after loan initiation, whereas it was insignificant before loan initiation.  
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 Further, the untabulated results show that the difference in β2 between test and control 

firms for the event year t-3 to t-1 is around -0.068 on average.17 The average difference in β2 for 

the event year t+0 to t+2 is 0.277. The DID estimation, the difference between 0.277 and -0.068, 

is 0.345. This estimate inferred from Figure 1 is close to the DID estimate reported in Table 5, 

which is 0.371. Hence, Figure 1 graphically shows that the accounts receivable reporting quality 

of test firms increases significantly relative to that of control firms after loan initiations, providing 

support for the parallel trend assumption. 

[Insert Figure 1 here] 

Propensity score matched sample analysis 

 In equation (1), we include a vector of firm time-varying characteristics and firm fixed 

effects to account for the possibility that differences in firm characteristics between control firms 

and test firms may affect the likelihood of requiring aging reports and that these characteristic 

differences might also affect firms’ reporting of allowance for doubtful accounts and write-offs of 

receivables. In this section, we take further steps to address the potentially endogenous decision to 

enter an aging-report loan.  

Specifically, we match each control firm with one test firm with the nearest propensity 

score without replacement. Because we have more test firms than control firms, we pair each 

control firm with one test firm to ensure that each test firm is matched only once. The matching 

procedure results in a sample of 258 matched control-test pairs.  

                                                           
17 The coefficient on TESTt×ADAi, which measures the difference in precision between test and control firms prior to 

loan borrowing, in Table 5 is -0.333. The discrepancy (-0.068 vs. -0.333) can be explained by the difference in the 

model specification. For example, the regression in Figure 1 allows for the effects of control variables to vary over 

time while the model used in Table 5 constrains the effects of control variables to be constant over the sample period. 
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Empirically, we estimate the following model using a logit regression of aging-report 

requirement on firm and loan characteristics.  

TESTi = β1 + β2RATINGi + β3LEVi + β4CFOi + β5ROAi   

+ β6WOi + β7ARi + β8SIZEi + β9FOLLOWi + β10MTBi   

+ β11FINCONSTj + β12FINCOVi + β13Log(Deal Amount)i  

+ β14ARBASEi + β15ARCOLLATi + β16TERMi  

+ ΣλiINDj + ΣγtYEARt + εit                                  (2) 

 

All firm characteristics are measured in t-1, the year right before borrowing. In addition to 

including the firm characteristics in equation (1), we include FINCONSTi, as another control for 

financial constraints. FINCONSTi equals one if a firm’s measure of financial constraints is below 

the median and zero otherwise. We measure financial constraints based on firm size and age, 

following Hadlock and Pierce (2010). For loan characteristics, we include an indicator variable,  

FINCOV, that equals one if a loan contains earnings-based financial covenants and zero 

otherwise;18 ARBASE, an indicator variable equal to one if a loan uses accounts receivable as 

borrowing base only and zero otherwise;  ARCOLLAT, an indicator variable equal to one if a loan 

uses accounts receivable as collateral only and zero otherwise; Log(Deal Amount), the natural 

logarithm of loan amounts; and TERM, an indicator variable that equals one if a facility contains 

a  term loan and zero otherwise.19 Lastly, we also control for industry and year fixed effects.20  

[Insert Table 6 here] 

Results from estimating the propensity score model are reported in panel A of Table 6. We 

first estimate equation (2) without including the loan characteristics. As column (1) shows, large 

                                                           
18 Alternatively, we also define FINCOV as one if a loan contract contains receivable-related financial covenants and 

zero otherwise, or one if a loan contract contains current asset-based covenants such as current ratio and quick ratio 

and zero otherwise. The results are qualitatively similar. 
19 We do not include loan spreads and loan maturity, as these loan characteristics are missing for some of the sample 

loans.    
20  We also include the distance-to-default measure as an additional control for firm risk in the propensity score model. 

The results are qualitatively similar. Including loan maturity and loan spreads as additional matching variables does 

not alter our inference, either.  
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firms and firms with high cash flows from operations are less likely to provide aging reports. After 

we add the loan characteristics, the results in column (2) show that only the coefficient on the 

operating cash flows remains statistically significant and the coefficient on firm size is no longer 

significant, suggesting that the loan characteristics subsume the effect of firm size in explaining 

the aging-report requirement. The coefficient on the loan amount is negative and statistically 

significant, and this is consistent with the expectation that large borrowers tend to borrow large 

amounts. As large firms are perceived as less risky, they are less likely to be required to provide 

aging reports.  

The coefficients on both ARCOLLAT and ARBASE are negative and statistically significant. 

As ARBOTH, i.e., accounts receivable used as both collateral and borrowing base, is the estimation 

benchmark, the negative coefficients on ARCOLLAT and ARBASE suggest that firms using 

accounts receivable as both borrowing base and collateral (ARBOTH = 1) are more likely to 

provide aging reports than are firms using receivables only as collateral or only as borrowing base. 

On the other hand, the aging-report requirement does not depend on whether the facility contains 

a term loan or earnings-based financial covenants. Overall, the results suggest that the requirement 

of aging reports is more likely for borrowers with high credit risk, where banks’ close monitoring 

through aging reports is more beneficial. We use the nearest propensity score estimated with the 

loan characteristics included to identify a matching test firm for each control firm. However, our 

results remain robust if we match firms without the loan characteristics. To check whether the 

matching is successful, we compare the firm and loan characteristics for the matched pairs in the 

year prior to the initiation of a loan agreement. The comparison results are presented in panel B of 

Table 6. We find that the matched test and control firms are indeed similar in all firm and loan 

characteristics with one exception:  control firms are more likely than test firms to use accounts 
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receivable as collateral. The similarity between test and control firms ensures the effectiveness of 

propensity score matching to validate the parallel trend assumption, and thus further alleviates the 

endogeneity concern (Roberts and Whited 2013).  

Next, we estimate equation (1) using this matched sample. Results reported in Table 7 are 

qualitatively similar to the baseline results reported in Table 5. Again, we find that after borrowing 

with aging-report covenants, test firms experience a significant increase in accounts receivable 

reporting quality relative to control firms, as evidenced by the positive and statistically significant 

coefficient on TESTi×POSTt×ADAt. We find no difference in receivable reporting quality between 

test and control firms before a loan agreement, as the coefficient on TESTi×ADAt (-0.390) is not 

statistically different from zero; at the same time, control firms experience no changes in receivable 

reporting quality post borrowing, as the coefficient on POSTt×ADAt (-0.055) is statistically 

indistinguishable from zero. In terms of economic significance, test firms’ accounts receivable 

reporting quality increases from 0.284 (= 0.674 - 0.390) before borrowing to 0.779 (= 0.674 - 0.390 

- 0.055 + 0.550) after borrowing, an increase of twofold. Overall, our main results suggest that 

firms borrowing with aging-report covenants increase accounts receivable reporting quality after 

a loan origination. These results are consistent with our hypothesis that lenders’ access to 

borrowers’ private information improves borrowers’ financial reporting quality.   

[Insert Table 7 here] 

Likewise, to rule out the alternative explanation that test firms change their credit policy 

after loan initiations, we also examine the changes in total receivables over sales after borrowing 

using the matched sample. Again, we do not find any significant changes in the ratio of 

receivables over sales after borrowing. 

The effect of bargaining power for borrowers and banks 
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Because lenders can easily identify inconsistencies between aging reports and reported 

allowances, reporting errors in allowances by borrowers with aging-report requirements are likely 

to be detected. Detection of reporting errors will increase firms’ borrowing costs, as lenders’ 

concerns about borrowers’ risk will result in unfavorable loan terms. The costs of misreporting 

will be particularly high for firms that rely heavily on a single lender for external financing. These 

borrowers have limited bargaining power and likely become financially constrained when lenders 

stop providing financing, as the costs of switching lenders can be high. Therefore, firms with low 

bargaining power will have a strong incentive to report more accurate allowances in order to avoid 

aggravating their financial situation, particularly when they provide aging reports to their lenders. 

Hence, we expect the increase in test firms’ reporting quality of accounts receivable to concentrate 

in firms with weak bargaining power over their lenders.21 Following similar logic, we also expect 

the increase in reporting quality to be stronger for test firms that borrow from banks with strong 

bargaining power. 

We measure borrower bargaining power as the ratio of borrowed loan amount over total 

debt the borrower carries in the year right after borrowing. If the ratio is above (below) the sample 

median, we consider the borrower to have low (high) bargaining power, as the amount of loan 

borrowed from a given bank accounts for a large (small) portion of the borrower’s total debt, which 

suggests that the borrower relies more (less) on this particular lender for financing. To measure 

banks’ bargaining power, we calculate the ratio of the loan amount to a specific borrower over the 

aggregate dollar amount of all loans made by the same lender in the same year. If the ratio is below 

(above) the sample median, we consider the lender to have high (low) bargaining power, as the 

                                                           
21 It can also be argued that firms with weak bargaining power are more likely to provide aging reports. Untabulated 

results show that our conclusions hold if we also match test and control firms based on their bargaining power over 

their lenders.    
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borrower is considered a less important (more important) customer to the bank. We partition the 

sample into subgroups of high and low borrower and bank bargaining power and estimate equation 

(1) separately for the four subgroups. Results are reported in panel A (the full sample) and panel 

B (the propensity score matched sample) of Table 8. Consistent with our expectation, the results 

documented in Table 5 concentrate in weak-bargaining-power borrowers, as shown in column (2) 

of both panels of Table 8. Likewise, we find significant results for banks with strong bargaining 

power, as shown in column (3) of both panels of Table 8. The differences in the coefficient 

estimates on TESTi×POSTt×ADAt between high and low borrower and bank bargaining power are 

both statistically significant at the 5% level or lower.  

[Insert Table 8 here] 

Considering earnings management in ADA 

Throughout the study, we argue banks’ access to borrowers’ private information reduces 

borrowers’ financial reporting error. We find evidence supporting this argument. Still, bank 

monitoring might also curb earnings management arising from accounts receivable reporting. This 

section discusses the implications of earnings management for our measure of receivable reporting 

quality. We conclude that cross-sectional tests pool firms with differential earnings-management 

incentives leading to an effect similar to management-prediction errors on our estimated receivable 

reporting quality.  

Managers may overstate or understate ADA to achieve earnings-reporting targets. 

Predicting whether managers of a given firm in a given fiscal period are likely to understate or 

overstate earnings requires the researcher to specify the incentives faced by its managers. Earnings 

management incentives could come from compensation contracts, debt contracts, analyst-relations, 
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and capital-market considerations. These incentives likely differ across firms and within a firm 

across fiscal periods. For example, a firm with new management might take a big-bath, building 

up cookie-jar reserves and report future earnings increases. A cookie-jar reserve implies 

overstatement of ADA in the present period. Alternatively, a firm might attempt to smooth 

earnings, and sometimes overstating or understating ADA to show a smooth earnings-growth trend.  

Predictions differ slightly if earnings management is a (1) constant or (2) fraction of ADA. 

If test firms in our sample systematically understate (overstate) ADA by a constant in the pre-

borrowing period, we would observe a negative (positive) and significant coefficient on 

TEST×POST.22  However, this coefficient shown in Tables 5 (full sample) and 7 (matched sample) 

is insignificant, suggesting that test firms do not systematically overstate ADA nor understate 

ADA by a constant. An alternative explanation for this coefficient’s insignificance is that some 

firms overstate ADA while others understate ADA by a constant, and the two cancel each other 

out. We cannot distinguish between the two. 

Alternatively, test firms may systematically understate (overstate) by a fraction of true 

ADA relative to control firms, and such behavior in the pre-borrowing period will lead to a positive 

(negative) and significant coefficient on TEST×ADA. However, this coefficient shown in Tables 

5 (full sample) and 7 (matched sample) is insignificant, suggesting test firms do not systematically 

either overstate or understate ADA by a fraction of true ADA relative to control firms. A mix of 

overstatement and understatement could also yield an insignificant coefficient on TEST×ADA.  It 

is also possible that both test and control firms understate or overstate ADA by a fraction of true 

ADA. If this is the case and bank oversight only constrains test firms’ understatement/ 

                                                           
22 If test firms systematically understate (overstate) ADA by a constant prior to borrowing, we would expect a positive 

intercept when ADA is controlled for in Equation (1) for the pre-borrowing. If test firms systematically understate 

(overstate) ADA by a constant before taking out a loan and they correct such understatement (overstatement) 

afterwards, the coefficient on TEST × POST will be negative (positive).  
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overstatement post loan origination, we would observe a negative/positive and significant 

coefficient on TEST×POST×ADA. Though the latter is consistent with our findings and thus we 

cannot rule out this possibility, it is difficult to believe that control firms can sustain such 

overstatement for at least six consecutive years, inferred from the insignificant coefficient on 

POST ×ADA from both Tables 5 and 7. 

Overall, the results of our study indicate that test firms do not systematically overstate or 

understate ADA relative to control firms. Rather, the evidence suggests the two behaviors are 

likely mixed in our sample. Therefore, the misstatement of ADA will likely distribute as random 

errors and leads to a downward bias, which is consistent with our findings. Whether pre-borrowing 

misstatements of test firms result from imprecise estimates on their part or intentional earnings 

management (i.e., overstatement of ADA), our evidence suggests that accounting quality (in 

general) improves for test firms.  

6. Robustness Tests 

King and Nielsen (2019) show that propensity score matching (PSM) may be prone to 

model dependence and statistical biases, and such biases can make the PSM test unfit to address 

concerns arising from the endogenous decision to enter an aging-report loan agreement. In this 

section, we follow King and Nielsen’s (2019) suggestions and conduct two additional tests to show 

the robustness of our results.  

First, King and Nielsen (2019) suggest that authors using PSM should clarify how much 

of the covariate bias is left after applying PSM, especially compared to how much existed in the 

original data. To do that, we follow Peel and Makepeace (2012) to measure the bias both before 
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and after applying PSM.23 In addition, we measure the percentage of bias reduction after PSM. 

Untabulated results show that for the majority of the variables, the bias reduction after PSM is 50% 

or more. Further, results in panel B of Table 6 show that PSM is successful in matching test and 

control firms and no covariate mean differences are statistically different from zero, except for that 

of ARCOLLAT, an indicator variable that denotes whether a borrower uses receivables as collateral.  

King and Nielsen (2019) also suggest using Euclidean distance as an alternative matching 

method for datasets with continuous variables. Following this suggestion, we conduct a one-to-

one match without replacement based on the nearest Euclidean distance for our test and control 

firms. The covariates used for the matching are the same as those used in the PSM test. We obtain 

a sample with 258 matched pairs. Untabulated results show that the coefficient on 

TESTi×POSTt×ADAt remains positive and statistically significant (coefficient = 0.550 and 

significant at the 5% level). Hence, our results are robust to this alternative matching procedure. 

7. Conclusions 

 We study changes in financial reporting quality related to accounts receivable surrounding 

the initiation of receivable-based loans. We find that receivable reporting quality increases 

significantly for borrowers that provide aging reports relative to borrowers that do not have such 

requirements. Our results are robust to a propensity score matched sample and remain unchanged 

after we control for a comprehensive set of time-varying firm characteristics and firm and year 

                                                           
23 Specifically, Peel and Makepeace (2012) suggest the following equation to measure the standardized bias: 

standardized bias =
100 (𝑍𝑚 𝑈̅̅ ̅̅ ̅̅ ̅−𝑍𝑡 𝑇)̅̅ ̅̅ ̅̅ ̅ 

√(𝜎𝑚𝑈
2 +𝜎𝑚𝑇

2 )/2

, where 𝑍𝑚𝑈
̅̅ ̅̅ ̅̅  is the mean of the variable in the control group, 𝑍𝑡 𝑇

̅̅ ̅̅ ̅ is the mean of 

the same variables in the test sample group, and 𝜎𝑚𝑈
2  and 𝜎𝑚𝑇

2  are the variances of the variable for the control group 

and test group, respectively. We compute the standardized biases for the unmatched sample (𝑆𝐵𝑚𝑃𝑅𝐸) as well as for 

the matched sample (𝑆𝐵𝑚𝑃𝑂𝑆𝑇). The reduction in bias after matching is then computed as 100 ∗
𝑆𝐵𝑚𝑃𝑂𝑆𝑇

𝑆𝐵𝑚𝑃𝑅𝐸
. 
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fixed effects. Cross-sectional analyses reveal that borrowers’ weak bargaining power represents 

one of the channels underpinning the effect of aging-report requirements.  

Our study specifies important institutional mechanisms through which lenders obtain 

private information about borrowers. Prior accounting research demonstrates that lenders affect 

borrowers’ accounting policy via their demand for conservative financial reporting (Gormley et al. 

2012; Martin and Roychowdhury 2015; Tan 2013). However, what is less understood is how 

lenders alter borrowers’ financial reporting policy. This study fills this gap and provides evidence 

that the information channels provided by private debt contracts affect borrowers’ financial 

reporting quality. Our study has several implications for future research. First, given that firms use 

various types of assets—such as inventory or patents—in asset-based borrowing, it will be 

interesting to examine whether the technology employed by banks to monitor the quality of these 

assets produces similar impacts on the reporting quality of those assets. Second, while our study 

focuses on documenting the reporting quality improvement due to bank monitoring, an important 

implication is whether other stakeholders recognize such change and use it in their own decision 

making, thereby generating externalities.    



31 

 

 

REFERENCES 

Acharya, V. and Johnson, T. 2007. Insider trading in credit derivatives, Journal of Financial 

Economics 84: 110-41. 

 

Altman, E.I. 1968. Financial ratios, discriminant analysis and the prediction of corporate 

bankruptcy. The Journal of Finance 23: 589-609. 

 

Baylis, R. M., P. Burnap, M. A. Clatworthy, M. A. Gad, and C. K. M. Pong. 2017. Private lenders’ 

demand for audit. Journal of Accounting and Economics 64(1): 78-97. 

 

Beatty, A., J. Weber, and J. Yu. 2008. Conservatism and debt. Journal of Accounting and 

Economics 45: 154-74. 

 

Beck, P. and G. Narayanamoorthy. 2013. Did the SEC impact banks’ loan loss reserve policies 

and their informativeness? Journal of Accounting and Economics 56 (2-3): 42-65.  

 

Bernard, D. 2016. Is the risk of product market predation a cost of disclosure? Journal of 

Accounting Economics 62 (2-3): 305-25. 

Bushman, R.M., A. J. Smith, and R. Wittenberg‐Moerman. 2010. Price discovery and 

dissemination of private information by loan syndicate participants. Journal of Accounting 

Research 48 (5): 921-72. 

Bushman, R. and R. Wittenberg-Moerman. 2012. The role of bank reputation in “certifying” future 

performance implications of borrowers’ accounting numbers. Journal of Accounting 

Research 50: 883-930. 

Carrizosa, R. and S. G. Ryan. 2017. Borrower private information covenants and loan contract 

monitoring. Journal of Accounting and Economics 64: 313-39. 

Chen, T. and X. Martin. 2011. Do bank-affiliated analysts benefit from lending relationships? 

Journal of Accounting Research 49: 633-75.  

Comptroller’s Handbook. 2014. Asset-Based Lending. Office of the Comptroller of the Currency, 

Washington, DC 20219. https://www.occ.treas.gov/publications/publications-by-

type/comptrollers-handbook/pub-ch-asset-based-lending.pdf. 

 

Diamond, D.W. 1984. Financial intermediation and delegated monitoring. Review of Economic 

Studies 51: 393-414. 

 

Fama, E. 1985. What’s different about banks? Journal of Monetary Economics 15: 29-39.  

 

Frankel, R. and S. Roychowdhury. 2009. Are all special items equally special? The predictive role 

of conservatism. Working paper. Washington University in St. Louis and Boston College.  



32 

 

 

 

Gormley, T.A., B. H. Kim, and X. Martin. 2012. Do firms adjust their timely loss recognition in 

response to changes in the banking industry? Journal of Accounting Research 50 (1): 159-96. 

 

Haddad, R. 2018. Fraud: {The “F” word} An illustrative and cautionary tale. The Secured 

Lender, August, 2018, available at http://www.thesecuredlender-

digital.com/thesecuredlender/october_2018/MobilePagedArticle.action?articleId=1431087#

articleId1431087. 

 

Hadlock, C.J. and J. R. Pierce. 2010. New evidence on measuring financial constraints: Moving 

beyond the KZ index. Review of Financial Studies 23 (5): 1909-40. 

 

Iossa, E. and D. Martimort. 2015. Pessimistic information gathering. Games and Economic 

Behavior 91: 75-96. 

 

Ivashina, V. and Z. Sun.  2011. Institutional stock trading on loan market information. Journal of 

Financial Economics 100: 248-303.  

 

Jackson, S.B. and X. Liu. 2010. The allowance for uncollectible accounts, conservatism, and 

earnings management. Journal of Accounting Research 48: 565-601.  

 

James, C. 1987. Some evidence of the uniqueness of bank loans. Journal of Financial Economics 

19: 217-35. 

Jimenez, G., J. Lopez, and J. Saurina. 2009. Empirical analysis of corporate credit lines. Review 

of Financial Studies 22: 5069-98. 

 

King, G. and R. Nielsen. 2019. Why propensity scores should not be used for matching. Political 

Analysis, forthcoming.  

 

Martin, X. and S. Roychowdhury. 2015. Do financial market developments influence accounting 

practices? Credit default swaps and borrowers’ reporting conservatism. Journal of 

Accounting and Economics 59 (1): 80-104. 

 

McNichols, M. and G. P. Wilson. 1988. Evidence of earnings management from the provision for 

bad debts. Journal of Accounting Research 26: 1-31. 

 

Mester, L.J., L. L. Nakamura, and M. Renault. 2007. Transactions accounts and loan monitoring. 

Review of Financial Studies 20: 529-56. 

 

Mikkelson, W. and M. Partch. 1986. Valuation effects of securities offerings and the issuance 

process. Journal of Financial Economics 15: 31-60. 

Minnis, M. and A. Sutherland. 2017. Financial statements as monitoring mechanisms: Evidence 

from small commercial loans. Journal of Accounting Research 55: 197-223.  

http://www.thesecuredlender-digital.com/thesecuredlender/october_2018/MobilePagedArticle.action?articleId=1431087#articleId1431087
http://www.thesecuredlender-digital.com/thesecuredlender/october_2018/MobilePagedArticle.action?articleId=1431087#articleId1431087
http://www.thesecuredlender-digital.com/thesecuredlender/october_2018/MobilePagedArticle.action?articleId=1431087#articleId1431087


33 

 

 

Nikolaev, V.V. 2018. Scope for renegotiation in private debt contracts. Chicago Booth Research 

Paper No. 15-15. Available at SSRN: https://ssrn.com/abstract=2012526.   

 

Norden, L. and M. Weber. 2010. Credit line usage, checking account activity, and default risk of 

bank borrowers. Review of Financial Studies 23: 3665-99. 

 

Peel, M. and H. Makepeace. 2012. Differential audit quality, propensity score matching and 

Rosenbaum bounds for confounding variables. Journal of Business Finance & Accounting 39: 

606 - 48.  

 

Roberts, M.R., 2015. The role of dynamic renegotiation and asymmetric information in financial 

contracting, Journal of Financial Economics 116: 61-81. 

Roberts, M., Whited, T., 2013. Endogeneity in corporate finance. Chapter 7 of the Handbook of 

the Economics of Finance, Volume 2 Part A, 493-572. 

Schwartzkopf, J. 2011. When is enough, enough? Is a field audit program adequate protection 

from fraud? ABF Journal 9 (1). available at https://www.abfjournal.com/ articles/ when-is-

enough-enough-is-a-field-audit-program-adequate-protection-from-fraud/. 

Sufi, A. 2009. Bank line of credit in corporate finance: An empirical analysis. Review of Financial 

Studies 22: 1057-88. 

Tan, L. 2013. Creditor control rights, state of nature verification, and financial reporting 

conservatism. Journal of Accounting and Economics 55: 1-22. 

Teoh, S. H., T. J. Wong, and G. R. Rao. 1998. Are accruals during initial public offerings 

opportunistic? Review of Accounting Studies 3: 175.  

 

Watts, R. 2003. Conservatism in accounting, part I: Explanations and implications. Accounting 

Horizons 17: 207-21. 

  



34 

 

 

Figure 1 Temporal Trend of Accounts Receivable Reporting Quality 

 

 
 

  

Notes: Panel A depicts the moving trend of the coefficient estimate of β2 for the test and control firms 

separately for each event year: 

WOit+1 = β1 + β2ADAit + β3RATINGit + β4LEVit + β5LEVit+1  

+ β6CFOit+1 + β7 ROAit+1 + β8WOit + β9ARit + β10SIZEit + β11FOLLOWit + β12MTBit  

+ β13ARTO_INDjt + β14SD_SALE_INDjt + β15ZSCORE_INDjt+ β16GDPGRjt + εit 

The event year 0 is the year of a loan initiation. Panel B shows the 95% confidence intervals for the 

coefficient differences for the test and control firms.  
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TABLE 1  

Sample-Selection Procedure 

Selection criteria No. Packages 

Receivable-based DealScan loans packages for 1996-2012  6,028 
 

Merge Compustat with loan packages by CIK 4,635 
 

Require six-year Compustat financial information around loan borrowing 2,782 
 

Locate complete loan contracts on EDGAR and select firms with the first 

receivable-based loan contracts with aging requirements as test firms and 

require control firms to borrow receivable-based loans with no aging 

requirement during the sample period 1,626 
 

Minimum of five years receivable write-offs in Schedule II of 10K  919 

Include: contracts with aging-report requirement  652 

              contracts without aging-report requirement 267 

Notes: This table presents the procedures for selecting sample loans and the number of loan packages 

after each procedure. 
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TABLE 2  

Time and Industry Profile of Test Firms  

 

 
Panel A: Time profile of sample loan contracts 

Year With Aging No Aging Total Percentage DealScan Percentage 

1996 47 18 65 7.07% 361 7.79% 

1997 64 19 83 9.03% 443 9.56% 

1998 59 22 81 8.81% 377 8.13% 

1999 47 14 61 6.64% 341 7.36% 

2000 47 9 56 6.09% 299 6.45% 

2001 76 24 100 10.88% 401 8.65% 

2002 91 36 127 13.82% 580 12.51% 

2003 64 18 82 8.92% 424 9.15% 

2004 31 29 60 6.53% 372 8.03% 

2005 22 18 40 4.35% 260 5.61% 

2006 23 9 32 3.48% 198 4.27% 

2007 16 7 23 2.50% 160 3.45% 

2008 19 10 29 3.16% 143 3.09% 

2009 22 11 33 3.59% 142 3.06% 

2010 13 9 22 2.39% 102 2.20% 

2011 9 12 21 2.29% 96 2.07% 

2012 2 2 4 0.44% 36 0.78% 

Total 652 267 919 100% 4,635 100% 

 

Panel B: Industry profile of sample contracts 

  Sample Firms  Compustat Universe 

Industry Frequency Percentage  Frequency Percentage 

Agriculture, Forestry, & Fishing 3 0.3%  57 0.3% 

Mining 17 1.9%  1,183 6.7% 

Construction 147 16%  162 0.9% 

Manufacturing 363 40%  6,073 34.5% 

Transportation & Public Utilities 36 3.9%  1,610 9.1% 

Wholesale Trade 142 15.4%  539 3.1% 

Retail Trade 13 1.4%  900 5.1% 

Finance, Insurance, & Real Estate 143 15.6%  3,801 21.6% 

Services 47 5.1%  3,068 17.4% 

Nonclassifiable Establishments 8 0.9%  217 1.2% 

Total 919 100.0%  17,608 100.0% 

Notes: This table describes the yearly distribution of the sample loans in panel A and the one-digit SIC 

industry profile of the loan borrowers in panel B. 
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TABLE 3  

Characteristics of Loan Contracts 

 
Panel A: Loan characteristics 

Loan Characteristics N Mean Std. Dev. P25 Median P75 

Log(Loan Spread) 884 5.893 0.647 5.420 5.773 6.320 

Log(Deal Amount) 919 17.375 1.462 16.300 17.37 18.420 

Maturity (Years) 905 3.802 1.596 3.000 4.000 5.000 

Eligible AR 589 81.047 8.224 80.000 85.000 85.000 

FINCOV 919 0.425 0.495 0.000 0.000 1.000 

ARBASE 919 0.482 0.499 0.000 0.000 1.000 

ARCOLLAT 919 0.155 0.362 0.000 0.000 1.000 

ARBOTH 919 0.363 0.231 0.000 0.000 1.000 

TERM 919 0.366 0.482 0.000 0.000 1.000 

Aging Report 919 0.709 0.454 0.000 1.000 1.000 
 

 

Panel B: Aging report frequency distribution (test firms only) 

Reporting Frequency Frequency  Percentage 

Weekly 13  2.00% 

Bi-Weekly 1  0.20% 

Monthly 556  85.50% 

Quarterly 35  5.40% 

Semi-Annually 3  0.50% 

Annually 2  0.30% 

By Request 40  6.20% 

Total 650  100% 

Notes: This table presents loan characteristics (panel A) and the frequency of accounts receivable aging 

reports for test contracts (panel B). Loan Spread is the loan total cost paid over LIBOR for each dollar 

drawn down under the loan commitment; Deal Amount is the total dollar amount of the loan; Maturity is 

the loan maturity in years; Eligible AR is the percentage of eligible accounts receivable used to calculate 

borrowing bases; FINCOV is an indicator variable equal to one if a loan contains earnings-based financial 

covenants and zero otherwise; ARBASE is an indicator variable equal to one if accounts receivable is used 

as a borrowing base only and zero otherwise; ARCOLLAT is an indicator variable equal to one if accounts 

receivable is used as collateral only and zero otherwise; ARBOTH is an indicator variable equal to one if 

accounts receivable is used as both borrowing base and collateral and zero otherwise; TERM is an indicator 

variable equal to one if a facility contains a term loan and zero otherwise; Aging Report is an indicator 

variable equal to one if a loan requires aging reports and zero otherwise. 
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TABLE 4 

Descriptive Statistics and Pearson Correlations 

 
Panel A: Descriptive statistics 

 

 

 

 

 

 

 

 

 

 

 

 

VARIABLES N Mean Std. Dev. P25 Median P75 

ADAt 5,126 0.071 0.104 0.020 0.039 0.078 

WOt+1 5,126 0.067 0.203 0.002 0.013 0.042 

WOt 5,126 0.062 0.182 0.002 0.012 0.039 

TESTi 5,126 0.715 0.451 0.000 1.000 1.000 

RATINGt 5,126 15.276 2.227 14.000 15.000 17.000 

LEVt+1 5,126 0.285 0.253 0.074 0.243 0.421 

LEVt 5,126 0.282 0.243 0.080 0.246 0.416 

CFOt+1 5,126 0.022 0.147 -0.022 0.042 0.099 

ROAt+1 5,126 -0.072 0.252 -0.103 0.004 0.049 

ARt 5,126 0.165 0.091 0.108 0.153 0.205 

SIZEt 5,126 5.019 1.582 3.870 4.925 6.054 

FOLLOWt 5,126 0.636 0.481 0.000 1.000 1.000 

MTBt 5,126 3.258 7.027 0.539 0.966 2.037 

ARTO_INDt 5,126 9.327 11.86 5.764 6.435 7.617 

SALE_SD_INDt 5,126 0.0317 0.0148 0.0228 0.0275 0.0365 

ZSCORE_INDt 5,126 2.011 0.980 1.559 2.097 2.695 

GDPGRt 5,126 0.054 0.029 0.039 0.055 0.074 
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Panel B: Pearson correlation matrix 

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

(1) ADAt 0.614 0.002 0.150 -0.018 -0.159 -0.148 -0.090 -0.117 -0.008 -0.037 

(2) WOt+1  -0.039 0.051 0.000 -0.158 -0.095 -0.048 -0.039 0.019 -0.032 

(3) TESTi   0.133 -0.041 -0.059 -0.087 0.098 -0.217 -0.057 -0.038 

(4) RATINGt    0.331 -0.299 -0.312 0.053 -0.438 -0.289 0.149 

(5) LEVt     0.041 0.078 -0.096 0.157 -0.251 0.305 

(6) CFOt+1      0.578 -0.085 0.132 -0.046 0.020 

(7) ROAt+1       -0.096 0.203 -0.003 -0.055 

(8) ARt        -0.115 0.051 0.001 

(9) SIZEt         0.363 0.005 

(10) FOLLOWt          -0.299 

(11) MTBt           

Notes: This table presents the descriptive statistics and the Pearson correlation matrix for variables used in the analyses in panel A and panel B, 

respectively. ADA is the allowance for uncollectible accounts receivable scaled by accounts receivable; WO is the write-offs of uncollectible accounts 

receivable scaled by accounts receivable; TEST is an indicator variable equal to one if the firm is a test firm and zero otherwise; RATING is the S&P 

long-term credit rating from Compustat, and if a firm is missing the rating, then we estimate the credit rating following Beatty et al. (2008); LEV is 

the leverage defined as the total debt divided by total assets; CFO is the cash flow from operations scaled by total assets; ROA is the return on assets 

calculated as the ratio of net income over total assets; AR is the gross accounts receivable scaled by sales; FOLLOW is an indicator variable equal to 

one if a firm is followed by analysts and zero otherwise; SIZE is the natural logarithm of total assets; MTB is the market value to book value of 

equity; ARTO_IND is the industry median accounts receivable turnover ratio defined as sales divided by average gross accounts receivable; 

SALE_SD_IND is the industry median standard deviation of sales using quarterly data for all firms in the industry with available data in Compustat; 

ZSCORE_IND is the industry median Altman (1968) z-score computed using all firms in the industry with available data in Compustat; GDPGR is 

the percentage change in gross domestic product for the state where the borrowing firm is headquartered. In panel B, correlations with a significance 

of 5% or lower (two-tailed) are emphasized in bold.  
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TABLE 5 

Bank Loan Borrowing and Quality of Allowance for Doubtful Accounts Receivable  
 

 

VARIABLES 

Full Sample 

Dependent Variable = WOt+1 

POSTt -0.007 (0.014) 

TESTi×POSTt -0.015 (0.012) 

ADAt 0.705*** (0.193) 

TESTi×ADAt -0.333 (0.207) 

POSTt×ADAt -0.018 (0.148) 

TESTi × POSTt ×ADAt 0.371** (0.167) 

RATINGt 0.205** (0.091) 

LEVt 0.001 (0.003) 

LEVt+1 -0.019 (0.036) 

ROAt+1 -0.031 (0.055) 

CFOt+1 -0.070 (0.058) 

WOt 0.202** (0.086) 

ARt 0.215** (0.081) 

SIZEt 0.020 (0.014) 

FOLLOWt -0.001 (0.009) 

MTBt 0.002 (0.007) 

ARTO_INDt 0.003 (0.004) 

SALE_SD_INDt -0.529 (0.617) 

ZSCORE_INDt -0.001 (0.007) 

GDPGRt -0.021 (0.075) 

   
Year Fixed Yes 

Firm Fixed Yes 

Observations 5,126 

Adjusted R-squared 0.699 

Notes: This table reports the results from estimating the relation between one-year-ahead accounts 

receivable write-offs and allowance for doubtful accounts recognition. The dependent variable is WOt+1, 

year t+1 write-offs of uncollectible accounts receivable scaled by accounts receivable of the same year. 

POST is an indicator variable equal to one if the fiscal year is the loan borrowing year or afterwards and 

zero otherwise, and TEST is an indicator variable equal to one if the firm is a test firm and zero otherwise; 

ADA is the allowance for doubtful accounts receivable scaled by accounts receivable of the same year. 

Definitions of other variables appear in Tables 3 and 4. Standard errors are reported in parentheses and are 

clustered at the firm level. ***, **, * indicate statistical significance at the levels of 1 percent, 5 percent, 

and 10 percent, respectively. 
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TABLE 6 

Propensity Score Matching 

 
Panel A: Propensity score model 

  

Propensity Score Estimate  

Dependent Variable = TESTi 

  

VARIABLES  (1)  (2) 

RATINGi  0.060 (0.056)  0.057  (0.056) 

LEVi  -0.541 (0.451)  -1.467  (0.475) 

CFOi  -1.643*** (0.737)  -1.576**  (0.741) 

ROAi  -0.232 (0.493)  0.089  (0.494) 

WOi  -0.503 (0.462)  -0.417  (0.491) 

ARi  0.377 (0.989)  0.034  (1.013) 

SIZEi  -0.168** (0.083)  0.063  (0.114) 

FOLLOWi  -0.115 (0.214)  -0.049  (0.221) 

MTBi  -0.119 (0.104)  -0.088  (0.109) 

FINCONSTi  0.187 (0.216)  0.307  (0.377) 

FINCOVi     0.212  (0.224) 

Log(Deal Amounti)     -0.331***  (0.118) 

ARBASEi     -0.546**  (0.252) 

ARCOLLATi     -1.281***  (0.253) 

TERMi     0.090  (0.203) 

        

Year Fixed  Yes  Yes 

Industry Fixed  Yes  Yes 

Observations  919  919 

Pseudo R-squared  0.111  0.154 
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TABLE 6 (Continued) 
 

Panel B: Comparison of test firms and control firms using propensity score matching 

  Control Test Mean Difference 

VARIABLES  Mean Mean Control - Test t-stat 

ADAt  0.059 0.057 0.002 0.264 

WOt  0.072 0.062 0.009 0.477 

RATINGt-1  14.606 14.621 -0.014 -0.075 

LEVt-1  0.292 0.307 -0.015 -0.734 

LEVt  0.308 0.328 -0.020 -0.940 

CFOt  0.044 0.050 -0.005 -0.548 

ROAt  -0.038 -0.035 -0.003 -0.183 

WOt-1  0.074 0.072 0.002 1.121 

ARt-1  0.155 0.158 -0.003 -0.374 

SIZEt-1  5.376 5.370 0.006 0.042 

FOLLOWt-1  0.655 0.644 0.011 0.271 

MTBt-1  4.909 4.638 0.270 0.338 

FINCONSTt-1  0.588 0.639 -0.051 -1.210 

FINCOV  0.531 0.468 0.063 1.471 

Log(Deal Amount)  17.956 17.962 -0.006 -0.054 

ARBASE  0.419 0.471 -0.052 -1.218 

ARCOLLAT  0.284 0.213 0.071* 1.904 

TERM  0.363 0.369 -0.006 -0.692 

Notes: Panel A reports the logit regression explaining the aging-report requirements based on firm 

characteristics in the year before borrowing. The dependent variable is TEST, which equals one if a loan 

requires aging reports and zero otherwise. All firm characteristics are measured in year t-1. We match each 

test firm with one control firm with the nearest propensity score without replacement. Standard errors are 

reported in parentheses and are clustered at the firm level. Panel B provides results comparing firm-level 

and industry-level characteristics in the year before borrowing between test firms and matched control firms. 

Definitions of other variables appear in Tables 3 and 4. ***, **, * indicate statistical significance at the 

levels of 1 percent, 5 percent, and 10 percent, respectively.  
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TABLE 7 

Matched Sample Analysis 
 

 

VARIABLES Propensity Score Matched Sample 

POSTt -0.006 (0.012) 

TESTi × POSTt -0.023 (0.014) 

ADAt 0.674*** (0.195) 

TESTi × ADAt -0.390 (0.258) 

POSTt × ADAt -0.055 (0.149) 

TESTi × POSTt x ADAt 0.550** (0.271) 

RATINGt 0.259** (0.103) 

LEVt -0.000 (0.003) 

LEVt+1 0.002 (0.041) 

ROAt+1 -0.030 (0.049) 

CFOt+1 -0.037* (0.019) 

WOt 0.006 (0.029) 

ARt 0.160** (0.065) 

SIZEt 0.023 (0.015) 

FOLLOWt 0.003 (0.008) 

MTBt -0.001 (0.006) 

ARTO_INDt 0.003 (0.003) 

SALE_SD_INDt -0.841 (0.753) 

ZSCORE_INDt -0.008 (0.007) 

GDPGRt -0.011 (0.101) 

   
Year Fixed Yes 

Firm Fixed Yes 

Observations 2,971 

Adjusted R-squared 0.711 

Notes: This table reports the results from estimating the relation between one-year-ahead accounts 

receivable write-offs and allowance for doubtful accounts recognition using the propensity score matched 

sample. The dependent variable is WOt+1, year t+1 write-offs of uncollectible accounts receivable scaled 

by accounts receivable of the same year. POST is an indicator variable equal to one if the fiscal year is the 

loan borrowing year or afterwards and zero otherwise, and TEST is an indicator variable equal to one if the 

firm is a test firm and zero otherwise; ADA is the allowance for doubtful accounts receivable scaled by 

accounts receivable of the same year. Definitions of other variables appear in Tables 3 and 4. Standard 

errors are reported in parentheses and are clustered at the firm level. ***, **, * indicate statistical 

significance at the levels of 1 percent, 5 percent, and 10 percent, respectively. 
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TABLE 8 

The Effect of Bargaining Power of Banks and Borrowers 

 

Panel A: Full sample 

  POWER FIRM WEAK FIRM   POWER BANK WEAK BANK 

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

POSTt -0.021 (0.012) 0.007 (0.022)  0.020 (0.021) -0.015 (0.014) 

TESTi × POSTt 0.016* (0.008) -0.033 (0.025)  -0.042** (0.019) 0.014 (0.012) 

ADAt 0.569*** (0.136) 0.756*** (0.243)  0.879*** (0.277) 0.419*** (0.113) 

TESTi ×ADAt -0.533*** (0.171) -0.422 (0.256)  -0.549* (0.299) -0.440*** (0.150) 

POSTt × ADAt 0.187* (0.105) -0.135 (0.226)  -0.402 (0.257) 0.179* (0.088) 

TESTi × POSTt x ADAt -0.101 (0.120) 0.587** (0.265)  0.776** (0.280) -0.028 (0.141) 

   p-value of difference 0.01  0.01 
          

Control Variables Yes Yes  Yes Yes 

Year Fixed Yes Yes  Yes Yes 

Firm Fixed Yes Yes  Yes Yes 

Observations 2,532 2,524  2,670 2,456 

Adjusted R-squared 0.726  0.735   0.730 0.728 

 

Panel B: Matched sample 

  POWER FIRM WEAK FIRM   POWER BANK WEAK BANK 

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

POSTt -0.021 (0.012) 0.018 (0.017)  0.034 (0.021) -0.015 (0.015) 

TESTi × POSTt 0.010 (0.008) -0.043 (0.025)  -0.051** (0.020) 0.011 (0.013) 

ADAt 0.495*** (0.108) 0.748*** (0.244)  0.885*** (0.282) 0.364*** (0.109) 

TESTi × ADAt -0.474*** (0.155) -0.592* (0.325)  -0.825** (0.344) -0.405** (0.175) 

POSTt × ADAt 0.151* (0.083) -0.178 (0.232)  -0.502* (0.266) 0.155 (0.100) 

TESTi × POSTt x ADAt 0.094 (0.149) 0.808** (0.376)  0.847** (0.311) 0.160 (0.215) 

   p-value of difference 0.05  0.05 
          

Control Variables Yes Yes  Yes Yes 

Year Fixed Yes Yes  Yes Yes 

Firm Fixed Yes Yes  Yes Yes 

Observations 1,576 1,338  1,471 1,494 

Adjusted R-squared 0.732  0.726   0.777 0.765 

Notes: This table reports the results estimating the effect of banks’ and firms’ bargaining power on the 

relation between allowance for doubtful accounts recognition and one-year-ahead accounts receivable 

write-offs. The Power (Weak) Bank sample includes firms with the ratio of the loan amount lent to the 

borrower over a bank’s total loans below (above) the sample median; the Power (Weak) Firm sample 

includes firms with the ratio of a firm’s borrowed loan amount over the firm’s total debt in the year right 

after the borrowing below (above) the sample median. The dependent variable is WOt+1, year t+1 write-

offs of uncollectible accounts receivable scaled by accounts receivable of the same year; ADA is the 

allowance for doubtful accounts receivable in year t scaled by accounts receivable of the same year; POST 

is an indicator variable equal to one if the fiscal year is the loan borrowing year or the years after the 

borrowing and zero otherwise; TEST is an indicator variable equal to one if the firm is a test firm and zero 

otherwise. Standard errors are reported in parentheses and are clustered at the firm level. ***, **, and * 

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


