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ABSTRACT 

I examine the impact of the presence and characteristics of equity analysts’ cash flow 

forecasts on cost of debt.   I find the presence of cash flow forecasts is associated with a lower 

cost of debt relative to firm-years with only earnings estimates or neither estimate. I also find 

cash flow forecast characteristics are associated with cost of debt after controlling for other 

known determinants of yield spreads. Additional analyses decomposing earnings forecast 

characteristics into cash flow and accruals components find the cash flow component is 

associated with cost of debt, but the accruals component is not. Overall, the results indicate that 

debt market participants find cash flow forecasts useful in reducing information asymmetry 

and/or providing monitoring, as well as being useful in providing information regarding expected 

default risk in determining expected returns. 
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1. INTRODUCTION 

 Extant literature examining the determinants of cost of debt has primarily focused on the 

association between contemporaneous firm-level and debt-level characteristics and proxies for 

cost of debt. However, the default risk of a debt instrument is largely a function of the future 

financial performance and financial health of a firm - information often assumed to be conveyed 

through credit ratings and credit rating changes. Although the default risk models used by credit 

rating agencies in setting ratings are not observable, it is noncontroversial to assume that 

forward-looking information is included in determining the default risk of a debt security. 

According to Reilly and Brown (2001), “Rating agencies consider expectations over the life of 

the issue, along with the historical and current financial position of the company” (p.704). It 

follows then that credit ratings explain a large portion of bond risk premiums. However, credit 

ratings are slow to change, and additional sources of forward-looking information may be needed 

by bondholders to fine-tune expected returns between credit rating changes, assuming credit 

ratings are adequate sources of information regarding default risk of debt securities to begin 

with. I examine one forward-looking source of information, equity analyst cash flow forecasts, 

and their effect on firms’ cost of debt.
 1

 

This study is not the first to examine the relationship between analyst forecasts and cost 

of debt. Mansi et al. (2011) examine the relation between analyst earnings forecast 

characteristics and the cost of debt financing. They find analyst activity reduces bond yield 

spreads, and forecast characteristics (average forecast error, average dispersion among analyst 

forecasts, and revision volatility) are statistically related to yield spreads on corporate bonds. The 

authors conclude that the information contained in analyst earnings forecasts is valued outside of 

                                                           
1
 I focus on forecasts of cash flows for the forthcoming fiscal year (1-year-ahead cash flows). Longer forecast 

periods are too sparsely populated to examine characteristics and their association with cost of debt.  
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the equity market and provide an additional channel in which better information is associated 

with a lower cost of capital. The effect, they argue, is due to one or both of two possibilities: 1) 

the information contained in financial analyst earnings forecasts plays a key role in mitigating 

information asymmetry between firms and market participants, and 2) information production by 

analysts serves to monitor managers by imposing market discipline from the information 

contained in their forecasts. However, the analyst activity and characteristics the authors study is 

earnings-based. Given that debt market participants are focused on the cash flows of a firm, since 

their return is based directly on cash payments, it is surprising to discover that equity analysts, 

and their earnings estimates, would have an impact on the debt market. By examining the effect 

of the presence of cash flow forecasts and their characteristics on the cost of debt, we can gain 

further insight into which forward looking estimates (earnings or cash flows) are more important 

to debt market participants.  

I focus on cash flow forecasts and characteristics of those forecasts due to the 

fundamental relationship that exists between firm cash flows and bond expected returns. 

Expected default risk, the major determinant of bond risk premium, is a function of future cash 

flow volatility (risk), levels, and timing. Therefore, it seems plausible that bondholders would 

use cash flow forecasts and characteristics, that equity analysts make throughout the year, to 

update their estimates of default risk and therefore expected returns. Also, there is an ongoing 

debate in the literature on whether cash flow forecasts provide useful information to securities 

markets. Studies by Givoly et al. (2008) and Call et al. (2013) provide conflicting evidence 

regarding both the quality and equity market effect of cash flow forecasts. By studying the 

effects of cash flow forecasts in a debt market setting, I am able to provide implicit evidence on 

the quality and information content of cash flow forecasts. Using yield spreads as a proxy for 
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firms’ cost of debt, I test whether the mere presence of a cash flow forecast for a firm in a given 

fiscal year is associated with a lower cost of debt. Then, I test whether cash flow forecast 

characteristics are associated with cost of debt, controlling for accrual forecast characteristics 

and other known determinants of yield spreads.  

I find that the mere presence of a cash flow forecast for a firm-year is associated with a 

lower cost of debt, relative to firm-years with only earnings-per-share forecasts or no forecasts at 

all. Also, I find cash flow forecast characteristics are positively associated with cost of debt.  In 

additional analysis deconstructing earnings forecast characteristics into cash flow and accrual 

components, I find the cash flow forecast characteristics are associated with cost of debt, while 

accrual forecast characteristics are not. Together, these results suggest cash flow forecast 

characteristics are useful in reducing information asymmetry and/or providing monitoring, and 

also convey important information to debtholders’ regarding expected default risk.  

 This paper contributes to the existing literature in at least three ways. First, by examining 

cash flow forecasts in context with earnings forecasts, I am able to determine which piece of 

information is more important to bondholders. Prior research has suggested debtholders should 

be more focused on cash flows of the firm (DeFond and Hung 2003; Graham et al. 2005; 

Edmonds et al. 2011), and this research paper reconciles previously published results regarding 

the relationship between earnings forecasts and bond valuation fundamentals. Second, by further 

documenting the association between cash flow forecasts and cost of debt, this study provides 

insight into the limitations of credit ratings agencies as an information intermediary. Due to the 

stickiness of ratings, bond market participants may look to other information sources to aid them 

in their development of expected return requirements. Lastly, I provide some evidence in support 

of the utility of cash flow forecasts in security pricing. Prior literature is split on whether cash 
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flow forecasts provide information to financial markets. Therefore, by showing cash flow 

forecasts’ presence and characteristics affect the bond market, I present evidence that informs 

this debate.  The rest of this paper is structured as follows. Section 2 reviews the relevant prior 

literature. Section 3 develops the hypotheses. Section 4 describes the data and sample selection. 

Section 5 describes the empirical specifications. Section 6 presents the results, Section 7 presents 

robustness checks, and Section 8 concludes. 
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2. PRIOR LITERATURE 

 The link between earnings and the equity market has been well established in prior 

literature, starting with Ball and Brown (1968) and Beaver (1968). Then, a long stream of 

literature links equity analysts’ forecasts of earnings to the equity market (Kasznik and 

McNichols 2002; Asquith et al. 2005) but for years there was a dearth of studies examining the 

relationship between accounting earnings and forecasts of earnings and the debt market. This 

was most likely due to the confluence of a lack of widely available data combined with 

complications related to studying the debt market, including lack of liquidity in trading and slow 

changing credit ratings. However, more current studies focus on the debt market, aided by the 

emergence of easily accessible databases including TRACE for individual trades, Mergent FISD 

for trades undertaken by insurance companies, and SDC Global New Issues for yields and other 

characteristics of new bond offerings.  Initial studies on the relationship between earnings 

variables and cost of debt have yielded some surprising results. In general, earnings, as well as 

earnings benchmarks and earnings estimates all affect the debt market in one way or another.  

Jiang (2008) finds firms that meet or beat earnings benchmarks (zero EPS, last year’s 

EPS, and analyst forecast of EPS) have a lower cost of debt. This association is strengthened by 

the evidence that the relationship is mitigated in the presence of accruals manipulation. Easton et 

al. (2009) find that earnings announcements cause abnormal bond trading volume as well as a 

price reaction, and report a positive association between annual bond returns and both annual 

changes in earnings and annual analysts’ forecast errors. Mansi et al. (2011) find the presence of 

equity analysts’ earnings forecasts as well as forecast characteristics reduce firms’ cost of debt. 

These may all be perceived as surprising results, considering debtholders’ returns are dictated 

entirely by cash payments. One may then conclude that it should be cash flow metrics and 
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estimates, not earnings metrics and estimates, that should be more important to bondholders. 

Dechow et al. (1998) present a result clarifying why earnings may be important to debtholders. 

The authors find that current earnings are a better indicator of future cash flows up to three years 

in the future, than current cash flows. In other words, the information about future cash flows 

may be what is driving the results found in prior literature linking earnings variables and debt 

markets. In addition, Kim and Kross (2005) find that the ability of earnings to predict future cash 

flows has increased over time, although they only focus on the ability of earnings to predict cash 

flows one year into the future. Lastly, Barth et al. (2001) build on the Dechow et al. (1998) 

finding by showing predictive ability of earnings on future cash flows in enhanced significantly 

when accruals are disaggregated into major components – change in accounts receivable, change 

in accounts payable, change in inventory, depreciation, amortization, and other accruals. 

Generally, it is well-accepted amongst academics that earnings better predict future cash flows 

than current cash flows.
2
 The link between current earnings and future cash flows can therefore 

serve to reconcile the findings of Jiang (2008) and Easton et al. (2009) with bond valuation 

fundamentals, but no study has been done that suggests earnings forecasts better predict future 

cash flows than cash flow forecasts. Therefore, the association between earnings forecast 

characteristics and cost of debt needs further analysis to determine the causal mechanism. 

  To my knowledge, this is the first study to test whether analyst earnings estimates 

provide more information about future cash flows than analyst cash flow estimates. Prior 

research has identified the determinants of cash flow forecasts (Defond and Hung 2003), and the 

                                                           
2 A study by Lorek and Willinger (2009) presents results contrary to those found in DeChow et al. (1998), and Kim 

and Kross (2005). The authors provide evidence that cash flow based models provide significantly more accurate 

predictions of operating cash flows than earnings-based models, and find no evidence of an increase in predictive 

power for either the cash-based or earnings-based prediction models in the Kim and Kross (2005) sample period. 

However, the bulk of literature in this area supports the view that earnings predict future cash flows better than 

current cash flows. 
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quality of cash flow forecasts (Givoly et al. 2008; Call et al. 2013), but these studies do not 

directly test whether there is information about future cash flows contained in analyst forecasts. I 

propose that the most intuitive way to gather information about future cash flows of a firm is to 

directly observe cash flow forecasts provided by analysts, rather than relying on historical 

information or forecasts of a combination of cash flows and accruals (earnings). In addition, it is 

plausible to consider that equity analysts use the information in current earnings about future 

cash flows in producing their cash flow forecasts. One primary concern here is whether cash 

flow estimates are of sufficient quality to update bondholders’ priors regarding future cash flows, 

and therefore, firm default risk. It is well known that firm cash flows are more volatile than 

earnings by their very nature, and forecasts of a more volatile number may prove to be 

ineffective. Regarding this issue, Givoly et al. (2008) find that cash flow forecasts are of 

considerably lower quality than earnings forecasts, and even go as far as suggesting cash flow 

forecasts to be naïve extensions of earnings forecasts. The authors’ result suggests that cash flow 

forecasts would provide no incremental information to debtholders. However, Call et al. (2013) 

debate this finding. The authors randomly selected full-text equity analyst reports that included a 

cash flow forecast from Investext and determined them to be more sophisticated than previously 

documented, and find the forecasts are informative to the equity market when analyzing short-

window returns around revisions. Given this finding, debtholders may find cash flow forecasts to 

be important information relating to estimates of default risk, as well as providing a monitoring 

service.  

Other studies shed light on a possible indirect effect of cash flow estimates on cost of 

debt.  Call et al. (2009) examine whether analysts’ earnings forecasts are more accurate when 

accompanied by cash flow forecasts. They find that earnings forecasts accompanied by cash flow 
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forecasts are more accurate than those not accompanied by forecasts, and analysts’ earnings 

forecasts reflect a better understanding of the implications of current earnings for future earnings 

when they are accompanied by cash flow forecasts. Their results suggest analysts adopt a more 

structured and disciplined approach to forecasting earnings when they also issue cash flow 

forecasts. Therefore, the presence of cash flow forecasts may be important to debtholders due to 

the fact that the overall information quality of analyst earnings estimates is improved. McInnis 

and Collins (2011) also provide a result that speaks to the importance of not cash flow forecasts 

per se, but in combination with earnings forecasts. The authors explain that a combination of 

cash flow and earnings forecasts provides an implicit forecast of accruals, and suggest that this 

increases the expected costs of accruals manipulation, reducing the incidence of earnings 

management. They find that accrual quality improves, and firms’ propensity to meet/beat 

earnings benchmarks declines following the provision of cash flow forecasts. The McInnis and 

Collins (2011) result suggests that cash flow forecasts may have an indirect effect on debtholders 

by improving transparency, and/or reducing information asymmetry.   

Recent research has examined the impact of cash flow forecasts on cost of debt, but only 

to a limited extent. Edmonds et al. (2011) study the impact of meeting or beating analysts’ 

operating cash flow forecasts on a firms’ cost of debt, and document a positive relationship. The 

authors also test whether the earnings benchmark effect from Jiang (2008) was driven by their 

finding, but show instead that the result holds. This paper establishes a link between cash flow 

forecasts and cost of debt, but the informative ability of cash flow forecasts may be much greater 

in scope than serving as a benchmark.  

In summary, earnings have been found to predict future cash flows better than current 

cash flows; therefore, one may perceive earnings as more important to debt market participants 
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than cash flows. However, whether this can be extrapolated into earnings forecasts being more 

important than cash flow forecasts to debt market participants is an unanswered question. This is 

the gap in the existing literature that I address in this paper.  
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3. HYPOTHESES 

Duffie and Lando (2001) present a model that shows when firm value is not perfectly 

observable, there exists a positive probability that true firm value is near its default boundary. 

Therefore, as the ability of investors to estimate the distribution of firm value increases, the 

probability of default decreases. Taking this study into account, Ashbaugh-Skaife et al. (2006) 

argue that firms with better information environments allow a more precise estimation of true 

firm value. Therefore, to the extent that analysts’ cash flow forecast activity impacts the 

information environment of the firm, the forecasts should affect corporate bond yields. An 

improved information environment is suggested by the findings of Call et al. (2009). The authors 

describe the synergistic effect of the combination of earnings and cash flow estimates, in that, 

earnings estimates are improved when combined with cash flow estimates. By disaggregating 

earnings estimates into cash flow and accrual estimates, investors are able to determine the 

relevance of each to firm value, the point deemed critical in Duffie and Lando (2001).  Similarly, 

Easley and O’Hara (2008) suggest improvement in information quality decreases information 

risk, which in turn reduces default risk (Francis et al. 2005).  

In a different vein, McInnis and Collins (2011) suggest a mechanism for how cash flow 

forecasts could affect cost of debt, regarding an increase in expected costs of earnings 

management through the implicit estimates of accruals generated by the provision for both 

earnings and cash flow estimates which increases transparency and/or reduces information 

asymmetry.  

Analysts’ ability to reduce information asymmetry is supported by a long stream of prior 

literature (Jacobs et al. 1999; Clement 1999), so it is reasonable to expect a similar effect in this 
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setting. Taken together, I expect to find that the presence of cash flow forecasts is important to 

debt market participants, seen through a reduced cost of debt. Stated in alternative form: 

 

H1: Firm-years for which analysts provide forecasts for operating cash flows have a lower cost 

of debt than those with only earnings estimates or no estimates at all.  

 

 I propose that observing cash flow forecasts is the most intuitive method of revising 

expectations about future cash flows, and prior research has shown analyst cash flow estimates to 

be both sophisticated as well as being important to the equity market (Call et al. 2009).   Also, a 

large body of capital market research has used analyst estimates as a proxy for unobservable 

investor expectations (Brown 1993).  According to Abarbanell et al. (1995), “The use of 

forecasts to proxy for investor beliefs has become a routine methodological practice in 

accounting and finance research” (p.34). If estimates of operating cash flows are used in revising 

expectations about future cash flows, it follows that levels and changes in the characteristics of 

the cash flow forecasts will be associated with debt market participants’ expectations for cash 

flow volatility. For example, levels of and changes in accuracy, dispersion or revision volatility 

may signal the level and/or a change in the default risk of the firm, providing valuable 

information regarding the value of the firm’s debt. It is well known that accuracy, dispersion and 

revision volatility are highly correlated (Bushman et al. 2004). Therefore, following prior 

research, I will retain the first factor from a factor analysis of the forecast characteristics and 

analyze its correlation with cost of debt, in addition to testing each characteristic separately.  

Hypothesis 2, stated in alternative form: 
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H2: The characteristics of cash flow forecasts – accuracy, dispersion and revision volatility – 

are associated with cost of debt.  

 

 Earnings can be decomposed into cash flows and accruals, and earnings forecast 

characteristics can be decomposed into cash flow characteristics and accrual characteristics. 

Therefore, earnings forecast characteristics and cash flow forecast characteristics should be, and 

are, highly correlated. However, I propose that the characteristics of cash flow forecasts are more 

relevant to bondholders than earnings forecast characteristics, which is a noisier proxy for cash 

flow information since earnings forecast characteristics are a function of both cash flow forecast 

characteristics and accrual forecast characteristics. This suggests that when accrual forecast 

characteristics and cash flow forecast characteristics are included in the same model, only cash 

flow forecast characteristics will be associated with cost of debt.  Stated in alternate form: 

 

H3: When deconstructed into cash flow and accrual component characteristics, cash flow 

forecast characteristics are associated with cost of debt. 
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4. DATA SOURCES AND SAMPLE SELECTION 

 I gather information to calculate yield spreads from the Trade Reporting and Compliance 

Engine (TRACE) from its inception in 2002 through 2011.
 34

 Daily Treasury yields are gathered 

from the Federal Reserve Bank Treasury Constant Maturities file on WRDS. Debt-specific 

variables such as debt age, coupon and credit rating are gathered from Mergent FISD, and firm-

specific control variables are gathered through COMPUSTAT. Data for both the presence of 

earnings and cash flow forecasts in a given year and forecast characteristics are gathered through 

the I/B/E/S annual consensus files. 

 To test my first hypothesis, I require a firm-year to have at least one bond trade within 

thirty days after the firm’s earnings announcement for a given fiscal year. I do this for two 

reasons. First, by measuring yield spread after this date, I can be reasonably sure that firm-

specific characteristics associated with cost of debt have been inferred from financial statements 

and priced into the yield spread.
5
 Second, I corroborate the results from Mansi et al. (2011), since 

I am using a different dataset and addressing earnings forecast characteristics. In their 

specification, the yield spread is gathered for the most recent month-end following the earnings 

announcement.
6
 Therefore, I choose the thirty day window to include data from the most recent 

month-end, and to allow time to capture enough bond trades to populate my sample. My final 

sample size for tests of my first hypothesis is 2,264 firm-years. 

                                                           
3
 TRACE coverage started on July 1, 2002 with 498 bond issues with issuance size of $1 billion or greater, and self-

reporting was required within 75 minutes of trade execution. Additional coverage of trades occurred in steps, with 

full coverage of publicly traded bonds starting in February of 2005, with self-reporting required within 15 minutes 

of trade execution.  
4
 Although bond transactions are also reported on Mergent FISD in a longer time-series, the data is limited to 

include only insurance companies’ transactions. Insurance companies hold approximately thirty percent of 

outstanding bonds (Campbell and Taksler 2003) and are responsible for about a quarter of bond transactions (Hong 

and Warga 2000), but due to capital requirements necessary to hold non-investment grade bonds, transaction data is 

sparse for a large portion of the debt market.  
5
 Prior studies have used lagged firm-specific characteristics, but this raises concerns regarding correlated omitted 

variables. 
6
 The dataset they use, the Lehman Brothers Fixed Income Database (LBFI), has only month-end observations. 
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 I require each bond trade to have bond characteristic variables from Mergent FISD for 

debt-specific control variables. Then, I require that each firm-year has the required data from 

COMPUSTAT for firm-specific control variables. I do not require firm-years in the sample to 

have either a cash flow forecast or an earnings forecast for inclusion in the sample. Therefore, 

the benchmark firm (composing the intercept) consists of firms with neither an earnings forecast 

nor cash flow forecast in a given year. To test my second hypothesis, I require firm-years to have 

non-missing data for both earnings and cash flow forecast characteristics. The final sample size 

for my second hypothesis is 502 firm-years. Table 1 provides a summary of my data 

requirements and the effects on sample size. 

 

4.1 Measuring Cost of Debt Financing 

 I use yield spreads (bond risk premium) on existing public debt to proxy for a firm’s cost 

of debt in a fiscal year (Mansi et al. 2011; Chen et al. 2012). Other proxies for cost of debt are 

used in prior literature, including credit ratings and initial yield spreads on new bond issues, but I 

use yield spreads for the following reasons: 1) credit ratings are notoriously sticky, greatly 

reducing the power of tests using them as proxies for cost of debt (Jiang 2008), and 2) initial 

yield spreads on new bond offerings offer a limited number of firm observations relative to using 

trade data for all of a firm’s outstanding bonds. Given the limited time-series of cash flow 

forecast data, I choose the proxy that maximizes my sample size and power.   

For each bond trade that occurs in the required window, I calculate the yield spread by 

taking the reported yield from TRACE and subtracting the yield from the maturity equivalent 

Treasury bond.
7
 However, since my regressions are run on a firm-year basis, I use two 

                                                           
7 The Federal Reserve Bank Treasury Constant Maturities file only reports yields for maturities of 1,2,3,5,7,10,20 

and 30 years. Therefore, I use linear interpolation to populate missing maturities (Collin-Dufresne et al. 2011). 
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specifications to capture a firm-specific yield spread for each fiscal year. First, since many firms 

have multiple bonds that trade within the thirty days following their earnings announcement, I 

calculate a trade-weighted yield spread for each firm-year by computing yield spreads for each 

bond trade and weighting them by their associated trade volume (Anderson et al. 2004).
 8

 By 

aggregating several trades into one yield spread measure, I am able to gain a relatively accurate 

cost of debt for that firm-year. The second specification retains only the most recent bond trade 

following the earnings announcement (Mansi et al. 2011). This specification, although providing 

a less accurate measure of firm-year cost of debt, mitigates concerns that the yield spread 

contains a portion of expected return correlated with an event following the earnings 

announcement that I am unable to control for in my regression specifications. The yield spreads 

are initially measured in basis points, but due to the skewness of this variable (see Table 2) I use 

the natural logarithm of the yield spreads as the dependent variable for my regressions (Mansi et 

al. 2011).  

 

4.2 Analyst Variables 

 In my first hypothesis I predict that the mere presence of cash flow forecasts in a fiscal 

year is associated with a lower cost of debt. To proxy for the presence of cash flow forecasts in a 

fiscal year, I require that the firm-year has an observation for that fiscal year in the I/B/E/S 

consensus files for cash flows. I use the binary variable cf_dummy for my regressions, in which 

firm-years with cash flow forecasts in a given fiscal year are coded as unity, and zero otherwise. 

To control for the possibility that the presence of earnings forecasts is driving my results, I also 

control for the presence of earnings forecasts. For firm-years with an observation on the I/B/E/S 

                                                           
8 Trade sizes exceeding $5 million are capped, and an indicator variable is used to flag these trades. Since the true 

volume of the trade is unknown, I code the volume of these trades as equal to $5 million consistent with prior 

research (Bessembinder et al. 2008).  
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consensus earnings file I code another binary variable eps_dummy equal to unity, and zero 

otherwise.  

 My second and third hypotheses examine the association between cash flow, earnings, 

and accrual forecast characteristics and cost of debt. I focus on three separate characteristics 

commonly studied in the extant literature, and these characteristics are calculated for earnings 

forecasts and cash flow forecasts, and for implicit accrual estimates. The characteristics I 

examine are as follows: 1) revision volatility (rev_vol, cf_rev_vol and acc_rev_vol), defined as 

the standard deviation of the changes in consensus forecast during the fiscal year, 2) forecast 

dispersion (avg_disp, cf_avg_disp and acc_avg_disp), defined as the average standard deviation 

of forecasts throughout the fiscal year, and 3) forecast accuracy (avg_error, cf_avg_error and 

acc_avg_error), defined as the average of the absolute value of the difference between consensus 

forecast and actual during the fiscal year (Lang and Lundholdm 1996; Mansi et al. 2011).  

 Although the main tests of my second hypothesis use each of these characteristics as an 

individual regressor, it is noted in the literature (and confirmed by a correlation analysis for this 

sample) that these three characteristics are highly correlated for both earnings and cash flow 

forecast characteristics and perhaps capture the same underlying signal. Therefore, I also perform 

a factor analysis on the earnings, cash flow and accrual forecast characteristics individually, and 

retain the first factor to compute a firm-year-specific factor value (e_factor, cf_factor and 

acc_factor) for use in an alternative regression specification (Bushman et al. 2004) for my 

second hypothesis, and as the main specification for tests of my third hypothesis.  
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5. EMPIRICAL SPECIFICATIONS 

 To test my first hypothesis in which I examine whether the presence of cash flow 

forecasts is associated with a lower cost of debt, I estimate the following pooled OLS regression 

which I will refer to as Model 1:
9
 

 

                                 ∑               

 

 To test my second hypothesis in which I examine whether cash flow forecast 

characteristics are associated with cost of debt, I estimate the following pooled OLS regression 

which I will refer to as Model 2: 

 

                               ∑               

 

 I then break earnings forecast characteristics into cash flow and accrual forecast 

characteristics, and perform a factor analysis on the characteristics of each, retaining the first 

factor for both accrual and cash flow characteristics as an explanatory variable. To test my third 

hypothesis in which I examine whether cash flow forecast characteristics and/or accrual 

characteristics are associated with cost of debt, I estimate the following pooled OLS regression 

which I will refer to as Model 3: 

 

                                    ∑               

                                                           
9 Subscripts are suppressed for ease in exposition. 
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For all of the above regression specifications, Spread is either the log of the trade-weighted yield 

spread (log_wt) or the log of the most recent yield spread (log_re). In Equation 1, the cf_dummy 

and eps_dummy are binary variables signaling the presence of that particular forecast for a firm-

year. In Equation 2, the cf_characteristic represents one of the four separate measures of cash 

flow characteristics, including revision volatility, forecast dispersion, forecast accuracy, and a 

factor for the three characteristics.
 10

 In Equation 3, the cf_factor represents an explanatory 

variable calculated by retaining the first factor from a factor analysis on the three cash flow 

characteristics. In Equation 3, the acc_factor represents an explanatory variable calculated by 

retaining the first factor from a factor analysis on the three accrual characteristics. 

The vector of control variables for all of the models includes both firm-specific and bond-

specific characteristics known to have an effect on firms’ cost of debt (Chen et al. 2012). To 

control for default risk, I include the credit rating of the debt, size of the firm, the amount of 

leverage of the firm, as well as the Altman z-score for the firm-year. When log of the trade-

weighted yield spread is the dependent variable, the associated credit rating control is the trade-

weighted credit rating of the bonds included in the calculation of the trade-weighted yield spread 

(rating_tw). When the log of the most recently traded bond yield spread is used, the associated 

credit rating is the credit rating from that individual bond (rating_iv). The Altman z-score 

(altman_z), leverage (finlev), and size (size) variables are used to control for firm-specific default 

risk that may be priced into the yield spread but not captured by the credit ratings; in addition, 

the size variable proxies for the information environment of the firm due to the fact that larger 

                                                           
10

 I am unable to include all three forecast characteristics due to the fact that they are highly correlated with one 

another. In untabulated results, the variance inflation factors for each variable taken from regressions including all 

three characteristics are greater than 11, a number above the heuristic of 10 (Kennedy 2009) in determining if 

multicollinearity is problematic to coefficient estimation procedures.  
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firms typically have a host of information suppliers. To control for performance, I include profit 

and productivity. Profit is earnings for the prior year scaled by total assets, and productivity is the 

sales from the prior year scaled by total assets. To control for trading liquidity, I include debt 

age. Debt age is the number of years since a bond was issued, and proxies for trading liquidity 

due to the fact that on-the-run bond issuances have greater trading liquidity than bonds off-the-

run
11

, and trading gradually decreases for bond issuance with time. When log of the trade-

weighted yield spread is the dependent variable, the associated Debt Age control is the trade-

weighted debt age of the bond used in calculating the weighted-average yield spread 

(debt_age_wt). When log of the most recently traded bond yield spread is used, the associated 

debt age control is the debt age for that individual bond (debt_age_re). To control for the effects 

of payouts to shareholders, I calculate payout as the total amount of cash dividends and share 

repurchases made during the year scaled by total assets. To control for firm liquidity, I include 

variables for interest coverage as well as net working capital. Int_cov_dummy is an indicator 

variable equal to unity when a firm’s interest coverage ratio is less than zero, and zero otherwise. 

NWC is net working capital, equal to the difference between current assets and current liabilities 

scaled by total assets. To control for current cash flow volatility, I include Tobin’sQ as well as 

earnings volatility (stdROA). Lastly, I include year fixed-effects as well as industry fixed-effects 

(sic 2-digit), and cluster errors by firm.
12

  

 

 

                                                           
11 On-the-run refers to the most recently issued bond of a specific type and maturity. These typically have the 

greatest liquidity (Warga 1992). Off-the-run refers to bonds not on-the-run.  
12

 Although it is known that analysts’ decisions to provide cash flow forecasts is endogenous, each of the 

determinants found to influence the decision to provide a cash flow forecast in Defond and Hung (2003) (e.g. large 

accruals, heterogeneous accounting choices relative to industry peers, high earnings volatility, high capital intensity, 

and poor financial health) are positively associated with cost of debt.  This biases against finding a result that cash 

flow forecasts are negatively associated with cost of debt, so a two-stage model is not necessary in this setting. 
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6. RESULTS 

 Table 2 presents sample statistics of key variables. The skewness of the yield spread 

variables measured in basis points is apparent with a mean far in excess of the median 

(bp_sprd_wt mean = 325, median = 227; bp_sprd_re mean = 322, median = 219), suggesting the 

need to log transform the variable to serve as my dependent variable. Firms in the sample are 

profitable, and have a wide range of financial leverage. The mean of the cash flow forecast 

dummy (cf_dummy) and earnings forecast dummy (eps_dummy) can be transformed to show 

how many firm-years in the sample have the relevant forecast; 906 firm-years have a cash flow 

forecast, 1,438 have an earnings forecast, and 826 firm-year observations have no forecasts.
 13

 

On a firm basis, 203 firms in the sample always had a cash flow forecast, 92 went from not 

having a cash flow forecast to having a cash flow forecast during the sample period, and 393 

firms never had a cash flow forecast during the sample period. The median credit rating is 10, 

which corresponds to an S&P rating of BBB-. The average age of the bonds in the sample is 

about 2.7 years, which is not surprising since more recently issued, or ‘on-the-run’ bonds, trade 

more frequently than older bonds, and thus are more likely to be captured in my required sample 

periods from the TRACE database.  

 Table 2 also presents descriptive statistics for the earnings and cash flow characteristics. 

As expected, each cash flow characteristic is greater than its earnings counterpart (cf_rev_vol 

mean =.331, rev_vol mean =.206; cf_avg_disp = .554, avg_disp = .147; cf_avg_error = .855, 

avg_error = .287). This suggests that cash flows are either more difficult to forecast, which is 

reasonable considering, on average, cash flows are more volatile than earnings, that analysts are 

worse at forecasting cash flows than earnings, or both.   

                                                           
13 In this sample, all of the firm-years with cash flow forecasts also have earnings forecasts.  
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 Table 3 presents both Pearson and Spearman correlations with my variables of interest 

and controls. The cf_dummy variable is negatively and significantly associated with the proxy for 

cost of debt, but multivariate analysis is needed to infer the association. Table 3 also shows a 

significant correlation between control variables and cost of debt as well as the cf_dummy, 

validating the inclusion of the variables as controls. Also, these significant correlations suggest 

tests for multicollinearity to be necessary following my regression procedures.  

 Table 4 presents both Pearson and Spearman correlations with my variables of interest 

for my second and third hypotheses. Two important observations are taken from this table. First, 

the cash flow forecast characteristics are highly correlated with one another, suggesting the 

individual characteristics are unable to be included in the same regression. Second, the cash flow 

forecast characteristics and earnings forecast characteristics are highly correlated with one 

another, suggesting the individual characteristics are unable to be included in the same 

regression. This validates the decision to decompose earnings forecast characteristics into cash 

flow forecast characteristics and implicit accrual forecast characteristics to test my third 

hypothesis. 

 Table 5 presents the results for the tests of H1. Column 1 tests whether the mere presence 

of an earnings forecast is associated with a lower cost of debt, where the cost of debt proxy is the 

log of the trade-weighted yield spread of all bonds traded within thirty days following the 

earnings announcement (log_re). The coefficient of eps_dummy is negative but insignificant, 

suggesting the presence of earnings forecasts alone is not associated with a lower cost of debt. 
14

 

Column 2 adds in the dummy variable for whether the firm-year had a cash flow estimate, 

cf_dummy. The coefficient on cf_dummy is negative and significant at the 5 percent level, 

                                                           
14

 This result does not contradict findings from Mansi et al. (2011), who do not test whether the presence of an 

earnings forecast is associated with cost of debt. They find an association between the number of analyst following 

and cost of debt. 
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suggesting that the mere presence of a cash flow forecast in combination with an earnings 

forecast is associated with a lower cost of debt. However, the significance of this coefficient 

signals that firm-years with cash flow and earnings forecasts have a lower cost of debt relative to 

firm-years with neither forecast. To test whether firm-years with cash flow forecasts have a 

lower cost of debt relative to firm-years with only earnings forecasts, I test whether the 

difference between the coefficients on eps_dummy and cf_dummy is less than zero. I reject the 

null that the difference is equal to zero (F= 4.86, p > F = .0597) at the 10 percent level, 

suggesting firm-years with cash flow forecasts have a lower cost of debt relative to firm-years 

with only earnings forecasts.  

Column 3 repeats the same test as Column 1, but with the alternative proxy for cost of 

debt, the most recently traded bond yield spread (log_re). In Column 3, the coefficient on 

eps_dummy is again negative, but insignificant similar to the result in Column 1. In Column 4, 

the cash flow dummy is added, and is negative and significant at the 5 percent level. A test 

whether the difference between the coefficients on eps_dummy and cf_dummy is less than zero 

rejects the null that the difference is equal to zero (F= 3.11, p > F = .0911) at the 10 percent 

level.  Together, these results support my first hypothesis, that the mere presence of a cash flow 

forecast is associated with a lower cost of debt.  This suggests that cash flow forecasts provide 

useful information to debt market participants. As far as economic significance is concerned, the 

coefficient of -.07 on cf_dummy corresponds to a 7% decrease in the non-log-transformed basis 

point spread.
15

 Evaluated at the mean (median), this relates to an on-average effect of 22.75 

(15.82) basis points. In other words, cost of debt in firm-years with cash flow forecasts is on 

average 22.75 (15.82) basis points lower than cost of debt in firm-years with no cash flow 

forecasts.  

                                                           
15

 Introductory Econometrics by Woolridge (2011) presents this derivation and interpretation. 
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 Table 6 presents the initial tests of my second hypothesis. I regress each individual 

forecast characteristic for both earnings and cash flows (with controls, suppressed for ease of 

exhibition) on the proxy for cost of debt.
 16

 I do this for two reasons, 1) to corroborate the results 

of Mansi et al. (2011) who find earnings forecast characteristics to be positively associated with 

cost of debt, validating my sample and empirical design, and 2) I am unable to include all of the 

forecast characteristics for either earnings or cash flows in the same regression due to their high 

correlations with one another. 

 Columns 1, 3 and 5 test individual cash flow characteristics and Columns 2, 4, and 6 test 

individual earnings forecast characteristics. In Columns 1, 3 and 5, the coefficients on 

cf_rev_vol, cf_avg_disp and cf_avg_error are positive and significant, indicating firm-years with 

higher cash flow forecast revision volatility, higher dispersion amongst analyst estimates, and 

larger average cash flow forecast errors are associated with higher yield spreads.  In Columns 2, 

4 and 6, the coefficients on rev_vol, avg_disp and avg_error are positive and significant, 

indicating firm-years with higher earnings forecast revision volatility, higher dispersion amongst 

analyst estimates of earnings, and larger average earnings forecast errors are associated with 

higher yield spreads.  In Columns 7 and 8, I regress the factors obtained from a factor analysis on 

cash flow forecast characteristics (cf_factor) and earnings forecasts characteristics (e_factor) on 

the proxy for cost of debt. Both the cf_factor and e_factor coefficients are positive and 

significant, providing further evidence of the positive relationship between both cash flow and 

earnings characteristics and cost of debt, and supporting H2. This result speaks to the debate 

regarding whether cash flow forecasts contain useful information to investors, adding to the 

result from Chen et al. (2013) that finds that the equity market behaves as if cash flow forecasts 

                                                           
16 The results presented are only for the log of the trade-weighted yield spread proxy of cost of debt (log_re). 

Untabulated results are qualitatively similar when the most recent trade yield spread (log_re) is used.  
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are informative. By documenting an association between cash flow forecast characteristics and 

cost of debt, I provide evidence of the usefulness of cash flow forecasts in the debt market 

setting. However, since cash flows are correlated with earnings, and earnings forecast 

characteristics have already been shown to be associated with cost of debt, additional tests are 

needed to determine which piece of information is more important to debt market participants.  

  Table 7 presents results for tests of my third hypothesis, in which I test whether cash flow 

and/or accrual forecast characteristics are associated with cost of debt. For the sake of 

parsimony, I only present the results from using the retained factors cf_factor and acc_factor as 

explanatory variables. As noted previously, each individual forecast characteristic is highly 

correlated and been shown to be associated with cost of debt, and the factor analysis condenses 

the characteristics into one clean explanatory variable used to test the hypothesis.
17

 In Column 1, 

the dependent variable is log_wt, and in Column 2, the dependent variable is log_re. In support 

of my third hypothesis, the coefficients on cf_factor are positive and significant at the 5% level, 

and the coefficients on acc_factor are insignificant in both models. Together, these results 

suggest that the characteristics of cash flows are driving previously published results finding an 

association between earnings forecast characteristics and cost of debt.  

 Results for all three of my hypotheses, that the presence of cash flow forecasts and 

characteristics of cash flow forecasts are associated with a lower cost of debt, provide evidence 

that cash flow forecasts convey useful information to debt investors by reducing information 

asymmetry and/or providing monitoring, and also by providing information regarding expected 

default risk. Together, these results provide evidence in support the argument from Call et al. 

(2013) that cash flow forecasts provide useful information to investors. It should be noted, 

                                                           
17

 I also perform analyses with the individual characteristics of cash flows and accruals, similar to my second 

hypothesis, and the results are qualitatively similar.  
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however, that I provide evidence of associations between cash flow forecasts and cost of debt, so 

I am unable to infer causality.  
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7. ROBUSTNESS CHECKS 

7.1 Firms Pre-Post and Changes Analysis 

In H1, I test whether the mere presence of a cash flow forecast during a fiscal year is 

associated with a lower cost of debt.  In my initial tests presented in Table 5, I include firm-years 

(and firms) that have neither a cash flow forecast nor an earnings forecast. Therefore, one may 

conclude that the results presented are spurious due to the benchmark firm being fundamentally 

different from those with analyst forecasts. To address this concern, I retain observations where 

the same firm went from having no cash flow forecast to having a cash flow forecast during my 

sample period. I then test whether cost of debt is lower in the period in which cash flow forecasts 

were being provided by analysts after controlling for other determinants of cost of debt. The 

results are tabulated in Table 8. In Column 1 of Table 8, the dependent variable is the log of the 

trade-weighted yield spread (log_wt), and the coefficient on the variable of interest, cf_dummy, is 

negative, but insignificant. In Column 2, the dependent variable is the log of the most recently 

traded bond yield spread, and the coefficient on cf_dummy is negative and significant at the 5% 

level.   

 I perform a changes analysis to buttress the aforementioned association test, with the 

results tabulated in Table 8. In this specification, I compute the first difference for each of the 

control variables, as well as my variable of interest. Similar to the first robustness check in Table 

8, Column 1 includes the change in the log of the trade-weighted yield spread as the dependent 

variable (ch_log_wt), and Column 2 includes the change in the log of the most recently traded 

bond yield spread as the dependent variable (ch_log_re). In Column 1, the coefficient on 

ch_cf_dummy is negative but insignificant. In Column 2, the coefficient on ch_cf_dummy is also 

negative and insignificant. This is due to the lack of a sufficient number of observations (n=95) 
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where a firm went from not having a cash flow forecast to having a cash flow forecast, resulting 

in a lack of sufficient power to test my first hypothesis. Due to the results of this robustness 

check, I am able to say that I provide evidence that the presence of cash flow forecasts is 

associated with a lower cost of debt, but I do not provide evidence that the presence of a cash 

flow forecast causes a decrease in cost of debt.  

 

7.2 Firm Fixed-Effects 

 Although the R-squared reported in my regressions is relatively high around 70%, I do 

not have a perfectly specified model. Therefore, I may be failing to capture firm-specific 

determinants of yield spreads associated with a lower cost of debt and the presence of cash flow 

forecasts. To address the concern that I am missing some firm-specific characteristics in my list 

of control variables and these firm-specific characteristics are a correlated omitted variable 

driving my results in H1, I re-run my main test of H1 with firm fixed-effects. Results are 

tabulated in Table 10. Similar to the previous robustness check specifications, Column 1 includes 

the log of the trade-weighted yield spread as the dependent variable, and Column 2 includes the 

log of the most recently traded bond yield spread as the dependent variable.  In Column 1, the 

coefficient on cf_dummy is negative but insignificant. In Column 2, the coefficient on cf_dummy 

is negative and significant at the 10% level. This is a concern, but I attribute the reduced 

significance to a loss of power associated with losing 688 degrees of freedom. Furthermore, in 

all cases where a firm does not have a change in the presence of cash flow forecast, the firm-

fixed effects will be perfectly collinear with the dummy variable of interest cf_dummy, 

effectively limiting my ability to separate the effect of the presence of cash flow forecasts from 

firm fixed-effects in those cases.  
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7.3 Analyst Following  

Firms with no equity analyst following may be fundamentally different from those with 

analyst following. Then, the difference between these firms is a correlated omitted variable that 

may be driving the negative association between the presence of a cash flow forecasts and cost of 

debt documented in Table 5. I address this concern by dropping firms with no analyst following 

from the sample, and re-run my test of H1 (Model 1), with the exception of the eps_dummy 

variable being removed. Results of these regressions are in Table 11. Similar to the previous 

robustness check specifications, Column 1 includes the log of the trade-weighted yield spread as 

the dependent variable, and Column 2 includes the log of the most recently traded bond yield 

spread as the dependent variable. In both regression specifications, the variable cf_dummy is 

negative and significant. Therefore, a fundamental difference between firms without analyst 

coverage and firms with analyst coverage is not a correlated omitted variable driving my results. 

 

7.4 Information Environment 

Also concerning H1, the information environment for firms with cash flow forecasts may 

be superior to those without cash flow forecasts, and this correlated omitted variable is driving 

the results presented in Table 5. I address this concern by including analyst following and issue 

size of the traded debt used to calculate yield spread in my regressions, and results remain 

unchanged. In Table 12, Column 1 includes the log of the trade-weighted yield spread as the 

dependent variable, and Column 2 includes the log of the most recently traded bond yield spread 

as the dependent variable. In both specifications, the coefficient is negative and significant. 

Considering firms in the sample all must have publicly traded debt, and I control for size which 
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has been shown to be highly correlated with other measures of firm information environment 

(PIN and AIMR scores for example), I am confident that firm information environment is not 

driving my results. Also, I fail to use this regression specification as my main test of H1 due to 

high variance inflation factors (VIF = 10.58 and 11.22 respectively in specifications reported in 

Column 1 and Column 2) caused by multicollinearity between the information environment 

proxies and size measures.  
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8. CONCLUSIONS 

 Consistent with my first hypothesis, I find the presence of cash flow forecasts is 

associated a lower cost of debt relative to firm-years with only earnings forecasts or neither 

forecast. However, due to a lack of observations of changes in the presence of cash flow 

forecasts in the study, I do not find that the presence of cash flow forecasts causes a lower cost of 

debt.  I also find cash flow forecast characteristics are associated with cost of debt after 

controlling for other known determinants of yield spreads. Additional analyses decomposing 

earnings forecast characteristics into cash flow and accruals components find the cash flow 

component is associated with cost of debt, but the accruals component is not. Overall, the results 

indicate that debt market participants find cash flow forecasts useful in reducing information 

asymmetry and/or providing monitoring, as well as being useful in providing information 

regarding expected default risk in determining expected returns. These results speak to the debate 

regarding whether cash flow forecasts contain useful information to security market participants. 

Subsequent research should attempt to isolate scenarios when earnings forecasts become more 

informative than cash flow forecasts to debt market participants. Also, additional research should 

be done regarding how other sources of forward-looking information interact with the debt 

market.  
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APPENDIX A: VARIABLE DEFINITIONS 

Variable Definition 

  

log_wt The natural log of the trade-weighted yield spread. 

log_re The natural log of the yield spread for the debt issue 

traded most recently to the earnings announcement date. 

eps_dummy An indicator variable equal to 1 if analysts provided a 

forecast for EPS during the fiscal year. 

cf_dummy An indicator variable equal to 1 if analysts provided a 

forecast for CF during the fiscal year. 

rating_iv A variable representing the credit rating associated with 

the relevant yield spread. AAA=1 to D=17. 

payout Dividends plus stock repurchases scaled by total assets. 

HHI The Herfindahl index of sales concentration in firm 

industry. 

stdROA The standard deviation of quarterly return on assets for 

previous four years. 

Tobinsq The market value of assets scaled by the book value of 

assets. 

finlev The book value of debt scaled by total assets. 

size The natural log of book value of debt plus market value 

of equity. 

neg_equity An indicator variable equal to 1 if book equity is 

negative and zero otherwise. 

productivity The total sales scaled by total assets. 

nasdaq An indicator variable equal to 1 if a firm is listed on the 

NASDAQ exchange. 

profit The operating income scaled by total assets. 

intang Intangible assets scaled by total assets. 

NWC Current assets less current liabilities scaled by total 

assets. 

int_cov_dummy An indicator variable equal to 1 if interest coverage is 

less than 1. 

debt_age The time between trade and offering date in years for the 

relevant yield spread. 
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APPENDIX A (cont’d): VARIABLE DEFINITIONS 

Variable Definition 

  
cf_rev_vol The revision volatility for cash flow forecasts in a given 

fiscal year. Calculated as the standard deviation in the 

change of median cash flow forecast over the fiscal year. 

rev_vol The revision volatility for earnings forecasts in a given 

fiscal year. Calculated as the standard deviation in the 

change of median earnings forecast over the fiscal year.  

cf_avg_disp The average dispersion of analyst forecasts of cash flows 

for a given fiscal year. Calculated as the average of 

standard deviations in each month of analyst cash flow 

forecasts. 

avg_disp The average dispersion of analyst forecasts of earnings 

for a given fiscal year. Calculated as the average of 

standard deviations in each month of analyst earnings 

forecasts. 

cf_avg_error The average forecast error for cash flow forecasts in a 

given year. Calculated as the average of the absolute 

value of the difference between the median forecast of 

cash flows in a given month and the IBES actual value. 

avg_error The average forecast error for earnings forecasts in a 

given year. Calculated as the average of the absolute 

value of the difference between the median forecast of 

earnings in a given month and the IBES actual value. 

acc_rev_vol The implied revision volatility of accruals for a given 

year. I calculate implied accrual estimate for each month 

by subtracting the median cash flow forecast from the 

median earnings forecast, compute the month-to-month 

changes, and the standard deviation of those changes for 

each fiscal year. 

acc_avg_disp The implied average dispersion of accruals for a given 

year. Calculated as the average standard deviations in 

each month of analyst accrual forecasts. 

acc_avg_error The implied average error of accruals for a given year. 

Calculated as the average of the absolute value of the 

difference between the median forecast of accruals in a 

given month and the IBES implied actual value. 
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Table 1: Sample Selection Procedures  

This table presents a summary of sample selection procedures with detailed descriptions of each 

step and the effect on the sample for this study. 

 

Step Description Effect on Sample Observations 

    

Firms with TRACE 

data. 

Number of firm-years 

that have at least one 

trade during a 

calendar year. 

 11,936 

Compustat variables 

and trade window. 

Number of firm years 

that have a trade 

within the designated 

window following a 

fiscal year-end and 

COMPUSTAT data 

for control variables. 

-9,638 2,298 

Unusual Yield Deleted observations 

of yields greater than 

100% to prevent using 

data entry errors. 

-16 2,282 

Truncation 

(Sample for H1) 

Deleted firm-year 

observations with 

continuous variables 

in the 1
st
 and 99

th
 

percentile of the 

sample. 

-18 2,264 

Forecast 

Characteristics 

(Sample for H2) 

Deleted firm-year 

observations with 

missing data for 

forecast 

characteristics of both 

earnings and cash 

flows 

-1,762 502 
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Table 2: Descriptive Statistics 

 

 

Variable Mean Median Std Dev 5th Pctl 25th Pctl 75th Pctl 95th Pctl

bp_sprd_wt 325.004 226.976 291.429 59.357 119.698 434.646 945.648

bp_sprd_re 322.164 218.784 297.325 58.094 117.526 432.524 945.556

log_wt 5.429 5.425 0.856 4.084 4.785 6.075 6.852

log_re 5.412 5.388 0.860 4.062 4.767 6.070 6.852

profit 0.041 0.043 0.060 -0.058 0.020 0.073 0.130

payout 0.036 0.019 0.045 0.000 0.004 0.053 0.130

tobinsq 1.571 1.394 0.598 0.957 1.163 1.795 2.787

size 8.932 8.980 1.401 6.620 7.882 9.934 11.264

finlev 0.329 0.310 0.156 0.115 0.218 0.412 0.620

intang 0.204 0.155 0.190 0.000 0.036 0.328 0.579

nwc 0.099 0.075 0.126 -0.065 0.001 0.183 0.332

productivity 0.928 0.790 0.630 0.275 0.457 1.177 2.248

hhi 0.064 0.043 0.061 0.013 0.027 0.072 0.209

stdROA 0.015 0.008 0.018 0.003 0.005 0.017 0.050

cf_dummy 0.400 0.000 0.490 0.000 0.000 1.000 1.000

eps_dummy 0.635 1.000 0.482 0.000 0.000 1.000 1.000

nasdaq 0.129 0.000 0.336 0.000 0.000 0.000 1.000

rating_iv 10.328 10.000 3.725 5.000 7.000 14.000 16.000

trade_weighted_rating 10.325 10.000 3.688 5.000 7.400 14.000 16.000

debt_age 2.721 2.000 1.711 1.000 1.000 4.000 6.000

trade_weighted_age 2.686 2.448 1.491 1.000 1.615 3.698 5.458

int_cov_dummy 0.304 0.000 0.460 0.000 0.000 1.000 1.000

neg_equity 0.026 0.000 0.158 0.000 0.000 0.000 0.000

cf_rev_vol 0.331 0.216 0.342 0.041 0.104 0.422 1.135

rev_vol 0.206 0.088 0.310 0.014 0.037 0.228 0.854

cf_avg_disp 0.554 0.429 0.473 0.083 0.210 0.748 1.498

avg_disp 0.147 0.065 0.200 0.019 0.036 0.153 0.613

cf_avg_error 0.855 0.518 1.045 0.074 0.252 1.066 2.493

avg_error 0.287 0.134 0.415 0.019 0.058 0.323 1.114

acc_rev_vol 0.233 0.162 0.224 0.028 0.082 0.301 0.671

acc_avg_error 0.766 0.422 1.060 0.057 0.210 0.853 2.702
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Table 3: Correlations of Variables, H1 

 

________________ 

The above table lists the correlations between my variable of interest and control variables for the first hypothesis. Pearson correlations are beneath the diagonal, 

and Spearman correlations are above the diagonal. P-values are listed below the correlations. Significant correlations are in bold. 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17)

1.000 -0.013 -0.194 0.423 -0.244 0.441 -0.081 -0.131 0.512 0.105 -0.090 -0.411 -0.565 -0.070 -0.332 0.214 0.151

0.531 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.001 <.0001 <.0001 <.0001

0.059 1.000 0.100 0.070 -0.108 -0.176 -0.013 0.028 0.054 0.124 0.235 0.024 0.166 0.022 0.183 -0.021 -0.018

0.004 <.0001 0.001 <.0001 <.0001 0.519 0.174 0.009 <.0001 <.0001 0.253 <.0001 0.282 <.0001 0.312 0.394

-0.122 0.042 1.000 0.012 0.012 -0.218 0.148 0.121 -0.124 -0.146 0.220 0.228 0.265 0.049 0.273 -0.081 -0.065

<.0001 0.046 0.578 0.577 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.019 <.0001 <.0001 0.002

0.522 0.016 -0.013 1.000 -0.238 0.329 0.055 -0.047 0.608 0.095 0.077 -0.399 -0.340 -0.135 -0.359 0.153 0.106

<.0001 0.431 0.527 <.0001 <.0001 0.008 0.024 <.0001 <.0001 0.000 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

-0.148 -0.060 0.117 -0.165 1.000 -0.262 0.212 0.144 -0.389 0.006 -0.249 0.406 0.417 0.049 0.267 -0.165 -0.068

<.0001 0.004 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.774 <.0001 <.0001 <.0001 0.018 <.0001 <.0001 0.001

0.343 -0.096 -0.200 0.330 -0.264 1.000 -0.077 -0.232 0.319 0.053 -0.292 -0.306 -0.696 -0.113 -0.473 0.360 0.179

<.0001 <.0001 <.0001 <.0001 <.0001 0.000 <.0001 <.0001 0.011 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

-0.008 -0.021 0.213 0.044 0.339 -0.089 1.000 0.052 -0.114 -0.045 -0.071 0.167 0.147 0.035 0.136 -0.065 -0.031

0.703 0.312 <.0001 0.035 <.0001 <.0001 0.012 <.0001 0.030 0.001 <.0001 <.0001 0.089 <.0001 0.002 0.134

-0.055 -0.002 0.110 -0.025 0.189 -0.236 0.052 1.000 -0.132 0.116 0.092 0.165 0.272 0.001 0.185 -0.020 0.094

0.009 0.933 <.0001 0.234 <.0001 <.0001 0.012 <.0001 <.0001 <.0001 <.0001 <.0001 0.959 <.0001 0.345 <.0001

0.430 -0.007 -0.354 0.487 -0.325 0.300 -0.146 -0.119 1.000 0.065 0.104 -0.756 -0.433 -0.073 -0.312 0.156 0.066

<.0001 0.734 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.002 <.0001 <.0001 <.0001 0.000 <.0001 <.0001 0.002

0.076 -0.010 -0.088 0.042 0.039 0.055 -0.049 0.130 0.023 1.000 0.095 -0.026 -0.060 -0.045 -0.022 0.019 0.092

0.000 0.622 <.0001 0.043 0.061 0.008 0.019 <.0001 0.272 <.0001 0.206 0.004 0.029 0.289 0.354 <.0001

-0.033 0.122 0.177 0.076 -0.225 -0.299 -0.061 0.099 0.038 -0.012 1.000 -0.026 0.145 -0.003 0.120 -0.084 -0.001

0.116 <.0001 <.0001 0.000 <.0001 <.0001 0.004 <.0001 0.070 0.561 0.212 <.0001 0.870 <.0001 <.0001 0.964

-0.316 0.024 0.265 -0.327 0.433 -0.310 0.167 0.165 -0.656 -0.023 -0.028 1.000 0.455 0.094 0.344 -0.144 -0.061

<.0001 0.254 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.260 0.180 <.0001 <.0001 <.0001 <.0001 0.003

-0.422 0.091 0.278 -0.340 0.446 -0.699 0.153 0.281 -0.396 -0.026 0.149 0.456 1.000 0.149 0.601 -0.307 -0.164

<.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.220 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

-0.075 0.013 0.079 -0.129 0.041 -0.130 0.038 0.006 -0.057 -0.024 0.005 0.098 0.131 1.000 0.225 0.021 0.005

0.000 0.532 0.000 <.0001 0.050 <.0001 0.068 0.790 0.006 0.255 0.814 <.0001 <.0001 <.0001 0.315 0.803

-0.231 0.131 0.276 -0.320 0.285 -0.471 0.134 0.186 -0.324 -0.013 0.128 0.338 0.589 0.237 1.000 -0.185 -0.119

<.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.526 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

0.180 -0.047 -0.069 0.151 -0.159 0.351 -0.065 -0.020 0.119 0.020 -0.091 -0.144 -0.305 0.003 -0.188 1.000 0.618

<.0001 0.024 0.001 <.0001 <.0001 <.0001 0.002 0.345 <.0001 0.337 <.0001 <.0001 <.0001 0.879 <.0001 <.0001

0.115 -0.033 -0.060 0.100 -0.060 0.188 -0.031 0.094 0.045 0.087 -0.010 -0.061 -0.163 -0.009 -0.120 0.618 1.000

<.0001 0.112 0.004 <.0001 0.004 <.0001 0.134 <.0001 0.031 <.0001 0.625 0.003 <.0001 0.660 <.0001 <.0001

(13) trade_weighted_rating

(14) trade_weighted_age

(15) log_wt

(16) cf_dummy

(17) eps_dummy

(12) int_cov_dummy

(1) payout

(2) hhi

(3) stdROA

(4) tobinsq

(5) finlev

(6) size

(7) neg_equity

(8) nasdaq

(9) profit

(10) intang

(11) nwc
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Table 4: Correlations of Variables, H2 

 

 

___________________ 

The above table lists the correlations between the earnings and cash flow forecast characteristics in the sample for 

the second hypothesis. Pearson correlations are beneath the diagonal, and Spearman correlations are above the 

diagonal. P-values are listed below the correlations. Significant correlations are in bold. 

 

 

 

 

 

 

 

 

log_wt cf_rev_vol rev_vol cf_avg_disp avg_disp cf_avg_error avg_error

log_wt 1.000 0.162 0.258 0.103 0.286 0.106 0.238

0.000 0.000 0.020 0.000 0.017 0.000

cf_rev_vol 0.150 1.000 0.678 0.704 0.640 0.578 0.650

0.001 0.000 0.000 0.000 0.000 0.000

rev_vol 0.177 0.944 1.000 0.435 0.790 0.467 0.908

0.000 0.000 0.000 0.000 0.000 0.000

cf_avg_disp 0.094 0.891 0.808 1.000 0.535 0.521 0.443

0.035 0.000 0.000 0.000 0.000 0.000

avg_disp 0.168 0.915 0.927 0.860 1.000 0.465 0.757

0.000 0.000 0.000 0.000 0.000 0.000

cf_avg_error 0.046 0.812 0.757 0.918 0.820 1.000 0.486

0.304 0.000 0.000 0.000 0.000 0.000

avg_error 0.114 0.914 0.900 0.927 0.909 0.943 1.000

0.010 0.000 0.000 0.000 0.000 0.000
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Table 5: Tests of H1 

 

______________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. In Columns 1 and 2, the dependent variable is the log of trade-weighted yield spread (log_wt). In Columns 3 and 4, the 

dependent variable is the log of the most recently traded bond yield spread (log_re). Both industry and year fixed effects are included, and errors 

are clustered by firm in all four models. Independent variables include: cf_dummy, an indicator variable equal to 1 if a firm has a cash flow 

during the fiscal year; eps_dummy, an indicator variable equal to 1 if a firm has an earnings forecast during the fiscal year;  

trade_weighted_rating, the trade-weighted credit rating of the bond issues used to calculate the dependent variable variable; payout, the sum of 

dividends plus stock repurchases scaled by total assets; hhi, the Herfindahl index of sales concentration in firm industry; stdroa, the standard 

Variable 1 2 3 4

intercept 4.557*** 4.520*** 4.851*** 4.815***

0.000 0.000 0.000 0.000

cf_dummy -0.073** -0.067**

0.026 0.033

eps_dummy -0.019 0.023 -0.031 0.007

0.476 0.470 0.199 0.799

tw_rating 0.113*** 0.112***                         

0.000 0.000                         

payout 0.391 0.409 0.301 0.319

0.217 0.198 0.341 0.316

hhi 0.642*** 0.628*** 0.444** 0.431**

0.003 0.004 0.041 0.050

stdroa 2.221*** 2.214*** 1.743** 1.735**

0.004 0.004 0.018 0.018

tobinsq -0.036 -0.037 -0.020 -0.021

0.201 0.192 0.450 0.438

finlev 0.120 0.116 0.211* 0.206*

0.303 0.314 0.052 0.057

size -0.041*** -0.036*** -0.070*** -0.065***

0.002 0.007 0.000 0.000

neg_equity 0.142* 0.139* 0.022 0.019

0.087 0.089 0.775 0.799

altman_z 0.045* 0.048* 0.039 0.042

0.096 0.076 0.142 0.117

nasdaq -0.006 -0.005 0.010 0.010

0.900 0.905 0.832 0.830

profit -0.750** -0.758** -0.826*** -0.833***

0.016 0.014 0.005 0.005

intang 0.006 -0.002 0.000 -0.009

0.931 0.969 0.993 0.898

nwc 0.226* 0.207* 0.276** 0.258**

0.060 0.085 0.019 0.028

int_cov_dummy 0.030 0.029 0.021 0.021

0.339 0.352 0.485 0.502

tw_age 0.019** 0.020**                         

0.021 0.018                         

rating_iv 0.109*** 0.108***

0.000 0.000

debt_age 0.017*** 0.017***

0.005 0.005

N 2,264 2,264 2,264 2,264

R^2 0.667 0.668 0.714 0.715
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deviation of quarterly return on assets for the previous four years; tobinsq, the market value of assets scaled by the book value of assets; finlev. 

The book value of debt scaled by total assets; size, the natural log of book value of debt plus market value of equity; neg_equity, an indicator 

variable equal to 1 if book equity is negative and zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 

if a firm is listed on the NASDAQ exchange; profit, operating income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, 

current assets minus current liabilities scaled by total assets; int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; 

tw_age, the trade-weighted time between trade and offering date in years for the relevant yield spread.   
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Table 6: Tests of H2 

 

 

______________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. In all eight columns the dependent variable is the log of trade-weighted yield spread (log_wt). All controls and fixed 

effects from tests of H1 are included in the estimation of these coefficients, but excluded from this table for the sake of exposition. The 

independent variables tested include rev_vol and cf_rev_vol, defined as the standard deviation of the changes in consensus earnings and cash 

flow forecast during the fiscal year, avg_disp and cf_avg_disp, defined as the average standard deviation of earnings and cash flow forecasts 

throughout the fiscal year, avg_error and cf_avg_error, defined as the average of the absolute value of the difference between consensus earnings 

and cash flow forecast and actual earnings and cash flows during the fiscal year, and tw_rating, defined as the trade weighted credit rating of the 

bond issues used to compute the dependent variable yield spread. The variables suppressed include: payout, the sum of dividends plus stock 

repurchases scaled by total assets; hhi, the Herfindahl index of sales concentration in firm industry; stdroa, the standard deviation of quarterly 

return on assets for the previous four years; tobinsq, the market value of assets scaled by the book value of assets; finlev. The book value of debt 

scaled by total assets; size, the natural log of book value of debt plus market value of equity; neg_equity, an indicator variable equal to 1 if book 

equity is negative and zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the 

NASDAQ exchange; profit, operating income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, current assets minus 

current liabilities scaled by total assets; int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; trade_weighted_age, 

the trade-weighted time between trade and offering date in years for the relevant yield spread. Both industry and year fixed effects are included, 

and errors are clustered by firm.    

 

 

 

Variable 1 2 3 4 5 6 7 8

intercept 3.478*** 3.481*** 3.493*** 3.493*** 3.501*** 3.491*** 3.508*** 3.506***

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

cf_rev_vol 0.068***

0.003

rev_vol 0.115***

0.002

cf_avg_disp 0.022***

0.002

avg_disp 0.103***

0.008

cf_avg_error 0.001***

0.000

avg_error 0.0296***

0.004

cf_factor 0.034***

0.001

e_factor 0.048***

0.007

tw_rating 0.101*** 0.100*** 0.102*** 0.101*** 0.103*** 0.102*** 0.101*** 0.102***

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

N 502 502 502 502 502 502 502 502

R^2 0.644 0.646 0.643 0.644 0.642 0.644 0.644 0.643
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Table 7: Tests of H3 

 

______________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. The dependent variable is the log of trade-weighted yield spread (log_wt) in Column (1) and the log of the most recently 

traded bond yield spread (log_re) in Column (2). Independent variables include cf_factor, a variable created by running a factor analysis on the 

three cash flow forecast characteristics and retaining the first factor; acc_factor, a variable created by running a factor analysis on the three 

accrual forecast characteristics and retaining the first factor; trade_weighted_rating, the trade-weighted credit rating of the bond issues used to 

calculate the dependent variable variable; payout, the sum of dividends plus stock repurchases scaled by total assets; hhi, the Herfindahl index of 

sales concentration in firm industry; stdroa, the standard deviation of quarterly return on assets for the previous four years; tobinsq, the market 

value of assets scaled by the book value of assets; finlev. The book value of debt scaled by total assets; size, the natural log of book value of debt 

plus market value of equity; neg_equity, an indicator variable equal to 1 if book equity is negative and zero otherwise; altman_z, altman’s default 

risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the NASDAQ exchange; profit, operating income scaled by total assets; 

intang. Intangible assets scaled by total assets; nwc, current assets minus current liabilities scaled by total assets; int_cov_dummy, an indicator 

variable equal to 1 if interest coverage is less than 1; trade_weighted_age, the trade-weighted time between trade and offering date in years for the 

relevant yield spread.   

 

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept 3.578 0.000** 4.259 0.000***

cf_factor 0.074 0.014** 0.236 0.022**

acc_factor -0.012 0.924 -0.062 0.724

trade_weighted_rating 0.102 0.000*** 0.108 0.000***

payout 0.379 0.578 -0.209 0.740

hhi 1.522 0.023** 1.221 0.075*

stdroa 1.369 0.491 0.004 0.998

tobinsq 0.005 0.951 0.075 0.269

finlev 0.415 0.138 0.449 0.108

size -0.049 0.187 -0.079 0.025**

neg_equity -0.108 0.601 -0.381 0.145

altman_z -0.001 0.943 0.003 0.859

nasdaq -0.036 0.657 0.009 0.933

profit -0.373 0.523 -0.651 0.292

intang -0.024 0.882 0.053 0.727

nwc 0.485 0.110 0.322 0.281

int_cov_dummy 0.095 0.263 0.124 0.143

trade_weighted_age -0.003 0.907 0.008 0.569

N 502  502

R^2 0.641 0.713
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Table 8: Robustness Checks of H1, Associations 

 

_______________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. In this specification, only firms that went from having no cash flow forecast to having a cash flow forecast are included 

in the sample. In Column 1, the dependent variable is the log of trade-weighted yield spread (log_wt). In Column 2, the dependent variable is the 

log of the most recently traded bond yield spread (log_re). Both industry and year fixed effects are included, and errors are clustered by firm in 

both models. Independent variables include: cf_dummy, an indicator variable equal to 1 if a firm has a cash flow during the fiscal year; 

eps_dummy, an indicator variable equal to 1 if a firm has an earnings forecast during the fiscal year;  trade_weighted_rating, the trade-weighted 

credit rating of the bond issues used to calculate the dependent variable variable; payout, the sum of dividends plus stock repurchases scaled by 

total assets; hhi, the Herfindahl index of sales concentration in firm industry; stdroa, the standard deviation of quarterly return on assets for the 

previous four years; tobinsq, the market value of assets scaled by the book value of assets; finlev. The book value of debt scaled by total assets; 

size, the natural log of book value of debt plus market value of equity; neg_equity, an indicator variable equal to 1 if book equity is negative and 

zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the NASDAQ exchange; 

profit, operating income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, current assets minus current liabilities scaled 

by total assets; int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; tw_age, the trade-weighted time between trade 

and offering date in years for the relevant yield spread.   

 

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept 4.637 0.000*** 5.059 0.000***

cf_dummy -0.049 0.203 -0.076 0.046**

trade_weighted_rating 0.124 0.000*** 0.117 0.000***

payout 0.577 0.341 0.091 0.883

hhi 0.517 0.263 -0.121 0.758

stdroa 3.293 0.005*** 3.748 0.005***

tobinsq -0.056 0.210 -0.073 0.149

finlev 0.057 0.823 0.329 0.112

size -0.001 0.044** -0.064 0.042**

neg_equity 0.262 0.152 0.076 0.617

altman_z 0.000 0.446 0.000 0.467

nasdaq -0.051 0.570 -0.021 0.777

profit -0.889 0.138 0.132 0.841

intang -0.095 0.561 -0.193 0.203

nwc 0.108 0.555 0.201 0.310

int_cov_dummy -0.043 0.424 -0.029 0.631

trade_weighted_age 0.015 0.332 0.000 0.985

N 597 597

R^2 0.714 0.742
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Table 9: Robustness Checks of H1, Changes 

 

_____________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. This specification is a changes analysis, with the independent and dependent variables being computed as the first 

difference of the following variables:  In Column 1, the dependent variable is the log of trade-weighted yield spread (log_wt). In Column 2, the 

dependent variable is the log of the most recently traded bond yield spread (log_re). Both industry and year fixed effects are included, and errors 

are clustered by firm in both models. Independent variables include: cf_dummy, an indicator variable equal to 1 if a firm has a cash flow during 

the fiscal year; eps_dummy, an indicator variable equal to 1 if a firm has an earnings forecast during the fiscal year;  trade_weighted_rating, the 

trade-weighted credit rating of the bond issues used to calculate the dependent variable variable; payout, the sum of dividends plus stock 

repurchases scaled by total assets; hhi, the Herfindahl index of sales concentration in firm industry; stdroa, the standard deviation of quarterly 

return on assets for the previous four years; tobinsq, the market value of assets scaled by the book value of assets; finlev. The book value of debt 

scaled by total assets; size, the natural log of book value of debt plus market value of equity; neg_equity, an indicator variable equal to 1 if book 

equity is negative and zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the 

NASDAQ exchange; profit, operating income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, current assets minus 

current liabilities scaled by total assets; int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; tw_age, the trade-

weighted time between trade and offering date in years for the relevant yield spread.  The variable ch_nasdaq is excluded from the regression 

output due to a lack of variation. 

 

 

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept -0.272 0.010 -0.073 0.390

ch_cf_dummy -0.051 0.294 -0.032 0.440

ch_rating_iv 0.031 0.087* 0.069 0.000***

ch_payout 0.155 0.637 -0.195 0.577

ch_hhi -1.661 0.001*** -0.564 0.319

ch_stdroa -1.032 0.499 -1.149 0.445

ch_tobinsq 0.012 0.830 0.041 0.499

ch_finlev 1.047 0.000*** 1.044 0.000***

ch_size -0.294 0.000*** -0.331 0.000***

ch_neg_equ~y -0.108 0.279 -0.030 0.672

ch_altman_z 0.002 0.000*** 0.001 0.445

ch_profit -0.084 0.770 0.370 0.251

ch_intang -0.110 0.732 0.032 0.928

ch_nwc -0.246 0.282 -0.437 0.100*

ch_int_cov~y 0.002 0.963 0.038 0.387

ch_debt_age 0.003 0.740 -0.023 0.118

N 1347 1347

R^2 0.609 0.598
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Table 10: Robustness Checks of H1, Firm Fixed Effects 

 

________________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression run with firm fixed effects. In Columns 1 and 2, the dependent variable is the log of trade-weighted yield spread 

(log_wt). In Columns 3 and 4, the dependent variable is the log of the most recently traded bond yield spread (log_re). Both industry and year 

fixed effects are included, and errors are clustered by firm in all four models. Independent variables include: cf_dummy, an indicator variable 

equal to 1 if a firm has a cash flow during the fiscal year; eps_dummy, an indicator variable equal to 1 if a firm has an earnings forecast during 

the fiscal year;  trade_weighted_rating, the trade-weighted credit rating of the bond issues used to calculate the dependent variable variable; 

payout, the sum of dividends plus stock repurchases scaled by total assets; hhi, the Herfindahl index of sales concentration in firm industry; 

stdroa, the standard deviation of quarterly return on assets for the previous four years; tobinsq, the market value of assets scaled by the book value 

of assets; finlev. The book value of debt scaled by total assets; size, the natural log of book value of debt plus market value of equity; neg_equity, 

an indicator variable equal to 1 if book equity is negative and zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator 

variable equal to 1 if a firm is listed on the NASDAQ exchange; profit, operating income scaled by total assets; intang. Intangible assets scaled by 

total assets; nwc, current assets minus current liabilities scaled by total assets; int_cov_dummy, an indicator variable equal to 1 if interest 

coverage is less than 1; tw_age, the trade-weighted time between trade and offering date in years for the relevant yield spread.   

 

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept 5.351 0.000*** 5.799 0.000***

cf_dummy -0.034 0.385 -0.068 0.056*

eps_dummy -0.082 0.520 -0.119 0.302

trade_weighted_rating 0.104 0.000*** 0.077 0.000***

payout -0.120 0.741 -0.008 0.980

hhi 0.353 0.599 -0.261 0.668

stdroa 0.182 0.853 0.666 0.453

tobinsq -0.049 0.317 -0.037 0.408

finlev 0.666 0.002*** 0.806 0.000***

size -0.122 0.031** -0.150 0.003***

neg_equity -0.020 0.845 -0.079 0.388

altman_z 0.000 0.588 0.001 0.191

nasdaq -2.025 0.001*** -3.212 0.000***

profit 0.034 0.913 -0.070 0.802

intang -0.300 0.226 -0.194 0.387

nwc -0.513 0.038** -0.322 0.152

int_cov_dummy 0.076 0.043** 0.067 0.05**

trade_weighted_age 0.009 0.348 0.008 0.242

N 2264 2264

R^2 0.771 0.813
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Table 11: Robustness Checks of H1, Firms with Analyst Following 

 

_________________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. In this sample, only observations with equity analyst following are included. In Column 1, the dependent variable is the 

log of trade-weighted yield spread (log_wt). In Column 2, the dependent variable is the log of the most recently traded bond yield spread (log_re). 

Both industry and year fixed effects are included, and errors are clustered by firm in all four models. Independent variables include: cf_dummy, 

an indicator variable equal to 1 if a firm has a cash flow during the fiscal year;  trade_weighted_rating, the trade-weighted credit rating of the 

bond issues used to calculate the dependent variable variable; payout, the sum of dividends plus stock repurchases scaled by total assets; hhi, the 

Herfindahl index of sales concentration in firm industry; stdroa, the standard deviation of quarterly return on assets for the previous four years; 

tobinsq, the market value of assets scaled by the book value of assets; finlev. The book value of debt scaled by total assets; size, the natural log of 

book value of debt plus market value of equity; neg_equity, an indicator variable equal to 1 if book equity is negative and zero otherwise; 

altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the NASDAQ exchange; profit, operating 

income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, current assets minus current liabilities scaled by total assets; 

int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; tw_age, the trade-weighted time between trade and offering 

date in years for the relevant yield spread.   

 

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept 4.655 0.000*** 4.981 0.000***

cf_dummy -0.074 0.039** -0.056 0.098*

trade_weighted_rating 0.110 0.000*** 0.108 0.000***

payout 0.259 0.547 -0.072 0.867

hhi 0.882 0.010*** 0.606 0.079*

stdroa 2.627 0.015** 2.274 0.035**

tobinsq -0.029 0.424 -0.015 0.663

finlev 0.006 0.971 0.101 0.491

size -0.039 0.042** -0.077 0.000***

neg_equity 0.197 0.091* 0.051 0.651

altman_z 0.000 0.970 0.000 0.878

nasdaq -0.004 0.954 0.002 0.979

profit -1.097 0.006*** -0.785 0.071*

intang -0.083 0.389 -0.042 0.660

nwc 0.200 0.168 0.288 0.055*

int_cov_dummy -0.002 0.955 0.006 0.891

trade_weighted_age 0.008 0.513 0.009 0.260

N 1438 1438

R^2 0.646 0.698
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Table 12: Robustness Checks of H1, Information Environment 

 

______________________ 

Significance of coefficients is marked by asterisks, with ***, **, and * representing significance at the 1%, 5%, and 10% levels, respectively, 

from an OLS regression. In Column 1, the dependent variable is the log of trade-weighted yield spread (log_wt). In Column 2, the dependent 

variable is the log of the most recently traded bond yield spread (log_re). Both industry and year fixed effects are included, and errors are 

clustered by firm in all four models. Independent variables include: cf_dummy, an indicator variable equal to 1 if a firm has a cash flow during 

the fiscal year; eps_dummy, an indicator variable equal to 1 if a firm has an earnings forecast during the fiscal year;  trade_weighted_rating, the 

trade-weighted credit rating of the bond issues used to calculate the dependent variable variable; payout, the sum of dividends plus stock 

repurchases scaled by total assets; hhi, the Herfindahl index of sales concentration in firm industry; stdroa, the standard deviation of quarterly 

return on assets for the previous four years; tobinsq, the market value of assets scaled by the book value of assets; finlev. The book value of debt 

scaled by total assets; size, the natural log of book value of debt plus market value of equity; neg_equity, an indicator variable equal to 1 if book 

equity is negative and zero otherwise; altman_z, altman’s default risk measure; nasdaq, an indicator variable equal to 1 if a firm is listed on the 

NASDAQ exchange; profit, operating income scaled by total assets; intang. Intangible assets scaled by total assets; nwc, current assets minus 

current liabilities scaled by total assets; int_cov_dummy, an indicator variable equal to 1 if interest coverage is less than 1; tw_age, the trade-

weighted time between trade and offering date in years for the relevant yield spread; lgnumnest, the log of the number of analyst following; and 

issue_size, the log of the size of the debt issuance used to calculate the yield spread dependent variable.  

 

 

(1) (2)

Variable coefficient p-value coefficient p-value

intercept 4.603 0.000*** 4.870 0.000***

cf_dummy -0.087 0.012** -0.064 0.065*

eps_dummy -0.035 0.642 0.005 0.945

trade_weighted_rating 0.113 0.000*** 0.109 0.000***

payout 0.398 0.211 0.320 0.317

hhi 0.661 0.003*** 0.458 0.044**

stdroa 2.265 0.003*** 1.760 0.016**

tobinsq -0.036 0.218 -0.020 0.464

finlev 0.084 0.461 0.178 0.098*

size -0.043 0.002*** -0.068 0.000***

neg_equity 0.159 0.052* 0.037 0.636

altman_z 0.000 0.766 0.000 0.232

nasdaq -0.007 0.877 0.010 0.826

profit -0.726 0.02** -0.824 0.006***

intang -0.020 0.786 -0.022 0.760

nwc 0.219 0.068* 0.270 0.022**

int_cov_dummy 0.031 0.330 0.022 0.483

trade_weighted-age 0.020 0.020** 0.017 0.005***

lgnumest 0.029 0.403 0.000 0.992

issue_size 0.044 0.715 0.051 0.788

N 2264 2264

R^2 0.672 0.719
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