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In my study, I use a unique hand-collected dataset of corporate credit line usage. 

In the first part of the study, I examine whether firms draw precautionary balances from 

their credit lines in anticipation of a decline in future availability. I find that credit line 

drawdowns precede declines in cash flow. Further, I model predicted drawdowns and 

estimate unexpected drawdowns as the residual from the predictive regression. I show 

that unexpected drawdowns predict future cash flow declines, future net worth declines, 

future current ratio declines, future covenant violations and concurrent ratings 

downgrades. Consistent with the use of unexpected drawdowns as a proxy for 

precautionary balances that are not needed for immediate investment, unexpected 

drawdowns are associated with increases in cash balances. Firms with unexpected 

drawdowns do not get better terms in renegotiations, but they are more able to finance 

future capital expenditures following a covenant violation than those firms without 

unexpected drawdowns. Overall, these findings support the hypothesis that firms 

strategically draw on their credit lines to access cash before their performance 

deteriorates. 
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In the second part of the study, I use my hand-collected dataset to evaluate 

Capital IQ data on credit line usage. Recent academic work in finance has made use of 

Capital IQ’s more detailed data on capital structure. I illustrate several potential issues 

with relying on Capital IQ data to determine if a firm uses or has access to corporate 

credit lines. These include reporting missing values when there is data available on 

credit line usage and access in the company’s 10-K filings, underrepresenting the 

number of firm-year observations in which the sampled companies have access to and 

availability on a corporate credit line and using data from tables that may misrepresent 

credit line activity. I suggest some means for improvement when making use of the 

Capital IQ database. 
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CHAPTER 1 
INTRODUCTORY REMARKS 

In both of the two chapters that constitute my study, I investigate corporate credit 

line usage. In the first part, Chapter 2, I utilize a unique dataset to examine whether 

firms draw precautionary balances from their credit lines in anticipation of a decline in 

future availability. To measure the preemptive balances drawn by firms, I model 

predicted drawdowns and measure unexpected drawdowns as the residual from the 

predictive regression. I find evidence that firms draw unexpectedly on their credit lines in 

advance of poor performance, covenant violations and decreased availability. I also 

show that these unexpected drawdowns do not put the firm in a better bargaining 

position with their bank but also do not result in harsh retaliation by the bank. I find that 

unexpected drawdowns allow the company to maintain future capital expenditures.  

In the second part of the study, Chapter 3, I use my hand-collected dataset to 

evaluate Capital IQ data on credit line usage. I illustrate several potential issues with 

relying on Capital IQ data to determine if a firm uses or has access to corporate credit 

lines. These include inconsistent reporting of data for a given firm over time, a 

consistent mislabeling of fiscal years, and an overreliance on tables reported in filings 

instead of a more in-depth reading of the filing. I suggest some means for improving 

Capital IQ data for academic purposes. 

Overview of Chapter 2 

Most of the theoretical models of credit lines are based upon the assumption that 

access to a committed line is not contingent on the financial condition of the borrower at 

the time a draw is requested. However, recent empirical studies indicate that this 

assumption may not be realistic. For example, Sufi (2009) finds evidence that access to 
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credit lines and the firms’ reliance on credit lines relative to cash is increasing in the 

operating cash flows of the borrower. Sufi argues that this positive relationship arises 

from cash flow and other financial covenants associated with bank lines of credit. These 

restrictions would appear to limit the liquidity insurance that lines provide.  

The objective of Chapter 2 is to better understand what role lines of credit play in 

corporate liquidity management. I examine whether firms strategically time their credit 

line drawdowns. I hypothesize that if firms have private information concerning their 

future operating performance and if banks condition line access on operating 

performance at the time of a draw request, then firms may have an incentive to 

preemptively draw on their lines as a way of accumulating precautionary cash balances. 

Firms’ incentives to strategically draw on their lines are likely to be a function of the 

lenders’ reaction to subsequent performance declines given a large strategic draw. If, 

for example, lenders react more aggressively to covenant violations conditional on 

strategic line use, then borrowers may limit line borrowing as a way of acquiring 

precautionary balances. 

Using my hand-collected sample on credit line usage, I model drawdowns and 

estimate unexpected drawdowns as the residual from the predictive regression. 

Consistent with their use as a proxy for preemptive drawdowns, I show that unexpected 

drawdowns increase cash holdings. I find that unexpected drawdowns predict future 

cash flow declines, future covenant violations, and concurrent credit rating downgrades. 

These findings support my hypothesis regarding strategic credit line drawdowns.  

I also address the bank response to unexpected drawdowns. Sufi (2009) shows 

that covenant violations are associated with reductions in the size, or overall availability, 
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of the credit line. I extend his results to show that covenant violations are not associated 

with subsequent declines in the amount of borrowing, or actual credit line usage, 

although they are associated with declines in the unused amount of the line available to 

the borrower in the future. If credit line availability is likely to be cut after a default but 

drawn amounts are not required to be immediately fully repaid, then corporations have 

an incentive to draw on their lines in anticipation of poor future cash flows and potential 

covenant violations.  

Furthermore, Nini, Smith and Sufi (2011) argue that covenant violations lead to a 

reduction in capital expenditures. They contend that this is due to new restrictions and 

control rights imposed by the lender. I find that unexpected drawdowns mitigate future 

capital expenditure declines following a covenant violation. Thus unexpected 

drawdowns seem to put the firm in a better position. I further explore the change in 

credit line contract terms following a covenant violation using DealScan data on credit 

line contracts to see if firms enhance their bargaining power with their lender. I find no 

evidence that contract terms improve for borrowers who draw preemptively on their 

lines of credit. If anything, I tend to see a worsening of contract terms.1 I interpret this 

evidence on the bank reaction to unexpected drawdowns as follows: banks gain 

leverage in renegotiating contract terms following a covenant violation and tend to 

tighten loan terms, but they do not immediately require repayment of the outstanding 

balances or impose any other strong punishment on firms with unexpected drawdowns. 

                                            
1
 Chen, Hu and Mao (2011) find that all drawdowns lead to worse future contract terms on a new credit 

line agreement. I do not find significant differences in contract terms for those firms with and without 
unexpected drawdowns conditional on a covenant violation. 
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Therefore, the cash available from a preemptive draw on the credit line can be used to 

maintain future capital expenditures 

Overview of Chapter 3 

New studies are beginning to make use of Capital IQ’s detailed dataset on capital 

structure. Capital IQ provides data from 2002 – 2010 on drawn and available amounts 

on corporate credit line contracts. Paolo, Ippolito, and Li (2011) and Ippolito and Perez 

(2011) use Capital IQ to identify firms with access to credit lines. They also make use of 

drawn amounts outstanding as reported in Capital IQ in their analysis. I compare the 

drawn and available amounts in Capital IQ to hand-collected data on credit line usage 

for a random sample of firms. The goal is to document the accuracy of Capital IQ’s 

collection method relative to hand collecting. Of course, my hand collection is subject to 

possible errors or subjective judgments, as well. I do not claim to have a perfect 

database, but I believe that I am able to document some specific features of Capital IQ 

data that should be of use for individuals who wish to use this dataset for studies 

involving credit line data.  

I identify several concerns with the use of Capital IQ data on credit line usage and 

give examples of the relevant issues. First, Capital IQ often reports blanks when there is 

data available on credit line usage and access in the company’s 10-K filings. Worse, 

this lack of reporting is not consistent over time. In addition, I show that using Capital 

IQ’s reported availability significantly underrepresents the number of firm-year 

observations in which the sampled companies have access to and availability on a 

corporate credit line. Only 27% of the firm-year observations in the hand-collected 

sample match Capital IQ data in establishing whether or not there are amounts 

available to borrow on a credit line. If I follow existing work by Ippolito and Perez (2011) 
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and use reported Capital IQ credit line availability to determine whether or not a firm has 

a line of credit, then Capital IQ captures only 28% of the firm-year observations where 

there is a corporate credit line. I suggest an improvement for the purposes of 

determining credit line access. By using the sum of Capital IQ’s drawn and available 

variables, the accuracy of using Capital IQ to determine if a company has a credit line 

increases to 71%.  

Finally, Capital IQ often uses data from tables. This may eliminate some important 

granularity that can be obtained by reading the filing. For instance, the reporting of 

outstanding amounts on a credit line agreement may aggregate the revolving and term 

loan portion of the agreement. This study is the first to systematically examine the 

Capital IQ credit line database, so it may prove useful for future academic research. 
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CHAPTER 2 
STRATEGIC CREDIT LINE USAGE AND PERFORMANCE 

Introduction 

The objective of my paper is to better understand what role lines of credit play in 

corporate liquidity management. Specifically, a prominent theme in the theoretical 

literature is that corporate credit lines are a form of insurance against liquidity shocks 

(Holmstrom and Tirole (1998) and Boot et al. (1987)). Holmstrom and Tirole (1998) 

argue that banks are able to aggregate liquidity across firms and redistribute excess 

liquidity to those that need funds. Boot et al. (1987) note that committed lines of credit 

allow companies to pay a fee at initiation in order to have access to a low cost source of 

financing if they face a liquidity shock in the future. 

Most of the theoretical models of credit lines are based upon the assumption that 

access to a committed line is not contingent on the financial condition of the borrower at 

the time a draw is requested. However, recent empirical studies indicate that this 

assumption is not realistic. For example, Sufi (2009) finds evidence that access to credit 

lines and the firms’ reliance on credit lines relative to cash is increasing in the operating 

cash flows of the borrower. Sufi argues that this positive relationship arises from cash 

flow and other financial covenants associated with bank lines of credit. The existence of 

tight financial covenants and other conditions placed on the use of lines, such as 

Material Adverse Condition Clauses (MACs), make credit lines a contingent source of 

liquidity.1 These restrictions would appear to limit the liquidity insurance that lines 

provide.  

                                            
1
 Shockley and Thakor (1997) find that every credit line in their sample contains a MAC. However, other 

studies, such as Ivashina and Scharfstein (2010) note that MACs are rarely invoked. Covenant violations, 



 

16 

Anecdotal evidence suggests that firms strategically draw down their credit lines in 

anticipation of future declines in operating performance that may impair their access to 

borrowing. For example, General Motors’ decision to draw down the remainder of its 

credit line in 2008 raised red flags for turnaround specialist Wilbur Ross who remarked, 

“[It] makes you wonder if there is some danger that when the September results come 

out…they’ll blow a [loan] covenant.”2 Additionally, rating agencies consider drawdown 

activity when assigning ratings. Moody’s Investors Service issued a special comment in 

December of 2008 in which they document an increase in the use of secured lines of 

credit among 291 firms that subsequently default on corporate debt. Moody’s tracks 

drawdown activity prior to default because it affects the loss given default, especially for 

unsecured creditors (Emery et al. (2008)). 

In my paper, I examine whether firms strategically time their credit line drawdowns. 

I hypothesize that if firms have private information concerning their future operating 

performance and if banks condition line access on operating performance at the time of 

a draw request, then firms may have an incentive to preemptively draw on their lines as 

a way of accumulating precautionary cash balances. Firms’ incentives to strategically 

draw on their lines are likely to be a function of the lenders’ reaction to subsequent 

performance declines given a large strategic draw. If, for example, lenders react more 

aggressively to covenant violations conditional on strategic line use or change loan 

terms on subsequent deals in an adverse fashion, then borrowers may limit line 

borrowing as a way of acquiring precautionary balances. 

                                                                                                                                             
on the other hand, occur with some frequency (e.g. Sufi (2009), Roberts and Sufi (2009), Nini, Smith and 
Sufi (2009) and Chava and Roberts (2008)). 

2
 Humer and Erman (2008). 
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I investigate the strategic use of lines of credit using a unique hand collected data 

base. I randomly sample 900 firms and collect data on credit line usage, availability and 

total size for the 763 of those companies with a credit line in at least one year from 2000 

to 2010. I use this annual credit line data to examine whether future cash flow 

performance is related to credit line drawdowns.  

I model predicted drawdowns and estimate unexpected drawdowns as the residual 

from the predictive regression. Consistent with their use as a proxy for preemptive 

drawdowns, I show that unexpected drawdowns result in an increase in cash holdings. I 

find that unexpected drawdowns predict future cash flow declines, future covenant 

violations, and concurrent credit rating downgrades. I also address the bank response 

to unexpected drawdowns. Sufi (2009) shows that covenant violations are associated 

with reductions in the size, or overall availability, of the credit line. I extend his results to 

show that covenant violations are not associated with subsequent declines in the 

amount of borrowing, or actual credit line usage, although they are associated with 

declines in the unused amount of the line available to the borrower in the future. I posit 

that if credit line availability is likely to be cut after a default but drawn amounts are not 

required to be immediately fully repaid, then corporations have an incentive to draw on 

their lines in anticipation of poor future cash flows and potential covenant violations.  

Indeed, it may be the case that preemptive credit line drawdowns actually improve 

a company’s bargaining position with its lender. Upon yellow pages publisher Idearc’s 

decision to draw down the entirety of its $250 million line of credit in late 2008, even 

though it had in excess of $300 million in cash on its balance sheet, Goldman Sachs 

downgraded Idearc, stating “[We] believe that [Idearc] may have decided to [draw down 
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on its revolver] as a way to gain greater leverage with its bank group as it gets closer to 

tripping its covenant” (Finerman (2008)). Gorton and Kahn (2000) argue that a larger 

balance outstanding reduces the credibility of the bank’s threat to liquidate, thereby 

impairing their strategic bargaining position.  

I further investigate the reaction of lenders to unexpected drawdowns. Nini, Smith 

and Sufi (2011) argue that covenant violations lead to a reduction in capital 

expenditures. They contend that this is due to new restrictions and control rights 

imposed by the lender. I find that unexpected drawdowns mitigate future capital 

expenditure declines following a covenant violation. Thus unexpected drawdowns seem 

to put the firm in a better position. I then further explore the change in credit line 

contract terms following a covenant violation. Gorton and Kahn (2000) argue that a 

greater amount outstanding may improve the firm’s bargaining position. However, I find 

no evidence that contract terms improve for borrowers who draw preemptively on their 

lines of credit. If anything, I tend to see a worsening of contract terms.3 I interpret this 

evidence on bank reaction to unexpected drawdowns as follows: banks gain leverage in 

renegotiating contract terms following a covenant violation and tend to tighten loan 

terms, but they do not immediately require repayment of the outstanding balances or 

impose any other strong punishment on firms with unexpected drawdowns. Therefore, 

the cash available from a preemptive draw on the credit line can be used to maintain 

future capital expenditures. 

                                            
3
 Chen, Hu and Mao (2011) find that all drawdowns lead to worse future contract terms on a new credit 

line agreement. I do not find significant differences in contract terms for those firms with and without 
unexpected drawdowns conditional on a covenant violation. 



 

19 

Hypothesis Development and Literature Review 

My hypothesis, termed the availability hypothesis, states that firms may access 

capital while it is still available, even if they have no immediate use for it, because they 

are concerned about future limitations on availability. The alternative hypothesis is that 

drawdowns are based on current cash needs and are not predictive of future 

performance. If this is the case, then I would expect to find no relationship between 

drawdowns and future cash flow performance after controlling for concurrent cash flows 

and cash needs.  

My paper is related to a number of papers examining the use of credit lines in 

liquidity management. Lins, Servaes and Tufano (2011) use evidence from a survey 

conducted in 2005 to show that the contingent nature of credit lines leads a majority of 

companies to view them differently from cash. Based on their survey evidence, only 

41% of surveyed CFOs view cash and credit lines as substitutes. Lins et al. find that 

firms with high cash flows are more likely to view cash and credit lines as substitutes. 

They conclude that companies recognize that credit lines are not a guaranteed source 

of liquidity. This is consistent with the results in Sufi (2009) on the importance of cash 

flows in maintaining a credit line and gives rise to questions about firms’ strategic 

behavior in converting contingent lines of credit into cash.  

Campello, Giambona, Graham and Harvey (2011) conducted a survey in the first 

quarter of 2009 about current and previous year financial figures, including credit line 

availability and usage. They model credit line availability and usage and show that 

private, small and junk-rated companies drew more on their credit lines during the 

financial crisis than their financially unconstrained counterparts. I build on their model of 

drawdown activity to predict drawdowns in my sample. In addition, Campello et al. 
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conduct a supplementary survey during the second quarter of 2010 regarding covenant 

violations. They report that only 10% of the firms who violate a covenant lose their credit 

lines due to the violation. Instead, more than half of the covenant violations lead to the 

renegotiation of the credit line and one-third lead to no action at all. This is an important 

empirical fact that influences my hypothesis. If banks ended the credit line agreement 

and required immediate repayment, then there would be no value to drawing on a line in 

anticipation of a violation.  

Interest in the determinants of credit line usage has heightened since the financial 

crisis of 2008 because of the increased drawdown activity following the failure of 

Lehman Brothers in September of 2008. The increase in drawdowns contributed to 

increased pressure on banks (Ivashina and Scharfstein (2010)). One possible 

explanation for the increase in drawdown activity is that firms drew precautionary 

balances on their lines in response to concerns about bank solvency and future access 

to credit. This is supported by small sample evidence from drawdown announcements 

during the financial crisis that companies drawing on their lines state a desire to 

increase financial flexibility and liquidity during a time of market uncertainty. I propose 

that, in addition to this possible explanation, firm-specific problems alone may cause 

accelerated credit line drawdowns. I examine and find support for this proposition using 

a large sample of credit line usage data.  

Sufi (2009) demonstrates that cash flow declines predict covenant violations on 

credit lines, leading to decreased line availability as banks reevaluate the riskiness of 

the borrower. More generally, negative cash flow changes predict unfavorable 

renegotiations of debt contracts (Roberts and Sufi (2009)). If firms anticipate that a 
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decline in operating performance will trigger a renegotiation of their line of credit 

agreement and a subsequent limitation of availability, then they are likely to respond by 

converting their lines into cash. That is, precautionary drawdowns are motivated by 

concerns about the impact of the borrower’s future financial performance on line of 

credit availability. The motivation for drawdowns in this context differs from previous 

studies, such as Ivashina and Scharfstein (2010), wherein precautionary draws are 

motivated by concerns about the financial performance and solvency of the lender, 

though the two are not mutually exclusive. 

Additionally, the firm’s incentive to preemptively draw on its line of credit is likely to 

be influenced by the reaction of the lender. I posit that firms are able to enhance their 

strategic bargaining position with the lender by drawing precautionary balances. Since 

the lenders’ primary goal is to recover their investment, they may be more willing to 

negotiate with a borrower with a larger amount outstanding. In fact, Gorton and Kahn 

(2000) argue that the outcome of bargaining following renegotiation depends on the 

amount owed to the bank because it affects the credibility of the bank’s threat to 

liquidate.  

The availability hypothesis predicts that firms will strategically draw their credit 

lines so long as the benefits of preemptive draws exceed any lender imposed costs 

associated with drawing down lines in advance of deteriorating performance. To test the 

availability hypothesis, I need a proxy for preemptive drawdowns. I use balance sheet 

and income sheet data to estimate expected credit line drawdowns and use the 

residuals from the estimation, or unexpected drawdowns, as a measure of 

precautionary drawdowns. The availability hypothesis predicts that precautionary 
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drawdowns occur prior to cash flow declines and covenant violations. I also expect to 

find that precautionary drawdowns increase cash balances as firms have unused capital 

following a preemptive drawdown. 

Upon the violation of a financial covenant, lenders may restrict corporate flexibility 

in decision making. Existing evidence shows that covenant violations lead to binding 

new restrictions on capital expenditures, as evidenced by decreases in future capital 

expenditure spending (Nini, Smith and Sufi (2009 and 2011)). However, I expect that 

the negative effect of a covenant violation on future capital expenditures is mitigated 

when the company has high unexpected drawdowns. This could be due to fewer lender-

imposed restrictions or simply due to the increased availability of cash to invest. To 

disentangle the two and assess whether lenders treat borrowers favorably in 

renegotiations following unexpected drawdowns, I examine the change in contract 

terms around unexpected drawdowns. 

Data 

Sample 

I first obtain data from Capital IQ on firms with either positive bank debt or a 

reported credit line in at least one year between 2001 and 2010. I then keep only those 

companies that also appear in the Compustat industrial database, are not in the 

financial or utility sector, and have non-missing asset data during the sample period. 

From the 5,619 companies that met these criteria, I take a random sample of 900.  

For the random sample of 900 firms, I use a program similar to the one described 

in Sufi (2009) to run a web crawl on 10-K fillings for fiscal years 2000 to 2010.4 I search 

                                            
4
 I modify a web crawler code for SAS provided in Engelberg and Sankaraguruswamy (2007). 
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terms related to credit lines.5 I then manually examine the filings to establish the total 

size of the credit line, the drawn amount, and the unused amount available for draw.6 As 

in Sufi (2009), if a line of credit backs up outstanding commercial paper or letters of 

credit, those amounts are subtracted from the available portion of the line of credit but 

not included as part of the amount drawn on the line. My collection method results in a 

sample of 763 companies with a credit line in at least one year from 2000 to 2010 for a 

total of 5,311 firm-year observations.   

Covenant Compliance Sample 

Data from 10-Q and 10-K statements on quarterly covenant compliance status is 

provided by Amir Sufi on his website. The dataset includes all U.S. nonfinancial firms in 

the Compustat universe during the years 1996 to the first quarter of 2008. The sample 

is limited to companies with average book assets greater than $10 million in 2000 

dollars and available data on assets, sales, common shares outstanding, closing share 

price, and the calendar quarter of the filing. Nini, Smith and Sufi (2011) describe the 

data collection process in detail. The variable of interest is an indicator variable for 

whether or not a company reports a violation of a financial covenant on any debt 

contract in the given quarter.7 I annualize their violation data to match it with my data on 

credit line usage, so that I consider a firm to be in violation of a covenant in a given 

fiscal year if it was in violation of a covenant in at least one quarter during the fiscal 

                                            
5
 My search terms include “revolv”, “credit line”, “credit facility”, “working capital facility”, “working capital 

line”, “line of credit”, “lines of credit”, and “credit lines”. 

6
 Corporations report detailed information related to their credit lines in annual 10-K filings. Item 303 of 

SEC Regulation S-K requires companies to report information related to their liquidity, capital resources, 
and results of operations for the fiscal year. While some companies choose to disclose credit line 
information more frequently, only annual reporting is required. 

7
 Note that reported violations for which the company has obtained a waiver are also recorded as a 

violation in the current quarter. 
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year. I also distinguish a new violation following Nini, Smith and Sufi (2011) as a 

violation that occurs when there has been no violation in the previous three quarters. 

Merging my random sample with the covenant compliance data leaves me with 689 

unique firms with both credit line and covenant violation information, for a total of 3,963 

firm-years. 

DealScan Sample 

I match both the overall sample and the covenant compliance sample to Reuters’ 

DealScan database on loan terms. I keep only those deals classified as completed and 

focus only on DealScan loans that are classified as credit lines. I augment the link file 

used by Chava and Roberts (2008) to match DealScan to Compustat by company name 

to extend the sample period through 2009. To compare how contract terms change, I 

first match observations for which there is an active pre-existing credit line contract in 

Dealscan. I then keep only those observations with a new credit line contract reported 

within the next year. 8  I rely on a feature of Dealscan reporting that others (e.g. Nini, 

Smith and Sufi (2011)) have previously noted, which is that Dealscan reports 

renegotiations as new loans. This results in 1,087 firm-year observations. 

Control Variables 

I define a number of control variables using Compustat annual data items. Since 

firms are likely to determine line of credit usage and cash holdings jointly, there is a 

mechanical negative correlation between any variable scaled by total assets and credit 

line usage. Following Sufi (2009), I scale Compustat variables by lagged non-cash 

assets. However, the use of non-cash assets creates outliers in the scaled variables for 

                                            
8
 I do not match to new loans within the current fiscal year because I cannot identify the relative timing of 

the drawdown and the new loan contract. 
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firms that hold most of their assets in cash. To minimize the impact of outliers, I 

winsorize ratios and firm size at the 5th and 95th percentiles.9 The specifics of the 

variable definitions, including the Compustat data items used, can be found in the 

Appendix.  

I include industry fixed effects at the one-digit SIC code level (as in Sufi (2009)), as 

the use of credit lines varies substantially across industries.10 My results are 

qualitatively similar if I include two-digit industry fixed effects. In addition, I include year 

fixed effects to control for unobserved macroeconomic conditions, such as changes in 

interest rate expectations, which may cause firms to have differing incentives to draw on 

credit lines across time. Finally, I cluster standard errors by firm to correct for the within-

firm correlation of residuals across years. This is important since companies may be 

serial users or non-users of credit lines. 

Table 2-1 provides summary statistics for my random sample of firms. It is 

important to keep in mind that, unlike the Compustat universe, my sample consists 

entirely of companies with credit line access. I partition the variables of interest into 

hand-collected credit line variables and firm characteristics. The average drawn amount 

outstanding is $56.6 million, or 7.2% of the lagged non-cash assets. There is a non-zero 

amount drawn on the credit line in 56.7% of firm-year observations. The prevalence of 

zero drawn amounts outstanding accounts for the substantially smaller median amount 

drawn. Of the firm-year observations that I am able to match to the covenant 

compliance data from Nini, Smith and Sufi (2011), 16.6% have a covenant violation and 

                                            
9
 My results are qualitatively similar if I winsorize at the 1

st
 or 2.5

th
 percentiles. 

10
 I use the one-digit SIC code because my sample is relatively small. Using two-digit SIC codes I would 

have 54 industry groups, but 28 (36) of those industries would contain fewer than five (ten) companies. 



 

26 

10% report a new covenant violation, where new covenant violations are defined as the 

first violation in a four quarter period. Recall that the covenant compliance sample 

contains information on whether or not a firm is in violation of a covenant at a given 

time. Of the 689 unique firms in the covenant compliance sample, 299 are in violation of 

a covenant at some point in the sample and 390 are never in violation of a covenant 

during the sample period.  

Summary statistics of firm characteristics are reported for use in computing 

marginal effects and for comparison to other studies. The average firm in my random 

sample has $1.6 billion in non-cash assets, cash flows of 13% of non-cash assets, and 

leverage of 31% of non-cash assets. I present several measures of financial constraints 

because I suspect that they will be related to the likelihood that a firm uses its credit 

line. Just under one-third of my sample companies have credit ratings, and 13.5% of the 

sample is rated investment grade. Thirty percent of the firm-year observations have a 

non-zero dividend payment. Additionally, the credit market tightness variable tells me 

that, on average, banks were tightening lending standards during my time period. The 

average of credit market tightness indicates that more bank CFOs reported that they 

were tightening lending standards for commercial and industrial loans to large and 

medium firms than those that reported loosening standards. The negative number in the 

10th percentile, however, indicates that there are some periods of loosening standards, 

as well. 

Table 2-2 partitions firm-years into those with drawn amounts outstanding and 

those with no drawn amounts outstanding. Almeida, Campello, and Weisbach (2004) 

discuss several features of financially constrained firms. Based on their findings, I 
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examine several key characteristics of firms that do and do not have drawn amounts 

outstanding. I find that companies that draw on their credit lines are smaller, less likely 

to be rated, and less likely to be rated investment grade. Firms that draw on their credit 

lines are also less likely to pay a dividend. These findings are consistent with the notion 

that firms that use their credit lines are more financially constrained than those that do 

not make use of their line of credit. In addition, the firms that draw on their credit lines 

are more likely to be in violation of a debt covenant. This is another indication that their 

financial situation may be less stable. I also find that firms that draw on their credit lines 

have lower market-to-book ratios than those that do not. This could be indicative of 

credit line users having more stable operations made up of fewer growth opportunities, 

which is potentially supported by the lower investment in R&D spending for firms with 

credit line drawdowns. However, a lower market-to-book ratio is also consistent with 

firms having a lower valuation due to concerns about financial constraint. 

I also examine characteristics that I expect to be important based on the findings 

of Sufi (2009). Sufi (2009) argues that firms with higher and more stable cash flows are 

more able to obtain and maintain a line of credit. Therefore, I should expect credit lines 

to be a less contingent (and more utilized) source of liquidity for those firms with higher 

and more stable cash flows. In addition, I expect firms that use credit line drawdowns as 

a substitute source of liquidity to hold less cash. I find that companies that draw on their 

credit lines hold less cash than those that do not draw. This could be due to the credit 

line being utilized because there is a cash shortage or because the firms’ view cash and 

credit lines as liquidity substitutes. Consistent with the findings in Sufi (2009), firms that 

draw on their lines have lower cash flow volatility than those that do not draw. However, 
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companies that draw on their credit lines have lower cash flows than those with no 

drawn amount outstanding. So while firms need high cash flows to gain access to a 

credit line, I find that those firms that utilize their credit lines tend to have lower cash 

flows. I also see that firms with drawn amounts outstanding have lower current ratios, 

higher leverage, and lower net worth than those that do not have any amount 

outstanding. While I find that the higher leverage and lower net worth are due solely to 

the difference in the amount outstanding on the credit line when I adjust for drawn 

amounts, the difference in current ratios hold when I examine non-revolving debt, too.  

Results 

Table 2-3 provides initial insights into the relationship between credit line 

drawdowns and future cash flows. I employ an OLS regression in which the dependent 

variable is cash flow in fiscal year t+1. I investigate the effect of drawdowns on future 

cash flows after controlling for firm size, cash holdings, and market-to-book ratio.11 In 

this table and all others, I do not argue that drawdowns cause a decline in cash flows, 

but rather that firms draw down on their credit lines in anticipation of negative future 

performance. In this case, future realized cash flows proxy for management’s 

expectations about future cash flow performance and, based on the results of Sufi 

(2009), future credit line availability.12 I measure cash flow as EBITDA (oibdp in 

Compustat) scaled by lagged non-cash assets because EBITDA it is the most common 

measure of cash flow used in covenants on lines of credit (Sufi (2009)). Since cash 

                                            
11 I am unable to pinpoint the exact timing of the drawdown because I observe only a snapshot of fiscal 

year-end drawn amounts. However, using annual data adds noise and biases against finding results 
since I may miss the period in which performance changes or violations occur. 
12

 The implicit assumption is that management’s expectations about future cash flows cannot be observed 
or contracted upon by the lender. Therefore, credit line access is not limited before future cash flows are 
realized. 
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flows are highly serially correlated, I include prior cash flows as control variables in 

Models 2 and 3. As expected, past cash flows are a strong predictor of future cash 

flows. Even after controlling for the cash flow path, the results of Table 2-3 show that 

credit line drawdowns are negatively related to future cash flows. As I would expect, the 

inclusion of lagged cash flows leads to an increase in the explanatory power of the 

model from an adjusted-R2 of 13.5% in Model 1 to an adjusted-R2 of approximately 

61.5% in Models 2 and 3. Using the coefficients from Model 2, a two standard deviation 

increase in the drawn amount outstanding is associated with a decline in future cash 

flows of 0.012, or 9.5% at the mean of Cash Flowt+1. These regressions also show that 

cash flows as a fraction of lagged non-cash assets are increasing in firm size and 

market-to-book.  

I investigate whether drawdowns increase prior to declines in cash flow by 

modeling an OLS regression in which the dependent variable is the change in cash flow 

from fiscal year t to fiscal year t+1. The results are presented in Table 2-4. Note that this 

is not a first-difference regression, as I am interested in the coefficient on the change, 

not the level, of the outstanding credit line balance. I include size and market-to-book as 

control variables because I expect that small growth companies are more likely to have 

volatile cash flows and experience large cash flow changes. I find that market-to-book 

behaves as I would expect, but size does not.  

In Model 1 of Table 2-4, I find that increased drawdowns are associated with 

negative changes in cash flows from fiscal year t to t+1. I then segment observations by 

whether the firm increases or decreases the drawn amount outstanding. In the overall 

sample in Model 1, a change in drawn amounts outstanding that is one standard 
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deviation above its mean is associated with a change in future cash flows of -0.003. As 

the mean change in future cash flows is -0.00199, this is 150% larger than the mean 

change in future cash flows. I include the current cash flows and the change in cash 

flows from year t-1 to year t in order to control for prior performance, as cash flow 

measures exhibit mean reversion (Nini, Smith and Sufi (2009)).13 The availability 

hypothesis predicts that firms increase their drawn amounts prior to cash flow declines, 

but it does not predict the opposite relationship between repayments and cash flows. In 

Model 2, I find that increases in drawn amounts outstanding are predictive of declines in 

future cash flows. Consistent with the explanatory power coming from increases in 

drawn amounts outstanding, both the adjusted-R2 and the size of the coefficient on 

ΔDraw are larger in Model 2 than in Models 1 and 3. Models 3 shows that decreases in 

drawn amounts are statistically unrelated to the change in future cash flows.  

Unexpected Drawdowns 

So far I have only examined the relationship between drawdowns and future 

operating performance. However, the relationship between realized drawdowns and 

future cash flows may arise from either a precautionary motive for drawdowns or an 

actual need for the cash from drawdowns. I would like to separate cash needs from a 

precautionary motive for credit line drawdowns. In Table 2-5, I examine the 

determinants of drawdown activity to predict the component that is based on immediate 

cash needs. Because drawn amounts are non-negative and 43.4% of the firm-year 

observations have no drawn amount outstanding, I employ a Tobit model when 

                                            
13

 The inclusion of Cash Flowt and ΔCash Flowt creates an endogeneity problem, as Cash Flowt appears 
in both the dependent and independent variables; however, I am not interested in examining these 
coefficients, so I am not concerned that this is a problem. The results are also robust to their exclusion. 
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estimating the effect of explanatory variables on the drawn amount. Unlike a traditional 

ordinary least squares model, the Tobit model accounts for left censoring of the 

dependent variable at zero.14 Following Campello, Giambona, Graham and Harvey 

(2011), I consider firm size, cash holdings, cash flows, investment opportunities and 

credit ratings in determining draw down activity. I also include capital expenditures and 

the change in net working capital. I hypothesize that companies with greater investment 

activity will have a greater need for cash from credit lines. In addition, firms with a 

greater need for cash because of a decline in non-cash working capital may need to use 

their credit line to make up the difference. In Model 3, I drop the year fixed effects and 

explicitly control for credit market conditions and the US annual GDP. I expect that firms 

will draw more on their lines when credit markets are tight and they have less access to 

outside capital. Worse general market conditions, as proxied by US GDP, may also 

increase the need for cash from lines of credit.  

Consistent with the results in the existing literature and the summary statistics in 

Table 2-2, Table 2-5 shows that smaller firms draw more, those with more cash draw 

less, and firms with high cash flows draw less.15 In addition, companies with greater 

capital expenditures draw more on their credit lines and rated companies tend to draw 

less on their lines. This is consistent with rated firms having less expensive and more 

                                            
14

 While I believe that the Tobit model is theoretically justified, I acknowledge that it imposes strict 
assumptions about the normality of the dependent variable and the independence of error terms in order 
to obtain consistency of the estimators. In unreported tests, I confirm that my results are statistically and 
economically robust to the use of an OLS model to predict credit line drawdowns.  

15
 As I noted in discussing the summary statistics, several of these variables have been associated with 

financial constraints in other papers. In unreported results, I directly include the Kaplan and Zingales 
(1997) KZ index and the Altman (1968) Z-score as a measure of financial constraint. The KZ index is not 
statistically significant in my model. Consistent with the idea that more financially constrained firms are 
more likely to utilize their credit lines, I find that a decline in the Z-score predicts larger drawdowns. All of 
my other results are robust to including the Z-score in the first stage. 
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available sources of credit. I also find that time effects are important. In most 

specifications, time effects are accounted for in a year fixed effect. When I drop year 

fixed effects to examine the source of annual variations, I specifically see that firms tend 

to draw more on their credit lines when credit markets are tight and when the economy 

is worse, as measured by lower GDP. Year fixed effects may also include current 

lending rates and expectations about future rates as these could influence the relative 

attractiveness of drawing on credit lines today. In Model 4, I also include the lagged 

value of Drawn to account for possible stickiness in drawn amounts outstanding over 

time. This stickiness could be due to a lack of cash for repayments or a company-

specific sentiment regarding credit line usage, such as an aversion to debt financing. 

While I do see that prior year drawn amounts are predictive of current year drawn 

amounts, my other findings remain unchanged. 

I use the estimates from my model of predicted credit line drawdowns to construct 

a measure of unexpected draws, i.e. the difference between the predicted and realized 

drawn amounts.16 This forms the basis for all of the analysis to follow. I call the residual 

from the predictive regressions in Table 2-5 Unexpected Draw.17 As shown in Table 2-1, 

the mean of the change in drawn amount is approximately zero. On average, firms hold 

approximately 24% of their total line as an outstanding balance in a given year, but do 

not change the outstanding amount from year to year. Based on my predictive model, a 

                                            
16

 The Tobit model supposes that there is an unobservable variable y* that is linear in x but is unobserved 
for certain values. In my case, the observed y = max(0, y*). The predicted values are computed for the 

observed variable, E(y|x) as  [ | ]    (
  

 
) (  )    (

  

 
). All of the regression results using 

Unexpected Draw are statistically and economically robust to using the estimation of the latent variable 
E(y*|x) for the predicted values. 

17
 I acknowledge the problem of estimating standard errors for generated regressors and have concluded 

that it is not a concern in my situation. According to Pagan (1984), regression results are consistent when 
including only the residual from a predictive regression as an independent variable. 
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positive value for Unexpected Draw could mean that a firm actively draws more than 

expected, or that they fail to repay their lines when I would otherwise expect them to. 

This should result in a cash hoard.  

I utilize unexpected drawn amounts because I believe that they are a reasonable 

proxy for precautionary balances drawn by firms. Since holding drawn amounts is costly 

as the firm must begin paying interest upon drawing on the line and firms can draw on 

their credit line at will, I would expect to see that firms draw for immediate cash 

deployment. However, I would expect that companies who draw preemptively on their 

credit line do not utilize all of the cash immediately. Therefore, I examine the effect of 

Unexpected Draw on cash holdings to confirm its use as a proxy for preemptive 

drawdowns.  

In Table 2-6, I follow the model of Opler, Pinkowitz, Stulz and Williamson (1999), 

hereafter OPSW, and construct a model of cash holdings. The model numbers 

correspond to the model numbers in Table 2-5 such that Unexpected Draw in Model 1 

of this table is the residual from Model 1 in Table 2-5. The coefficients on the 

explanatory variables in my model are consistent with the results in OPSW in 

directionality; however, several variables that are statistically significant in OPSW are 

insignificant in my model. These include cash flow, net working capital, leverage and 

industry cash flow volatility. My results indicate that small, growth, and non-dividend 

paying companies tend to hold more cash. In addition, companies with greater capital 

expenditures and those with greater research and development expenditures tend to 

hold more cash. In addition to the explanatory variables used in OPSW, I also include 

unexpected drawdowns as a predictor of cash holdings. It is important to remember that 
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the general relationship between cash and drawdowns is negative, since holding cash 

and utilizing lines of credit are generally substitute sources of liquidity. However, 

unexpected drawdowns are positively and significantly related to cash holdings. In other 

words, firms with unexpected drawdowns hold larger cash balances than I would 

otherwise expect. This is consistent with the firm holding some of the drawn amounts in 

the form of cash. This evidence lends further support to the use of unexpected 

drawdowns as a proxy for precautionary, or preemptive, drawdowns. 

In Table 2-7, I examine the relationship between unexpected drawdowns and 

future cash flows through the use of an OLS model. As before, the model numbers in 

Table 2-7 correspond with the model numbers of the predictive regressions in Table 2-

5. That is, the unexpected drawdowns used in Table 2-7 are from the respective Table 

2-5 predictive regression. In examining future cash flows, I control for size, market-to-

book, cash holdings, and previous cash flows. I also include the variables used to 

predict drawdown activity in the Tobit model in Table 2-5. This ensures that the 

unexpected draws that I measure are truly orthogonal to the variables used in the 

predictive regression.18 I find that unexpected credit line drawdowns are associated with 

declines in future cash flows. Table 2-7 demonstrates this relationship both for my 

sample and for the publicly available Sufi (2009) sample of credit line drawdowns. The 

Sufi (2009) sample is collected using the same method that I employ but on a different 

random sample of 300 companies from 1996 – 2003. These results demonstrate that 

my results are not time period or sample specific. In unreported results, I find that the 

negative and significant relationship between unexpected drawdowns and cash flows is 
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 My results in this and future tables are quantitatively and qualitatively similar when I exclude the first 
stage variables. 
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limited to the positive component of unexpected drawdowns. That is, consistent with my 

hypothesis that companies draw precautionary balances on their line of credit prior to 

poor future cash flow performance, unexpected drawdowns are statistically significantly 

related to cash flows only when the company holds larger drawn amounts than would 

be expected.19  

In Table 2-8, I rerun the regressions from Table 2-7, but I drop the other control 

variable from Table 2-5. I include the predicted drawdown from Table 2-5 instead. I find 

that the predicted, or expected, portion of drawdowns has no predictive power on future 

cash flows, but I continue to see a negative and significant relationship between 

unexpected drawdowns and future cash flows. 

As I have previously stated, I consider the future realizations of cash flows to be a 

proxy for management’s expectations about the future. Since cash flows are strongly 

related to credit line availability, an expectation of declines in future operating 

performance would be indicative of a possible decline in future availability. The concern 

about future availability may then trigger management to preemptively draw on their 

credit line. However, a decline in cash flow is just one predictor of a covenant violation. 

Other common covenant restrictions include specifying a maximum debt ratio or a 

minimum net worth or current ratio. In Table 2-9, I also examine the relationship 

between unexpected drawdowns and these other covenant terms. The use of these 

covenant terms presents a problem, however, as they are all mechanically related to 

debt levels. Since drawdowns increase debt outstanding, I look at each of these 

variables net of drawn amounts outstanding. Exact variable definitions can be found in 
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 I also partition the sample into pre- and post-2008 and find that these results hold both during and after 
the financial crisis. 
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the Appendix. Table 2-9 presents results using Unexpected Draw based on the 

residuals from Model 1 of Table 2-5. As before, I include the first stage variables from 

Table 2-5 and also control for two lags of the dependent variable. The results are 

quantitatively and qualitatively similar using Models 2 through 4 from Table 2-5 to define 

Unexpected Draw. 

The results in Table 2-9 show that an increase in unexpected drawdowns during 

year t predicts a statistically significant decline in net worth in year t+1. This is 

consistent with my hypothesis that unexpected drawdowns occur in advance of 

deterioration in covenant-related variables. I also find that an increase in unexpected 

drawdowns predicts a decline in future current ratios.20 In the final column, I model 

future leverage. Once again, I net drawn amounts outstanding from my measure of 

leverage and scale by lagged non-cash assets. Unlike my previous results, I find no 

evidence that an increase in unexpected drawdowns is predictive of an increase in 

future leverage. This is not surprising if I view unexpected drawdowns as preemptive 

actions. A new debt issue would require additional scrutiny by a new lender. If the 

company anticipates deteriorating performance, then they are unlikely to obtain new 

debt financing at favorable terms, if at all. 

Thus far I have provided evidence consistent with the hypothesis that companies 

draw on their credit lines prior to a decline in cash flow, net worth and current ratio. My 

initial analysis focuses on cash flow performance because it is the most strongly related 

to the probability of a covenant violation and the future availability of the firm’s credit line 
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 The current ratio is measured as the ratio of current assets to current liabilities where current liabilities 
are reduced by the total drawn amount outstanding. This assumes that all drawdowns are classified as 
current debt due to mature within one year. While I know that this is not the case, the adjustment yields a 
conservative estimate of the current ratio, as an increase in drawdowns absent any other change would 
result in a current ratio that is too high. 
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(Sufi (2009)). All of this analysis is based on the idea that managers have some 

prediction about a worsening of these covenant triggers and are concerned about the 

future availability of credit lines.  

In Table 2-10, instead of looking at covenant triggers, I directly examine whether 

unexpected drawdowns predict covenant violations after controlling for the typical 

variables on which covenants are written. I utilize a probit model in which the dependent 

variable is a binary variable equal to one if there is a new covenant violation during the 

fiscal year, and zero otherwise. I control for predictors of covenant violations, which 

include cash flows, the current ratio, leverage and net worth. Market-to-book and size 

are also included because I expect that large and value firms tend to generate more 

stable cash flows and have less need for credit lines. I want to know the effect of 

unexpected credit line drawdowns on the probability of a future covenant violation; 

however, drawdowns are mechanically related to most of the variables that I would 

expect to predict covenant violations because an increase in credit line drawdowns 

increases the company’s debt outstanding. To account for this, I remove the total drawn 

amount outstanding from the debt amounts in the leverage and current ratio. As detailed 

earlier, while I do not have information of the portion of the drawn amount that is due in 

less than one year, I assume that the total drawn amount is included in current liabilities. 

This may frequently be the case due to the short-term nature of many credit line 

agreements; however, I expect that this assumption will result in an overstatement of 

the current ratio. The results are quantitatively and qualitatively similar if I exclude the 

current ratio from the model. The results of Table 2-10 confirm the strong relationship 
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between cash flows and covenant violations and also show that an increase in 

unexpected drawdowns increases the probability of a covenant violation.21 

If credit line drawdowns are important predictors of future cash flow performance 

and the probability of future covenant violations, then creditors should care about 

corporate credit line usage. In Table 2-11, I examine whether corporate credit ratings 

are related to unexpected drawdowns. I look at the long term issuer credit rating issued 

by Standard and Poor’s, as reported monthly in the Compustat database and denote a 

downgrade as a decline in the corporate credit rating over any month in the fiscal year. 

Recall from Table 2-1 that approximately one-third of my sample has a credit rating. Of 

the observations that have a credit rating, approximately 42% of the ratings are 

investment grade (i.e. above BBB-). Table 2-11 presents probit models predicting the 

probability of a downgrade in credit rating during the fiscal year of the drawdown for 

each of the definitions of Unexpected Draw found in Table 2-5.22 Following the literature 

on the determinants of ratings (i.e. Pogue and Soldofsky (1969)), I control for cash flow, 

industry cash flow volatility, size, market-to-book and leverage. As before, I measure 

leverage net of drawdowns. I also include the variables from the predictive models in 

Table 2-5. The relationships between the control variables and the probability of 

downgrade are consistent with the literature. Higher cash flows decrease the probability 

of a downgrade, while increases in leverage increase the probability of a downgrade. 
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 Table 2-10 reports both coefficients and marginal effects for the probit model. The inclusion of year and 
industry fixed effects make the interpretation of marginal effects for the probit model difficult. I also run a 
linear probability model to aid interpretation and find that the marginal effect of Unexpected Draw is 
remarkably similar (0.101, 0.091, 0.091 and 0.149 in Models 1 – 4, respectively). 

22
 In unreported results, I also fit an OLS model where I examine the impact of Unexpected Draw on the 

number of notches that a firm is downgraded in a given year. The results are similar in statistical 
importance. 
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Cash and CapEx factor significantly into the model, as well. Consistent with intuition, an 

increase in cash holdings decreases the probability of a downgrade. Increased capital 

expenditures may decrease the probability of a downgrade since the company should 

only invest in capital improvements with positive expected future returns. Using the 

marginal effects from Model 3, a change in unexpected draw from one standard 

deviation below to one standard deviation above the mean implies an increased 

probability of a downgrade during the year of 6.4%. Compared to the mean probability 

of downgrade of 17%, that is an increase in the probability of downgrade of 38%.23 

Lender Response 

The evidence thus far is consistent with the argument that firms draw on their lines 

in order to access cash before a decline in availability. I am also interested in the 

creditor response to drawdown activity, as it should influence firms’ incentives to 

engage in strategic credit line usage. The first two columns of Table 2-12 present 

results that replicate Table 6 in Sufi (2009). Consistent with the findings in Sufi (2009), I 

find that a covenant violation decreases the total size of the credit line and the available 

(unused) portion of the credit line. In addition to examining the effect of a covenant 

violation on the total and unused portion of the line, as in Sufi (2009), I also test the 

effect of a covenant violation on drawn amounts outstanding. The results indicate that a 

covenant violation does not result in a statistically significant decrease in the drawn 

amount outstanding, implying that outstanding amounts are not required to be 

immediately repaid following a violation. Additionally, there is empirical evidence that 
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 Table 2-11 reports both coefficients and marginal effects for the probit model predicting credit line 
downgrades. The inclusion of year and industry fixed effects make the interpretation of marginal effects 
for the probit model difficult. I also run a linear probability model to ease the interpretation issue and find 
that the comparable marginal effect of a one unit change in Unexpected Draw are 0.291, 0.423, 0.421 
and 0.547 in Models 1 – 4, respectively. 
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covenant violations rarely lead to a demand for immediate repayment or a complete 

cancellation of the line (e.g. Campello et al. (2010)). In unreported tests, I also find that 

unexpected drawdowns are not related to the probability that a line is cancelled or fully 

repaid. This leads me to conclude that creditors do not respond harshly to drawdowns.  

I also want to investigate whether companies are able to enhance their strategic 

bargaining position by increasing the drawn amount outstanding prior to violating a 

covenant. A loan renegotiation may change the covenant structure of the loan. Nini, 

Smith and Sufi (2009) examine the prevalence of covenants that restrict capital 

expenditures and find that 46% of firms in their sample have a capital expenditure 

restriction at some point. Moreover, the probability of a restrictive covenant on capital 

expenditures is larger after a covenant violation. Nini, Smith and Sufi (2011) look at the 

changes in several operating variables after covenant violations and show evidence that 

capital expenditures decline following a covenant violation. In Table 2-13, I utilize their 

regression specification to examine whether the decrease in capital expenditures 

subsequent to a covenant violation is mitigated when the firm preemptively draws on its 

credit line. Consistent with this explanation, I find that the interaction of a new covenant 

violation and unexpected drawdowns is positive and significant. This result is fairly 

consistent across the first three models, which correspond with the predicted drawdown 

regressions in Table 2-5, but are less statistically significant in Model 4. The results for 

the control variables are consistent in sign and magnitude with the results in Nini, Smith 

and Sufi (2011). Nini, Smith and Sufi (2011) interpret the decline in capital expenditures 

following covenant violations as evidence that lenders gain control rights following 

contract violations. However, the decline in capital expenditure following a covenant 
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violation could also be the result of the company experiencing a cash shortage. In that 

case, I would expect to see that unexpected drawdowns mitigate capital expenditure 

declines because they provide the company with cash prior to the violation.  

To further explore the relationship between covenant violations, unexpected 

drawdowns and creditor reactions, I directly examine changes in loan terms using the 

DealScan database. I keep fiscal year observations for which there is an existing credit 

line contract and there is a new contract in the next year. Table 2-14 provides summary 

statistics on the change in select loan terms when a new credit line contract is reported 

in DealScan. Variable definitions can be found in the Appendix. On average, fees on 

new credit line contracts change little (All In Drawn), probability of being secured, 

probability of a borrowing base and number of lenders compared to the existing contract 

terms. New credit line contacts do see a statistically significant increase in maturity and 

the size of the total line, on average. 

Table 2-15 presents summary statistics and mean difference tests for changes in 

credit line contract terms by whether or not the firm violated a loan covenant in the 

current year. Consistent with expectations, I find that terms generally worsen for 

covenant violators as compared to non-violators. Specifically, I find that covenant 

violators see a large and statistically significant increase in All In Drawn fees of 29 basis 

points, which is 34 basis points larger than the change in fee facing non-violators. 

Covenant violators also see a statistically significantly smaller increase in the total size 

of the credit line upon the introduction of a new contract compared to non-violators. In 

addition, there is an increased probability that the new credit line becomes secured and 

contains a new borrowing base agreement when the firm has violated a covenant, 
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compared to those firms who have not violated a covenant. Finally, I find that there are, 

on average, 5 fewer lenders in the loan syndicate following a violation while there is an 

insignificant change in the number of lenders for non-violators. 

Table 2-16 provides the results of splitting the sample by Unexpected Draw. I see 

that those firms with positive unexpected drawdowns experience a 13 basis point higher 

fee upon a new loan than those who do not have positive unexpected drawdowns. I also 

find that those firms with positive unexpected drawdowns experience a $60 million 

lesser increase in the size of their total credit line and are more likely to have a new 

borrowing base compared to firms with non-positive unexpected drawdowns. There is 

no statistically significant difference in the proportion of credit lines set to expire in the 

current fiscal year between the two groups. The evidence does not indicate that firms 

who draw unexpectedly on their credit lines are in a better bargaining position than 

those that do not. If anything, those firms with unexpected drawdowns see worse terms.  

Tables 2-17 and 2-18 take the analysis one step further to see how credit line 

terms change when I look at both covenant violations and unexpected drawdowns. 

Table 2-17 presents the mean difference tests for changes in credit line terms between 

firm observations with positive and non-positive unexpected drawdowns when the firm 

does not experience a covenant violation in the current year. Absent a covenant 

violation, new credit lines for firms with positive unexpected drawdowns see a larger 

increase in All In Drawn fees, a lesser increase in the size of the total line and a higher 

incidence of new borrowing base restrictions. Absent a covenant violation, firms who 

take out new credit lines following unexpected drawdowns tend to see relatively worse 

changes in their credit line terms when compared to those without unexpected 



 

43 

drawdowns. This is consistent with the findings of Chen, Hu and Mao (2011) that 

borrowers are penalized with higher loan spreads and annual fee on new credit lines 

issued after drawdowns.  

Table 2-18 examines the relationship between unexpected drawdowns and 

contract changes when there is a covenant violation in the current year. While I found in 

Table 2-15 that the changes in contract terms are generally worse when a firm violates 

a covenant, I do not find extensive evidence that the terms for covenant violators differ 

substantially for those firms who have high unexpected drawdowns. The only 

statistically significant difference that I find is in the probability that the new credit line 

contract will be newly secured.  

The takeaway from these results is that firms with large unexpected drawdowns 

are not treated more favorably by their lender. If anything, they are subject to worse 

terms than their counterparts without unexpected drawdowns, though most of the 

differences in term changes disappear when I control for the effect of covenant 

violations on term changes. In addition to the actual fees paid on drawn amounts 

outstanding, the potential for a tightening of contract terms adds a layer of potential 

costs for drawing unexpectedly on an existing credit line. However, firms that draw 

unexpectedly on their credit lines do not experience as large of a decline in capital 

expenditures following a covenant violation. This ability to continue funding capital 

expenditures highlights the potential benefits of drawing on the line in advance of a 

covenant violation. I interpret the mitigating effect of unexpected drawdowns on future 

capital expenditure declines not as a more lax stance by creditors but as a byproduct of 
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the early drawdown. Following an unexpected drawdown, the firm has a larger cash 

reserve and is not forced to cut capital expenditures by as much. 

Conclusion 

The existing literature has established that cash flows are an important predictor of 

covenant violations and that covenant violations are an important determinant of credit 

line availability (Sufi (2009)). Furthermore, Roberts and Sufi (2009) show that cash 

flows are an important predictor of debt renegotiations outside of covenant violations. If 

the ability to draw on a line of credit is conditional on cash flow performance, then I 

expect corporations to manage their liquidity according to their future cash flow 

expectations.  

I have shown evidence that credit line drawdowns are predictive of declining future 

cash flows. The availability hypothesis argues that these drawdowns are motivated by 

precautionary reasons as firms recognize that credit lines are a contingent source of 

liquidity and may not be available in poor cash flow states. In order to identify balances 

drawn for precautionary motives, I construct a predictive regression of drawdown 

amounts and use the residuals from the model as a measure of unexpected 

drawdowns. To test whether my measure of unexpected drawdowns provides 

information about preemptive balances withdrawn by the firm, I test their impact on cash 

holdings. I find an increase in unexpected drawdowns implies an increase in cash. This 

is consistent with the drawdown being held for precautionary purposes as opposed to 

meeting immediate cash needs.  

Consistent with the availability hypothesis, unexpected drawdowns are predictive 

of decreased future cash flows, decreased future net worth, a lower current ratio and an 

increased probability of a covenant violation. Moreover, I find that the probability of a 
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credit rating downgrade is increasing in unexpected draws. This is consistent with 

anecdotal evidence that ratings agencies care about drawdown activity.  

My findings also show that lenders do not cancel credit line agreements and firms 

are not required to immediately repay outstanding amounts upon the violation of a 

covenant. I find evidence that borrowers who draw preemptively from their line generally 

see the terms of their credit agreement change against them. However, if there is a 

covenant violation, then terms worsen equally for those firms who did and did not draw 

preemptively on their credit line. Additionally, firms with preemptive drawdowns tend to 

see a lesser decline in future capital expenditures following a covenant violation. Thus 

the preemptive access to cash seems to provide a net benefit for the average firm. 
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Table 2-1.  Summary statistics.   

 
N Median Mean Std Dev 10th Pctl 90th Pctl 

Credit Line Variables       

Draw Dummy 5311 1.000 0.567 0.496 0.000 1.000 

Drawn Outstanding ($MM) 5311 1.350 56.572 263.683 0.000 115.000 

Drawn 5269 0.011 0.072 0.104 0.000 0.246 

ΔDrawn 4545 0.000 0.000 0.054 -0.072 0.069 

Undrawn 5311 32.600 257.650 958.300 0.800 510.025 

Total 5311 60.000 352.255 1172.673 3.000 758.300 

Drawn/Total 5311 0.075 0.241 0.303 0.000 0.727 

Covenant Violation 3963 0.000 0.166 0.372 0.000 1.000 

New Covenant Violation 3963 0.000 0.100 0.300 0.000 0.000 

Firm Characteristics       

Non-Cash Assets ($MM) 5309 310.599 1625.583 3222.265 16.452 5368.110 

Size 5274 5.668 5.583 2.070 2.717 8.535 

Cash Flow 5262 0.134 0.127 0.171 -0.081 0.334 

ΔCash Flow 5190 0.000 -0.002 0.122 -0.116 0.096 

Industry Cash Flow Volatility 5309 0.104 0.112 0.054 0.052 0.210 

Cash 5270 0.084 0.210 0.295 0.007 0.650 

CapEx 5246 0.042 0.069 0.072 0.011 0.179 

Net Working Capital 5163 0.088 0.096 0.229 -0.192 0.406 

Leverage 5269 0.253 0.311 0.273 0.000 0.722 

Adj Leverage 5269 0.160 0.232 0.252 0.000 0.620 

Current Ratio 5201 1.831 2.156 1.261 0.818 4.025 

Adj Current Ratio 5197 2.090 2.471 2.126 0.419 5.473 

Net Worth 5269 0.789 0.777 0.326 0.315 1.189 

Adj Net Worth 5269 0.871 0.855 0.332 0.399 1.27 

Market-to-Book 5075 1.569 2.130 1.550 0.902 4.431 

This table presents summary statistics for a random sample of firms with credit lines from 2000 – 2010. 
Draw Dummy is a binary variable equal to one if there is some non-zero drawn amount outstanding. 
Drawn Outstanding ($MM) is the drawn amount reported at the end of the fiscal year, in millions of 
dollars. Drawn is Drawn Outstanding as a fraction of lagged non-cash assets. Undrawn is the amount 
available for future drawdowns as a fraction of lagged non-cash assets. Total is the contracted size of the 
credit line as a fraction of lagged non-cash assets. Cash Flow, Cash, CapEx, Net Working Capital, 
Leverage, Net Worth, Adj Leverage, Adj Net Worth, Acquisitions and R&D are all measured as a 
proportion of lagged non-cash assets. Adj Leverage, Adj Net Worth, and Adj Current Ratio are measured 
net of drawdowns. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows 
of all of the firms in the same two-digit industry over a ten year period. Dividend Payer, Rated and 
Investment Grade are all binary variables equal to one when the firm is a dividend payer, rated by S&P 
and rated investment grade, respectively. Credit Market Tightness is measured as the average over the 
four quarters of the fiscal year of the net fraction of domestic banks who respond to the Federal Reserve 
Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. 
Specifics of variable definitions can be found in the Appendix. Δ indicates a change in the variable of 
interest from year t-1 to t, unless otherwise specified. All ratios are winsorized at the 5th and 95th 
percentiles to reduce the effect of outliers. 10th Pctl and 90th Pctl are the 10th and 90th percentiles of 
observations, respectively. 
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Table 2-1.  Continued 

 
N Median Mean Std Dev 10th Pctl 90th Pctl 

Dividend Payer 5299 0.000 0.298 0.457 0.000 1.000 

Rated 5311 0.000 0.321 0.467 0.000 1.000 

Investment Grade 5311 0.000 0.135 0.341 0.000 0.000 

Credit Market Tightness 5311 0.082 0.147 0.262 -0.204 0.503 

Acquisitions 5018 0.000 0.030 0.070 0.000 0.116 

R&D 3127 0.028 0.088 0.138 0.000 0.289 

This table presents summary statistics for a random sample of firms with credit lines from 2000 – 2010. 
Draw Dummy is a binary variable equal to one if there is some non-zero drawn amount outstanding. 
Drawn Outstanding ($MM) is the drawn amount reported at the end of the fiscal year, in millions of 
dollars. Drawn is Drawn Outstanding as a fraction of lagged non-cash assets. Undrawn is the amount 
available for future drawdowns as a fraction of lagged non-cash assets. Total is the contracted size of the 
credit line as a fraction of lagged non-cash assets. Cash Flow, Cash, CapEx, Net Working Capital, 
Leverage, Net Worth, Adj Leverage, Adj Net Worth, Acquisitions and R&D are all measured as a 
proportion of lagged non-cash assets. Adj Leverage, Adj Net Worth, and Adj Current Ratio are measured 
net of drawdowns. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows 
of all of the firms in the same two-digit industry over a ten year period. Dividend Payer, Rated and 
Investment Grade are all binary variables equal to one when the firm is a dividend payer, rated by S&P 
and rated investment grade, respectively. Credit Market Tightness is measured as the average over the 
four quarters of the fiscal year of the net fraction of domestic banks who respond to the Federal Reserve 
Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. 
Specifics of variable definitions can be found in the Appendix. Δ indicates a change in the variable of 
interest from year t-1 to t, unless otherwise specified. All ratios are winsorized at the 5th and 95th 
percentiles to reduce the effect of outliers. 10th Pctl and 90th Pctl are the 10th and 90th percentiles of 
observations, respectively. 
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Table 2-2.  Summary statistics by draw dummy.   

 Drawn > 0 Drawn = 0  

 N Mean N Mean Difference 

Credit Line Variables      

Drawn 2983 0.127 2286 0.000 0.127*** 

Drawn Outstanding ($MM) 3009 99.851 2302 0.000 99.851*** 

Drawn/Total 3009 0.426 2302 0.000 0.426*** 

ΔDrawn 2532 0.009 2013 -0.012 0.021*** 

Covenant Violation 2287 0.121 1676 0.072 0.049*** 

New Covenant Violation 2287 0.206 1676 0.111 0.095*** 

Firm Characteristics      

Non-Cash Assets ($MM) 3008 1426.082 2300 1887.141 -461.059*** 

Cash 2983 0.129 2286 0.315 -0.186*** 

ΔCash Flow 2932 -0.002 2257 -0.002 0.000 

Cash Flowt+1 2774 0.104 2091 0.156 -0.052*** 

Cash Flow 2980 0.102 2281 0.159 -0.057*** 

Cash Flowt-1 2934 0.105 2259 0.161 -0.056*** 

Industry Cash Flow Volatility 3008 0.110 2300 0.115 -0.005*** 

CapEx 2968 0.070 2277 0.068 0.003 

ΔCapEx 2451 -0.006 1946 -0.005 -0.001 

Market-to-Book 2868 1.897 2206 2.432 -0.535*** 

Net Working Capital 2906 0.086 2256 0.107 -0.021*** 

Leverage 2983 0.371 2286 0.234 0.137*** 

Adj Leverage 2983 0.235 2286 0.229 0.006 

This table presents a comparison of the mean characteristics of firms when Drawn is positive or zero. 
Draw Dummy is a binary variable equal to one if there is some non-zero drawn amount outstanding. 
Drawn Outstanding ($MM) is the drawn amount reported at the end of the fiscal year, in millions of 
dollars. Drawn is Drawn Outstanding as a fraction of lagged non-cash assets. Undrawn is the amount 
available for future drawdowns as a fraction of lagged non-cash assets. Total is the contracted size of the 
credit line as a fraction of lagged non-cash assets. Cash Flow, Cash, CapEx, Net Working Capital, 
Leverage, Net Worth, Adj Leverage, Adj Net Worth, Acquisitions and R&D are all measured as a 
proportion of lagged non-cash assets. Adj Leverage, Adj Net Worth, and Adj Current Ratio are measured 
net of drawdowns. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows 
of all of the firms in the same two-digit industry over a ten year period. Dividend Payer, Rated and 
Investment Grade are all binary variables equal to one when the firm is a dividend payer, rated by S&P 
and rated investment grade, respectively. Credit Market Tightness is measured as the average over the 
four quarters of the fiscal year of the net fraction of domestic banks who respond to the Federal Reserve 
Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. 
Specifics of variable definitions can be found in the Appendix. Δ indicates a change in the variable of 
interest from year t-1 to t, unless otherwise specified. All ratios are winsorized at the 5th and 95th 
percentiles to reduce the effect of outliers. I test the null hypothesis that the means for the two groups are 
equal using t-tests. I assume unequal variances for t-tests. ***, **, and * denote significance in differences 
between the sample means at the 1%, 5%, and 10% levels, respectively. 
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Table 2-2.  Continued 

 Drawn > 0 Drawn = 0  

 N Mean N Mean Difference 

Current Ratio 2931 1.854 2270 2.545 -0.691*** 

Adj Current Ratio 2928 2.323 2269 2.662 -0.339*** 

Net Worth 2984 0.725 2286 0.847 -0.122*** 

Adj Net Worth 2983 0.854 2286 0.857 0.011 

Dividend Payer 3002 0.267 2296 0.338 -0.072*** 

Rated 3009 0.292 2302 0.359 -0.066*** 

Investment Grade 3009 0.108 2302 0.169 -0.061*** 

Credit Market Tightness 3009 0.147 2302 0.147 0.000 

R&D 1646 0.077 1481 0.100 -0.023*** 

Acquisitions 2840 0.032 2177 0.029 0.003 

This table presents a comparison of the mean characteristics of firms when Drawn is positive or zero. 
Draw Dummy is a binary variable equal to one if there is some non-zero drawn amount outstanding. 
Drawn Outstanding ($MM) is the drawn amount reported at the end of the fiscal year, in millions of 
dollars. Drawn is Drawn Outstanding as a fraction of lagged non-cash assets. Undrawn is the amount 
available for future drawdowns as a fraction of lagged non-cash assets. Total is the contracted size of the 
credit line as a fraction of lagged non-cash assets. Cash Flow, Cash, CapEx, Net Working Capital, 
Leverage, Net Worth, Adj Leverage, Adj Net Worth, Acquisitions and R&D are all measured as a 
proportion of lagged non-cash assets. Adj Leverage, Adj Net Worth, and Adj Current Ratio are measured 
net of drawdowns. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows 
of all of the firms in the same two-digit industry over a ten year period. Dividend Payer, Rated and 
Investment Grade are all binary variables equal to one when the firm is a dividend payer, rated by S&P 
and rated investment grade, respectively. Credit Market Tightness is measured as the average over the 
four quarters of the fiscal year of the net fraction of domestic banks who respond to the Federal Reserve 
Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. 
Specifics of variable definitions can be found in the Appendix. Δ indicates a change in the variable of 
interest from year t-1 to t, unless otherwise specified. All ratios are winsorized at the 5th and 95th 
percentiles to reduce the effect of outliers. I test the null hypothesis that the means for the two groups are 
equal using t-tests. I assume unequal variances for t-tests. ***, **, and * denote significance in differences 
between the sample means at the 1%, 5%, and 10% levels, respectively. 
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Table 2-3.  Effect of drawdowns on future cash flows.   

 
(1) (2) (3) 

Drawn -0.150*** -0.058*** -0.054*** 
 (0.047) (0.018) (0.018) 

Cash -0.087*** -0.046*** -0.046*** 
 (0.026) (0.010) (0.010) 

Market-to-Book 0.026*** 0.011*** 0.012*** 
 (0.005) (0.002) (0.002) 

Size 0.020*** 0.002** 0.001 
 (0.003) (0.001) (0.001) 

Cash Flow 
 

0.709*** 0.652*** 
  (0.018) (0.027) 

Cash Flowt-1 
  

0.065*** 
   (0.023) 

Constant -0.113*** -0.042*** -0.041*** 
 (0.014) (0.008) (0.008) 

Industry Fixed Effects Y Y Y 

Year Fixed Effects Y Y Y 

Number of observations 4,637 4,634 4,596 

Adjusted R2 0.135 0.617 0.616 

This table presents the results of OLS regressions where the dependent variable is Cash Flow in fiscal 
year t+1. Drawn is the drawn amount outstanding on the credit line as a fraction of lagged non-cash 
assets. Cash and Cash Flow are both measured as a fraction on lagged non-cash assets. Specifics of 
variable definitions are available in the Appendix. Standard errors are clustered by firm and reported in 
parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-4.  Effect of change in drawdowns on the change in future cash flows.   

 
(1) (2) (3) 

Sample All ΔDraw>0 ΔDraw<0 

ΔDrawn -0.056* -0.143** -0.014 
 (0.033) (0.072) (0.071) 

ΔCash 0.033** 0.064** -0.016 
 (0.014) (0.028) (0.024) 

Market-to-Book 0.009*** 0.009** 0.005** 
 (0.002) (0.004) (0.002) 

Size 0.004*** 0.000 0.004*** 
 (0.001) (0.002) (0.001) 

Cash Flow -0.262*** -0.290*** -0.219*** 
 (0.019) (0.032) (0.035) 

ΔCash Flow -0.075*** -0.122*** -0.002 
 (0.025) (0.045) (0.041) 

Constant -0.051*** 0.039** -0.020 
 (0.007) (0.019) (0.015) 

Industry Fixed Effects Y Y Y 

Year Fixed Effects Y Y Y 

Number of observations 3,948 1,165 1,332 

Adjusted R2 0.189 0.234 0.138 

This table presents the results of the OLS regressions where the dependent variable is the change in 
Cash Flow from year t to year t+1. All independent variables are measured at time t. Drawn is the drawn 
amount outstanding on the credit line as a fraction of lagged non-cash assets. Cash and Cash Flow are 
both measured as a fraction on lagged non-cash assets. Δ indicates a change in the variable of interest 
from year t-1 to t, unless otherwise specified. Specifics of variable definitions are available in the 
Appendix. Standard errors are clustered by firm and reported in parentheses. ***, **, and * denote 
significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-5.  Tobit regression to predict credit line drawdowns.   

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

Cash Flow -0.142*** -0.173*** -0.172*** -0.089*** 
 (0.029) (0.030) (0.030) (0.017) 

Size -0.020*** -0.010*** -0.011*** -0.004* 
 (0.003) (0.004) (0.004) (0.002) 

Market-to-Book 0.002 0.004 0.004 0.000 
 (0.004) (0.004) (0.004) (0.002) 

Cash -0.199*** -0.213*** -0.217*** -0.123*** 
 (0.023) (0.024) (0.024) (0.015) 

CapEx 
 

0.216*** 0.250*** 0.189*** 
  (0.066) (0.065) (0.040) 

ΔNet Working Capital 
 

-0.046** -0.049** -0.060*** 
  (0.019) (0.019) (0.022) 

Rated 
 

-0.046*** -0.045*** -0.012* 
  (0.013) (0.013) (0.007) 

Investment Grade 
 

-0.021 -0.020 -0.007 
  (0.016) (0.016) (0.008) 

Drawnt-1 
   

0.854*** 
    (0.024) 

Credit Market Tightness 
  

0.015* 
    (0.009)  

Annual GDP 
  

-0.009** 
    (0.004)  

Constant 0.047*** -0.010 0.048 -0.022 
 (0.014) (0.020) (0.050) (0.013) 

Industry Fixed Effects Y Y Y Y 

Year Fixed Effects Y Y N Y 

Number of observations 5,035 4,872 4,872 4,230 

Pseduo R2 0.969 1.077 1.035 3.758 

p-value of F-statistic 0.000 0.000 0.000 0.000 

This table presents the coefficients of Tobit models in which the dependent variable is Drawn. Drawn is 
the drawn amount outstanding on the credit line as a fraction of lagged non-cash assets. Cash Flow, 
Cash, CapEx and Net Working Capital are measured as a fraction on lagged non-cash assets. Net 
Working Capital is working capital net of cash. Rated and Investment Grade are both binary variables 
equal to one when the firm is rated by S&P and rated investment grade, respectively. All independent 
variables are measured at time t unless otherwise specified. Δ indicates a change in the variable of 
interest from year t-1 to t, unless otherwise specified. Specifics of variable definitions are available in the 
Appendix. Standard errors are clustered by firm and reported in parentheses. ***, **, and * denote 
significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-6.  Effect of unexpected drawdowns on cash holdings.   

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

Unexpected Draw 0.152* 0.154** 0.165** 0.185** 
 (0.078) (0.078) (0.078) (0.083) 

Market-to-Book 0.054*** 0.054*** 0.054*** 0.057*** 
 (0.007) (0.007) (0.007) (0.008) 

Size -0.012** -0.008 -0.008 -0.006 
 (0.005) (0.006) (0.006) (0.007) 

Cash Flow 0.169** 0.168** 0.168** 0.165** 
 (0.068) (0.068) (0.068) (0.075) 

Net Working Capital -0.068 -0.074 -0.073 -0.104* 
 (0.050) (0.050) (0.050) (0.055) 

CapEx 0.406*** 0.406*** 0.409*** 0.234 
 (0.143) (0.142) (0.143) (0.155) 

Adj Leverage -0.082* -0.072 -0.072 -0.081 
 (0.045) (0.047) (0.047) (0.054) 

Industry Cash Flow Volatility 0.163 0.161 0.161 0.145 
 (0.160) (0.161) (0.161) (0.168) 

Dividend Payer -0.044*** -0.036** -0.036** -0.039** 
 (0.017) (0.018) (0.018) (0.020) 

Acquisitions 0.060 0.064 0.062 0.020 
 (0.080) (0.081) (0.081) (0.091) 

R&D 1.205*** 1.222*** 1.221*** 1.175*** 
 (0.125) (0.124) (0.124) (0.142) 

Rated  -0.019 -0.018 -0.026 
  (0.024) (0.024) (0.025) 

Investment Grade  -0.027 -0.027 -0.030 
  (0.023) (0.023) (0.024) 

Industry Fixed Effects Y Y Y Y 

Year Fixed Effects Y Y Y Y 

Number of observations 2,830 2,816 2,816 2,440 

Adjusted R2 0.569 0.573 0.574 0.548 

This table presents the coefficients of OLS models where the dependent variable is Cash. Unexpected 
Draw is the residual from the predictive regression on drawdowns in Table 2-5. The model numbers in 
this table correspond to the predictive regression model numbers in Table 2-5. Cash, Cash Flow, CapEx, 
Net Working Capital, Leverage, Acquisitions and R&D are all measured as a proportion of lagged non-
cash assets. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows of all 
of the firms in the same two-digit industry over a ten year period. Dividend Payer, Rated and Investment 
Grade are all binary variables equal to one when the firm is a dividend payer, rated by S&P and rated 
investment grade, respectively. Specifics of variable definitions can be found in the Appendix. All 
independent variables are measured at time t unless otherwise specified. All models include an 
unreported constant term. Standard errors are clustered by firm and reported in parentheses. ***, **, and * 
denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-7.  Effect of unexpected drawdowns on future cash flows.   

 
2000 – 2010 Credit Line Sample 

 
Sufi (2009) Credit Line Sample (1996 – 2003) 

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

Unexpected Draw -0.043** -0.048** -0.061*** -0.067**  -0.118*** -0.120*** -0.122*** -0.148*** 
 (0.018) (0.019) (0.020) (0.027)  (0.030) (0.032) (0.032) (0.054) 

Cash -0.038*** -0.036*** -0.032*** -0.026**  -0.073*** -0.081*** -0.079*** -0.065*** 
 (0.010) (0.010) (0.010) (0.010)  (0.021) (0.021) (0.022) (0.024) 

Cash Flow 0.655*** 0.658*** 0.658*** 0.685***  0.570*** 0.595*** 0.603*** 0.585*** 
 (0.027) (0.030) (0.029) (0.034)  (0.044) (0.044) (0.045) (0.044) 

Cash Flowt-1 0.062*** 0.060** 0.057** 0.056**  0.002 -0.013 -0.022 -0.040 
 (0.023) (0.025) (0.025) (0.028)  (0.030) (0.031) (0.032) (0.032) 

Market-to-Book 0.012*** 0.012*** 0.012*** 0.012***  0.023*** 0.023*** 0.023*** 0.023*** 
 (0.002) (0.002) (0.002) (0.002)  (0.005) (0.005) (0.005) (0.006) 

Size 0.003*** 0.004*** 0.004*** 0.003**  0.002 0.002 0.003* 0.002 
 (0.001) (0.001) (0.001) (0.001)  (0.002) (0.002) (0.002) (0.002) 

CapEx 

 
-0.073** -0.112*** -0.072**  

 
-0.017 -0.014 0.065 

  (0.033) (0.033) (0.034)   (0.056) (0.057) (0.065) 

ΔNet Working Capital 
 

-0.023 -0.022 -0.026  

 
-0.063** -0.057** -0.066** 

  (0.022) (0.022) (0.028)   (0.027) (0.026) (0.030) 

Rated 

 
-0.003 -0.004 -0.001  

 
-0.018** -0.022*** -0.020** 

  (0.004) (0.004) (0.004)   (0.007) (0.007) (0.008) 

Investment Grade 

 
-0.001 -0.002 0.000  

 
0.023*** 0.016** 0.023*** 

  (0.004) (0.004) (0.004)   (0.008) (0.008) (0.008) 

This table presents the coefficients of OLS models in which the dependent variable is Cash Flow in year t+1. This table looks at two different time 
periods: my sample, which includes 2000 – 2010, and the publicly available sample from Sufi (2009), which includes the years 1996 – 2003. 
Unexpected Draw is the residual from the predictive regression on drawdowns in Table 2-5. The model numbers in this table correspond to the 
predictive regression model numbers in Table 2-5. Cash, Cash Flow, CapEx and Net Working Capital are all measured as a proportion of lagged 
non-cash assets. All independent variables are measured at time t unless otherwise specified. Δ indicates a change in the variable of interest from 
year t-1 to t. Credit Market Tightness is measured as the average over the four quarters of the fiscal year of the net fraction of domestic banks who 
respond to the Federal Reserve Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. Annual 
GDP is the annual United States gross domestic product for fiscal year t, measured in billions of 2005 dollars. Specifics of variable definitions can 
be found in the Appendix. All models include an unreported constant term. Standard errors are clustered by firm and reported in parentheses. ***, 
**, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-7.  Continued 

 
2000 – 2010 Credit Line Sample 

 
Sufi (2009) Credit Line Sample (1996 – 2003) 

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

Credit Market Tightness 
  

-0.006 
 

 
  

0.051** 
    (0.006)     (0.023)  

Annual GDP   -0.004** 
 

   -0.007 
    (0.002)     (0.005)  

Industry Fixed Effects Y Y Y Y  Y Y Y Y 

Year Fixed Effects Y Y N Y  Y Y N Y 

Number of observations 4,596 4,476 4,476 3,850  1,317 1,265 1,265 1,033 

Adjusted R2 0.617 0.613 0.604 0.621  0.482 0.498 0.488 0.481 

This table presents the coefficients of OLS models in which the dependent variable is Cash Flow in year t+1. This table looks at two different time 
periods: my sample, which includes 2000 – 2010, and the publicly available sample from Sufi (2009), which includes the years 1996 – 2003. 
Unexpected Draw is the residual from the predictive regression on drawdowns in Table 2-5. The model numbers in this table correspond to the 
predictive regression model numbers in Table 2-5. Cash, Cash Flow, CapEx and Net Working Capital are all measured as a proportion of lagged 
non-cash assets. All independent variables are measured at time t unless otherwise specified. Δ indicates a change in the variable of interest from 
year t-1 to t. Credit Market Tightness is measured as the average over the four quarters of the fiscal year of the net fraction of domestic banks who 
respond to the Federal Reserve Bank study by saying that they are tightening standards for C&I loans to large and medium sized firms. Annual 
GDP is the annual United States gross domestic product for fiscal year t, measured in billions of 2005 dollars. Specifics of variable definitions can 
be found in the Appendix. All models include an unreported constant term. Standard errors are clustered by firm and reported in parentheses. ***, 
**, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-8.  Effect of unexpected drawdowns on future cash flows.   

 2000 – 2010 Credit Line Sample  Sufi (2009) Credit Line Sample (1996 – 2003) 

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

Unexpected Draw -0.044** -0.048** -0.046** -0.067**  -0.120*** -0.119*** -0.119*** -0.146*** 
 (0.018) (0.019) (0.019) (0.027)  (0.030) (0.032) (0.032) (0.054) 

Predicted Draw -0.345 -0.167 -0.238* -0.032  0.705 0.005 0.049 -0.085* 
 (0.275) (0.129) (0.128) (0.028)  (0.443) (0.152) (0.191) (0.048) 

Cash -0.072*** -0.054*** -0.061*** -0.031***  0.011 -0.081*** -0.076** -0.074*** 
 (0.028) (0.015) (0.015) (0.011)  (0.060) (0.028) (0.031) (0.025) 

Cash Flow 0.628*** 0.632*** 0.626*** 0.673***  0.589*** 0.575*** 0.577*** 0.569*** 
 (0.034) (0.031) (0.031) (0.031)  (0.045) (0.045) (0.045) (0.043) 

Cash Flowt-1 0.063*** 0.066*** 0.067*** 0.058**  0.000 0.002 0.002 -0.014 
 (0.023) (0.024) (0.024) (0.026)  (0.030) (0.031) (0.031) (0.032) 

Market-to-Book 0.013*** 0.012*** 0.013*** 0.012***  0.024*** 0.024*** 0.024*** 0.023*** 
 (0.002) (0.002) (0.002) (0.002)  (0.005) (0.005) (0.005) (0.006) 

Size -0.001 0.002 0.001 0.003***  0.011* 0.002 0.002 0.000 
 (0.003) (0.002) (0.002) (0.001)  (0.006) (0.003) (0.003) (0.002) 

Constant -0.017 -0.037** -0.034*** -0.051***  -0.198 0.027 0.012 0.027 
 (0.028) (0.015) (0.013) (0.007)  (0.145) (0.055) (0.067) (0.030) 

Industry Fixed Effects Y Y Y Y  Y Y Y Y 

Year Fixed Effects Y Y Y Y  Y Y Y Y 

Number of observations 4,596 4,476 4,476 3,850  1,317 1,265 1,265 1,033 

Adjusted R2 0.617 0.612 0.612 0.620  0.483 0.494 0.494 0.478 

This table presents the coefficients of OLS models in which the dependent variable is Cash Flow in year t+1. This table presents a different set of 
independent variables from Table 2-7. Unexpected Draw is the residual from the predictive regression on drawdowns in Table 2-5. Predicted Draw 
is the predicted drawn amount from the predictive regression in Table 2-5.  The model numbers in this table correspond to the predictive 
regression model numbers in Table 2-5. Cash, Cash Flow, CapEx and Net Working Capital are all measured as a proportion of lagged non-cash 
assets. All independent variables are measured at time t unless otherwise specified. Δ indicates a change in the variable of interest from year t-1 
to t. Specifics of variable definitions can be found in the Appendix. All models include an unreported constant term. Standard errors are clustered 
by firm and reported in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-9.  Effect of unexpected drawdowns on future covenant variables.  

Dependent Variable Adj Net Wortht+1 Adj Current Ratiot+1 Adj Leveraget+1 

Unexpected Draw -0.192*** -0.704* 0.025 
 (0.057) (0.402) (0.025) 

Cash 0.062** 0.471*** -0.029*** 
 (0.024) (0.121) (0.011) 

Adj Net Worth 0.430***   
 (0.024)   

Adj Net Wortht-1 0.187***   
 (0.020)   

Adj Current Ratio  0.410***  
  (0.027)  

Adj Current Ratiot-1  0.167***  
  (0.025)  

Adj Leverage   0.628*** 
   (0.024) 

Adj Leveraget-1   0.190*** 
   (0.022) 

Market-to-Book 0.018*** 0.008 0.010*** 
 (0.005) (0.023) (0.002) 

Size -0.009*** -0.066*** 0.005*** 
 (0.002) (0.014) (0.001) 

Constant 0.260*** 0.532*** -0.007 
 (0.028) (0.177) (0.010) 

Industry Fixed Effects Y Y Y 

Year Fixed Effects Y Y Y 

Number of Observations 3,534 3,465 3,534 

Adjusted R2 0.409 0.372 0.677 

The following table presents the coefficients of OLS models in which the dependent variable is measured 
in year t+1 and specified in the first row. Unexpected Draw is the residual from the predictive regression 
on drawdowns in Model 1 of Table 2-5. Cash, Adj Net Worth and Adj Leverage are measured as a 
fraction of lagged non-cash assets. All independent variables are measured at time t unless otherwise 
specified. Specifics of variable definitions can be found in the Appendix. Standard errors are clustered by 
firm and reported in parentheses.***, **, and * denote significance at the 1%, 5%, and 10% levels, 
respectively. 
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Table 2-10.  Effect of unexpected drawdown on the probability of a new covenant violation.   

 

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

 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Unexpected Draw 0.622** 0.097** 0.584* 0.090* 0.583* 0.090* 0.844 0.124 
 (0.299) (0.047) (0.309) (0.047) (0.309) (0.047) (0.536) (0.078) 

Cash Flow -0.390** -0.061** -0.396** -0.061** -0.396** -0.061** -0.767*** -0.113*** 
 (0.188) (0.029) (0.198) (0.030) (0.198) (0.030) (0.248) (0.036) 

Adj Current Ratio -0.010 -0.002 -0.016 -0.002 -0.015 -0.002 -0.002 -0.000 
 (0.016) (0.003) (0.016) (0.003) (0.016) (0.003) (0.019) (0.003) 

Net Worth 0.262** 0.041** 0.303** 0.047** 0.303** 0.047** 0.354** 0.052** 
 (0.126) (0.020) (0.136) (0.021) (0.136) (0.021) (0.160) (0.023) 

Adj Leverage 0.322** 0.050** 0.385** 0.059** 0.385** 0.059** 0.271 0.040 
 (0.152) (0.024) (0.165) (0.025) (0.165) (0.025) (0.195) (0.029) 

Market-to-Book -0.072*** -0.011*** -0.061** -0.009** -0.061** -0.009** -0.046 -0.007 
 (0.025) (0.004) (0.026) (0.004) (0.026) (0.004) (0.030) (0.004) 

Size -0.087*** -0.014*** -0.044* -0.007* -0.044* -0.007* -0.032 -0.005 
 (0.018) (0.003) (0.025) (0.004) (0.025) (0.004) (0.028) (0.004) 

Cash -0.065 -0.010 -0.068 -0.010 -0.069 -0.011 -0.158 -0.023 
 (0.132) (0.021) (0.134) (0.021) (0.134) (0.021) (0.158) (0.023) 

CapEx 
  

-0.356 -0.055 -0.347 -0.053 -0.037 -0.006 
   (0.540) (0.083) (0.539) (0.083) (0.609) (0.089) 

This table presents the results of probit regressions of the probability of a new covenant violation in year t+1. The dependent variable is New 
Covenant Violationt+1. New Covenant Violation is a binary variable equal to one if the firm violates a covenant during the fiscal year and has not 
violated a covenant in any of the previous three quarters. Unexpected Draw is the residual from the predictive regression on drawdowns in Table 
2-5. The model numbers in this table correspond to the predictive regression model numbers in Table 2-5. Cash Flow, Net Worth, Adj Leverage, 
Cash, CapEx and Net Working Capital are all measured as a fraction of lagged non-cash assets. Net Working Capital is working capital net of 
cash. Adj Leverage and Adj Current Ratio are measured net of credit line drawdowns. Rated and Investment Grade are binary variables equal to 1 
if the firm is rated by S&P and rated investment grade, respectively. All independent variables are measured at time t. Δ indicates a change in the 
variable of interest from year t-1 to t. Specifics of variable definitions can be found in the Appendix. All models include an unreported constant 
term. Standard errors are clustered by firm and reported in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, 
respectively. 
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Table 2-10.  Continued 

 

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

 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

ΔNet Working Capital 
  

-0.112 -0.017 -0.112 -0.017 -0.362 -0.053 
   (0.249) (0.038) (0.249) (0.038) (0.320) (0.047) 

Rated 
  

-0.123 -0.018 -0.123 -0.018 -0.144 -0.020 
   (0.124) (0.018) (0.124) (0.018) (0.135) (0.018) 

Investment Grade 
  

-0.340** -0.044** -0.340** -0.044** -0.354* -0.044** 
   (0.168) (0.018) (0.168) (0.018) (0.187) (0.019) 

Industry Fixed Effects Y Y Y Y Y Y Y Y 

Year Fixed Effects Y Y Y Y Y Y Y Y 

Number of observations 3,174 3,174 3,131 3,131 3,131 3,131 2,557 2,557 

Adjusted R2 0.038 0.038 0.042 0.042 0.042 0.042 0.051 0.051 

This table presents the results of probit regressions of the probability of a new covenant violation in year t+1. The dependent variable is New 
Covenant Violationt+1. New Covenant Violation is a binary variable equal to one if the firm violates a covenant during the fiscal year and has not 
violated a covenant in any of the previous three quarters. Unexpected Draw is the residual from the predictive regression on drawdowns in Table 
2-5. The model numbers in this table correspond to the predictive regression model numbers in Table 2-5. Cash Flow, Net Worth, Adj Leverage, 
Cash, CapEx and Net Working Capital are all measured as a fraction of lagged non-cash assets. Net Working Capital is working capital net of 
cash. Adj Leverage and Adj Current Ratio are measured net of credit line drawdowns. Rated and Investment Grade are binary variables equal to 1 
if the firm is rated by S&P and rated investment grade, respectively. All independent variables are measured at time t. Δ indicates a change in the 
variable of interest from year t-1 to t. Specifics of variable definitions can be found in the Appendix. All models include an unreported constant 
term. Standard errors are clustered by firm and reported in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, 
respectively. 

 



 

60 

Table 2-11.  Effect of unexpected drawdown on probability of credit rating downgrade.   

 

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

 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Coefficient 
Marginal 
Effect 

Unexpected Draw 1.242 0.254 2.111*** 0.406*** 2.101*** 0.404*** 2.824*** 0.539*** 
 (0.765) (0.156) (0.764) (0.148) (0.765) (0.148) (1.072) (0.205) 

Industry Cash Flow Volatility 0.015 0.003 -0.173 -0.033 -0.172 -0.033 -0.321 -0.061 
 (1.007) (0.206) (1.087) (0.209) (1.087) (0.209) (1.065) (0.204) 

Cash Flow -5.211*** -1.065*** -5.930*** -1.142*** -5.926*** -1.141*** -5.955*** -1.137*** 
 (0.745) (0.143) (0.886) (0.164) (0.886) (0.164) (0.941) (0.168) 

Adj Leverage 1.193*** 0.244*** 1.604*** 0.309*** 1.604*** 0.309*** 1.475*** 0.282*** 
 (0.242) (0.052) (0.279) (0.056) (0.279) (0.056) (0.281) (0.055) 

Size 0.061 0.012 -0.028 -0.005 -0.029 -0.006 -0.043 -0.008 
 (0.041) (0.008) (0.054) (0.010) (0.054) (0.010) (0.054) (0.010) 

Market-to-Book -0.091 -0.019 -0.132 -0.025 -0.132 -0.025 -0.137 -0.026 
 (0.096) (0.019) (0.105) (0.020) (0.106) (0.020) (0.112) (0.021) 

Cash -0.644** -0.132** -0.276 -0.053 -0.283 -0.054 -0.225 -0.043 
 (0.316) (0.064) (0.341) (0.066) (0.341) (0.065) (0.361) (0.069) 

CapEx 
  

-3.217*** -0.619*** -3.186*** -0.613*** -2.985** -0.570** 
   (1.232) (0.231) (1.233) (0.231) (1.314) (0.245) 

ΔNet Working Capital 
  

-0.476 -0.092 -0.479 -0.092 -0.912* -0.174* 
   (0.478) (0.092) (0.478) (0.092) (0.526) (0.100) 

This table presents the results of probit regressions of the probability of a downgrade in any month of the fiscal year. The dependent variable is a 
binary variable equal to one if the firm experiences a downgrade in their S&P long term credit rating (Compustat variable splticrm) during the year. 
Unexpected Draw is the residual from the predictive regression on drawdowns in Table 2-5. The model numbers in this table correspond to the 
predictive regression model numbers in Table 2-5. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows of all of 
the firms in the same two-digit industry over a ten year period. Cash Flow, Adj Leverage, Cash, CapEx and Net Working Capital are all measured 
as a fraction of lagged non-cash assets. Net Working Capital is working capital net of cash. Adj Leverage is measured net of credit line 
drawdowns. Investment Grade is a binary variable equal to 1 if the firm is rated investment grade. All independent variables are measured at time 
t. Specifics of variable definitions can be found in the Appendix. All models include an unreported constant term. Standard errors are clustered by 
firm and reported in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-11.  Continued 

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

 
Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect 

Investment Grade 
  

0.374*** 0.074*** 0.375*** 0.074*** 0.365** 0.071** 
   (0.138) (0.028) (0.138) (0.028) (0.143) (0.029) 

Industry Fixed Effects Y Y Y Y Y Y Y Y 

Year Fixed Effects Y Y Y Y Y Y Y Y 

Number of observations 1,475 1,475 1,444 1,444 1,444 1,444 1,303 1,303 

Pseudo R2 0.166 0.166 0.185 0.185 0.185 0.185 0.188 0.188 

This table presents the results of probit regressions of the probability of a downgrade in any month of the fiscal year. The dependent variable is a 
binary variable equal to one if the firm experiences a downgrade in their S&P long term credit rating (Compustat variable splticrm) during the year. 
Unexpected Draw is the residual from the predictive regression on drawdowns in Table 2-5. The model numbers in this table correspond to the 
predictive regression model numbers in Table 2-5. Industry Cash Flow Volatility is the median of the standard deviation of the cash flows of all of 
the firms in the same two-digit industry over a ten year period. Cash Flow, Adj Leverage, Cash, CapEx and Net Working Capital are all measured 
as a fraction of lagged non-cash assets. Net Working Capital is working capital net of cash. Adj Leverage is measured net of credit line 
drawdowns. Investment Grade is a binary variable equal to 1 if the firm is rated investment grade. All independent variables are measured at time 
t. Specifics of variable definitions can be found in the Appendix. All models include an unreported constant term. Standard errors are clustered by 
firm and reported in parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-12.  Effect of covenant violations on credit line availability and usage.   

 

Total linet+1 /  
(Non-Cash Assets)t 

Unused linet+1 / 
(Non-Cash Assets)t 

Drawn linet+1 / 
(Non-Cash Assets)t 

Covenant Violation -0.017** -0.020* -0.005 
 (0.007) (0.011) (0.006) 

Cash Flow 0.129*** 0.091** -0.023 
 (0.022) (0.035) (0.019) 

Leverage -0.078*** -0.018 0.065*** 
 (0.012) (0.021) (0.012) 

Net Worth  -0.038*** -0.079*** -0.028*** 
 (0.009) (0.015) (0.008) 

Current Ratio -0.002 -0.012** -0.008*** 
 (0.004) (0.006) (0.003) 

Market-to-Book 0.006*** 0.007*** -0.002* 
 (0.002) (0.003) (0.001) 

Size -0.011*** -0.031*** -0.015*** 
 (0.002) (0.003) (0.002) 

Constant 0.107*** 0.279*** 0.129*** 
 (0.020) (0.034) (0.017) 

Industry Fixed Effects Y Y Y 

Year Fixed Effects Y Y Y 

Number of observations 3,622 3,622 3,622 

Adjusted R2 0.110 0.140 0.159 

This table presents the results of OLS regressions where the dependent variable is specified in the column heading. All independent variables are 
measured at time t. Specifics of variable definitions can be found in the Appendix. All Standard errors are clustered by firm and reported in 
parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2-13.  Effect of unexpected drawdowns on change in future capital expenditures.   

 

Predicted Draw Model 2 Predicted Draw Model 3 Predicted Draw Model 4 

 

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

New Covenant Violation -0.004* -0.001 -0.001 -0.006 -0.004 -0.003 -0.004* -0.001 -0.001 
 (0.002) (0.002) (0.002) (0.005) (0.005) (0.005) (0.002) (0.002) (0.002) 

Unexpected Draw -0.009 -0.014 -0.016 -0.034 -0.036 -0.038* -0.006 -0.010 -0.019 
 (0.011) (0.011) (0.011) (0.021) (0.022) (0.022) (0.014) (0.013) (0.014) 

Unexpected Draw*Violation 0.047** 0.048** 0.044** 0.082** 0.081** 0.074* 0.045 0.052* 0.057* 
 (0.019) (0.019) (0.020) (0.037) (0.039) (0.039) (0.031) (0.030) (0.031) 

Cash Flow 0.037*** 0.083*** 0.075*** 0.032*** 0.085*** 0.098*** 0.037*** 0.082*** 0.075*** 
 (0.008) (0.012) (0.015) (0.011) (0.023) (0.029) (0.008) (0.012) (0.015) 

Leverage -0.039*** -0.055* -0.031 -0.032*** -0.049 -0.020 -0.039*** -0.058* -0.030 
 (0.008) (0.029) (0.029) (0.012) (0.070) (0.067) (0.008) (0.030) (0.030) 

Interest 0.141 -0.049 -0.335 -0.083 0.153 0.076 0.149 -0.027 -0.326 
 (0.096) (0.390) (0.397) (0.113) (0.698) (0.688) (0.095) (0.391) (0.397) 

Net Worth -0.024*** 0.016 0.008 -0.043*** 0.011 0.018 -0.023*** 0.010 -0.001 
 (0.009) (0.086) (0.086) (0.013) (0.129) (0.131) (0.009) (0.086) (0.086) 

Current Ratio 0.001* 0.005 0.003 0.002 0.010 0.005 0.001* 0.005 0.004 
 (0.001) (0.009) (0.009) (0.001) (0.017) (0.017) (0.001) (0.009) (0.009) 

Market-to-Book 0.004*** 0.021*** 0.025*** 0.005*** 0.031*** 0.033*** 0.004*** 0.022*** 0.026*** 
 (0.001) (0.006) (0.006) (0.001) (0.010) (0.010) (0.001) (0.006) (0.006) 

NSS Controls Y Y Y Y Y Y Y Y Y 

This table presents the results of OLS regressions where the dependent variable is the change in CapEx from year t to year t+1 following the 
specifications in Table VI of Nini, Smith and Sufi (2011). New Covenant Violation is a binary variable equal to one if the firm violates a covenant 
during the fiscal year and has not violated a covenant in any of the previous three quarters. Unexpected Draw is the residual from the predictive 
regression on drawdowns in Table 2-5. Unexpected Draw*Violation is the product of New Covenant Violation and Unexpected Draw. NSS 
Controls are the level and first-difference of Size and the level and first-difference of PPE. The six covenant control variables are Cash Flow, 
Leverage, Interest, Net Worth, Current Ratio, and Market-to-Book. Higher Covenant Controls are the squared and cubed values of the six 
covenant control variables. Lagged Covenant Controls are the six covenant variables measured at t-1. CapEx, Cash Flow, Leverage, Interest, Net 
Worth, and PPE are measured as a fraction of lagged non-cash assets. All independent variables are measured at time t. Specifics of variable 
definitions can be found in the Appendix. Standard errors are clustered by firm and reported in parentheses.***, **, and * denote significance at the 
1%, 5%, and 10% levels, respectively. 
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Table 2-13.  Continued 

 

Predicted Draw Model 2 Predicted Draw Model 3 Predicted Draw Model 4 

 

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

Industry Fixed Effects Y Y Y Y Y Y Y Y Y 

Year Fixed Effects Y Y Y Y Y Y Y Y Y 

Higher Order Covenant Controls N Y Y N Y Y N Y Y 

Lagged Covenant Controls N N Y N N Y N N Y 

Number of observations 2,844 2,844 2,805 849 849 839 2,843 2,843 2,805 

Adjusted R2 0.356 0.371 0.381 0.398 0.408 0.410 0.356 0.371 0.381 

This table presents the results of OLS regressions where the dependent variable is the change in CapEx from year t to year t+1 following the 
specifications in Table VI of Nini, Smith and Sufi (2011). New Covenant Violation is a binary variable equal to one if the firm violates a covenant 
during the fiscal year and has not violated a covenant in any of the previous three quarters. Unexpected Draw is the residual from the predictive 
regression on drawdowns in Table 2-5. Unexpected Draw*Violation is the product of New Covenant Violation and Unexpected Draw. NSS 
Controls are the level and first-difference of Size and the level and first-difference of PPE. The six covenant control variables are Cash Flow, 
Leverage, Interest, Net Worth, Current Ratio, and Market-to-Book. Higher Covenant Controls are the squared and cubed values of the six 
covenant control variables. Lagged Covenant Controls are the six covenant variables measured at t-1. CapEx, Cash Flow, Leverage, Interest, Net 
Worth, and PPE are measured as a fraction of lagged non-cash assets. All independent variables are measured at time t. Specifics of variable 
definitions can be found in the Appendix. Standard errors are clustered by firm and reported in parentheses.***, **, and * denote significance at the 
1%, 5%, and 10% levels, respectively. 
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Table 2-14.  Summary statistics on changes in contract terms.   

 
N Mean Std Dev 10th Pctl 90th Pctl T-stat 

ΔAll In Drawn 909 -0.106 83.165 -100.000 100.000 -0.03829 

ΔMaturity 965 3.684 19.933 -20.000 26.000 5.74115 

ΔTotal 1017 54.096 520.750 -101.000 280.000 3.312823 

ΔBorrowing Base 995 0.015 0.365 0.000 0.000 1.30112 

ΔSecured 1017 0.010 0.476 -1.000 1.000 0.659194 

ΔNumber of Lenders 1017 -0.382 19.732 -13.000 12.000 -0.61819 

This table displays summary statistics on changes in credit line contract terms when a new contract is 
reported in DealScan within the following year. Covenant terms are measured using DealScan data. The 
sample is restricted to companies with existing credit line agreements where a new agreement is reported 
in DealScan within one year. Δ indicates a change in the variable of interest from year t-1 to t, unless 
otherwise specified. Unexpected Draw is the residual from the predictive regression on drawdowns in 
Table 2-5. T-stat reports the t-statistic for the significance of the reported mean from zero.



 

66 

Table 2-15.  Summary statistics for changes in contract terms for firms with covenant violations.   

 
Covenant Violation = 1 Covenant Violation = 0 

 

 
N Mean N Mean Difference 

ΔAll In Drawn 117 29.192 792 -4.434 33.626*** 

ΔMaturity 128 2.719 837 3.832 -1.113 

ΔTotal 132 3.629 885 61.624 -57.994*** 

ΔBorrowing Base 126 0.119 869 0.000 0.119** 

ΔSecured 132 0.083 885 -0.001 0.084* 

ΔNumber of Lenders 132 -5.394 885 0.365 -5.759** 

This table presents summary statistics and mean difference tests for changes in credit line contract terms 
before and after a covenant violation. Covenant terms are measured using DealScan data. The sample is 
restricted to companies with existing credit line agreements where a new agreement is reported in 
DealScan within one year. Δ indicates a change in the variable of interest from year t-1 to t, unless 
otherwise specified. Unexpected Draw is the residual from the predictive regression on drawdowns in 
Model 2 of Table 2-5. I test the null hypothesis that the means for the two groups are equal using t-tests. I 
assume unequal variances for t-tests. ***, **, and * denote significance in differences between the sample 
means at the 1%, 5%, and 10% levels, respectively. 
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Table 2-16.  Summary statistics for changes in contract terms for firms with unexpected drawdowns.   

 
Unexpected Draw > 0 Unexpected Draw < =0 

 

 
N Mean N Mean Difference 

ΔAll In Drawn 228 9.523 681 -3.329 12.852** 

ΔMaturity 240 2.671 725 4.019 -1.348 

ΔTotal 251 8.994 766 68.875 -59.882* 

ΔBorrowing Base 245 0.073 750 -0.004 0.077** 

ΔSecured 251 0.036 766 0.001 0.035 

ΔNumber of Lenders 251 0.036 766 -0.520 0.555 

Expire 244 0.053 736 0.054 -0.001 

This table divides the sample into firms with positive and negative unexpected drawdowns and provides 
summary statistics and mean difference tests for changes in credit line contract terms.. Covenant terms 
are measured using DealScan data. The sample is restricted to companies with existing credit line 
agreements where a new agreement is reported in DealScan within one year. Δ indicates a change in the 
variable of interest from year t-1 to t, unless otherwise specified. Unexpected Draw is the residual from 
the predictive regression on drawdowns in Model 2 of Table 2-5. I test the null hypothesis that the means 
for the two groups are equal using t-tests. I assume unequal variances for t-tests. ***, **, and * denote 
significance in differences between the sample means at the 1%, 5%, and 10% levels, respectively. 
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Table 2-17.  Summary statistics on changes in contract terms around unexpected drawdowns when there 
is no covenant violation.   

 
Unexpected Draw > 0 Unexpected Draw < =0 

 

 
N Mean N Mean Difference 

ΔAll In Drawn 190 4.599 602 -7.284 11.883* 

ΔMaturity 200 3.020 637 4.086 -1.066 

ΔTotal 209 10.032 676 77.574 -67.542* 

ΔBorrowing Base 205 0.044 664 -0.014 0.057* 

ΔSecured 209 -0.005 676 0.000 -0.005 

ΔNumber of Lenders 209 2.091 676 -0.169 2.260 

This table presents summary statistics and mean difference tests on changes in credit line contract terms 
for firms with positive or negative unexpected drawdowns when there is no covenant violation in the 
current year. Covenant terms are measured using DealScan data. The sample is restricted to companies 
with existing credit line agreements where a new agreement is reported in DealScan within one year. Δ 
indicates a change in the variable of interest from year t-1 to t, unless otherwise specified. Unexpected 
Draw is the residual from the predictive regression on drawdowns in Model 2 of Table 2-5. I test the null 
hypothesis that the means for the two groups are equal using t-tests. I assume unequal variances for t-
tests. ***, **, and * denote significance in differences between the sample means at the 1%, 5%, and 10% 
levels, respectively. 
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Table 2-18.  Summary statistics on changes in contract terms around unexpected drawdowns when there 
is a covenant violation.   

 
Unexpected Draw > 0 Unexpected Draw < =0 

 

 
N Mean N Mean Difference 

ΔAll In Drawn 38 34.145 79 26.810 7.335 

ΔMaturity 40 0.925 88 3.534 -2.609 

ΔTotal 42 3.826 90 3.538 0.288 

ΔBorrowing Base 40 0.225 86 0.070 0.155 

ΔSecured 42 0.238 90 0.011 0.227** 

ΔNumber of Lenders 42 -10.190 90 -3.156 -7.035 

This table presents summary statistics and mean difference tests on changes in credit line contract terms 
for firms with positive or negative unexpected drawdowns when there is a covenant violation in the 
current year. Covenant terms are measured using DealScan data. The sample is restricted to companies 
with existing credit line agreements where a new agreement is reported in DealScan within one year. Δ 
indicates a change in the variable of interest from year t-1 to t, unless otherwise specified. Unexpected 
Draw is the residual from the predictive regression on drawdowns in Model 2 of Table 2-5. I test the null 
hypothesis that the means for the two groups are equal using t-tests. I assume unequal variances for t-
tests. ***, **, and * denote significance in differences between the sample means at the 1%, 5%, and 10% 
levels, respectively. 
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CHAPTER 3 
 AN ANALYSIS OF CAPITAL IQ’S REPORTED CREDIT LINE DATA 

Introduction 

New studies are beginning to make use of Capital IQ’s detailed dataset on capital 

structure. Capital IQ provides data from 2002 – 2010 on drawn and available amounts 

on corporate credit line contracts. Paolo, Ippolito, and Li (2011) and Ippolito and Perez 

(2011) use Capital IQ to identify firms with access to credit lines. They also make use of 

drawn amounts outstanding as reported in Capital IQ in their analysis. I compare the 

drawn and available amounts in Capital IQ to hand-collected data on credit line usage 

for a random sample of firms. The goal is to document the accuracy of Capital IQ’s 

collection method relative to hand collecting. Of course, my hand collection is subject to 

possible errors or subjective judgments, as well. I do not claim to have a perfect 

database, but I believe that I am able to document some specific features of Capital IQ 

data that should be of use for individuals who wish to use this dataset for studies 

involving credit line data.  

I identify several concerns with the use of Capital IQ data on credit line usage. 

First, Capital IQ often reports blanks when there is data available on credit line usage 

and access in the company’s 10-K filings. Worse, this lack of reporting is not consistent 

over time. For example, in the case of Kimberley Clark Corp., Capital IQ reports non-

missing data only in 2006 and 2010. In all other years from 2002 – 2010, I find varying 

amounts available  reported in 10-K filings with the SEC, but Capital IQ reports only 

blanks. Similarly with Alaska Air Group, Capital IQ reports a non-missing value of the 

drawn amount outstanding for 2005 – 2007 and 2010. In the other years from 2002 – 
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2010, Capital IQ reports a missing for the drawn amount outstanding despite the line 

being fully drawn at the end of fiscal year 2002.  

In addition, I show that using Capital IQ’s reported availability far underrepresents 

the number of firm-year observations in which the sampled companies have access to 

and availability on a corporate credit line. Only 27% of the firm-year observations in the 

hand-collected sample match Capital IQ data in establishing whether or not there are 

amounts available to borrow on a credit line. If I follow existing work by Ippolito and 

Perez (2011) and use reported Capital IQ credit line availability to determine whether or 

not a firm has a line of credit, then Capital IQ captures only 28% of the firm-year 

observations where there is a corporate credit line. By using the sum of Capital IQ’s 

drawn and available variables, the accuracy of using Capital IQ to determine if a 

company has a credit line increases to 71%.  

Finally, Capital IQ often uses data from tables. This may eliminate some important 

granularity that can be obtained by reading the filing. For example, Capital IQ reports 

$12.381 billion outstanding on a credit line for Time Warner Inc. in 2006 based on the 

line item reporting outstanding debt on the bank credit agreement and commercial 

paper programs. Upon closer reading, $8 billion of the credit agreement is in the form of 

two $4 billion term loans. I do not include term loans in computing credit line use and 

access, so I report $4.381 billion outstanding. This same chart used to obtain the 

$12.381 billion outstanding reported in Capital IQ also reports unused committed 

capacity on the bank credit agreement of $8.382 billion. However, Capital IQ reports a 

missing value for the unused capacity of Time Warner Inc. in 2006. 
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Data 

I first obtain data from Capital IQ on firms with either positive bank debt or a 

reported credit line in at least one year between 2001 and 2010. I then keep only those 

companies that also appear in the Compustat industrial database, are not in the 

financial or utility sector, and have non-missing asset data during the sample period. 

From the 5,619 companies that met these criteria, I take a random sample of 900.  

For the random sample of 900 firms, I use a program similar to the one described 

in Sufi (2009) to run a web crawl on 10-K fillings for fiscal years 2000 to 2010.1 I search 

terms related to credit lines.2 I then manually examine the filings to establish the total 

size of the credit line, the drawn amount, and the unused amount available for draw.3 As 

in Sufi (2009), if a line of credit backs up outstanding commercial paper or letters of 

credit, those amounts are subtracted from the available portion of the line of credit but 

not included as part of the amount drawn on the line. This collection method results in a 

sample of 763 companies with a credit line in at least one year from 2000 to 2010 for a 

total of 5,311 firm-year observations.   

I match these observations to Capital IQ data. Capital IQ reports information from 

2002 – 2010 on two variables of interest. The first, Total Revolving Credit, reports the 

amount drawn on the credit line. The second, Undrawn Revolving Credit, states the 

amount available for future drawdowns. All 763 companies from my sample match 

                                            
1
 I modify a web crawler code for SAS provided in Engelberg and Sankaraguruswamy (2007). 

2
 My search terms include “revolv”, “credit line”, “credit facility”, “working capital facility”, “working capital 

line”, “line of credit”, “lines of credit”, and “credit lines”. 

3
 Corporations report detailed information related to their credit lines in annual 10-K filings. Item 303 of 

SEC Regulation S-K requires companies to report information related to their liquidity, capital resources, 
and results of operations for the fiscal year. While some companies choose to disclose credit line 
information more frequently, only annual reporting is required. 
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Capital IQ due to my initial data screening process. The matching results in 4,217 firm-

year observations from 2002 – 2010. 

Results 

Table 3-1 reports summary statistics for the hand-collected and Capital IQ data on 

credit line usage. Capital IQ reports “Total Revolving Credit”, which I refer to as Drawn 

Outstanding in my hand-collected sample. Similarly, the Capital IQ equivalent of my 

Undrawn variable is reported as “Undrawn Revolving Credit”. Capital IQ does not 

directly report a value for the total size of the line, which I dub Total. The best available 

estimate is the sum of the two reported items, Total Revolving Credit and Undrawn 

Revolving Credit, which I dub “Total (Implied)”. For my hand-collected sample, Total is 

not equal to the sum of Drawn Outstanding and Undrawn if the line of credit supports 

outstanding letters of credit or commercial paper, as these reduce availability but are 

not included in drawn amounts outstanding. There is a significant difference in the 

number of observations between the hand-collected and Capital IQ-reported data due to 

the prevalence of missing observations in Capital IQ. 

Tables 3-2 and 3-3 present mean difference tests between the hand collected and 

Capital IQ data. Table 3-2 uses the entire sample of each, while Table 3-3 restricts the 

sample to only those observations where Capital IQ has non-missing data. Perhaps 

surprisingly, both tables show similar results. Capital IQ tends to report larger drawn 

amounts outstanding, but there is no statistically significant difference between the 

hand-collected and Capital IQ data with regards to the average credit line availability. 

Using my naïve definition of the total size of the line based on Capital IQ data, I find that 

the hand-collected data shows a larger total line, on average.  
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In Tables 3-4 and 3-5, I show that using Capital IQ’s reported availability does not 

fairly represent the number of firm-year observations in which the sampled companies 

have either access to or availability on a corporate credit line compared to what is 

reported in 10-K filings.4 Ippolito and Perez (2012) uses Capital IQ’s reported Undrawn 

Revolving Credit to determine whether or not a firm has a line of credit. Table 3-4 shows 

that Capital IQ captures only 28% of the firm-year observations where there is a 

corporate credit line. This discrepancy occurs because Capital IQ often reports blanks 

when there is in fact data available in SEC filings. I investigate whether I can improve 

the accuracy of using Capital IQ data to determine credit line access. I find that using 

the implied total (the sum of Capital IQ’s drawn and available variables) increases the 

accuracy to 71%. While both Total Revolving Credit and Undrawn Revolving Credit are 

often reported as missing, they do not always overlap. Therefore, including both 

variables in the determination of credit line access substantially increases the 

usefulness of the Capital IQ database.  

Callo, Ippolito, and Li (2011) use Capital IQ’s Undrawn Revolving Credit to 

determine whether or not there is credit line availability for future drawdowns. Table 3-4 

also shows that only 27% of the firm-year observations in the Capital IQ database 

match the hand-collected data from SEC filings with regards to whether or not there is 

borrowing availability on a credit line.5  

                                            
4
 By access, I simply mean the existence of a corporate credit line. The term availability is used to 

describe both the existence of a credit line and the amount available for drawdowns. Therefore, a firm can 
only have availability if it has access, but access does not imply availability. 

5
 An availability observation is counted as a match if both Capital IQ and hand-collected data report zero 

availability, or if both report positive availability. 
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In Table 3-5, I break the data into fiscal years to see if there are time-series 

differences in the accuracy of using Capital IQ’s Undrawn Revolving Credit to determine 

credit line access and availability. Interestingly, I find that there is not much time 

variance until 2010. In fiscal year 2010, the Capital IQ data becomes substantially more 

accurate at establishing both credit line access and availability, with both having an 

approximately 75% success rate.6  Again, using Total (Implied) improves upon using 

Undrawn Revolving Credit when establishing credit line access. The percentage 

matches using Total (Implied) improves to nearly 90% in 2010. 

Ippolito and Perez (2012) also use Capital IQ to determine the amount of credit 

line access that a company has available for future drawdowns. In Tables 3-6 and 3-7, I 

show the number of matches between the Capital IQ-provided and hand-collected 

datasets. Table 3-6 show the overall number of matches, the percentage matches to the 

entire hand-collected sample, and the percentage matches when the sample is 

constrained to those observations with non-missing data in Capital IQ. As I would 

expect, the percentage matches improve when the dataset is restricted, but the amount 

of credit line availability still matches less than 50% of the time. When I include the vast 

number of times that Undrawn Revolving Credit is missing in Capital IQ, the percentage 

matches fall drastically to only 12%.  

To account for differences in rounding, or possible small judgment differences, I 

investigate the number of Capital IQ observations that are within 10% of the hand-

collected data in Table 3-7. While the percentage matched increases, there is still only 

                                            
6
 In unreported tests, I also explored the results from Table 3-2 by year. I do not find any time series 

pattern, and Capital IQ’s Total Revolving Credit remains significantly different from the hand-collected 
data throughout the sample period. 
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an 18% match rate for the full sample. This increases to 63% when I condition on 

Capital IQ having non-missing data.  

Both Table 3-6 and Table 3-7 also shows that the data on drawn amounts 

outstanding is better matched between the two sources than are total amounts. 

However, the percentage of exact matches is still quite low (34% in the full sample and 

52% in the non-missing Capital IQ sample). When I both limit the sample to 

observations with non-missing Capital IQ data and relax the match to within 10%, I find 

substantial improvement. Capital IQ matches the hand-collected data 72.5% of the time. 

However, I should note that restricting the sample in this way is only possible for some 

study designs. Any study interested in both firms with and without credit line access 

would be unable to limit the data to only non-missing Capital IQ observations. 

In Table 3-4, I showed that using Total (Implied) gives a more accurate 

representation of credit line access. However, I do not expect Total (Implied) to be a 

particularly accurate representation of the exact size of the credit line due to various 

mechanisms that decrease credit line availability but are not included in outstanding 

drawn amounts. Consistent with this expectation, in Tables 3-6 and 3-7, I find that Total 

is the dimension with the lowest percentage matches between Capital IQ and hand-

collected data. Even after conditioning on non-missing Capital IQ data and widening the 

interval for a match to within 10%, there is still only a 25% match between Capital IQ 

and the hand-collected sample. Thus, while using Total (Implied) is useful for creating a 

binomial variable that indicates credit line access, it is not particularly useful for 

identifying the size of the credit line contract or determining its relative weight in a firm’s 

liquidity management strategy. 
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Finally, in Tables 3-8 and 3-9, I address possible determinants of Capital IQ’s 

accuracy in a multivariate probit model.  In Table 3-8, the dependent variable is a binary 

variable equal to 1 when there are exact matches between Capital IQ and the hand-

collected data on Drawn Outstanding, Undrawn and Total in Columns 1, 2 and 3, 

respectively. In Table 3-9, I repeat the analysis where the binary variable equals one 

when the Capital IQ observations are within 10% of the hand-collected value.  

In the majority of the regressions, I find that Capital IQ is more likely to match the 

hand-collected data for smaller firms. In addition, several of the year dummies are 

statistically significant. Notably, the fiscal year 2010 dummy variable is statistically 

significantly positive in all specifications. This confirms the year-by-year results from 

Table 3-5 that showed a much greater accuracy in 2010. I include an additional 

variable, Unavailable, in the probit regressions estimating the probability of a match on 

Total. Since the Capital IQ equivalent of Total is estimated by summing the drawn and 

available amounts, it will overstate the total contractual size if there are letters of credit 

outstanding that do not count towards drawn amounts but do reduce availability. On the 

other hand, it may understate the total contractual size of the credit line if there are 

borrowing base restrictions that reduce availability below the contracted level. 

Unavailable measures the gap between the contracted size of the credit line and the 

sum of the drawn and available components in the hand-collected data. As expected, I 

find that greater unavailable amounts reduce the probability of a match on Total. 

Conclusion 

I show, for a random sample of firms, that there exist significant differences 

between Capital IQ’s data on credit line access and usage and hand-collected data from 

annual reports filed with the SEC. I find that Capital IQ reports missing data even when 
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there is information in the company’s filings, but that this misreporting is not systematic. 

The same firm may have data reported for some years but not for others, even while 

operating under the same credit line agreement. The biggest caution, and advice, that I 

am able to give Capital IQ users regards the reliance on Undrawn Revolving Credit to 

determine credit line access and availability. This measure does a poor job of 

establishing whether or not a firm has access to a credit line, as it is correct less than 

30% of the time. However, I show that by utilizing the sum of both credit line variables 

provided by Capital IQ (Undrawn Revolving Credit and Total Revolving Credit), one can 

successfully identify 71% of the sample firm-year observations with credit line access. 
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Table 3-1.  Summary statistics for hand-collected and Capital IQ data on credit line usage.   

 
N Mean Median Std Dev Minimum Maximum 10

th
 Pctl 90

th
 Pctl 

Drawn Outstanding 4217 53.470 0.929 235.617 0.000 6500.000 0.000 108.000 

Undrawn 4217 271.664 35.000 985.743 0.000 18264.000 0.913 560.200 

Total 4217 364.375 60.000 1198.600 0.025 21031.000 3.000 800.000 

CIQ: Total Revolving Credit 2735 89.427 10.500 417.347 0.000 12381.000 0.000 188.000 

CIQ: Undrawn Revolving Credit 1164 291.067 29.850 1463.520 0.000 18264.000 0.553 400.000 

CIQ: Total (Implied) 2994 194.851 21.100 1005.740 0.000 18264.000 0.000 331.400 

This table presents summary statistics on credit line usage information provided by hand collecting and by Capital IQ. Drawn Outstanding is the 
amount outstanding on all lines of credit according to hand-collected data. The Capital IQ equivalent of Drawn Outstanding is reported under the 
name “Total Revolving Credit”. Undrawn is the amount available for future drawdowns from the hand-collected data. The Capital IQ equivalent of 
Undrawn is reported as “Undrawn Revolving Credit”. Total is the contractual size of the lines of credit based on the hand-collected data. Capital IQ 
does not directly report an equivalent to Total. The best available estimate is the sum of the two reported items, Total Revolving Credit and 
Undrawn Revolving Credit, which I dub “Total (Implied)”. 10th Pctl and 90th Pctl are the 10th and 90th percentiles of observations, respectively. 
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Table 3-2.  Summary statistics for Capital IQ data on credit line usage relative to hand collected data.   

 Hand-collected Capital IQ  

 
N Mean N Mean Difference 

Drawn Outstanding 4217 53.470 2735 89.427 -35.958*** 

Undrawn 4217 271.664 1164 291.067 -19.403 

Total 4217 364.375 2994 194.851 169.523*** 

This table presents summary statistics and mean difference tests on credit line usage information 
provided by hand collecting and by Capital IQ. Drawn Outstanding is the outstanding amount drawn on 
the credit line at the end of fiscal year t from hand-collected data. Capital IQ records Drawn Outstanding 
under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is 
available for future drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records 
Undrawn as “Undrawn Revolving Credit”. Total is the contractual size of the reported credit line as of the 
end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent to Total. I 
use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn 
Revolving Credit, which I dub “Total (Implied)”. I test the null hypothesis that the means for the two groups 
are equal using t-tests. I assume unequal variances for t-tests. ***, **, and * denote significance in 
differences between the sample means at the 1%, 5%, and 10% levels, respectively. 
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Table 3-3.  Summary statistics for Capital IQ data on credit line usage relative to hand collected data conditional on Capital IQ availability.   

 Hand-collected Capital IQ  

 
N Mean N Mean Difference 

Drawn Outstanding 2735 67.881 2735 89.427 -21.547** 

Undrawn 1164 350.657 1164 291.067 59.590 

Total 2994 343.060 2994 194.851 148.209*** 

This table presents summary statistics and mean difference tests on credit line usage information provided by hand collecting and by Capital IQ 
conditional on data being reported in Capital IQ. Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t 
from hand-collected data. Capital IQ records Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the 
credit line that is available for future drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records Undrawn as “Undrawn 
Revolving Credit”. Total is the contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not 
directly report an equivalent to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn 
Revolving Credit, which I dub “Total (Implied)”. I test the null hypothesis that the means for the two groups are equal using t-tests. I assume 
unequal variances for t-tests. ***, **, and * denote significance in differences between the sample means at the 1%, 5%, and 10% levels, 
respectively. 
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Table 3-4.  Accuracy of Capital IQ data on credit line access and availability relative to hand-collected data.   

 
Percent Agreement with Hand-
Collected Data 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.276 
Use CIQ: Undrawn Revolving Credit to base if company has any credit line 
availability 0.269 

Use CIQ: Total (Implied) to base if company has a credit line 0.710 

This table assesses the accuracy of using Capital IQ data to identify firm credit line access and availability when compared to hand-collected data. 
Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t from hand-collected data. Capital IQ records 
Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available for future 
drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. Total is the 
contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent 
to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn Revolving Credit, which I dub 
“Total (Implied)”. 
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Table 3-5.  Accuracy of Capital IQ data on credit line access and availability relative to hand-collected data by year.   

 
Percent Agreement with Hand-
Collected Data 

Fiscal Year: 2002 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.254 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.245 

Use CIQ: Total (Implied) to base if company has a credit line 0.679 

Fiscal Year: 2003 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.305 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.299 

Use CIQ: Total (Implied) to base if company has a credit line 0.676 

Fiscal Year: 2004 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.246 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.240 

Use CIQ: Total (Implied) to base if company has a credit line 0.673 

Fiscal Year: 2005 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.325 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.320 

Use CIQ: Total (Implied) to base if company has a credit line 0.714 

Fiscal Year: 2006 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.290 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.278 

Use CIQ: Total (Implied) to base if company has a credit line 0.712 

This table assesses the accuracy of using Capital IQ data to identify firm credit line access and availability when compared to hand-collected data. 
Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t from hand-collected data. Capital IQ records 
Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available for future 
drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. Total is the 
contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent 
to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn Revolving Credit, which I dub 
“Total (Implied)”.  
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Table 3-5.  Continued 

 
Percent Agreement with Hand-
Collected Data 

Fiscal Year: 2007 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.200 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.198 

Use CIQ: Total (Implied) to base if company has a credit line 0.709 

Fiscal Year: 2008 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.189 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.183 

Use CIQ: Total (Implied) to base if company has a credit line 0.719 

Fiscal Year: 2009 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.184 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.177 

Use CIQ: Total (Implied) to base if company has a credit line 0.725 

Fiscal Year: 2010 

Use CIQ: Undrawn Revolving Credit to base if company has a credit line 0.751 

Use CIQ: Undrawn Revolving Credit to base if company has any credit line availability 0.742 

Use CIQ: Total (Implied) to base if company has a credit line 0.897 

This table assesses the accuracy of using Capital IQ data to identify firm credit line access and availability when compared to hand-collected data. 
Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t from hand-collected data. Capital IQ records 
Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available for future 
drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. Total is the 
contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent 
to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn Revolving Credit, which I dub 
“Total (Implied)”. 
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Table 3-6.  Accuracy of Capital IQ data on credit line usage relative to hand-collected data with exact matches.   

 

Number of 
Matches 

Percentage 
Matched 

Percentage Matched 
Conditional on non-missing 
CIQ data 

Drawn Outstanding 1417 0.336 0.518 

Undrawn  498 0.118 0.428 

Total 400 0.095 0.134 

This table provides summary statistics on the match of Capital IQ data on credit line usage to hand-collected data. Capital IQ and hand-collected 
data are reported as a match if they are exactly the same values. Drawn Outstanding is the outstanding amount drawn on the credit line at the end 
of fiscal year t from hand-collected data. Capital IQ records Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the 
amount of the credit line that is available for future drawdowns as of the end of fiscal year t from hand-collected data. Capital IQ records Undrawn 
as “Undrawn Revolving Credit”. Total is the contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. 
Capital IQ does not directly report an equivalent to Total. I use the best available estimate: the sum of the two reported items, Total Revolving 
Credit and Undrawn Revolving Credit, which I dub “Total (Implied)”.***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
  



 

86 

Table 3-7.  Accuracy of Capital IQ data on credit line usage relative to hand-collected data with matches within 10%.   

 

Number of 
Matches 

Percentage 
Matched 

Percentage Matched 
Conditional on non-missing 
CIQ data 

Drawn Outstanding 1983 0.470 0.725 

Undrawn 747 0.177 0.642 

Total 741 0.176 0.247 

This table provides summary statistics on the match of Capital IQ data on credit line usage to hand-collected data. Capital IQ and hand-collected 
data are reported as a match if the value reported in Capital IQ is within 10% of the hand-collected value. Drawn Outstanding is the outstanding 
amount drawn on the credit line at the end of fiscal year t from hand-collected data. Capital IQ records Drawn Outstanding under the variable 
name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available for future drawdowns as of the end of fiscal year t from 
hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. Total is the contractual size of the reported credit line as of the 
end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent to Total. I use the best available estimate: the sum of 
the two reported items, Total Revolving Credit and Undrawn Revolving Credit, which I dub “Total (Implied)”.***, **, and * denote significance at the 
1%, 5%, and 10% levels, respectively. 
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Table 3-8.  Probability that Capital IQ credit line data matches hand-collected data exactly.   

Dependent Variable: Drawn Outstanding Undrawn Total 

 
Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect 

Size 0.018* 0.007* -0.037*** -0.007*** -0.124*** -0.017*** 
 (0.010) (0.004) (0.013) (0.002) (0.015) (0.002) 

Unavailable 
    

-0.002*** -0.000*** 
     (0.001) (0.000) 

Constant 5.985*** 
 

0.090 
 

0.543 
  (0.406)  (0.902)  (0.895)  

Industry Fixed Effects Y Y Y Y Y Y 

Year Fixed Effects Y Y Y Y Y Y 

Number of observations 4,176 4,176 4,165 4,165 4,176 4,176 

Adjusted R2 0.029 0.029 0.058 0.058 0.086 0.086 

This table reports the results of a probit regression estimating the probability of an exact match between Capital IQ and hand-collected data. The 
dependent variable is listed in the second row and is a binary variable equal to 1 when there is a match between the Capital IQ and hand-collected 
variable. Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t from hand-collected data. Capital IQ 
records Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available for future 
drawdowns as of the end of fiscal year t based on hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. Total is the 
contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not directly report an equivalent 
to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn Revolving Credit, which I dub 
“Total (Implied)”. Size is the log of lagged non-cash assets. Unavailable is the difference Total – (Drawn Outstanding + Undrawn). This amount 
may be unavailable to draw because it is committed as a letter of credit or because the total availability has been reduced due to a borrowing base 
or other restriction.***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 3-9.  Probability that Capital IQ credit line data matches hand-collected data within 10%.   

Dependent Variable: Drawn Outstanding Undrawn Total 

 
Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect Coefficient 

Marginal 
Effect 

Size -0.027*** -0.011*** -0.040*** -0.010*** -0.080*** -0.019*** 
 (0.010) (0.004) (0.012) (0.003) (0.012) (0.003) 

Unavailable 
    

-0.001** -0.000** 
     (0.000) (0.000) 

Constant 6.277*** 
 

0.113 
 

0.304 
  (0.117)  (0.900)  (0.899)  

Industry Fixed Effects Y Y Y Y Y Y 

Year Fixed Effects Y Y Y Y Y Y 

Number of observations 4,176 4,176 4,176 4,176 4,176 4,176 

Pseudo R2 0.020 0.020 0.053 0.053 0.061 0.061 

This table reports the results of a probit regression estimating the probability that the Capital IQ data reported is within 10% of the hand-collected 
value. The dependent variable is listed in the second row and is a binary variable equal to 1 when there is a match between the Capital IQ and 
hand-collected variable. Drawn Outstanding is the outstanding amount drawn on the credit line at the end of fiscal year t from hand-collected data. 
Capital IQ records Drawn Outstanding under the variable name “Total Revolving Credit”. Undrawn is the amount of the credit line that is available 
for future drawdowns as of the end of fiscal year t based on hand-collected data. Capital IQ records Undrawn as “Undrawn Revolving Credit”. 
Total is the contractual size of the reported credit line as of the end of fiscal year t from hand-collected data. Capital IQ does not directly report an 
equivalent to Total. I use the best available estimate: the sum of the two reported items, Total Revolving Credit and Undrawn Revolving Credit, 
which I dub “Total (Implied)”. Size is the log of lagged non-cash assets. Unavailable is the difference Total – (Drawn Outstanding + Undrawn). This 
amount may be unavailable to draw because it is committed as a letter of credit or because the total availability has been reduced due to a 
borrowing base or other restriction.***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 

 



 

89 

CHAPTER 4 
CONCLUDING REMARKS 

The two chapters that make up my study focus on a hand-collected dataset of 

corporate credit line information. To create this dataset, I randomly sample 900 

companies that appear in both Capital IQ and Compustat and are not in the financial or 

utility sector. For the random sample of 900 firms, I manually examine 10-K filings to 

establish the total size of the credit line, the drawn amount, and the unused amount 

available for draw as of the end of the fiscal year. I have a final sample of 763 

companies with a credit line in at least one year from 2000 to 2010 for a total of 5,311 

firm-year observations. 

In Chapter 2, I utilize this dataset to study strategic credit line usage. Given 

existing empirical evidence that credit line access is contingent on financial 

performance, I hypothesize that firms draw on their credit lines in advance of poor future 

performance. This would allow firms to turn their contingent credit line access into 

realized liquidity in advance of future cash needs. I note that this strategic motive for 

credit line drawdowns differs from the theoretical literature on credit line usage which 

treats corporate credit lines as liquidity insurance that is available to fund projects when 

external funding is unavailable. 

In Chapter 2, I show evidence that credit line drawdowns are predictive of future 

cash flow declines. I separate credit line drawdowns into a predicted component based 

on cash needs and an unexpected component. I argue that the unexpected component 

proxies for preemptive drawdowns. To test whether my measure of unexpected 

drawdowns provides information about preemptive balances withdrawn by the firm, I 

test their impact on cash. I find an increase in unexpected drawdowns implies an 
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increase in cash holdings. This is consistent with the drawdown being held for 

precautionary purposes as opposed to meeting immediate cash needs.  

Consistent with the availability hypothesis, I find that unexpected drawdowns are 

related to performance metrics that creditors care about. I show that unexpected 

drawdowns predict declines in future cash flows and future net worth, a lower current 

ratio and an increased probability of a covenant violation. Moreover, I find that the 

probability of a credit rating downgrade is increasing in unexpected draws. This is 

consistent with anecdotal evidence that ratings agencies care about drawdown activity.  

My findings also examine the lender reaction to unexpected drawdowns. I show 

that lenders do not cancel credit line agreements and firms are not required to 

immediately repay outstanding amounts upon the violation of a covenant. I find 

evidence that those borrowers who draw preemptively on their credit line generally see 

the terms of their credit agreement change against them if there is a renegotiation of the 

agreement. However, if there is a covenant violation, then terms worsen equally for 

those firms who did and did not draw preemptively on their credit line. Additionally, firms 

with preemptive drawdowns tend to see a lesser decline in future capital expenditures 

following a covenant violation. Therefore, I conclude that the preemptive access to cash 

seems to provide a net benefit for the average firm. 

In Chapter 3 of my study, I compare my hand-collected dataset to data provider 

Capital IQ’s data on corporate credit lines. While I recognize that my hand-collected 

data is not perfect and is subject to collection errors, I believe that it is useful to provide 

a first look at the accuracy of Capital IQ credit line data. Through my comparison and 
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direct examination of SEC filings, I am able to identify several problems with relying on 

Capital IQ data.  

I show that Capital IQ often reports missing information on one or both of the data 

items collected even when there is information on credit line usage and availability in 

corporate 10-K filings. Furthermore, this misreporting is not systematic and results in the 

same firm having data reported for some years but not others, even while operating 

under the same credit line. This missing reporting may lead to misidentifying firms as 

not having access to a credit line, or as having lost access to a line, when relying on 

Capital IQ data.  

I look to contemporaneous studies to see how Capital IQ credit line data is being 

utilized by academics. I found no existing studies that use Capital IQ data to draw 

conclusions about the level of drawn or available balances. However, I did find new 

papers that rely on Capital IQ’s Undrawn Revolving Credit variable to determine 

whether or not firms have any credit line access and availability. I show that this method 

does a poor job of establishing whether or not a firm has access to a credit line, as it is 

correct less than 30% of the time. I suggest an improvement for determining credit line 

access. I show that by summing the two variables provided by Capital IQ, Undrawn 

Revolving Credit and Total Revolving Credit, one can successfully identify 71% of the 

firm-year observations with credit line access in my sample.  

My study demonstrates that there is ample opportunity for future research into 

corporate credit line usage. My empirical findings support the idea that firms draw 

preemptively from their credit line in anticipation of reduced future availability. This 

finding points to the need for a theory of credit line usage that accounts for the 
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contingent nature of credit line contracts. In addition, I find evidence that the existing 

Capital IQ database for credit line data may need to be manually cleaned for accuracy. 

While my results are robust to the use of two separately created samples, the lack of 

reliable computer readable data limits the ability of empirical researchers to perform 

large-scale tests for either a large number of firms or a large number of periods.  
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APPENDIX 
 VARIABLE DEFINITIONS 

Compustat Variable names are given in italics 
 
Non-Cash Assets = Total Assets (at) – Cash and Cash Equivalents (che) 
 
Draw Dummy is a binary variable equal to one if the total amount drawn on the credit 
line at the end of fiscal year t is greater than zero. 
 
Drawn Outstanding is the outstanding amount drawn on the credit line at the end of 
fiscal year t, measured in millions of dollars. 
 
Drawn = Drawn Outstanding/(Lagged Non-Cash Assets) 
 
ΔDrawn = (Drawn Outstandingt – Drawn Outstandingt-1)/(Lagged Non-Cash Assets)  
 
Undrawn is the amount of the credit line that is available for future drawdowns as of the 
end of fiscal year t, measured in millions of dollars. 
 
Total is the contractual size of the reported credit line at the end of fiscal year t, 
measured in millions of dollars. 
 
Drawn/Total is the amount drawn on the credit line at the end of fiscal year t as a 
fraction of the size of the credit line at the end of fiscal year t. 
 
Covenant Violation is a binary variable equal to one if the firm violates a covenant 
during the fiscal year. 
 
New Covenant Violation is a binary variable equal to one if the firm violates a covenant 
during the fiscal year and has not violated a covenant in any of the previous three 
quarters. 
 
Size = LN(Lagged Non-Cash Assets) 
 
Cash Flow = (Operating Income Before Depreciation (oibdp) – Cash and Cash 
Equivalents (che))/(Lagged Non-Cash Assets) 

 
Industry Cash Flow Volatility is the median of the standard deviation of the cash flows of 
all of the firms in the same two-digit industry over a ten year period.  
 
Cash = Cash and Cash Equivalents (che)/(Lagged Non-Cash Assets) 
 
CapEx = Capital Expenditures (capx)/(Lagged Non-Cash Assets) 
 
Net Working Capital = (wcap – che)/(Lagged Non-Cash Assets) 
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Leverage = (Long-Term Debt (dltt) + Total Debt in Current Liabilities (dlc))/(Lagged Non-
Cash Assets) 
 
Adj Leverage = Leverage – (Drawn Outstanding/Lagged Non-Cash Assets) 
 
Current Ratio = Current Assets (act)/Current Liabilities (lct) 
 
Adj Current Ratio = Current Assets (act)/(Current Liabilities (lct) – Drawn Outstanding) 
 
Net Worth = (Total Assets (at) – Cash and Cash Equivalents (che) – Total Debt in 
Current Liabilities (dlc) – Long-Term Debt (dltt))/(Lagged Non-Cash Assets) 
 
Adj Net Worth = Net Worth + Drawn 
 
Market-to-Book = (Total Assets (at) – Cash and Cash Equivalents (che) – Book Value of 
Common Equity Outstanding (ceq) + Closing Share Price (prcc_f)*Number of Common 
Shares Outstanding (csho))/(Non-Cash Assets)   
 
PPE = Property Plant and Equipment Net of Accumulated Depreciation (ppent)/(Lagged 
Non-Cash Assets) 
 
Interest = Interest Expense (xint)/(Lagged Non-Cash Assets) 
 
Rated is a binary variable equal to one if the firm has a credit rating and zero otherwise.  
 
Investment Grade is a binary variable equal to one if the firm’s credit rating is at least 
BBB- at the end of the fiscal year and equal to zero if the firm is rated below BBB-, or is 
unrated.   
 
Credit Market Tightness is measured as the average over the four quarters of the fiscal 
year of the net fraction of domestic banks who respond to the Federal Reserve Bank 
study by saying that they are tightening standards for C&I loans to large and medium 
sized firms.  
 
Annual GDP is the annual United States gross domestic product for fiscal year t, 
measured in billions of 2005 dollars. 
 
Dividend Payer is a binary variable equal to one if the firm pays dividends and zero 
otherwise.  
R&D = Research and Development Expense (xrd)/(Lagged Non-Cash Assets) 
 
Acquisitions = Cash Used in Acquisitions (aqc)/(Lagged Non-Cash Assets) 
 
All In Drawn is the fee over LIBOR paid on each dollar drawn.  
 
Maturity is the number of months until the credit line contract matures.  
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Borrowing Base is a dummy variable equal to one if the credit line contract includes a 
borrowing base and zero otherwise.  
 
Secured is a dummy variable equal to one if the credit line contract is secured and zero 
otherwise. 
 

Number of Lenders is the number of lenders in the loan syndicate. 
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