Debt Maturity and Managers’ Voluntary Disclosure

Abstract

This study finds that firms reliant on long-term debt issue more voluntary management forecasts
of earnings and provide forecasts over longer horizons. The mechanism underlying this finding is
that equity market investors’ demand for information increases when firms issue long-term debt.
The effect stems from public bonds rather than private loans because post-issuance, there is limited
information production by lenders in public bond markets. Additional tests validate the mechanism,
showing that the effect is stronger for firms with more active investors, smaller for firms with high
analyst coverage, smaller for firms with high bond liquidity, and larger for firms with high CDS
liquidity. Our findings contribute to the literature by identifying debt maturity as a determinant
of voluntary disclosure and highlighting the role of equity market investors’ information demand in
shaping firms’ disclosure policies.
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I Introduction

This study investigates whether debt maturity affects the amount and horizon of firms’ voluntary
management earnings forecasts (hereafter management forecasts). Debt maturity determines the
frequency with which firms return to debt markets and creditors reassess firm value. Firms that rely
on short-term debt (hereafter ST-debt firms) face frequent rollover events at which creditors produce
information, whereas firms that rely on long-term debt (hereafter LT-debt firms) experience longer
intervals between such events (e.g., Diamond, 1991; He and Xiong, 2012). These longer intervals
leave equity market investors, who rely on creditor-generated information from rollover events,
with less information about the firm’s longer-term prospects. Therefore, to satisfy equity investor
demand for information, do LT-debt firms issue more management forecasts and provide forecasts
over longer horizons?

Information transparency, which refers to the extent to which managers have private infor-
mation compared to capital market investors, is crucial in determining capital market efficiency.
Transparency can be improved through information production by investors in both equity and
debt markets, with evidence of cross-learning between the two. Specifically, Addoum and Murfin
(2020) shows that equity holders benefit from the information production that takes place in the
debt market. Prior studies show that firms alter voluntary disclosure when the intensity of creditor
monitoring changes, including when relationship lenders experience declines in financial health (Lo,
2014), lenders tighten monitoring following covenant violations (Vashishtha, 2014), or CDS trading
weakens creditors’ monitoring incentives (Kim, Shroff, Vyas and Wittenberg-Moerman, 2018). Our
study differs by examining the structure rather than simply the intensity of creditor information
production. Debt maturity determines how frequently rollover events renew creditor-generated
information and, therefore, the horizon over which equity investors lack such information. This
distinction yields a new prediction: debt maturity should affect not only whether firms disclose,
but also how far into the future their disclosures extend.

We test our prediction by estimating two equations. The first is a linear probability model
in which the dependent variable is the probability that a firm provides a voluntary disclosure
within a given year. The second is a linear model in which the dependent variable is the number

of management forecasts. The key explanatory variable is long-term debt issuance, which is an



indicator variable for whether a firm’s weighted average maturity of newly issued debt is greater
than ten years.! We predict that there is a positive relation between the two dependent variables
and the key explanatory variable. Using a sample of firm-year observations for firms with new debt
issuances between 1997 and 2019, we find evidence consistent with our prediction.

Because debt issuance is an endogenous choice, we use a quasi-natural experiment to increase
our confidence in the inference that firms provide more voluntary disclosure subsequent to long-
term debt issuance. In particular, we exploit the Federal Reserve’s introduction of the Maturity
Extension Program (MEP), which was designed to reduce long-term interest rates by selling short-
term Treasury securities and buying long-term ones. As existing research (Foley-Fisher, Ramcharan
and Yu, 2016) documents, the MEP program disproportionately benefits firms that are historically
more reliant on long-term debt. This provides a source of exogenous variation that helps us to
identify the effect of long-term debt issuance on management disclosure. Using a difference-in-
differences approach that closely follows Foley-Fisher et al. (2016), we show that following the
MEP program, long-term debt dependent firms issue more long-term debt and subsequently increase
their management forecasts relative to short-term debt dependent firms. This result is robust to
two matching methods commonly used in the literature: entropy matching and coarsened exact
matching. We also use firms’ predetermined refinancing needs and pre-MEP capacity to issue long-
term bonds as an instrument for the maturity of newly issued debt. The first-stage instrument
strongly predicts debt maturity, and the second-stage estimates confirm that longer debt maturity
increases both the probability and number of management forecasts.

Our sample includes firms that borrow from both private and public lenders, who differ in
their incentives and capabilities to gather information about the firm. Private lenders, typically
banks, collect detailed information from borrowers at loan origination and continue monitoring
them throughout the loan’s duration. This ongoing monitoring provides lenders with timely, non-
public information about borrowers’ performance and risk. When a firm relies primarily on such
private lenders, this delegated monitoring substitutes for the information role of public disclosure:

private oversight mitigates managerial agency problems and reduces outside shareholders’ need to

! We follow Guedes and Opler (1996) by focusing on the maturity of newly issued debt rather than all existing debt
because it is well-suited to test theories that rely on time-varying states. In addition, focusing on newly-issued
debt rather than all existing debt better reflects the association between debt maturity and voluntary disclosure
because information production by creditors occurs primarily at debt issuance. See also footnote 8 for a discussion
of empirical evidence supporting this point.



demand additional information to monitor management (Shleifer and Vishny, 1997). Consequently,
firms that depend more heavily on private debt have weaker incentives to issue voluntary disclosures
to the broader market, regardless of loan maturity, because the governance function of information
production is already fulfilled through the lending relationship. In contrast, public lenders, such
as pension funds, primarily acquire information from the borrower at bond issuance and do not
actively monitor the borrower at subsequent dates. As a result, bond maturity should have a more
significant impact on the information available to equity market investors and, in turn, on firms’
voluntary disclosure practices. Based on this reasoning, we predict and find evidence that the effect
of debt maturity on management forecasts is primarily attributable to public bonds rather than
private loans.

Prior literature (Lang and Lundholm, 1996; Bushee, 1998; Kim et al., 2018) suggests that the
demand for information varies for firms facing different capital market environments. Therefore, we
find evidence consistent with the following predictions: the effect of long-term debt on management
forecasts is (1) stronger for firms associated with more active investors, (2) smaller for firms with
high analyst coverage, (3) smaller for firms with high bond liquidity, and (4) larger for firms with
high CDS liquidity. The logic underlying the first result is that active investors, unlike passive
investors that mostly follow a buy-and-hold strategy, make portfolio and trading decisions based
on contemporaneous, firm-specific information and therefore value timely managerial disclosures.
Firms with a larger base of such investors face greater market pressure to provide forward-looking
information. Regarding the second result, firms with high analyst coverage enjoy a more transparent
information environment, so the demand for management forecasts is likely to be lower when such
firms issue long-term debt. Regarding the third result, firms with higher bond market liquidity are
also those with lower information asymmetry, so investors have lower demand for information. The
fourth result reflects that when a firm’s CDS contracts are highly liquid, lenders can more easily
offload their credit risks, which in turn incentivizes borrowers to issue more forecasts to address
the resulting information asymmetry.

Our study contributes to the voluntary disclosure and debt maturity literatures by showing
that the maturity of firms’ financing and the horizon of their disclosure are linked. Prior disclo-
sure studies examine settings in which creditor monitoring becomes stronger or weaker. We show

that the timing of creditor information production also matters: as debt maturity lengthens and



rollover-based information production becomes less frequent, managers provide more long-horizon
disclosure. Consistent with this horizon-matching prediction, LT-debt firms issue more long-run
guidance and, conditional on issuing guidance, forecast further into the future, whereas their short-
run guidance does not increase. These findings distinguish the maturity channel from a general
association between creditor monitoring and disclosure and suggest that voluntary disclosure can
substitute partially for the information generated through frequent debt rollover.

The rest of the paper is organized as follows. Section II discusses the related literature and
develops predictions. Sections III and IV introduce the research design, sample, and data. Section
V presents primary results, and section VI describes the maturity-extension program and the related

results. Section VII presents findings from additional tests, and Section VIII concludes.

IT Related Literature and Predictions
Voluntary Disclosure

The general discussion of voluntary disclosure (Verrecchia, 1983; Dye, 1985) characterizes conditions
under which firms voluntarily disclose their private information.

Two seminal studies, Grossman and Hart (1980) and Grossman (1981), predict that in the
absence of disclosure costs, firms will fully disclose all private information in order to avoid agency
costs and adverse selection (Akerlof, 1970; Jensen and Meckling, 1976). However, in practice, firms
face various disclosure costs that lead to reduced disclosure, such as proprietary costs, litigation risk,
and preparation and dissemination costs. Verrecchia (1983) shows that, in the presence of disclosure
costs, only managers of firms with sufficiently good news will disclose their news.? In the Dye (1985)
framework, investors are uncertain whether managers indeed possess private information, and thus,
they cannot infer from non-disclosure that managers withhold bad news. As a result, managers
may withhold non-proprietary information.

Managers who elect to provide voluntary disclosure can reduce the information asymmetry
between their firms and investors. This results in capital market benefits such as lowering the
firm’s cost of capital and increasing the liquidity of the firm’s stock. By consistently providing

voluntary disclosures, managers can demonstrate their commitment to transparency, which helps

2Consistent with this, Rogers and Van Buskirk (2009) finds that firms reduce voluntary earnings forecasts following
litigation.



to establish credibility and trust with investors over time. Voluntary disclosure could also mitigate
information asymmetry among investors. Peyravan and Wittenberg-Moerman (2022) posits that
institutional investors gain an advantage through private information obtained via private loans
and lending relationships. In response, firms increase their earnings forecast disclosures to level
the playing field for other investors. Our study, however, takes a different approach. We examine
how debt maturity and voluntary disclosure serve as information revelation mechanisms to equity
market investors. This contrasts with the Peyravan and Wittenberg-Moerman (2022) focus on
private lending relationships and their impact on disclosure practices.

To the extent that other mechanisms exist to reduce information asymmetry between the firm
and the capital markets, the need for voluntary disclosure is diminished. For example, the need for
voluntary disclosure is reduced if the firm borrows from private lenders, who produce information
and obtain information directly from the firm (Boyd and Prescott, 1986). In this situation, equity
market participants can benefit indirectly from private lenders, which also reduces their need for
voluntary disclosure. Consistent with this, Vashishtha (2014) shows that borrowing firms provide
fewer earnings forecasts after lenders increase their monitoring following covenant violations. Simi-
larly, Kim et al. (2018) finds that firms increase their earnings forecasts following credit default swap
(CDS) initiation because the existence of a CDS market for a firm’s debt weakens the creditor’s
monitoring incentives (Amiram, Beaver, Landsman and Zhao (2017)).

In practice, a key form of voluntary disclosure is earnings forecasts. This is because voluntary
disclosure of earnings provides timely information for market participants. Earnings forecasts
are credible because when earnings are announced, private information is revealed to verify the
forecasts. They also demonstrate a credible commitment to providing transparency in the future
because once firms start providing forecasts, they generally continue to do so in the future (Einhorn
and Ziv, 2008). Consistent with this, some studies (Hirst, Koonce and Venkataraman, 2007; Chen,
Matsumoto and Rajgopal, 2011; Goodman, Neamtiu, Shroff and White, 2014) show that firms
that offer voluntary earnings forecast are associated with benefits such as improved stock price
informativeness, lower cost of capital, and increased investment efficiency. Thus, following Bozanic,
Roulstone and Van Buskirk (2018), we use management earnings forecasts as a primary forward-

looking disclosure.



Debt Maturity

A large literature in finance studies the tradeoffs behind firms’ decisions between borrowing long-
and short-term debt. Specifically, one strand of the literature emphasizes rollover risks and cred-
itors’ motivations to collect information at the time of debt rollover (Flannery, 1986; Diamond,
1991). These studies assume that managers possess private information compared to creditors re-
garding various aspects of the firm. Managers with private information indicating low credit risk
prefer to issue short-term debt. This preference stems from their ability subsequently to roll over
maturing short-term debt at lower interest rates once their private information becomes known.

Diamond (1991) predicts that firms that issue short-term debt have low uncertainty about their
credit quality. This group comprises two types of firms: those with high and low credit risks. Firms
with low credit risk prefer short-term debt to take advantage of the lower interest rates at the time
of debt rollover. Firms with high credit risk have no choice but to borrow short. In contrast,
firms that issue long-term debt have relatively high uncertainty about their credit quality. This
pattern is confirmed in Barclay and Smith Jr (1995). Because capital market investors have the
highest demand for information disclosure from firms with high levels of uncertainty, we predict
that LT-debt firms are more likely to provide voluntary disclosure.

Guedes and Opler (1996) shows that firms with investment-grade credit ratings tend to issue
both short- and long-term debt. In contrast, firms with below investment-grade credit ratings
concentrate their borrowing in intermediate maturities. This is because short-term debt exposes
firms to rollover risk, and creditors are reluctant to provide riskier borrowers with access to long-
term debt. However, this equilibrium outcome depends on investors’ ability to distinguish risky
from safe borrowers. Because lower-quality firms have incentives to imitate safer firms to gain access
to cheaper long-term financing, credible voluntary disclosure——such as management forecasts that
enhance information transparency——can be a valuable source of information for investors.

As a key contractual feature, debt maturity provides additional insight into the relation between
a firm’s leverage and its disclosure behavior. As noted by Beyer and Dye (2021), there is incon-
sistent empirical evidence regarding the relation between leverage and voluntary disclosure. These
inconsistencies can arise from failing to take into account debt’s maturity composition. Short-term

debt produces frequent refinancing events at which creditors reassess the firm and market partic-



ipants observe rollover outcomes and pricing. Long-term debt extends the interval between these
events and, therefore, the period during which equity investors cannot rely on renewed creditor-
generated information. This temporal feature of debt differs from a general increase or decrease
in monitoring intensity: it determines when information is renewed and the horizon over which an

information gap remains.
Predictions

The relation between debt maturity and voluntary disclosure is not unambiguous. Long-term debt
reduces refinancing pressure and could weaken managers’ incentives to maintain frequent disclosure.
In addition, the screening and certification accompanying long-term debt issuance could satisfy
investors’ immediate information needs, and investors can obtain information from credit ratings,
analysts, bond prices, and mandatory reports. Because voluntary disclosure also entails proprietary,
litigation, and preparation costs, debt maturity may have no effect on disclosure or could reduce
it.

Our prediction follows from the distinct role of maturity in determining the timing and horizon
of creditor information production. Most creditor information production occurs around debt
issuance and rollover dates. Frequent rollover of short-term debt therefore provides equity investors
with recurring information about the firm. As debt maturity lengthens, these information-renewal
events become less frequent, creating an information gap concerning the firm’s prospects over the
longer interval before the next rollover. Equity investors consequently demand more long-horizon
information, and managers respond through voluntary disclosure when the capital market benefits
exceed the associated costs. Therefore, our first prediction is that relative to ST-debt firms, LT-debt
firms issue more management forecasts, particularly forecasts concerning longer horizons.

Traditionally, debt capital is provided primarily through the private loan and the public bond
markets. Private lenders, typically banks, are concentrated in that the set of creditors is small.
This enables them to acquire information from the borrower not only at loan origination but also
through monitoring throughout the life of the loan. Indeed, Gustafson, Ivanov and Meisenzahl
(2021) shows that roughly 50% of syndicated loan borrowers provide information to their banks at
least on a monthly basis. Moreover, more than 20% of banks actively monitor borrowers through

on-site visits and third-party appraisals. In principle, banks have incentives to keep the acquired



information private (Dang, Gorton, Holmstrém and Ordonez, 2017). As a result, loan maturity
should have little effect on information available to equity market investors and, hence, borrowing
firms’ incentives to provide voluntary disclosures. However, public lenders, such as mutual funds,
insurance companies, and pension funds, are dispersed. As a result, they demand and acquire
information from the borrower, mostly at bond issuance. At subsequent dates, public lenders
demand information mostly when the borrower rolls over the debt. In contrast to loans, bond
maturity should have a stronger effect on information available to equity market investors and
firms’ voluntary disclosure. Therefore, our second prediction is that the effect of long-term debt on
management forecasts is attributable to public bonds instead of private loans.

The relation between long-term debt issuance and management forecasts depends crucially
on the demand for information, which is likely to vary for firms facing different capital market
environments. We identify four important capital market characteristics that prior literature shows
are associated with the demand for information: active vs. passive ownership structure, equity
analyst coverage, bond liquidity, and CDS contract liquidity.

Regarding ownership structure, institutional equity investors can be classified broadly into two
groups: active and passive. Active investors, such as hedge funds and asset management compa-
nies, participate in corporate governance and influence firms’ strategic direction, decision-making,
and overall performance. Therefore, they heavily rely on contemporaneous information to make
decisions. In contrast, passive investors follow a buy-and-hold strategy and hence have less demand
for contemporaneous information of the firm. Therefore, our third prediction is that the effect of
long-term debt on management forecasts is stronger for firms whose investor base comprises more
active investors.

Regarding equity analyst coverage, sell-side equity analysts are an important source of informa-
tion for the capital market. Firms with high analyst coverage enjoy a more transparent information
environment (Lang and Lundholm, 1996). Other things equal, the demand for information is low for
firms with transparent information environments, which consequently reduces the need for volun-
tary disclosure. Therefore, our fourth prediction is that the effect of long-term debt on management
forecasts is smaller for firms with high analyst coverage.

Regarding bond liquidity, prior literature often uses bond liquidity as a measure of information

asymmetry (Benmelech and Bergman, 2018; Pasquariello and Sandulescu, 2024). When information



asymmetry is low, there is less need for firms to issue management forecasts. Therefore, we predict
that the effect of long-term debt on management forecasts is lower for firms with higher bond
liquidity.

Finally, regarding CDS liquidity, prior literature shows that firms issue more forecasts when
their lenders can lay off credit risks and reduce monitoring by buying CDS contracts (Kim et al.,
2018). This is especially the case if the firms’ CDS contracts are highly liquid because the incentives
to produce information are lower. Therefore, our final prediction is that the effect of long-term debt

on management forecasts is larger for firms with high CDS liquidity.

III Research Design
Baseline regressions

To test our predictions, we estimate equations (1) and (2):

Forecast Probability; , = 3 x LTD issuance; ;1 + T'Ziy+0; +m + €y (1)

Num Forecasts;y = 8 x LTD issuance; 11 + T Ziy + 0; + m + €. (2)

The dependent variable in (1), Forecast Probability; ;, is the probability of firm i issuing at least one
management forecast in fiscal year t. The dependent variable in (2), Num Forecasts, is the logarithm
of one plus the number of forecasts in fiscal year t.> In each equation, the key explanatory variable,
LTD issuance, is an indicator variable that equals one if the weighted average maturity of new
debt issued by firm ¢ in fiscal year t — 1 is ten or greater. New debt includes loans and bonds,
weighted by the offering amount. We use a ten-year threshold to define long-term debt, which aligns
with the convention to define long-term US Treasuries.* We use an indicator variable rather than
a continuous measure of maturity to avoid any nonlinear relation between management forecasts
and debt maturities. Measuring long-term debt issuance in year ¢ — 1 mitigates the possibilities of

reverse causality. Based on our predictions in section II that firms issue more management forecasts

3Because prior literature suggests the possibility that using logarithm of one plus a count variable can result in
biased coefficients (Chen and Roth, 2024), we also estimate versions of equation (2) using Poisson pseudo-likelihood
regression (Cohn, Liu and Wardlaw, 2022). The findings in Table IA.1 in the Internet Appendix reveal the same
inferences as those based on equation (2).

4Figure IA.1 in the Internet Appendix displays the baseline result long-term debt coefficients from estimating equa-
tions (1) and (2) using different cutoffs for the definition of long-term debt. The figure reveals that the long-term
debt coefficients are significantly positive for the cutoff above seven years and are monotonically increasing in the
cutoff year.



when they borrow more long-term debt, we expect 5 to be positive. Because firms do not issue debt
every year, we estimate each equation using the full sample and the New Debt Issuance Subsample,
which is the subsample of observations for which a firm issues debt during year ¢ — 1.

The vector Z;; represents a set of control variables that prior research identifies as being asso-
ciated with voluntary disclosure (e.g., Armstrong, Guay and Weber, 2010; Vashishtha, 2014; Kim
et al., 2018). These include the logarithm of total assets (Size), the ratio of total liabilities to total
assets (Leverage), the ratio of equity market value to equity book value (Market-to-book ratio), re-
turn on assets (ROA), an indicator variable that equals one if the firm’s Altman Z-Score falls within
the middle quintile in a given year (Mid Z-Score),”> the percentage of equity shares outstanding
held by institutional investors ( Equity Institutional Ownership), the standard deviation of the firm’s
daily stock returns (Stock Return Volatility), an indicator variable that equals one if the firm issues
equity (Equity Issuance), number of analysts following (Num Analysts), an indicator variable that
equals one for years after the initiation of the credit default swap (CDS) trading (Post CDS), the
total amount of a firm’s newly issued debt (Debt Offering Amt), the ratio of new bond issuance to
total debt issuance (Bond issuance/Total debt issuance), indicator variables for whether the firm
issued forecasts in the previous two respective years (Forecast and Lagged Forecast), number of
covenants in newly issued bonds and loans (Num Covenants), an indicator variable that equals one
if the firm’s long-term debt rating issued by Standard & Poor is above BBB (Investment Grade).
Consistent with previous research, all control variables are measured as of year t — 1, except for
return volatility and equity issuance, which are measured as of year t.

All specifications include firm fixed effects (6;). We estimate versions of equations (1) and (2)
with and without year fixed effects (7). In the estimations without year fixed effects, we include an
indicator variable for sample years subsequent to the implementation of Regulation Fair Disclosure
(Post FD). This allows us to take into account that the implementation of Reg FD significantly
changes the information environment for firms and investors. When estimating equations (1) and
(2) using the full sample, we also include an indicator variable that equals one if the firm issues

debt in year t — 1 and zero otherwise (New Debt Issuance).

®Because firms’ incentives of disclosure are higher when their ratings are around the investment-grade threshold,
following Kim et al. (2018), we include an indicator for firms in the middle quintile of Altman Z-score in a given
year.
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Forecast horizon regressions

We also test whether debt maturity affects the horizon of management guidance. Following Chen,
Li, Lu and Wang (2023), we define a management forecast as long-run if the end of the forecasted
fiscal period falls more than one quarter after the forecast announcement date. We define a forecast
as truly long-run if the end of the forecasted fiscal period falls more than one year after the
announcement date. We construct Num Long-Run Forecasts and Num Truly Long-Run Forecasts
as the logarithm of one plus the number of forecasts in each category issued during the fiscal year.
For firm-years in which the firm issues at least one forecast, we define Forecast Lead as the average
number of months between the forecast announcement date and the end of the forecasted fiscal
period.

For each horizon outcome, we estimate the following equation:

Forecast Horizon;y = 3 x LTD Issuance;t—1 + I'Z; ¢ + 0; + nt + €54 (3)

The vector Z;; includes the control variables from equations (1) and (2), and all specifications
include firm and year fixed effects. For the number of long-run forecasts, we estimate equation (3)
using OLS and also estimate PPML specifications using the corresponding raw counts. For Forecast
Lead, we estimate OLS and PPML specifications using the sample of firms issuing management
forecasts. We also estimate these specifications after further restricting the sample to firms issuing

new debt. Our horizon-matching prediction implies 5 > 0.
Difference-in-differences regressions

In September 2011, the Federal Reserve introduced the Maturity Extension Program (MEP), aim-
ing to sell or redeem $400 billion worth of short-term Treasury securities.® Under this program,
the Federal Reserve exchanged short-term Treasuries for long-term Treasuries, thereby raising the
average maturity of assets on its balance sheet. The proceeds from these sales were used to purchase
longer-term treasury securities, effectively extending the average maturity of the Federal Reserve’s
securities portfolio. The primary goal of this program was to reduce long-term interest rates, subse-

quently reducing the cost of obtaining longer-term credit for both households and businesses. The

Shttps://www.federalreserve.gov/monetarypolicy/maturityextensionprogram.htm
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program was extended in June 2012 before being officially terminated by the end of the same year.

The MEP program serves as a good experiment to mitigate the potential effects of endogeneity
on the relation between voluntary disclosure and long-term debt issuance by introducing an exoge-
nous variation in firms’ cost of obtaining long-term credit. Therefore, firms relying on long-term
debt, which benefit more from the MEP, should issue more long-term debt subsequent to the pro-
gram’s implementation. Foley-Fisher et al. (2016) examines the program’s effects and finds that
firms relying on long-term debt not only issued more of it but also experienced increased stock
prices and expanded their employment and investment activities.

We predict that firms reliant on long-term debt issue more management forecasts after the MEP
program. To test this prediction, we estimate equations (4) and (5) using a difference-in-differences

(DiD) design that directly follows Foley-Fisher et al. (2016):

Forecast Probability, , = 8 x Treat; x Post; + T'Zit+0; +m + €y (4)

Num Forecasts;y = 8 x Treat; x Posty + T'Z; 1 + 0; +m1 + €4 (5)

The variable Post; equals one for years following 2012, the year in which the Federal Reserve
implemented the Maturity Extension Program (MEP). We define long-term debt-dependent firms,
i.e., treated firms, as those with the average share of long-term debt above the median prior to
2007.7 The variable Treat equals one for treated firms and zero otherwise. Based on our prediction,
we expect [ in equations (4) and (5) to be positive.

We estimate equations (4) and (5) using three different groups of control firms. The first
group includes all firms with share of long-term debt below the median prior to 2007. The second
and third groups match control firms with treated firms using two different approaches, entropy
balancing (Hainmueller, 2012) and coarsened exact matching (Iacus, King and Porro, 2012). When
estimating equations (4) and (5), we include the same control variables as those in equations (1)
and (2), and the stand-alone variables of Treat and Post are subsumed by the firm- and year-fixed

effects, respectively.

"We choose 2007 as the cutoff year because 1) it is sufficiently distant from the MEP implementation, and 2) the
remaining sample covers four years of data before and after 2012, which is the year of MEP implementation.
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IV Data and Sample
Data Sources

Our sample comprises all firm-year observations between 1997 and 2019 with data necessary to
estimate equations (1) through (5). The sample period begins in 1997 because prior research
identifies incomplete coverage of management forecasts before 1997 (Chuk, Matsumoto and Miller,
2013). We end the sample in 2019 to eliminate any effect of Covid-19 and the related government
interventions. We collect management forecasts and analyst coverage from the I/B/E/S database.
We obtain data on the maturity and the number of covenants of firms’ newly issued bonds and
loans from the Mergent Fixed Income Security Database (FISD) and DealScan, respectively. Data
on new and seasonal equity issuance, institutional ownership, and credit ratings are obtained from
Security Data Corporation’s New Issues, Thomson-Reuters Institutional Holdings (13F), and S&P
Global Ratings, respectively. We obtain Credit Default Swap (CDS) data from Markit. Data to

construct the remaining variables are from Compustat and CRSP.
Summary statistics

Our sample comprises 57,945 firm-year observations from 6,494 firms. Table 1 presents descrip-
tive statistics of variables used to estimate equations (1) through (5). Regarding the dependent
variables, Forecast Probability and Num Forecasts, the table reveals that, on average, firms provide
management forecasts in 40.5% of the sample years and 4.4 times per year. The key independent
variable, maturity, has a mean of 2.546 years. In addition, as indicated by the mean of LTD Is-
suance, the frequency of debt issuance with maturity greater than 10 years is 11%. On average,
sample firms issue new debt in 44.5% of the sample years, and the debt offering amount is $1.063
billion, with each new debt containing 2.7 covenants.

Regarding the control variables, the average firm has $9.2 billion in total assets, with total
liabilities amounting to 54.2% of these assets. The average return on assets (ROA) is 0.9%, and
the equity market-to-book ratio is 3.169. Additionally, 26.2% of the firms qualify as investment-
grade debt issuers, and 38% of new debt offerings are investment-grade. On average, institutional
ownership accounts for 38.8% of equity shares, and the number of analysts following a firm is 8.7.
Approximately 13% of observations pertain to firms that have Credit Default Swaps (CDS) traded.

Overall, the descriptive statistics for most control variables are similar to those in prior studies on
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corporate disclosure, e.g., Bergman and Roychowdhury (2008).
[Table 1 about here]

V Results

Table 2 presents regression summary statistics for equation (1). Columns (1) and (2) ((3) and (4))
present findings for the full sample (New Debt Issuance Subsample). The key finding is that the
coefficient on long-term debt issuance, LTD issuance, is significantly positive in all estimations,
ranging from 2.131 to 2.559. These results imply that the probability of a firm issuing management
forecasts in the subsequent year is, on average, higher by about 2.4% if the firm issues long-term
debt in the current year. In terms of economic significance, relative to the sample mean, this implies
a 6% (= 2.4/40.492) increase in the probability of the firm issuing an earnings forecast.

Turning to the control variables, Table 2 also reveals that the Forecast and the Lagged Forecast
coefficients are significantly positive across all specifications. This underscores the importance of
controlling for a firm’s past earnings forecasting propensity. Consistent with prior research (Ajinkya,
Bhojraj and Sengupta, 2005), larger firms (Size) and firms with greater analysts following (Num
Analysts) issue more management forecasts. Also consistent with the prior research (Kim et al.,
2018), our findings reveal a positive association between profitability (ROA) and management
forecasts. Finally, consistent with the prior research (Cheng and Lo, 2006; Heflin, Subramanyam
and Zhang, 2003), our findings also reveal an increased likelihood of management forecasts in the

post-Reg FD (Post FD) period.
[Table 2 about here]

Table 3 presents regression summary statistics for equation (2). Columns (1) and (2) ((3)
and (4)) present findings for the full sample (New Debt Issuance Subsample). As in Table 2,
the key finding is that the coefficient on long-term debt issuance is significantly positive in all
estimations, ranging from 0.034 to 0.068. These results imply that there is an approximately
3.83% (=~ 0.0335/0.8727) to 7.74% (~ 0.0676/0.8727) increase in the number of forecasts if the
firm issues long-term debt. Inferences regarding the control variables are similar to those for

equation (1) in Table 2.3

& Although we focus on voluntary disclosure following new debt issuance, it is also possible that firms with larger
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[Table 3 about here]

Taken together, findings in Table 2 and 3 are consistent with our prediction that firms issuing
long-term provide more voluntary disclosures.” We next examine whether firms issuing long-term

debt also provide voluntary disclosure over longer horizons.
Debt Maturity and the Horizon of Management Guidance

Table 4 presents findings from estimating equation (3).
[Table 4 about here]

Columns (1) and (2) examine the number of long-run forecasts. The LTD Issuance coefficient
is positive in both estimations and is significantly positive in the PPML estimation. Columns (3)
and (4) examine truly long-run forecasts. The LTD Issuance coefficient is significantly positive in
both the OLS and PPML estimations. These findings indicate that firms issuing long-term debt
provide more guidance about fiscal periods further into the future.

Columns (5) through (8) examine forecast horizon conditional on the firm issuing management
guidance. The LTD Issuance coefficients are significantly positive in all four estimations. The
OLS estimate in column (5) corresponds to approximately 4.35% of the sample mean of forecast
horizon. The findings are similar when we restrict the sample to firms that also issue new debt and
when we estimate the relation using PPML. Untabulated findings reveal that short-run guidance
does not increase following long-term debt issuance. Taken together, the Table 4 findings show

that LT-debt firms do not simply issue more forecasts; they shift their disclosure toward the longer

weighted average debt maturity also provide more voluntary disclosure. To address this possibility, we also estimated
versions of equations (1) and (2) including a variable that equals one if the ratio of long-term debt maturing at least
one year from the balance sheet date to total debt (Friewald, Nagler and Wagner, 2022; Greenwood, Hanson and
Stein, 2010) is above the sample median for a given year. Untabulated findings reveal that the coefficient on this
variable is significantly positive, which is consistent with long-term debt-reliant firms having incentives to provide
voluntary disclosure at dates other than the date of issuance. However, the untabulated findings also reveal that the
coefficients on LTD Issuance are similar to those reported in Tables 2 and 3 and are significantly positive. Moreover,
the LTD Issuance coefficients are between two and three times larger than those on the total debt indicator variable,
which is consistent with our observation in footnote 1 that newly issued debt better reflects the association between
debt maturity and voluntary disclosure.
9Prior research suggests that firms are more likely to provide voluntary disclosures when there is good news (Pen-
man, 1980; Lev and Penman, 1990). To test whether this result applies to our setting, we estimated versions of
equations (1) and (2) in which we permit the Long-term Debt Issuance coefficient to vary depending on whether
the management earnings forecast is good or bad news, i.e., whether the management earnings forecast exceed—or
is less than—the consensus analyst forecast. Untabulated findings are broadly consistent with prior research. In
particular, whereas the Long-term Debt Issuance coefficient is significantly positive in all four good news estimations
corresponding to the estimations in Tables 2 and 3, the coefficient is significantly positive for only the full sample
bad news estimations without year fixed effects.
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horizons over which rollover-based information is absent. This horizon-matching result supports
our proposed maturity mechanism and distinguishes it from a general relation between creditor

monitoring intensity and voluntary disclosure.

VI Maturity Extension Program as a Natural Experiment

Our prediction that long-term debt dependent firms are more likely to issue management forecasts
following MEP is predicated on the finding in Foley-Fisher et al. (2016) that such firms benefit
more from the flattened yield curve. We confirm this finding in Figure 1. Panel A of Figure 1,
which plots the time series of maturities of newly issued debt, shows that, on average, the maturity
increases following the MEP program. Panel B plots the total amount of new debt offerings with
maturities over ten years, scaled by the previous year’s tangible assets, for both long-term debt-
dependent and control firms. Consistent with the findings in Foley-Fisher et al. (2016), Panel B
reveals that long-term debt dependent firms exhibit a larger relative increase in long-term debt

issuance following the MEP program.
[Figure 1 about here]

The increase in long-term debt issuance following the MEP program helps us to provide evi-
dence of a causal link between debt maturity and the firm’s voluntary disclosure. Table 5 reports
regression results from the DiD analysis, given by equations (4) and (5). To mitigate potential
effects on our inferences arising from covariate imbalance between the treated and control groups
of firms, we also present results based on two matching methods. Table 5, columns (1) through (3)
and columns (4) through (6), presents the results from estimating equations (4) and (5) using three
different control groups.!® Columns (1) and (4) compare the treated and control firms without
matching. Columns (2) and (5) employ the entropy matching method (Hainmueller, 2012). Specif-
ically, we assign weights to control firms such that the means of covariates between the two groups
of firms are approximately the same in 2011, the year prior to the policy shock. Table 6 presents
the covariates means of the treated and control firms before and after matching. The table reveals

several significant differences in means before balancing, for example, treated firms are significantly

9The sample sizes in columns (2) through (3) and (5) through (6) are smaller than those in columns (1) and (4)
because the matching algorithms cannot find a match for a small subsample of treated firms.
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smaller, have greater leverage, higher market-to-book ratios, and are less profitable. After balanc-
ing, there are no significant mean covariate differences between the two groups. Columns (3) and
(6) of Table 5 utilize the Coarsened Exact Matching (CEM) method (Tacus et al., 2012). Using this
method, we match LT-dependent firms and control groups every year before 2012, and we restrict

the DiD analysis to the matched firms.
[Tables 5 and 6 about here]

Regarding the forecast probability estimations of equation (4), the coefficients in columns (1)
through (3) of Table 5 range from 1.404 to 1.515 and are significantly positive. These findings
suggest that firms that are relatively more dependent on long-term debt are more likely to issue
management forecasts following the introduction of the MEP program. Regarding the number of
forecast estimations of equation (5), the coefficients in columns (4) through (6) range from 0.031
to 0.034 and are significantly positive. These findings suggest that firms that are relatively more
dependent on long-term debt also issue more management forecasts following the introduction
of the MEP program. Finding that the magnitudes of the coefficients are similar across the six
estimations indicates that our findings are insensitive to the choice of the control group, thereby
increasing our confidence that unobserved differences between the treatment and control firms do
not affect our inferences.

One of the key assumptions underlying the validity of DiD analyses is that the trends of the
dependent variables for the treated and control firms are similar in the pre-treatment period.
Specifically, the parallel trend assumption requires that the relative change in management forecasts
by treated firms cannot precede the MEP program. To validate this assumption, we estimate

versions of equations (4) and (5) that permit time-varying effects:

2016
Forecast Probability; , = Z B; x Treat; x Year; + T'Z + 0; +mt + €4 (6)
§=2008
2016
Num Forecasts; s = Z B; x Treat; x Yearj + T'Z; + 0; + i + €4 (7)
§=2008

Year; is an indicator variable that equals one if j = ¢ and zero otherwise. We normalize 32011 to

zero because the MEP program was introduced in 2012. The remaining §; coefficients reflect the
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dynamic effects of the MEP program on firms’ voluntary disclosure.
[Figure 2 about here]

Figure 2 plots these time-varying coefficients and the related 90% confidence interval bands.!!
Panels A and B plot coefficients based on estimating equations (6) and (7). Findings in both panels
reveal there were no differences in management forecasts between the treatment and the control
groups prior to 2012, the year in which the MEP program was introduced. This is consistent with
the parallel-trend assumption in the DiD specification. However, following the MEP introduction,
firms in the treatment group increased their management forecasts in the first year, and this effect
persists in subsequent years.

A potential source of endogeneity in our setting relates to selection—that firms more dependent
on long-term debt might differ systematically from other firms in ways that also affect their dis-
closure behavior. For example, such firms could have distinct investment opportunities, financing
policies, or information environments that predispose them to issue more management forecasts,
irrespective of the MEP program. This issue of selection is discussed in Foley-Fisher et al. (2016),
which also relies on cross-sectional variation in firms’ long-term debt dependence to study the
impact of the MEP on financing outcomes.

There are at least three reasons why the difference-in-differences approach of Foley-Fisher et al.
(2016) is well suited to mitigate selection issues. First, the MEP constitutes an exogenous policy
shock—a large, discrete intervention by the Federal Reserve aimed at flattening the yield curve
through the sale of short-term Treasuries and purchase of long-term Treasuries. As Foley-Fisher
et al. (2016) notes, the MEP announcement and implementation were unanticipated by market par-
ticipants, and occurred in a relatively calm macroeconomic period, thereby reducing the likelihood
that concurrent shocks confound its effects. This variation likely is unrelated to firms’ unobservable
disclosure preferences or contemporaneous information needs, thereby isolating a clean change in
financing incentives. As long-term debt became cheaper, affected firms expanded long-term bor-
rowing as evidenced in Figure 1, increasing their exposure to public debt and dispersed investors.

Second, our treatment variable—firms’ long-term debt dependence—is measured prior to the

MEP, and hence predetermined with respect to the policy. This variable reflects a structural

HThe plots in Figure 2 are based on the estimations using all non-long-term debt dependent firms. Figures based on
the matched control groups yield the same inferences.
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financing characteristic that was not affected by the MEP itself and therefore can be treated as
exogenous to subsequent changes in firms’ disclosure decisions.

Third, the DiD framework isolates within-firm changes in disclosure behavior for treated versus
control firms before and after the MEP. By including firm and year fixed effects and by implement-
ing entropy and coarsened exact matching, we account for both time-invariant heterogeneity and
observable differences in firm characteristics that might otherwise drive selection. Moreover, our
parallel-trend test in Figure 2 shows no differential trend in disclosure between the treated and
control groups prior to the MEP, supporting the identifying assumption that absent the policy, the

two groups would have evolved similarly.
Instrumental-variable analysis

We supplement the DiD analysis with an instrumental-variable approach that uses firms’ predeter-
mined refinancing needs to identify variation in the maturity of newly issued debt around the MEP.
The excluded instrument is Refi-Need x Capacity x Post. Refi-Need is the standardized fraction of a
firm’s pre-MEP long-term debt scheduled to mature during 2012-2014, scaled by total debt. We
construct this measure from Compustat’s debt-maturity schedule (DD1-DD5), so the repayment
schedule was determined before the MEP and is not affected by the firm’s subsequent disclosure
policy. Capacity equals one if the firm issued a bond with a maturity exceeding ten years before
2008, and Post equals one for fiscal years beginning in 2012. Firms with greater refinancing needs
were mechanically more likely to enter the debt market during the MEP, but only firms with estab-
lished access to the long end of the bond market could respond to the decline in long-term yields
by lengthening debt maturity.

The endogenous variable, Debt Maturity, is the offering-amount-weighted average maturity, in
years, of the firm’s newly issued debt. We estimate the following first-stage and second-stage

specifications:
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Debt Maturity; , = m1 Refi-Need; x Capacity; x Post; + ma Refi-Need; x Post
+ m3 Capacity; x Post, + I"Zi,t +0; +np + ui g, (8)
Disclosure; ; = BDebt/AMEum'tyivt + 01 Refi-Need; x Post; + 62 Capacity; x Post;

+ANZiy+0; +m + €ir 9)

The two pairwise interactions are included in both stages, so identification comes from the
incremental post-MEP response of firms that jointly have refinancing needs and long-bond capacity.
The vector Z;; includes the baseline control variables, and both stages include firm and year fixed
effects. The estimation sample comprises 12,836 debt-issuing firm-years from 2004 through 2016.
The exclusion restriction requires that, conditional on the pairwise interactions and fixed effects,

the triple interaction affects disclosure only through the maturity of newly issued debt.
[Table 7 about here]

Table 7 reports the first-stage and 2SLS estimates relating to equations (8) and (9). Column (1)
reveals that the excluded instrument increases the maturity of newly issued debt by 1.042 years. The
Kleibergen—Paap first-stage F-statistic is 26.2, indicating that the instrument is strongly related to
debt maturity. The 2SLS estimates in columns (2) and (3) indicate that a one-year increase in debt
maturity increases forecast probability by 2.505 percentage points and the logarithm of one plus
the number of forecasts by 0.055. These estimates are similar in sign and magnitude to the baseline
estimates and provide evidence that the relation between debt maturity and voluntary disclosure
is not attributable solely to the joint determination of financing and disclosure policies.

We conduct two tests that assess the exclusion restriction. First, refinancing during the MEP
window could have changed investment, liquidity, operating performance, or financing policies
differently for firms with long-bond capacity, thereby affecting disclosure through channels other
than debt maturity. We test this possibility by regressing each alternative channel on the excluded
instrument and the two pairwise interactions, with firm and year fixed effects. We omit the baseline
controls from these estimations so that contemporaneous variables do not absorb any response to

the instrument.
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[Table 8 about here]

Findings presented in Table 8 reveal that the excluded instrument is not significantly associated
with any of the eight alternative outcomes. In addition, untabulated statistics reveal that no
estimated effect exceeds 0.05 standard deviations of the dependent variable. In contrast, the same
instrument increases the maturity of newly issued debt by 1.042 years in the first-stage estimation.
These findings mitigate the concern that the instrument affects disclosure through changes in
investment, growth, performance, liquidity, or other financing policies.

Second, we conduct a placebo test based on firms that faced predetermined refinancing needs
but lacked long-bond capacity. These firms experienced the same pressure to refinance during the
MEP window but could not respond by issuing longer-maturity bonds. If refinancing pressure itself
affects disclosure through financing constraints, liquidity, or performance, disclosure should also

change among these firms.
[Table 9 about here]

Findings in Panel A of Table 9 reveal that refinancing need does not affect the maturity of new
debt among firms without long-bond capacity, whereas it increases maturity by 0.651 years among
firms with long-bond capacity. Panel B reports six separate regressions, one for each combination
of the three disclosure outcomes and the two capacity subsamples. Columns (1), (3), and (5)
reveal that, among firms without long-bond capacity, the coefficients for forecast probability, the
number of forecasts, and the number of long-run forecasts are statistically insignificant. Columns
(2), (4), and (6) reveal that, among firms with long-bond capacity, the corresponding coefficients
are positive; the coefficients for forecast probability and the number of forecasts are significant at
the 10 percent level, and the coefficient for long-run forecasts is significant at the 5 percent level.
Thus, disclosure changes only when refinancing need produces a change in debt maturity, consistent

with the exclusion restriction and our proposed maturity channel.

VII Additional Tests
VII.1 Public Bonds vs. Private Loans

To test our prediction that the effect of long-term debt on management forecasts is attributable

more to public bonds instead of private loans, we estimate versions of equations (1) and (2) in
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which the key explanatory variable, LTD Issuance, is replaced with either firm i’s long-term bond
or long-term loan issuance in year t — 1. The resulting indicator variables, LT Bond Issuance and
LT Loan Issuance, equal one if the weighted average maturity of bond or loan issued by firm ¢ in
year t — 1 is ten or greater.

We also estimate a version of each equation that includes both LT Bond Issuance and LT Loan
Issuance in place of LTD Issuance. Table 10 (11) presents the findings from estimations in which

Forecast Probability (Num Forecasts) is the dependent variable.
[Table 10 and 11 about here]

The findings in Table 10 reveal that all of the LT Bond Issuance coefficients are significantly
positive, ranging from 1.118 to 1.326. In contrast, none of the LT Loan Issuance coefficients is
significantly different from zero.'?> The findings in Table 11 reveal similar patterns, although only
the LT Bond Issuance coefficients are significantly positive in the Post-FD specifications.!® Taken
together, the findings in Tables 10 and 11 broadly support our prediction that the effect of long-term

debt on management forecasts is attributable to public bonds instead of private loans.
VII.2 Demand for Information
VII.2.1 Active vs. Passive Ownership

To test our prediction that the effect of long-term debt on management forecasts is stronger for firms
whose investor base comprises more active investors, we modify equations (1) and (2) to permit
the LTD Issuance coefficient to differ for firms with relatively high and low passive institutional
ownership. Following Bushee (1998), we measure passive ownership based on the percentage of
investors with low portfolio turnover and highly diversified holdings. We then create an indicator
variable, High Passive Ownership, that equals one if the firm’s passive ownership is greater than

the median for firms within its SIC-1 industry grouping. The resulting estimating equations include

2The insignificance of the LT Loan Issuance coefficients could reflect high collinearity between LT Bond issuance
and LT Loan issuance. However, untabulated findings reveal the correlation between these two variables is 0.03.

13Prior literature shows that the presence of collateral obviates the need for information production by lenders (Gorton
and Ordonez, 2014). This suggests that more disclosure will be necessary for loans with collateral. Unfortunately,
the data on collateral coverage in Dealscan are not well populated, and therefore we cannot test loans with collateral
are associated with more disclosure.
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the indicator variable and its interaction with LTD Issuance:

Forecast Probability; , = 1 x LTD issuance;—1 x High Passiwe Ownership; ;4
+ B2 x LTD issuance; 11 + B3 x High Passive Ownership; ,_, (10)
+T'Zis + 0; 4+ 0 + €
Num Forecasts;; = 51 x LTD issuance;1—1 x High Passive Ownershipz-’t_l
+ B2 x LTD issuance; 11 + 3 X High Passive Ownership; ;_ (11)

+TZiy +6; +m + €ig

Because we expect passive investors to have a lower demand for information, we predict the inter-

action coefficient, 1, is less than zero.
[Table 12 about here]

Columns (1) and (2) of Table 12 present findings for equation (10), and columns (3) and (4)
present findings for equation (11). As predicted, across all specifications, 3 is significantly negative.
Findings in Table 12 also reveal that the coefficient for LTD Issuance, 3o, is significantly positive
across all specifications. Taken together, these results are consistent with the prediction that the
effect of long-term debt on management forecasts is stronger for firms whose investor base comprises
more active investors. In addition, the coefficient of High Passive Institutional Ownership, B3, is
significantly positive for estimations of equations (10) and (11) with year fixed effects. This is
suggestive evidence consistent with the Bushee and Noe (2000) result that passive investors invest

more heavily in transparent firms.
VII.3 Analyst Coverage

To test our prediction that the effect of long-term debt on management forecasts is smaller for firms
with high analyst coverage, we estimate versions of our baseline models that permit the LT-Debt
Issuance coefficient to differ for firms depending on the extent of analyst coverage. We measure
analyst coverage as the number of equity analysts covering a firm. We then create an indicator
variable, High Analyst Coverage, that equals one if the number of equity analysts following a firm is

greater than the median among firms within the same SIC-1 industry group. We estimate versions of

23



equation (10) and (11) replacing the variable High Passive Qwnership with High Analyst Coverage.
Because we expect that the demand for information is lower for firms with high analyst coverage,

we predict the interaction coefficient, (1, is less than zero.
[Table 13 about here]

Table 13 presents findings for these estimations. As predicted, across all specifications, 5y is
negative and significantly so in three out of the four models. Findings in Table 13 also reveal that the
coefficient for LTD Issuance, P2, is significantly positive across all specifications. Taken together,
these results are consistent with the prediction that the effect of long-term debt on management

forecasts is stronger for firms with lower analyst coverage.
VII.4 Bond Liquidity

To test our prediction that the effect of long-term debt on management forecasts is smaller for firms
with high bond liquidity, we estimate versions of our baseline models that permit the LTD Issuance
coefficient to differ for firms with high and low bond liquidity. We measure a firm’s bond liquidity
using the dollar-volume-weighted bid-ask spread of each of the firm’s outstanding bonds.'* We
then create an indicator variable, High Bond Liquidity, that equals one if the bid-ask spread falls
below the median for all firms. The empirical models we estimate are versions of equations (10)
and (11) that replace the variable High Passive Qwnership with High Bond liquidity. Because firms
with high bond liquidity are likely to have less asymmetric information (Benmelech and Bergman,

2018), we predict the interaction coefficient, 31, is negative.
[Table 14 about here]

Table 14, columns (1) and (2) (columns (3) and (4)), presents findings for the Forecast Probability
(Num Forecasts) estimations. As predicted, the findings reveal that all of the interaction coefficients
are significantly negative. Thus, firms with high bond liquidity have less need to issue management

forecasts.

1The bid-ask spreads are calculated using TRACE Enhanced data, which identify buyer and seller price quotes.
Because the TRACE bond transaction data are available only beginning in 2002 and the coverage in the first two
years is incomplete, the analysis is conducted using the sample starting from 2004. We also use the Amihud (2002)
illiquidity measurement. The findings in Table TA.2 in the Internet Appendix reveal the same inferences as those
based on the Table 14 findings.
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VIL5 CDS Liquidity

To test our prediction that the effect of long-term debt on management forecasts is larger for firms
with high CDS liquidity, we estimate versions of our baseline models that permit the LTD Issuance
coefficient to differ for firms with high and low CDS liquidity. Following Kim et al. (2018), we
measure a firm’s CDS liquidity as the average daily number of distinct dealers providing 5-year
CDS spread quotes over a fiscal year. We then create an indicator variable, High CDS Liquidity,
that equals one if the firm’s number of distinct dealers is greater than the median for all firms.!5
The empirical models we estimate are versions of equations (10) and (11) that replace the variable
High Passive OQwnership with High CDS liquidity. Because highly liquid CDS contracts facilitate
the removal of a bank’s exposure to credit risk, monitoring by bank lenders is likely to decrease
(Morrison, 2005; Amiram et al., 2017), and bank loans will become more similar to corporate bonds

regarding information production by lenders. Thus, we predict the interaction coefficient, (1, is

positive because firms issue more forecasts when their lenders can buy highly liquid CDS contracts.
[Table 15 about here]

Table 15, columns (1) and (2) (columns (3) and (4)), presents findings for the Forecast Probability
(Num Forecasts) estimations. The findings in Columns (1) and (2) reveal that the coefficient of
LT Loan Issuance is insignificant. However, the significantly positive interaction term coefficients,
6.0266 and 6.4237, indicate that firms issuing long-term loans are more likely to issue management
forecasts if they also have liquid CDS contracts traded. The findings in columns (3) and (4) reveal
similar inferences for the Num Forecasts estimation. That is, firms issue more management forecasts

after issuing long-term loans if their CDS contracts are liquid.

VIII Conclusion

This study shows that firms that are more reliant on long-term debt are more likely to issue more
voluntary management forecasts. L'T-debt firms also issue more long-run guidance and, conditional
on issuing guidance, forecast further into the future, whereas short-run guidance does not increase.
These findings are consistent with the prediction that debt maturity shapes the timing of creditor

information production and, consequently, the horizon of information demanded by equity investors.

15We classify firms that do not have CDS traded as firms with low CDS liquidity.
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Because information production by lenders in the public bond markets is limited subsequent to bond
origination, we also predict and find evidence that the effect of debt maturity on management
forecasts is attributable to public bonds instead of private loans.

An instrumental-variable analysis based on predetermined refinancing needs and firms’ pre-
MEP long-bond capacity yields a strong first stage and 2SLS estimates consistent with the baseline
findings. Alternative-channel and placebo tests further show that disclosure changes only when the
instrument changes debt maturity, supporting the exclusion restriction and mitigating concerns
about the joint determination of debt maturity and disclosure.

Findings from four additional tests reveal that the effect of long-term debt on management
forecasts is stronger for firms associated with more active investors, smaller for firms with high
analyst coverage, smaller for firms with high bond liquidity, and larger for firms with high CDS
liquidity. These findings support the notion that the relation between long-term debt issuance and
management forecasts depends crucially on the demand for information.

Our findings contribute to prior research on creditor monitoring and voluntary disclosure by
identifying a distinct temporal channel. Whereas prior studies examine changes in monitoring in-
tensity, debt maturity determines how frequently creditor-generated information is renewed and
how long the resulting information gap persists. The matching between debt maturity and disclo-
sure horizon shows that firms do not simply disclose more when creditor information production is
limited; they provide information over the horizons for which that information is absent. Empirical
studies have yielded inconclusive results regarding the relation between management disclosure and
a firm’s debt level (Beyer and Dye, 2021). Our findings suggest that the disclosure consequences of

debt depend not only on its amount, but also on its maturity composition.
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Appendix Variable Definitions

Variable

Definition

Num Analysts

Bond issuance/Total debt issuance
Debt Offering Amt

Forecast

Forecast Lead (months)

Lagged Forecast

Equity Issuance

Equity Institutional Ownership
Investment Grade

Leverage
Forecast Probability

Long-Run Forecast Probability

Truly Long-Run Forecast Probability

Market to Book
Mid Z-Score

Analyst coverage at the end of the fiscal year, calculated as log(1+# analysts following the firm)
The ratio of new bond issues to the total amount of new debt during a fiscal year

The total amount of a firm’s newly issued debt during a fiscal year, measured in billion USD

An indicator variable that equals one if a firm issues managerial forecast one year before
Firm-year average number of months between the announcement date of an annual management
forecast and the end of the forecasted fiscal period; defined only for firm-years that issue guid-
ance

An indicator variable that equals one if a firm issues managerial forecast two years before

An indicator variable that equals one for the years during which a firm conducts new/seasoned
equity offerings, zero otherwise

Institutional Ownership in percentage at the end of a fiscal year, measured as the percentage of
equity shares outstanding held by institutional investors that file 13F

An indicator variable that equals one if the firm’s long-term debt rating issued by S&P is above
BBB, zero otherwise

The ratio of total liabilities to total assets at the fiscal year end

An indicator variable that equals one if the firm issues at least one managerial forecast during
the year, zero otherwise (multiplied by 100 for scaling purpose)

Indicator that equals one if the firm issues at least one long-run management forecast during the
fiscal year, zero otherwise (multiplied by 100 for scaling purposes), where a forecast is long-run
if its forecasted fiscal-period end falls more than one quarter after the announcement date (Chen
et al., 2023)

Indicator that equals one if the firm issues at least one management forecast with a horizon of
more than one year during the fiscal year, zero otherwise (multiplied by 100 for scaling purposes)
The ratio of the market value to the book value of equity at the end of the fiscal year.

An indicator variable that equals one if the firm’s Altman Z-Score falls within the middle quintile
of the sample distribution in a given year, zero otherwise
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Appendix A Variable Definitions - (Continued)

Variable

Definition

New Debt Issuance

Num Covenants
Num Forecasts

Num Long-Run Forecasts

Num Truly Long-Run Forecasts
LTD Issuance

High Bond Liquidity

Post CDS

Post FD

Stock Return Volatility

ROA

Size
Z-Score

An indicator variable that equals one if a firm issues new bond or loan during a fiscal year, zero
otherwise

The total number of covenants in the newly issued bonds and loans during a fiscal year

The count of managerial forecasts issued by the firm during a fiscal year, calculated as log(1+#
forecasts)

Count of long-run forecasts issued during the fiscal year, calculated as log(1 + # forecasts)
Count of truly long-run forecasts issued during the fiscal year, calculated as log(1 4+ # forecasts)
An indicator variable that equals one if the weighted average maturities of a firm’s newly issued
debt is above 10 years, zero otherwise

An indicator variable that equals one if the dollar-volume-weighted bid-ask spread of each of the
firm’s outstanding bonds is above the sample median

An indicator variable that equals one for the years after CDS is initiated for a firm, zero other-
wise

An indicator variable that equals one for years after the Regulation Fair Disclosure (2001), zero
otherwise

The standard deviation of the firm’s daily stock returns measured over a fiscal year

Return on assets, measured as income before extraordinary items divided by total assets

The natural logarithm of total assets of the fiscal year

1.2x (current assets minus current liabilities, divided by total assets) 4+ 1.4x (retained earnings
divided by total assets) + 3.3x(earnings before interest and taxes divided by total assets) +
0.6 x (market value of equity divided by total liabilities) + 0.999x (sales divided by total assets)
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Table 1 Summary Statistics

Number of Observations Mean  Median Std. Dev.

Forecast Probability (%) 57,945 40.4918 0 49.088
Num Forecasts 57,945 0.8727 0 1.1948
Long-Run Forecast Probability (%) 57,945 32.7397 0 46.9267
Truly Long-Run Forecast Probability (%) 57,945 8.4373 0 27.7949
Num Long-Run Forecasts 57,945 0.5914 0 0.9420
Num Truly Long-Run Forecasts 57,945 0.0896 0 0.3271
Forecast Lead (months) 19,622 7.3239  6.8294 3.2087
Maturity (years) 57,945 2.5463 0 3.8983
New Debt Issuance 57,945 0.4446 0 0.4969
LTD Issuance 57,945 0.0498 0 0.2176
LTD Issuance Conditional on New Debt Issuance 25,761 0.1121 0 0.3155
Debt Offering Amt (billion) 25,761 1.0634  0.445 1.6576
Num Covenants 25,761 2.7697 2 3.6215
Bond issuance/Total debt issuance 25,761 0.2788 0 0.3999
Total Assets (billion) 57,945 9.1913  1.4360  26.3680
Leverage 57,945 0.5422  0.5447 0.2353
ROA 57,945 0.0087  0.0363 0.1492
Market-to-book ratio 57,945 3.1693  2.1719 4.5906
Investment Grade 57,945 0.2619 0 0.4396
Z-Score 57,945 3.307 2.1725 4.6865
Equity Institutional Ownership (%) 57,945 38.7953 33.6205  38.3112
Stock Return Volatility (%) 57,945 2.9214  2.5072 1.5947
Equity Issuance 57,945 0.2317 0 0.4219
(Raw) Number of Analysts 57,945 8.7329 7 6.8398
Post CDS 57,945 0.1298 0 0.3361

This table provides summary statistics for the variables used throughout the study. The unit of analysis is a firm-year
observation. All variables are as defined in Appendix A.



Table 2 Baseline Results — Forecast Probability

Forecast Probability

Full Sample

New Debt Issuance Subsample

(1) (2) (3) (4)
LTD Issuance 2.5595%** 2.2166*** 2.3974%** 2.1313%**
(0.638 3) (0.6373) (0.6488) (0.6519)
Forecast 21.3205%F* 20.7080*** 21.74347%F* 21.2718%**
(0.7638) (0.7656) (1.3092) (1.3123)
Lagged Forecast 8.4583*** 7.9895%** 8.3086*** 7.8843***
(0.6319) (0.627 4) (1.0340) (1.0314)
New Debt Issuance 0.9342%** 0.8957#**
(0.2981) (0.2991)
Debt Offering Amt —0.3641%** —0.2707** —0.3027** —0.2261
(0.1336) (0.1338) (0.1435) (0.1458)
Num Covenants —0.0305 —0.0213 —0.0491 —0.0424
(0.0540) (0.0541) (0.0589) (0.0594)
Bond issuance/Total debt issuance —0.7716* —0.7460 —0.5486 —0.6694
(0.463 8) (0.4667) (0.536 2) (0.546 4)
Size 2.5748%** 1.7047%%* 2.7592%** 2.2081***
(0.3222) (0.3697) (0.440 6) (0.492 3)
Leverage —1.0629 —1.2016 —3.7838** —3.5382%*
(0.9981) (1.0417) (1.565 5) (1.620 2)
ROA 4.0877+** 4.3986*** 3.6531%* 3.9254*
(1.2793) (1.296 1) (2.1555) (2.1831)
Market-to-book ratio 0.0358 0.0551* 0.0124 0.0181
(0.0291) (0.0294) (0.0355) (0.0357)
Investment Grade —0.6041 —0.0908 —0.5640 —0.1441
(0.6613) (0.6659) (0.7756) (0.7867)
Mid Z-Score 0.4903 0.5214 1.6759%** 1.6678%**
(0.3276) (0.3289) (0.4496) (0.4518)
Equity Institutional Ownership 0.0350%*** 0.0221*** 0.0103 0.0041
(0.006 5) (0.0067) (0.008 8) (0.009 0)
Stock Return Volatility —0.1674 0.2092 0.1389 0.3960*
(0.1122) (0.1439) (0.1695) (0.2208)
Equity Issuance 0.7487** 0.3897 0.2058 —0.0169
(0.3111) (0.3103) (0.4191) (0.418 4)
Num Analysts 2.6638*** 3.3729%4* 1.5346%** 2.1746***
(0.3985) (0.408 1) (0.5833) (0.590 4)
Post CDS 0.4443 —1.9898*** 0.8720 —0.8401
(0.7132) (0.7686) (0.7872) (0.8589)
Post FD 9.3636*** 8.2380***
(0.593 5) (0.9276)

(continued on next page)
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Table 2 Baseline Results - Forecast Probability (continued)

Forecast Probability

Full Sample New Debt Issuance Subsample
(1) (2) 3) (4)
Firm FE Yes Yes Yes Yes
Year FE No Yes No Yes
Observations 57,945 57,945 25,761 25,761
Adjusted R? 0.7383 0.7404 0.7822 0.7835

This table presents the effects of firms’ long term debt issuance on the probability of issuing managerial forecasts.
The dependent variable, Forecast Probability, is the percentage probability that a firm issues managerial forecasts
one year after the debt issuance. The full sample comprises 57,945 firm-year observations from 1997 to 2019.
The subsample of firms having issued debt in the previous year, New Debt Issuance Subsample, comprises 25,761
firm-year observations from 1997 to 2019. Robust standard errors are clustered at the firm level and shown in
parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. All variables
are as defined in Appendix A.
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Table 3 Baseline Results — Num Forecasts

Num Forecasts

Full Sample

New Debt Issuance Subsample

(1) (2) (3) (4)
LTD Issuance 0.0676*** 0.0407*** 0.0549*#* 0.0335%*
(0.0160) (0.0156) (0.0161) (0.0157)
Forecast 0.6261*** 0.5992%*+* 0.6416%** 0.6201***
(0.0134) (0.0132) (0.0233) (0.0231)
Lagged Forecast 0.4254%+* 0.3975%#* 0.4124*** 0.3818***
(0.0135) (0.0128) (0.0211) (0.0203)
New Debt Issuance 0.0167** 0.0128%*
(0.0068) (0.006 7)
Debt Offering Amt —0.0051 —0.0017 —0.0022 0.0013
(0.0038) (0.0037) (0.003 6) (0.0037)
Num Covenants 0.0012 0.0016 0.0001 0.0006
(0.001 3) (0.001 3) (0.001 4) (0.001 4)
Bond issuance/Total debt issuance — —0.0288***  —0.0208** —0.0207* —0.0205*
(0.0106) (0.0105) (0.0119) (0.0120)
Size 0.0825*** 0.0381*** 0.0936%** 0.0558%**
(0.0090) (0.0105) (0.0116) (0.0136)
Leverage —0.0662** —0.0721%* —0.0997** —0.0833*
(0.0275) (0.0281 (0.0446 (0.0446
ROA 0.1731%+** 0.1786*** 0.1557*** 0.1580%**
(0.0305) (0.0307) (0.0506) (0.0508)
Market-to-book ratio 0.0010 0.0013* 0.0005 0.0006
(0.0008) (0.0008 (0.0010 (0.0010
Investment Grade —0.0210 0.0106 —0.0044 0.0250
(0.0192) (0.0192 (0.0219 (0.0220
Mid Z-Score 0.0242%*** 0.0240*** 0.0592%** 0.0536***
(0.0091) (0.0088) (0.0131) (0.0128)
Equity Institutional Ownership 0.0012%** 0.0005*** 0.0005** 0.0000
(0.0002) (0.0002 (0.0002) (0.0002
Stock Return Volatility —0.0439%**  —0.0234*FF*  —(0.0328***  —0.0200%**
(0.0029) (0.0035) (0.0042) (0.005 3)
Equity Issuance 0.0254%** 0.0083 0.0215** 0.0089
(0.0071) (0.0070) (0.0101) (0.0100)
Num Analysts 0.0439%+* 0.0752%+* 0.0334** 0.0690***
(0.0106) (0.0107) (0.0151) (0.0152)
Post CDS 0.1529*** 0.0079 0.1545%** 0.0238
(0.0240) (0.0256) (0.0250) (0.0268)
Post FD 0.2630*** 0.2482%**
(0.0133) (0.0203)

(continued on next page)
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Table 3 Baseline Results - Num Forecasts (Continued)

Num Forecasts

Full Sample New Debt Issuance Subsample
(1) (2) (3) (4)
Firm FE Yes Yes Yes Yes
Year FE No Yes No Yes
Observations 57,945 57,945 25,761 25,761
Adjusted R? 0.7986 0.8064 0.8219 0.8281

This table presents the effects of firms’ long term debt issuance on the number of managerial forecasts issuance.
The dependent variable, Num Forecasts, is log (14+No. of managerial forecasts). The full sample comprises
57,945 firm-year observations from 1997 to 2019. The subsample of firms having issued debt in the previous year,
New Debt Issuance Subsample, comprises 25,761 firm-year observations from 1997 to 2019. Robust standard
errors are clustered at the firm level and shown in parentheses. ***, ** * denote statistical significance at the
0.01, 0.05, and 0.10 levels, respectively. All variables are as defined in Appendix A.
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Table 4 Debt Maturity and the Horizon of Management Guidance

Number of Long-Horizon Forecasts Length of the Forecast Horizon
Long-Run Forecasts Truly Long-Run Forecasts Forecast Lead (Months)
OLS PPML OLS PPML OLS OLS PPML PPML

All firms All firms All firms All firms Guiders Guiders & Issuers  Guiders Guiders & Issuers
(1) (2) (3) (4) (5) (6) (7) (8)

LTD Issuance 0.0329 0.0512** 0.0233* 0.1195* 0.3173** 0.3371%* 0.0374** 0.0405%*
(0.0207) (0.02438) (0.0135) (0.0716) (0.1372) (0.1445) (0.0186) (0.0193)
Control Variables Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 57,945 57,945 57,945 57,945 19,162 8,648 19,158 8,646
Adjusted (Pseudo) R? 0.6643 0.5921 0.2265 0.4324 0.1992 0.1956 0.0747 0.0830

This table studies whether firms that borrow long also disclose long. Columns (1) - (4) report the effect of debt maturity on the number of long-horizon
management forecasts a firm issues during the fiscal year. Following Chen et al. (2023), a forecast is long-run if the end of the forecasted fiscal period falls more
than one quarter after the announcement date, so that a firm guiding only about the coming quarter scores zero; it is truly long-run if that period end falls more
than one year after the announcement date. Columns (1) and (3) are estimated by OLS with the dependent variable in logs, log (14+# No. of forecasts), and
columns (2) and (4) by Poisson pseudo-maximum likelihood (PPML) on the raw count. Columns (5) - (8) conditions on disclosure and asks how far ahead firms
forecast. The dependent variable is the firm-year average number of months between the forecast announcement date and the end of the forecasted fiscal period.
The sample in columns (5) and (7) is firm-years that issue at least one management forecast (“guiders”); columns (6) and (8) restrict further to guiders that also
issue new debt (“issuers”). Columns (5) and (6) are estimated by OLS, and columns (7) and (8) re-estimate the same specification by PPML, which respects the
nonnegativity of a time-until-realization outcome. Columns (1) - (4) use the full baseline sample of 57,945 firm-years; the smaller counts in Columns (5) - (8)
follow from conditioning on issuing guidance and on issuing new debt as well. Robust standard errors are clustered at the firm level and shown in parentheses.
xRk denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. Remaining variables are as defined in Appendix A.
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Table 5 Maturity Extension Program DiD Estimations

Forecast Probability Forecast Probability Forecast Probability Num Forecasts Num Forecasts Num Forecasts
(Entropy) (CEM) (Entropy) (CEM)
(1) (2) 3) (4) (5) (6)
Treat x Post 1.5149** 1.4035* 1.4276** 0.0335%* 0.0314* 0.0340**
(0.6789) (0.7446) (0.6747) (0.016 8) (0.0181) (0.0169)
Control Variables Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 20,515 19,016 19,902 20,515 19,016 19,902
Adjusted R? 0.8570 0.8532 0.8585 0.9048 0.9036 0.9056

This table presents findings from the estimations of equations (4) and (5) using three different control groups. Columns (1) and (4) compare the treated and control firms without matching.
Columns (2) and (5) employ the entropy matching method (Hainmueller, 2012). Columns (3) and (6) utilize the Coarsened Exact Matching (CEM) method (Iacus et al., 2012). LT debt-dependent
firms is an indicator variable that equals one if the firm’s average share of long-term debt is above the median prior to 2007. Post2012 is an indicator variable that equals one after 2012, the year
after introduction of the maturity extension program. Robust standard errors are clustered at the firm level and shown in parentheses. *** ** * denote statistical significance at the 0.01, 0.05,

and 0.10 levels, respectively.



Table 6 Treated and Control Firm Balancing

Before Entropy Balancing After Entropy Balancing

Treated Control T Stat P Value ‘ Control T Stat P Value

Size 7.3835  7.6262 —3.4391 0.0006 | 7.3837 —0.0037  0.9970
Leverage 0.5371  0.5191 1.9851 0.0472 | 0.5371 —0.0007  0.9995
Market-to-book ratio 2.8579 25722 1.8098 0.0704 | 2.8579 0.0003  0.9998
ROA 0.0170  0.0353 —3.6079  0.0003 | 0.0170 —0.0009  0.9993
Mid Z-Score 0.2981  0.3526 —2.9412 0.0033 | 0.2982 —0.0012  0.9990
Equity Institutional Ownership 50.1993 49.4180 0.5239  0.6004 |50.1989  0.0003  0.9998
Stock Return Volatility 2.8644  2.7372 2.8846 0.0040 | 2.8644 0.0019  0.9985
Equity Issuance 0.3112  0.2573  2.9991 0.0027 | 0.3112 0.0003  0.9998
Num Analysts 2.0709  2.0985 —1.0500 0.2938 | 2.0709 —0.0015  0.9988
Post CDS 0.1720  0.2280 —3.5537  0.0004 | 0.1721 —0.0034  0.9973
Debt Offering Amt 0.3648  0.4672 —2.3364 0.0195 | 0.3650 —0.0051  0.9960
Bond issuance/Total debt issuance  0.1569  0.1418 1.1356  0.2562 | 0.1569 —0.0006  0.9995
Forecast 0.4613  0.4737 —0.6288 0.5296 | 0.4613 —0.0001  0.9999
Lagged Forecast 0.4455  0.4684 —1.1571 0.2474 | 0.4455 —0.0003  0.9998
Num Covenants 1.0850  0.9341 1.6471 0.0997 | 1.0850 —0.0002  0.9998
Investment Grade 0.2111  0.3081 —5.6510  0.0000 0.2112 —0.0045 0.9964
New Debt Issuance 0.4037  0.3874 0.8415  0.4001 0.4037 —0.0011  0.9991

This table presents the mean values for control variables of treated and control firms, and of control firms after entropy
balancing. The t-statistics and p-values are based on two-sided mean tests. The means are based on control variable
values for 2011, the year before the introduction of the MEP program.

39



ov

Table 7 The Effect of Debt Maturity on Voluntary Disclosure—MEP
Refinancing-Need Instrument

First Stage 2SLS 2SLS
Debt Maturity Forecast Probability Num Forecasts

(1) (2) (3)

Refi-Need x Capacity x Post 1.042%%*

(0.204)
Debt Maturity (instrumented) 2.505%* 0.055%*

(1.221) (0.033)

Refi-Need x Post Yes Yes Yes
Capacity x Post Yes Yes Yes
Control Variables Yes Yes Yes
Firm FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 12,836 12,836 12,836
Kleibergen—Paap First-Stage F' 26.2

This table presents the first-stage and two-stage least squares estimations of the effect of debt ma-
turity on voluntary disclosure. Column (1) reports the first-stage estimation, and columns (2) and
(3) report the 2SLS estimations. The excluded instrument is Refi-Need x Capacity x Post. Refi-
Need is the standardized fraction of the firm’s pre-MEP long-term debt scheduled to mature during
2012-2014, scaled by total debt. Capacity equals one if the firm issued a bond with maturity above
ten years before 2008. Post equals one for fiscal years beginning in 2012. Debt Maturity is the
offering-amount-weighted maturity, in years, of the firm’s newly issued debt. Forecast Probability is
the percentage probability that the firm issues managerial forecasts, and Num Forecasts is log (1+No.
of managerial forecasts). The sample comprises debt-issuing firm-years from 2004 through 2016. All
specifications include the two pairwise interactions, the baseline control variables, and firm and year
fixed effects. Robust standard errors are clustered at the firm level and shown in parentheses. ***
** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively.
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Table 8 Exclusion Restriction: The Instrument and the Alternative Channels

Investment and Growth Performance Liquidity Financing

Investment Asset Growth Sales Growth ~ ROA Z-Score Cash Holdings Leverage Equity Issuance

(1) (2) 3) (4) () (6) (7) (®)

Refi-Need x Capacity X Post 0.0018 0.0005 -0.0017 0.0023 0.0534 0.0026 0.0039 0.0220
(0.0045) (0.0094) (0.0097) (0.0042) (0.1032) (0.0038) (0.0088) (0.0204)
Refi-Need x Post Yes Yes Yes Yes Yes Yes Yes Yes
Capacity x Post Yes Yes Yes Yes Yes Yes Yes Yes
Control Variables No No No No No No No No
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11,684 11,684 11,661 12,471 12,471 12,469 12,460 12,471

This table examines whether the excluded instrument affects disclosure through financing constraints, liquidity, investment, or performance rather than through
debt maturity. Each column regresses the indicated outcome on Refi-Need x Capacity x Post in the instrumental-variable estimation sample. The two pairwise
interactions and firm and year fixed effects are included in every column. The baseline control variables are omitted so that no contemporaneous regressor
absorbs a response to the instrument. Investment is the change in net property, plant, and equipment plus depreciation, scaled by lagged total assets. Asset
Growth and Sales Growth are the annual changes in the natural logarithm of total assets and sales. ROA is income before extraordinary items divided by total
assets. Cash Holdings is cash and short-term investments divided by total assets. The remaining variables are as defined in Appendix A. Investment, Asset
Growth, Sales Growth, Cash Holdings, and Z-Score are winsorized at the 1st and 99th percentiles. Robust standard errors are clustered at the firm level and
shown in parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively.



Table 9 Placebo Test: Refinancing Need Without
Long-Bond Capacity

Panel A: Dependent variable: maturity of new debt (years)

No Long-Bond Capacity Long-Bond Capacity

(1) (2)

Refi-Need x Post -0.0207 0.6509%**
(0.0583) (0.1388)
Control Variables Yes Yes
Firm FE Yes Yes
Year FE Yes Yes
Observations 5,018 7,452

Panel B: Dependent variables: voluntary disclosure measures

Forecast Probability Num Forecasts

Num Long-Run Forecasts

No Capacity Capacity No Capacity Capacity

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

No Capacity  Capacity

(5) (6)

Refi-Need x Post -0.9423 1.3624* -0.0190 0.0406* 0.0004 0.0745**
(0.7559) (0.7484) (0.0192) (0.0223) (0.0219) (0.0315)
Control Variables Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 5,018 7,452 5,018 7,452 5,018 7,452

This table tests whether refinancing need affects debt maturity and disclosure when the firm lacks the capacity
to issue long-term bonds. Capacity equals one if the firm issued a bond with maturity above ten years before
2008. Each column reports a separate regression estimated using the indicated capacity subsample. Panel
A presents two regressions in which the offering-amount-weighted maturity, in years, of newly issued debt is
the dependent variable. Panel B presents six regressions: columns (1) and (2) use Forecast Probability as
the dependent variable, columns (3) and (4) use Num Forecasts, and columns (5) and (6) use Num Long-Run
Forecasts. Within each pair, the first column uses firms without long-bond capacity and the second uses firms
with long-bond capacity. The sample comprises debt-issuing firm-years from 2004 through 2016 with nonmissing
refinancing need. All specifications include the baseline control variables and firm and year fixed effects. Robust
standard errors are clustered at the firm level and shown in parentheses. *** ** * denote statistical significance

at the 0.01, 0.05, and 0.10 levels, respectively.
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Table 10 Bond Maturity vs Loan Maturity

Forecast Probability

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

LT Bond Issuance 1.3179%** 1.1120** 1.3257#%* 1L s
(0.4838) (0.4842) (0.4843) (0.4846)
LT Loan Issuance —1.3443 —0.9709 —1.4190 —1.0318
(2.1502) (2.1077) (2.1513) (2.1085)
New Debt Issuance 0.9356%** 0.8915%** 0.9281*** 0.8889*** 0.9476%** 0.9031%**
(0.2996) (0.3004) (0.2981) (0.2991) (0.2997) (0.3005)
Control Variables Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes Post FD Yes
Observations 57,945 57,945 57,945 57,945 57,945 57,945
Adjusted R? 0.7383 0.7403 0.7383 0.7403 0.7383 0.7403

This table presents the effects of firms’ long term bond and loan issuance on the probability of issuing managerial forecasts. The dependent variable, Forecast
Probability, is the percentage probability that a firm issues managerial forecasts one year after the debt issuance. The full sample comprises 57,945 firm-year
observations from 1997 to 2019. The subsample of firms having issued debt in the previous year, New Debt Issuance Subsample, comprises 25,761 firm-year
observations from 1997 to 2019. Robust standard errors are clustered at the firm level and shown in parentheses. *** ** * denote statistical significance at

the 0.01, 0.05, and 0.10 levels, respectively. All variables are as defined in Appendix A.



v

Table 11

Bond Maturity vs Loan Maturity (Continued)

(1)

(2)

Num Forecasts

(3) (4)

(5)

(6)

LT Bond Issuance 0.0313%** 0.0167 0.0313%** 0.0166
(0.0116) (0.0115) (0.0116) (0.0115)
LT Loan Issuance 0.0009 0.0177 —0.0008 0.0168
(0.0344) (0.0337) (0.0345) (0.0337)
New Debt Issuance 0.0163** 0.0122* 0.0165** 0.0126* 0.0166** 0.0124*
(0.006 8) (0.006 7) (0.006 8) (0.006 7) (0.006 8) (0.006 7)
Control Variables Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes Post FD Yes
Observations 57,945 57,945 57,945 57,945 57,945 57,945
Adjusted R? 0.7986 0.8064 0.7986 0.8064 0.7986 0.8064

This table presents the effects of firms’ long-term bond and loan issuance on the number of managerial forecasts issued. The dependent variable, Num
Forecasts, is log (1+No. of managerial forecasts). The full sample comprises 57,945 firm-year observations from 1997 to 2019. The subsample of firms having
issued debt in the previous year, New Debt Issuance Subsample, comprises 25,761 firm-year observations from 1997 to 2019. Robust standard errors are

clustered at the firm level and shown in parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. All variables are

as defined in Appendix A.
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Table 12 Cross Sectional Test: Active vs Passive Ownership

Forecast Probability Num Forecasts
(1) (2) (3) (4)
LTD Issuance x High Passive Institutional Ownership ~ —2.1902** —2.3969** —0.0387* —0.0512%*
(0.954 3) (0.9610) (0.0225) (0.0230)
LTD Issuance 2.7634%** 3.0561*** 0.0523%** 0.0765%**
(0.8344) (0.8449) (0.0177) (0.0181)
High Passive Institutional Ownership 0.6068 1.6692%** 0.0034 0.0602***
(0.6235) (0.6119) (0.0149) (0.0150)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes
Observations 57,945 57,945 57,945 57,945
Adjusted R? 0.7404 0.7384 0.8064 0.7987

This table compares the effects of firms’ long term debt issuance on the issuance of managerial forecasts between firms with high and low
passive institutional ownership. The dependent variable in columns (1) and (2), Forecast Probability, is the percentage probability that
a firm issues managerial forecasts one year after the debt issuance. The dependent variable in columns (3) and (4), Num Forecasts, is
log (1+No. of managerial forecasts). Robust standard errors are clustered at the firm level and shown in parentheses. *** ** * denote
statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. All variables are as defined in Appendix A.
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Table 13 Cross Sectional Test: High vs Low Analyst Coverage

Forecast Probability Num Forecasts
(1) (2) (3) (4)
LTD Issuance x High Analyst Coverage  —1.8406% —2.1852%* —0.0214 —0.0420*
(1.0819) (1.0838) (0.023 3) (0.0236)
LTD Issuance 2.8623%** 3.3054%** 0.0457** 0.0785%**
(1.0150) (1.0176) (0.0208) (0.0210)
High Analyst Coverage 0.2130 0.3410 —0.0062 —0.0020
(0.491 3) (0.492 3) (0.0118) (0.0121)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes
Observations 57,945 57,945 57,945 57,945
Adjusted R? 0.7403 0.7383 0.8064 0.7986

This table compares the effects of firms’ long term debt issuance on the issuance of managerial forecasts between firms
with high and low analyst coverage. The dependent variable in columns (1) and (2), Forecast Probability, is the percentage
probability that a firm issues managerial forecasts one year after the debt issuance. The dependent variable in columns
(3) and (4), Num Forecasts, is log (1+No. of managerial forecasts). Robust standard errors are clustered at the firm level
and shown in parentheses. ***, ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. All

variables are as defined in Appendix A.
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Table 14 Long-term Debt Issuance and Liquidity

Forecast Probability

Num Forecasts

(1) (2) 3) (4)
LTD Issuance x High Bond Liquidity -3.4838*** -3.8972%** -0.0600%* -0.0654**
(1.2867) (1.2969) (0.0316) (0.0318)
LTD Issuance 3.4803*** 3.9375%%* 0.0741%%* 0.0783%**
(1.1311) (1.1431) (0.0260) (0.0262)
High Bond Liquidity 1.1297 0.9522 -0.0007 -0.0077
(0.8357) (0.8523) (0.0221) (0.0225)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes
Observations 38,784 38,784 38,784 38,784
Adjusted R? 0.8456 0.8463 0.8800 0.8811

This table compares the effects of firms’ long-term debt issuance on the issuance of managerial forecasts between firms with high and low bond
liquidity. We measure a firm’s bond liquidity using the dollar-volume-weighted bid-ask spread of each of the firm’s outstanding bonds. The
dependent variable in columns (1) and (2), Forecast Probability, is the percentage probability that a firm issues managerial forecasts one year after
the debt issuance. The dependent variable in columns (3) and (4), Num Forecasts, is log (14+No. of managerial forecasts). Robust standard errors
are clustered at the firm level and shown in parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively.

All variables are as defined in Appendix A.
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Table 15 Cross Sectional Test: High vs Low CDS Liquidity

Forecast Probability Num Forecasts
(1) (2) (3) (4)
LT Loan Issuance x High CDS Liquidity 6.0266* 6.4237* 0.2801* 0.2892*
(3.6192) (3.654 4) (0.1582) (0.1596)
LT Loan Issuance —2.3764 —2.4654 —0.0172 —0.0192
(2.2671) (2.2689) (0.0360) (0.0360)
LT Bond Issuance 1.2545%* 0.0288**
(0.4934) (0.0118)
High CDS Liquidity 0.0030 —0.0050 0.0770%** 0.0769%***
(0.8152) (0.8158) (0.0275) (0.0275)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Post FD Post FD Post FD
Observations 57,945 57,945 57,945 57,945
Adjusted R? 0.7301 0.7301 0.7914 0.7914

This table compares the effects of firms’ long term debt issuance on the issuance of managerial forecasts between firms with high and low
CDS liquidity. The dependent variable in columns (1) and (2), Forecast Probability, is the percentage probability that a firm issues managerial
forecasts one year after the debt issuance. The dependent variable in columns (3) and (4), Num Forecasts, is log (14+No. of managerial forecasts).
Robust standard errors are clustered at the firm level and shown in parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and

0.10 levels, respectively. All variables are as defined in Appendix A.



Figure 1
Debt Maturity around MEP Program
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Panel A plots the time series of maturities of newly issued debt. Panel B plots the total amount
of new debt offerings with maturities over ten years, scaled by the previous year’s tangible assets,
for both long-term debt-dependent and control firms. Plots in both panels relate to the years
surrounding the introduction of the MEP program. The sample for the plot comprises 21,235

firm-year observations.
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Figure 2
Dynamic DiD Effects
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This figure plots the time-varying coefficients and the related 90% confidence interval bands
for estimating equations (6) and (7). The dependent variable in Panel A, Forecast Probability,
is the percentage probability that a firm issues managerial forecasts one year after the debt
issuance. The dependent variable in Panel B, Num Forecasts, is log (1+No. of managerial
forecasts). Plots in both panels relate to the years surrounding the introduction of the MEP
program. The sample size for the dynamic coefficient estimation comprises 20,515 firm-year
observations.
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Table IA.1 Estimation of Equation (2) using Poisson Pseudo-likelihood Regression

Full Sample New Debt Issuance Subsample
(1) (2) (3) (4)
LTD Issuance 0.1127%** 0.0478* 0.0963*** 0.0416%*
(0.0276) (0.0250) (0.0283) (0.0253)
New Debt Issuance 0.0201°%* 0.0139
(0.0109) (0.0100)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes
Observations 57,945 57,945 25,761 25,761
Pseudo R? 0.5786 0.6096 0.5599 0.5878

This table presents the effects of firms’ long term debt issuance on the number of managerial forecasts issuance, using Poisson
Pseudo-likelihood Regression. The full sample comprises 57,945 firm-year observations from 1997 to 2019. The subsample of
firms having issued debt in the previous year, New Debt Issuance Subsample, comprises 25,761 firm-year observations from
1997 to 2019. Robust standard errors are clustered at the firm level and shown in parentheses. *** ** * denote statistical
significance at the 0.01, 0.05, and 0.10 levels, respectively. All variables are as defined in Appendix A.
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Table IA.2 Long-term Debt Issuance and Liquidity

Forecast Probability

Num Forecasts

(1) (2) 3) (4)
LTD Issuance x High Bond Liquidity -3.6932** -3.8585** -0.0599* -0.0583*
(1.5259) (1.5334) (0.0340) (0.0341)
LTD Issuance 4.0407%** 4.3446%** 0.0806*** 0.0796%**
(1.4527) (1.4626) (0.0304) (0.0306)
High Bond Liquidity 1.1744 0.8154 0.0159 0.0028
(0.7568) (0.7621) (0.0180) (0.0180)
Control Variables Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Post FD Yes Post FD Yes
Observations 38,784 38,784 38,784 38,784
Adjusted R? 0.8456 0.8463 0.8800 0.8810

This table compares the effects of firms’ long-term debt issuance on the issuance of managerial forecasts between firms with high and low bond
liquidity. We measure a firm’s bond liquidity using the Amihud (2002) illiquidity measure. The dependent variable in columns (1) and (2),
Forecast Probability, is the percentage probability that a firm issues managerial forecasts one year after the debt issuance. The dependent variable
in columns (3) and (4), Num Forecasts, is log (1+No. of managerial forecasts). Robust standard errors are clustered at the firm level and shown
in parentheses. *** ** * denote statistical significance at the 0.01, 0.05, and 0.10 levels, respectively. All variables are as defined in Appendix A.
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Figure TA.1
Long-term Debt Coefficients using Varying Cutoffs
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This figure plots the coefficients and the related 90% confidence interval bands for estimating
equations (1) and (2) varying the cutoff for the definition of long-term debt. The dependent
variable in Panel A, Forecast Probability, is the percentage probability that a firm issues man-
agerial forecasts one year after the debt issuance. The dependent variable in Panel B, Num
Forecasts, is log (14No. of managerial forecasts). The sample size for the dynamic coefficient
estimation comprises 20,515 firm-year observations.
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