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ABSTRACT

This paper examines the effects of investors’ learning of unknown underlying firm profitabil-
ity on the dynamics of managers’ voluntary disclosure decisions. I structurally estimate a
voluntary disclosure model in which investors learn profitability over multiple years from
management earnings forecasts and realized earnings. The results suggest that investor
learning induces persistent disclosure incentives. Other things equal, a 10% change in the
likelihood of disclosure caused by shocks to investors’ beliefs about profitability is associated
with a 10% change in the likelihood of disclosure in the next year. In addition, disclosure
is more likely when investors’ beliefs about profitability are more pessimistic relative to the
true profitability or investors are more uncertain about their beliefs. This paper enriches the
understanding of the role of investor learning of unknown parameters in driving disclosure
decisions. In doing so, it also provides an economic explanation for the observed “stickiness”

of managers’ disclosure decisions.
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CHAPTER 1
DISCLOSURE DYNAMICS AND INVESTOR LEARNING

1.1 Introduction

Prior studies find that managers’ voluntary disclosure decisions are “sticky,” that is, a past
disclosure is associated with the likelihood of a current disclosure [e.g., 35, 78]. This paper
proposes one mechanism, investor learning about unknown underlying firm profitability,
that could help explain this phenomenon, and aims to quantify the empirical effects of the
mechansim on management’s decisions to issue annual earnings forecasts.

The paper starts by incorporating investors’ uncertainty about the mean of the earnings
process into the disclosure model by Verrecchia [81]. A manager decides whether to withhold
or truthfully disclose her private, noisy information about unrealized forthcoming earnings.!
A disclosure incurs an exogenous fixed cost. The disclosure decision depends on its effect
on the current stock price, the sum of discounted future expected earnings net of disclosure
costs.?

Following Lang [61], T assume that firm earnings follow an AR1 process with a normal
random shock and that investors do not know underlying firm profitability, the intercept
of firm earnings process. After observing a disclosure, investors’ updated beliefs about
profitability are a weighted average of their prior beliefs and the disclosure. I refer to the
Bayesian updating process as “investor learning” (about the unknown profitability) following

seminal work on parameter uncertainty [e.g., 86, 70]. A consequence of investor learning

1. Verrecchia [81] examines the disclosure of a noisy signal of the liquidation value. The mean of the
earnings distribution of my model can be thought of as the liquidation value of Verrecchia [81] and the
management forecasts being the noisy signal. While not theoretically different from a one-period perspective,
my model has a natural multi-period flavor in that investors’ beliefs about the mean of the earnings process
change as they obtain more data over time, which facilitates empirical estimation.

2. Using stock price as the objective function is consistent with many disclosure models [e.g., 81, 30]. The
model also produces similar empirical predictions to frameworks that assume explicit management incentives
to align expectations or reduce information asymmetry [e.g., 5, 27, 34]. The model is also robust to assuming
managers’ putting weight on future stock prices as long as they do not ignore the current stock price. The
model uses expected earnings instead of dividend for simplicity.
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focused on by this paper is that investors’ beliefs are serially correlated.

I show that without any commitment device, learning firm profitability leads to seri-
ally correlated disclosure probabilities. The mechanism is as follows. The model features a
threshold equilibrium, that is, the manager discloses if and only if her private signal exceeds
a threshold. The likelihood of disclosure of a given period (year) is then the probability that
manager’s private information about forthcoming earnings will be larger than the disclosure
threshold. Importantly, from the perspective of an empiricist trying to understand disclo-
sure decisions, this probability is based on the true distribution of the manager’s private
information about forthcoming earnings, not investors’ perceived distribution, because the
true distribution determines what the manager observes.> The role of investors’ perceived
distribution is that it determines investors’ reaction to a (non)disclosure, which affects the
disclosure threshold. This perspective means that the paper does not focus on what in-
vestors thought of the likelihood of disclosure given investors’ information set prior to the
disclosure decision. Instead, it aims to explain disclosure decisions in an ex-post sense based
on what researchers observe from the data. New information arrival (a draw from the true
distribution) does not change the true distribution of the manager’s private information but
can change investors’ beliefs about profitability, which move the disclosure thresholds and
consequently disclosure probability. Finally, because investors’ beliefs are serially correlated,
the likelihood of disclosure is serially correlated.

The main objective of the paper is to quantify the effects of investor learning about un-
known firm profitability on the issuance of management annual earnings forecasts. I require
firms to have at least five consecutive years of data on actual earnings, management annual
earnings forecast decisions, and stock prices between 2003 and 2014. I examine two aspects:
the average disclosure frequency and the persistence of disclosure incentives. The average

disclosure frequency is the frequency of forecast issuance over the following 12 years, and

3. I estimate the true distribution of earnings using earnings data from 2003 to 2014 for each firm. I
simulate fake firms using the cross-sectional distribution of firm profitability, which is arguably more stable
than the profitability of individual firms.



the persistence of disclosure is the slope coefficient from regressing future disclosure prob-
abilities on current disclosure probabilities, holding constant firm characteristics.? Higher
persistence means a longer time, following a temporal shock, for the likelihood of disclosure
to adjust back to the long run average. The primary focus is on disclosure probabilities,
because investor learning directly affects the ex-ante incentive to disclose by changing the
disclosure threshold.

The empirical estimation utilizes four outcome variables the model generates: stock
prices, actual earnings, disclosure decisions, and the contents of management forecasts. From
the four outcome variables, I estimate the cross-sectional distributions of eight model prim-
itives: investors’ prior beliefs, investor uncertainty, firm profitability, earnings persistence,
the volatility of earnings shocks, the cost of capital, manager’s information precision, and
the fixed cost of disclosure. These model primitives can be thought of as independent vari-
ables. The estimation is structural, because I strictly impose the model structure. Structural
estimation is chosen because of the following benefits. It is internally consistent in that it
respects the threshold equilibrium and nonlinearities among the model parameters. It es-
timates investors’ beliefs and avoids the issue that empirical measures of investors’ beliefs
might be correlated with firm fundamentals, which facilitates disentangling the effects of in-
vestor learning. It allows isolating the mechanism of investor learning holding other factors
constant through simulation.

Using predicted forecast decisions based on the parameter estimates from the model,
I demonstrate that the model adequately describes the dynamics of management forecast
decisions that are present in the data. Using the predicted forecast decisions, a pooled

regression of current disclosure decision on prior year disclosure decision produces a slope

4. T obtain frequency of forecast issuance using the simulation described in section 1.6, which allows me
to choose any arbitrary number of periods while fixing firm characteristics. I choose 12 years, representing
the largest number of years of the sample. The results do not qualitatively depend on this choice. I generate
disclosure probabilities from the model. Measuring persistence requires variation in disclosure probabilities. I
shock firm performance in the initial period, which generates changes in investors’ beliefs, leading to changes
in the likelihood of disclosure. I compute disclosure probabilities for the next five years.



coefficient of 0.63, which economically and statistically resembles the slope coefficient of 0.64
using the same regression and the actual data. Because the model identification does not
require the model to match the intertemporal correlation of disclosure decisions, a good
model fit increases the confidence in the model and the following analysis through model
simulation.

For the persistence of disclosure incentives, I examine how changes in the likelihood of
disclosure caused by shocks to investors’ beliefs propagate into the future. Via simulation,
I shock investors’ beliefs by drawing a series of shocks to earnings, which in turn change
the likelihood of disclosure. I find that a 10% increase in disclosure probability induced by
changes in investors’ prior beliefs caused by shocks to earnings on average increases the disclo-
sure probability for the next year by around 10.3%. The effect then declines monotonically
to about a 7.5% increase in the disclosure probability in five years. The results suggests
investor learning is an important channel explaining intertemporally correlated disclosure
incentives.?

For the average forecast frequency, I find investor learning (of the unknown profitability)
has extremely heterogeneous effects on the average forecast frequency. For around 40% of
firms, marginal changes in investors’ beliefs or uncertainty, the two learning parameters, do
not change disclosure frequencies. I obtain similar results for other firm characteristics such
as firm profitability and firm risk.® Further analysis reveals that these firms always disclose,
which explains the negligible marginal effects. The finding is consistent with 57% of firms
in the sample issuing annual earnings forecasts every year.

For the remaining 60% of firms, the effects on the average future disclosure frequency

5. If investors know the true earnings distribution (that is, no learning), shocks to earnings will not
change their beliefs about firm profitability (the mean of earnings distribution). Because the probability of
disclosure depends on the difference between investors’ beliefs about the mean of earnings and the actual
mean of earnings, no learning implies that the two are the same and therefore their difference is zero.
Holding other firm characteristics constant, the disclosure probability is a constant that depends on other
firm characteristics.

6. I change each parameter by one standard deviation of its cross-sectional distribution recovered from
the structural estimation. I change investors’ beliefs by one standard deviation of the earnings shock of each
firm to reflect the within-firm nature of belief changes.

4



are much larger. A one standard deviation increase in investor uncertainty (decrease in
investors’ prior beliefs about profitability) on average increases the future forecast frequency
by about 0.32 (0.23) standard deviations of the empirical disclosure frequency. The effects of
learning are economically comparable with those of other firm characteristics. For example,
the effect of a one standard deviation change in firm profitability is about 0.44 standard
deviations, and the effect of a one standard deviation change in earnings persistence is about
0.55 standard deviations.

This paper makes several contributions. First, the paper suggests that a factor poten-
tially explaining the “stickiness” of managers’ earnings forecasts is investor learning about
unknown firm profitability. The paper both models investor learning about unknown firm
profitability as a mechanism through which persistent disclosure incentives occur, and em-
pirically shows that the mechanism is economically important. The paper is related to
studies on the dynamics of voluntary disclosure. Prior empirical studies document sticky
voluntary disclosure incentives [e.g., 35, 78]. T extend these studies by providing a mech-
anism. Analytical studies explain disclosure dynamics using managers’ reputation concern
for being transparent [17], reputation for being uninformed [32], the timing of voluntary
disclosures[3, 48], and the likelihood of a negative economic shock [64]. I complement these
studies by showing that investors’ information processing affects management’s voluntary
disclosure incentives. My model can be viewed a multi-period replication of Verrecchia [81]
that allows for the impact of current disclosure decision on future disclosure decisions.

Second, the paper contributes to the literature on how investors affect managers’ dis-
closure decisions. For example, prior studies show that fundamental uncertainty such as
earnings volatility reduces disclosure [e.g., 84], whereas Billings et al. [19] shows that a run-
up in volatility increases the likelihood of a bundled forecast. I show that investor uncertainty
increases disclosure, consistent with the short window results of Billings et al. [19]. In my
model, the result of Waymire [84] on fundamental uncertainty represents a source of disclo-

sure cost, which reduces disclosure. Moreover, I find investor optimism reduces disclosure.



The result is consistent with the finding of Bergman and Roychowdhury [13] that higher
investor sentiment reduces the likelihood of disclosure, but appears to be at odds with the
finding of Cotter et al. [27] that analyst optimism increases disclosure. The distinction sug-
gests that forces driving analyst optimism are distinct from those driving investor learning.
Specifically, investors’ beliefs about firm profitability differ from the actual firm profitability,
because investors need to form inference based on limited historical information (when they
are yet to observe future earnings) but are fully rational. In contrast, analysts’ affiliation
with brokerage firms could affect their optimism [e.g., 63]. The results highlight the need to
better understand the types of information users (analysts versus investors) when examining
managers’ disclosure incentives.

As only an initial step towards understanding the effect of investor learning of unknown
parameters (firm profitability) on managers’ disclosure incentives, I acknowledge that in-
vestor learning can co-exist with other factors that drive disclosure decisions, and discuss
in section 1.7 how they affect the empirical findings.” A detailed analysis of these forces
is beyond the scope of this paper. In addition, the magnitude of the empirical results are
strictly within sample and might not generalize to other types of disclosure other than annual
earnings forecast.

The paper proceeds as follows. Section 1.2 presents the model. Section 1.3 discusses
the research design. Section 4 describes the data. Section 5 presents descriptive analysis
followed by discussion of results and prior literature in sections 1.6 and 1.7. I conclude in

section 1.8.

7. In addition to the multi-period incentives mentioned above, others incentives include but are not
limited to incentives to bias or obfuscate disclosures [40, 36], litigation risk [37, 75, 64], preference for aligning
investors’ expectations [5], capital structure [39], corporate governance [4], and signaling management types
[e.g., 80].



1.2 Model

This section describes a voluntary disclosure model that features investor learning about

underlying firm profitability and examines how learning affects the likelihood of disclosure.

1.2.1 Investor learning about firm profitability

In principle, learning can be broadly defined as investors updating their beliefs about any
metrics of their interest upon observing new information. For example, Gao and Liang [41]
show firm managers can learn from stock price in making their investment decisions. The
definition of learning in this paper is more narrowly focused and follows from seminal work
on (dynamic) Bayesian learning [33]. In these studies, agents are uninformed about some
unknown parameters, for example, product quality [33], firm profitability [70], analysts’
forecasting ability [22], or managers’ forecasting ability [53]. They update their beliefs after
observing noisy signals that contain information about the pertinent parameters.

I assume investors do not know underlying firm profitability, modeled as the mean of the
earnings distribution. They update their beliefs about profitability upon observing managers’
disclosure decisions and firm financial reports. Focusing on profitability is consistent with
prior research on voluntary disclosure that uses stock price as managers’ objective function,
where stock price is a function of profitability, and with prior research on investor learning
[70, 74]. Uncertainty about the distribution of earnings relates to the literature on parameter

uncertainty, which assumes agents do not know the distribution of stock returns.8

8. See Brown [20], Barry and Brown [11], Coles and Loewenstein [25], Coles et al. [26], and Xia [86].



1.2.2 Model set up

Time line

The model extends the voluntary disclosure model by Verrecchia [81] to multiple periods
and incorporates investor learning as an additional element. Specifically, a firm ¢ operates

for an infinite number of periods. Three events occur each period.

1. Information endowment.
At the beginning of each period, the firm’s manager privately observes a signal s;;.
Investors do not observe the signal but know the manager has observed it. The signal
is the realization of the end-of-period earnings y;; plus independent noise, s;; = y;+ +
n;¢, where the variance of 7;; captures the manager’s signal quality. I assume 7; ~
N(0, ﬁ), where % represents the earnings volatility of firm ¢, and k; captures the
manager’s information precision (higher x; implies more precise information).

2. Voluntary disclosure decision.
After observing the private signal s;; but before the end of the period, the manager
decides whether to disclose s;; to investors. Disclosure is truthful and incurs an exoge-
nous cost ¢;, following Verrecchia [81]. The manager’s utility depends on stock price

after the disclosure decision, which is the sum of investors’ expectations of discounted

unrealized earnings net of current and future disclosure costs,

T
P(d, Hip) = Z {5f E(yy — WHdy = Sit’}cz’|dita7'[z't)} 7 (1.1)
t—t

where d;; is the disclosure decision, (3; is the discount rate for firm ¢ (exogenous to
managers’ disclosure decisions), and history #;; includes all past earnings and dis-
closures, H;x = (v, 1.d;, 1), where yi; 1 = (yi1,%i2, - ¥ig—1)" and djp1 =

(dir, dia, - di 1)

3. Mandatory disclosure.



At the end of the period, a financial report containing y;; is released to the public and

the next period begins.

The existence of a disclosure cost prevents full disclosure [46, 65]. The cost captures
factors that make disclosures expensive. Examples include the cost of maintaining an investor
relation function, preparing press releases, and the loss of management time. I assume
the disclosure cost is fixed and known by both investors and the manager. The choice of
a reduced-form disclosure cost is motivated by its theoretical and, more importantly, its

empirical simplicity.

Investor learning

To price the firm’s shares, investors form beliefs about the earnings distribution. I assume

that the earnings of firm 7 follow an AR(1) process:
Yit = poi + P1iYi—1 + €, where ey ~ N (0, %.)7 (1.2)

where I call pg; “firm profitability” for simplicity, because it is linear with the actual long-run

earnings 1%. An AR(1) process is the simplest way to capture persistent performance.?
The key assumption is that investors do not know the firm’s profitability pg; and learn it

through the manager’s disclosures and the release of actual earnings. Investors’ prior beliefs

about pp; at the beginning of period ¢ before observing the manager’s disclosure decision

follow a normal distribution:

1
poi ~ N(qoit: x,7)-

where qq;+ denotes investors’ average assessment of pg; at the beginning of period ¢ and \;;

denotes investors’ information precision relative to the precision of earnings shocks. I call A\;;

9. Prior research has found mixed evidence on the time-series properties of the annual earnings process,
suggesting its complexity. Ball and Watts [9] describe annual earnings as a submartingale process. Watts
and Leftwich [83] find evidence that supports a random walk model. Albrecht et al. [6] find the choice of
ARI1 or MA process depends on the firm’s industry.



investors’ information precision for short and refer to its reciprocal as investor uncertainty.
Note ﬁ, the variance of investors’ beliefs about pg;, does not necessarily indicate their
beliefs are close to the truth. In other words, it is possible that investors’ beliefs are wrong.
For example, investors might strongly believe (that is, A;; is large) that a firm will generate
good earnings (that is, gg;+ is high). But optimistic beliefs could be a result of a history of
lucky firm performance and do not necessarily reflect actual high profitability.

Conditional on history H;; = (yg,tfl’d;,t&)l’ where y; ;-1 = (yi1,Yi2, - ¥it—1) and
d; 11 = (di1,d;o, --->di,t—1)/ , I express investors’ beliefs and information precision at the

beginning of ¢t as

Ait =Aj—1+ 1 (1.3)

-1
Qoit = (Nit) " (Nit—1it—1 + Yit—1 — P1iVit—2)- (1.4)

One can see posterior beliefs are the weighted average of prior beliefs and new information.
The weights are proportional to the relative precision of prior beliefs (A; ;_1).
After observing the manager’s voluntary disclosure of s;;, investors update their beliefs

to

it =T it (1.5)
1
it = (i) (%H(Sit — P1iYit—1) + )‘itQOit> 7 (1.6)

where k measures the manager’s information precision (recall s;; = y;+ + ;¢ with n;¢ ~

N(O 1 ))'10

T KiT;

As demonstrated later, after realizing nondisclosure, the posterior beliefs follow trun-

cated normal distribution. However, the posterior distribution becomes normal again, after

10. The higher & is, the more weight investors put on manager’s disclosure. Note that investors will never
put 100% weight on s;; unless \;; = 0. The reason is that the manager’s disclosure is at best one realization
from the earnings distribution, and investors’ beliefs always rationally depend on the full history of earnings
and disclosures.

10



investors observe the realized earnings. The reason is that manager’s private information is
only a noisy signal about realized earnings and hence does not provide incremental informa-

tion once investors observe realized earnings. This result ensures model tractability.

1.2.3  Equilibrium strategy

To describe the equilibrium, I re-write stock price P¢(d¢, Ht) as

P(ds, He) = P(dy, He) — 1{ds = st}c — BGg,c, (1.7)

where P(d¢, H¢) is the stock price excluding the disclosure costs, and Gyg,c is investors’ ex-
pectation of the sum of the discounted future disclosure cost following the current disclosure
decision d;. I ignore subscript ¢ to save notation.

Proposition 1 characterizes the equilibrium disclosure strategy.

Proposition 1. The manager’s disclosure strategy.
There exists an equilibrium in which the manager follows a Markovian threshold strategy
in each period and discloses if and only if her private information s¢ is exceeds a threshold

sy. The threshold s} is solved from:

P(s},H¢) —c= P(st < sf, He). (1.8)

The result of a threshold strategy depends on the linearity of P(d:, H¢) (stock price
excluding disclosure costs) and the independence of dy and G4, (investors’ expectation of

future disclosure costs), both of which are proved in the appendix. ! Specifically, P(d, H¢)

11. The intuition for the independence of d; and Gy, is as follows. Investors do not know the true value
of po, and therefore use their perceived distribution of future earnings (instead of the true distribution) to
compute the expected future disclosure cost. With mandatory disclosure, that is, true earnings are observed
at the end of the fiscal year, investors’ beliefs about pg remain normal even following non-disclosure, implying
that investors’ perceived distribution of future earnings is also normal. Normality implies the probability
of disclosure is independent of the mean of the distribution (because although smaller mean reduces the
threshold value, the distribution also shifts to the left, resulting in a zero net effect on the probability of

11



is linear in the manager’s private information (when dy = s¢) or investors’ expectation of the

manager’s private information (when d¢ = ),

P(di, Hi) = Ak, Mt, B, p1)se(de) + B(K, At, B, p1, Dot Ye—1) (1.9)

where the expressions of A and B can be found in the appendix.

Investor learning and disclosure strategy

From the linearity result, the disclosure threshold s; and the probability of disclosure Pr{d; =

1} can be derived as:

st = Ost8; + qot + P1Yt-1, (1.10)

(1.11)

. _
Pr{d; = st|Hi} =1 - (OStSt o po) )
Os

where 5} is a function of firm characteristics excluding go; and pg and is always negative, o is
the standard deviation of the manager’s private information including investor uncertainty
about pg, and oy is the actual standard deviation of the manager’s private information.

Specifically,

M+1 1)1
_ 1 1.12

o5 = 1| —. (1.13)

From (1.11), lower investor beliefs increase disclosure. Intuitively, lower investors’ beliefs
give the manager more room to convey good news to improve market perception, so the
manager is more likely to disclose information. From (1.12), greater investor uncertainty
increases disclosure. The reason is that greater implies larger revision of investors’ beliefs

given a disclosure, which in turn increases the relative benefit to disclose. The derivations

disclosure). Therefore, current disclosure decision does not affect investors’ expectation of future disclosure
costs.

12



of these effects, including the effects of other determinants of disclosure, can be found in the
appendix.

Investor learning induces serial correlation in the likelihood of disclosure as follows. Be-
cause they do not know firm profitability, investors put positive weight on their prior beliefs
about profitability in forming their posterior beliefs, resulting in serial correlation in in-
vestors’ beliefs as in (1.4). Because managers account for the impact of a disclosure on stock
price as in (1.1), investor learning, by affecting stock price, induces serial correlation in the

likelihood of disclosure. The magnitude of the serial correlation is an empirical question.

1.3 Research design

1.3.1 Empirical quantifications

The empirical analysis aims to quantify two effects investor learning has on managers’ dis-
closure decisions. I first examine how changes in investors’ beliefs and investor uncertainty
affect the likelihood of a disclosure. To gauge the empirical importance of investor learn-
ing, I compare the effects of investor learning with those associated with changes in other
determinants of disclosure, for example, the precision of managers’ information.

I then estimate the serial correlation in the likelihood of disclosure induced by investor
learning. Focusing on the likelihood of disclosure is consistent with the model in which in-
vestor learning affects the disclosure threshold, which maps into the probability of disclosure.
For completeness, I also examine whether the model adequately captures the intertemporal
correlation in managers’ voluntary disclosure decisions.

The empirical analysis requires a system that describes investors’ learning process for
each firm, that is, the evolution of investors’ beliefs. Disentangling the impact of investor
learning needs to hold other firm characteristics constant. I next describe the empirical

approach.

13



1.5.2  Empirical methods

Instead of assuming a linear relation between disclosure decisions, investors’ beliefs, and
investor uncertainty, I structurally estimate the model presented in section 1.2, that is, I
assume the structure of the model holds for the data. I choose structural estimation for
four reasons. First, the model suggests performance, its persistence, and investor learning
interact in a nonlinear way, which makes a linear OLS regression misspecified. Second, mea-
suring beliefs using analyst forecasts, implied volatility from option prices or stock returns
could confound the effects of firm fundamentals and investor learning. Third, identifying
the causal mechanism that investor learning affects disclosure decisions requires finding an
instrument that is related to investors’ beliefs but not firm fundamentals. Finding such an
instrument is next to impossible, because belief changes necessarily result from changes in
firm fundamentals. Fourth, subsequent empirical analysis requires simulating many samples
for a given firm, which a structural model can easily achieve.

Structural estimation directly imposes the theory model on the data and thus explicitly
accounts for the non-linear relations described by the model. Investors’ beliefs are estimated
from the data as parameters, which bypasses the need for measurements and instruments.
The causal mechanism is transparent from the model structure. Structural estimation re-
covers the data-generating process for all the variables in the data, which can be used to
simulate new samples.

One drawback of structural estimation is its reliance on the model’s assumptions. As-
suming investors are Bayesian and gradually learn firm profitability is not an unreasonable
starting point for understanding the effects of investor learning and has empirical support
from prior literature [e.g., 70, 53]. Nevertheless, economic agents will never behave exactly
as the model predicts. What matters is whether the model reasonably describes the behavior
of economic agents, which I evaluate in section 1.6.2.

Another drawback is that structural estimation excludes many incentives identified by
prior literature on management forecasts, which include but are not limited to equity is-
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suance [39], warning investors [55], litigation risk [75], aligning investors’ expectations [5],
and corporate governance [4]. Structural estimation prohibits incorporating all of them, be-
cause they should be explicitly modeled. For instance, incorporating equity issuance requires
modeling managers’ capital structure decisions. Inferences will not be affected, if these in-
centives do not affect how investors learn from managers’ disclosure decisions. To the extent
that they interact with learning, the current learning model can be viewed as a benchmark;

other incentives can modify investors’ and/or managers’ behavior.

1.3.3  Estimation procedure

The first step of the structural estimation specifies the outcome variables. The model in sec-
tion 1.2 characterizes the data generating process of disclosure decisions, disclosure contents,

firm stock prices, and realized earnings, which are summarized below:

1. The manager’s disclosure decision d;; trades off the stock price following disclosure

with that following nondisclosure. Disclosure incurs an exogenous cost c;.

2. The manager has private information at the beginning of each period, which is a noisy

signal of the earnings at the end of the period, s;; = ;1 + 1 with n;; ~ N(0 1 ).

T RiTi

3. Stock price Pj; is investors’ expectation of the sum of discounted future earnings minus
disclosure costs. Investors’ beliefs at the beginning of period t before observing the

manager’s disclosure decision follow N (qg;t, ﬁ) Investors obey the Bayes rule.

4. Firm earnings follow an AR1 process, y;+ = poi + p1iVit—1 + €t with ;3 ~ N (0, %)

Structural estimation recovers the joint distribution of the eight model primitives from

the outcome variables: investors’ prior beliefs qg;;, investor uncertainty /\L,t, firm profitability
7

poi, earnings persistence py;, the volatility of earnings shocks %, the cost of capital l,,
7 (2

manager’s information precision x;, and the fixed cost of disclosure ¢;. Except for investors’

beliefs qq;; and investor uncertainty /\L,t, all other parameters are assumed to be exogenous to
1
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the manager’s disclosure decisions and fixed over time, which represents a trade-off between
tractability and empirical richness.

The estimation starts with the joint likelihood of the four outcome variables as a function
of the eight model primitives. Firms differ in the values of their primitives, which are assume
to follow a pre-specified distribution with unknown parameters (called hyper-parameters by
the literature) to be estimated.1? For example, I assume the natural logarithm of investors’
prior beliefs at the beginning of the sample period follows a normal distribution log(qg;g) ~
N (o, 0¢), where gy and oy are to be estimated.13

I then use Bayesian estimation to find the distribution of the model primitives conditional
on the data. Denote the model primitives of firm ¢ as ©;. The estimation recovers the
distribution of ©; conditional on the data. The rough idea of Bayesian estimation is to
specify a prior distribution for the model primitives, and use the Bayes rule to recover the

posterior distribution of the parameters conditional on the data:
7(0;|data) o< L(data|©;) f(©;), (1.14)

where 7(.) is the posterior density to be recovered, L(.) is the likelihood function, and f(©;)
is the prior belief specified by the researcher. Note that f(©;) can be arbitrary. I choose
prior beliefs that have minimal influence on the estimation, that is, diffuse priors. Interested

readers can find the details in the appendix.

12. Allowing firm-level parameters to vary over the cross section is called hierarchical modeling. The idea
resembles conditional logit, where economic agents make sequential choices, for example, choosing whether to
take buses or taxis to work and, conditional on choosing buses, which bus routes to take. Here the parameters
of each firm are distributed according to a population distribution, which is parameterized to be normal.
Hierarchical modeling is useful when one expects the economic relations of interest differ cross-sectionally
and aims to estimate such heterogeneity.

13. See the Appendix for more details.
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1.3.4 Identification

The model primitives are identified through how they affect the joint likelihood of the out-
come variables. First, differences between actual earnings and the voluntary disclosure of
firm ¢ identify x;, the information precision of firm ¢’'s manager. Larger differences imply
a smaller r;, that is, lower precision. The identification of x; relies on the linearity as-
sumption between actual earnings and managers’ disclosures, which is s;; = y;; + 7+, where

m o~ N(0, 7).

T KT

Second, the disclosure cost ¢; is identified through three channels. The disclosure cost
enters stock price directly in case of a disclosure but does not directly enter stock price in case
of nondisclosure. Differences between stock prices following a disclosure and nondisclosure
identify the disclosure cost. Moreover, a higher disclosure cost is associated with lower stock
prices, which serves as another channel for identifying the disclosure cost. Identifying ¢;
requires the additive separability of ¢; from other components of stock price.

A third channel to identify the disclosure cost is changes in disclosure decisions. Because
disclosure decisions change infrequently, using variations in disclosure decisions to identify
the disclosure cost turns out to be difficult. Fortunately, stock prices alone can identify
the disclosure cost, as discussed above. Untabulated simulation studies suggest that a low
disclosure cost is harder to be identified than a high disclosure cost. So having variations in
disclosure decisions can help identify the disclosure cost.

Third, investors’ belief precision \;j and the discount factor ; are identified from the
sensitivity of stock prices to managers’ disclosures. Investors’ belief uncertainty varies over
time according to the functional form of (1.3). The resulting time-varying relations between
stock prices and management forecasts identify \;.

Fourth, investors’ prior belief qg;q is identified through the (time-varying) intercept of the
price-forecast relation (see (1.9)). Identifying ¢;o depends on the assumption that investors

follow the Bayes rule. when updating their beliefs about pg;. Finally, the time series of
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earnings is informative about pg;, p1;, and 7;.14

1.4 Data and sample selection

The empirical analysis examines management annual earnings forecast decisions. The choice
is motivated by the way I model stock price as a function of expected future earnings and
with the assumption that managers have the relevant information to disclose. 1 collect
management forecasts from Thomson Reuters I/B/E/S Guidance issued by US firms between
January 2003 and December 2014. I only use forecasts issued after January 2003, because
the coverage after January 2003 is more comprehensive . Prior research typically uses data
from First Call’s Company Issued Guidance (CIG), the predecessor of I/B/E/S Guidance.
Chuk et al. [24] document that about 41% of their hand-collected forecasts are not covered
by the CIG database. I show that I/B/E/S Guidance is superior to CIG in the coverage
comprehensiveness, and that I/B/E/S Guidance is comparable to the hand-collected results
of Chuk et al. [24].15

Following Houston et al. [51], I drop forecasts for a particular quarter that are issued
after the corresponding fiscal year-end date, namely pre-announcements. I focus on EPS
forecasts, because the model is silent about how to map other types of management forecasts
to earnings expectations and stock prices. I keep both bundled and non-bundled forecasts.

For each firm, I assign forecasts to the firm’s fiscal years according the forecast announce-
ment dates. For example, for a firm whose fiscal year ends in December, forecasts issued
between Jan. 1, 2011 and Dec. 31, 2011 are assigned to fiscal year 2011. If no forecast can

be found for a fiscal year, I assume no forecast was issued within that fiscal year, d;; = 0.

14. That identifying these parameters does not depend solely on disclosure frequency alleviates the concern
of a mechanical relation between disclosure decisions and the value of these parameters. Moreover, due to
the existence of other parameters that also affect managers’ disclosure decisions, the economic magnitude
of the effects of investors’ beliefs and their uncertainty do not mechanically vary with observed disclosure
frequency, either.

15. See Table 1.1 for the comparison between I/B/E/S Guidance and the hand-collected sample of Chuk
et al. [24] and Figure 1.1 for the comparison between I/B/E/S Guidance and CIG.
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Figure 1.1: Comparison between CIG and I/B/E/S Guidance
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This figure compares I/B/E/S Guidance data with First Call’'s Company Issued Guidance
(CIG) data. The upper left panel is the percentage of EPS forecasts out of all types of
forecasts. The upper right panel is the total number of forecasts by thousands. In these two
panels, each forecast is treated as a distinct observation. For example, if a manager issues
an EPS forecast along with a revenue forecast on the same day, the total number of forecasts
is two instead of one. The lower left panel is the total number of firms. The lower right
panel is the percentage of firms that have had I/B/E/S analyst coverage. The horizontal
line represents year. The dashed line represents I/B/E/S Guidance data. The solid line
represents CIG data.
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I perform the empirical analysis at an annual frequency, because I am less likely to incor-
rectly assign nondisclosure to a fiscal year because of poor data coverage. Using annual
forecasts avoids the need to model seasonality of earnings and investors’ interpretation of
that seasonality, which is not pursued.

Finally, to allow a reasonable amount of time for the market to react, I use the stock
price three days following the forecast announcement date. In the case of nondisclosure, I
use the stock price at the end of the final trading date of the fiscal year. The assumption
is that investors should realize the lack of an annual forecast by then. I require at least five
consecutive years of nonmissing earnings (from I/B/E/S) and stock prices (from CRSP). In
the end, I have 6,111 firm-year observations. Table 1.2 describes the sample construction in

detail.

1.5 Descriptive analysis

In this section, I describe how investors respond to a disclosure and the absence of a dis-
closure, the pattern of disclosure dynamics, as well as other outcome variables used for the

empirical analysis.

1.5.1 Summary statistics of the variables used for estimation

This section describes the data used for the empirical analysis. Each firm has four time
series: annual earnings, management forecast decisions, management forecasts, and stock
prices. To increase comparability across firms, I scale all variables by the stock price at the
beginning of the sample period except for the forecast decision dummies. Such scaling is
necessary, because the way investor learn as shown in equation (1.4) suggests that the time
series of earnings can only admit a single scaler across all time periods, that is, scaling both
the left hand side and right hand side by the same number. Moreover, the scaling ensures

a tractable model of disclosure decision. Scaling earnings by concurrent stock price requires
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Table 1.2: Sample selection

This table describes the sample selection procedure for management forecasts.

Sample Observations
IBES Guidance 1992-2014 363,754
Non-US firms, firms not matched to Compustat, 292,594

firms with no I/B/E/S tickers and forecasts issued before 2002

Drop firms that issue zero or one forecast 280,535
and firms that issue FFO (funds from operations) forecasts®

Drop forecasts issued after the corresponding fiscal year-end 263,837

Keep firms that issue EPS forecasts each year of forecast issuance; 74,999
Drop non-EPS forecasts

Keep firms that issue annual forecasts each year of forecast issuance; 39,141
Drop quarterly and semi-annual forecasts

Keep firms with more than five consecutive years of 36,583
actual EPS from I/B/E/S

Drop firms that do not issue forecast for the subsequent fiscal period; 31,890
Drop duplicate forecasts for each ﬁrm—yearb 7,451
Drop firms that issue forecasts only in one year 7,239

Drop firms with fewer than five consecutive years of nonmissing
CRSP price and earnings forecast decision data. 6,111

a. These firms are mostly REITS. The relation between FFO and price is likely to be different from that
between EPS and price.

b. I keep the earliest forecast for each firm-year.
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Table 1.3: Summary Statistics of Structural Sample

This table presents the summary statistics. The sample covers from 2003 until 2014 and
retains only firms that issue EPS forecasts (see Table 1.2). Structural estimation utilizes four
variables: earnings y;;, stock prices p;+, disclosure decisions d;;, and management forecasts
s;+. I scale all variables of each firm by the stock price at the beginning of the sample period
and then multiply them by 100.

Mean SD 25% 50% 75% Obs
Earnings y;; 12.262 17.754 5.938 9.141 15.356 6,111
Price pj; 214.091  272.694  100.000  145.613  232.368 6,111
Disclosure decision dj; 0.873 0.333 1.000 1.000 1.000 6,111

Management forecast s;; 13.329 15.928 6.513 9.528 15.561 6,111

investors to form beliefs about not only future earnings but also future stock prices, which
significantly complicates the model.

Table 1.3 shows earnings are on average 12% of the initial firm stock price and have
a large standard deviation of 18%, suggesting the need to account for the cross-sectional
differences among firms. Earnings forecasts are close to earnings but are slightly larger,
consistent with managers’ preference for disclosing good news [e.g., 23].

Firms in the sample experience significant growth. The average buy-and-hold return from
the beginning of the sample period is about 114%. The result is consistent with the fact
that earnings per share at the end of the sample period are on average 3.52 times as large
as earnings per share at the beginning of the sample period. Although economic rationality
dictates that investors assign equal weights to all past earnings when forming their posterior
beliefs, for a firm that experiences high growth and whose earnings distribution might change
over time, one might assume earnings further in the past become increasingly less relevant in
predicting future earnings. To capture this effect, one can assume a hidden long-run earnings
process that evolves over time [e.g., 69]. Doing so requires identifying the hidden process,

which is hard given the length of the time series (12 years), and is not further pursued.
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Figure 1.2: Firm performance and management forecast decisions
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This figure presents the density plots of firm performance separately for firm years with and
without a management forecast. The horizontal axis represents firm performance, measured
as net income divided by lagged total assets. The vertical axis is the density. The dashed
(solid) line represents firm years with (without) a management forecast.

The identified earnings process pooling across years can be thought of as a “steady-state”

earnings process.

1.5.2  How investors respond to (non)disclosures

This section focuses on investors’ response to a management forecast decision. The model
predicts that investors’ reactions to a management forecast should be more favorable than
their reactions to the lack of a management forecast. Figure 1.2 and 1.3 provide evidence
consistent with this prediction.

Figure 1.2 shows that forecast provision is associated with better firm performance, mea-

sured as return on asset (net income divided by total asset of the previous year). In fact,
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the distribution of return on asset for firm years with a management forecast (the dashed
line) first order stochastic dominates that for firms years without a management forecast
(the hard line). The pattern is consistent with numerous studies that use firm performance
to explain managers’ earnings forecast decisions [e.g., 23, 51].

Figure 1.3 depicts stock prices following a forecast decision. To facilitate comparison
across firms, I use the log ratio of the stock price following a forecast decision to the stock
price at the beginning of the sample period, that is, log cumulative stock returns. As
explained before, if a manager issues a forecast, I use the stock price three days following
the forecast announcement date. In the case of nondisclosure, I use the stock price at the
end of the final trading date of the fiscal year. Figure 1.3 shows that the lack of a forecast
is associated with lower stock prices than providing a forecast. This result confirms the
performance results in Figure 1.2. Chen et al. [23] find that investors’ reaction to the public
announcement of stopping earnings guidance is on average negative. The evidence here
supports their finding with a larger sample that possibly contains firms that do not publicly

announce their decision to withhold management forecasts.

1.5.3 Dynamics of management forecast issuance

This section examines the time series dynamics of management earnings forecast decisions.
Table 1.3 shows managers issue forecasts frequently, about 87% of all firm-years. About
57% of the firms in my sample always issue forecasts in the sample period (untabulated).
This finding is not surprising, because I require a firm to issue at least one annual earnings
forecast within a fiscal year to classify the firm year as disclosure. I keep firms that always
issue forecasts in the sample for the empirical estimation, because they remain useful in
understanding the average tendency to issue forecasts. For example, consistent disclosures
could indicate a low disclosure cost other things equal. However, the question of how past
and future disclosure incentives are related is not meaningful for these firms, because the

likelihood of disclosure for them is close to one. So in this case, it is impossible to run a
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Figure 1.3: Investors’ reactions to management forecast decisions
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This figure presents the density plots of cumulative stock returns separately for firm years
with and without a management forecast. The horizontal axis represents firm cumulative
stock return, measured as the log of the ratio of the stock price following a management
forecast decision to the stock price of that firm at the beginning of the sample period. The
timing of stock price is chosen as follows. When a manager issues a forecast in a year, I
use the stock price three days following the forecast to compute the stock return. When
a manager does not issue a forecast in a year, I use the stock price at the end of the final
trading date of the fiscal year to compute the stock return. The vertical axis is the density.
The dashed (solid) line represents firm years with (without) a management forecast.
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Figure 1.4: Cross-sectional distribution of management forecast frequencies
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This figure presents the cross-sectional density of management forecast frequency for firms
that do not always disclose over the sample period from 2003 to 2014. Disclosure frequency
is computed as the percentage of years with forecast issuance. The horizontal axis represents
the management forecast frequency. The vertical axis is the density.

regression of current disclosure decisions on past disclosure decisions for these firms, because
the disclosure decisions have zero variance over time.

Figure 1.4 plots the cross-sectional density of forecast frequencies between 2003 and
2014 for firms that do not always issue forecasts. Forecast frequencies have a large cross-
sectional variance. Some firms issue forecasts only once or twice, whereas other firms are
more consistent, implying not all managers can “commit” to a disclosure policy. The finding
is consistent with the finding of Rogers et al. [74] that management forecasts can be regular
or sporadic.

Next, I examine the times-series properties of forecast decisions. Figure 1.5 shows man-
agement forecast decisions are sticky and mean-reverting. For each year, I sort firms based

on their forecast decisions and track their forecast decisions over the following six years.
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Figure 1.5: Management forecast frequency over time
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This figure tracks firms’ future forecast issuances for up to six years conditional on their
current forecast decisions. The upper dashed line presents firms that issue management
forecasts and the lower solid line presents firms that do not. The vertical axis is the percent-
age of firms that issue forecasts each year after the current forecast decision, demeaned by
the yearly trend in the management forecast issuance. The horizontal axis represents each
subsequent year.

I adjust for the general trend of management forecast issuance by subtracting the average
forecasting frequency in each year. The pattern shown in the figure is robust to this ad-
justment. Firms that issue forecasts in the current year have higher disclosure frequencies
over the following six years than firms that don’t issue forecasts. This finding is consistent
with disclosure decisions being sticky. On the other hand, disclosure frequencies tend to

go down (up) for forecasting (non-forecasting) firms, which suggests disclosure decisions are

mean-reverting.
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Table 1.4: The distribution of parameter estimates

This table presents the cross-sectional distribution of parameter estimates. Each firm has
eight parameters: investors’ prior belief qq;, investors’ belief precision A;, cost of disclosure
¢;, expected return r;, manager’s information precision x;, the intercept of earnings process
p0i, earnings persistence py;, and variance of earnings process 1/7;, where i refers to the i’s
firm. With the exception of \;, x;, ;, and py;, which are scale invariant, all parameters are
scaled by the initial stock price of firm ¢ and multiplied by 100. For each firm, structural
estimation recovers the distribution of these parameters. I obtain their medians and present
the cross-sectional distribution (across firms) of these medians.

Mean SD 25% 50% 5%
Investors’ prior belief qg; 12.032 28.150 2.226 4.207 9.160
Investors’ belief precision \; 5.572 3.057 3.990 5.183 6.674
Disclosure cost ¢; 5.692 4.924 3.338 4.559 6.155
Expected return r; = 1@5’ 0.111 0.090 0.061 0.080 0.129
Manager’s information precision &; 4.032 5.333 1.867 2.918 4.584
Intercept of earnings process py; 6.637 3.472 4.546 5.855 7.425
Earnings persistence pq; 0.630 0.171 0.516 0.640 0.771
Variance of earnings process 1/7; 40.359 84.709 2.776 7.766 24.001

1.6 Results

1.6.1 Parameter estimates

Structural estimation recovers the joint distribution of model parameters for each firm. For
each firm, I compute the median estimate of each model parameter (see section 1.3.3 for
the list of all parameters) and report in Table 1.4 the cross-sectional distribution of these
medians.

Table 1.4 shows that investors’ beliefs about firm profitability (the first row) are different
from the actual firm profitability identified using earnings data (the sixth row). For about
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61% of firms, investors’ prior beliefs are lower than the estimated profitability from the data.
The fact that investors’ beliefs are different from actual firm profitability does not necessarily
imply that investors are irrational. Such beliefs might be justified by soft information not
easily conveyed by management forecasts or by historical information not included in the
sample. Exploring the data suggests firms with high investor prior beliefs have high stock
prices. In addition, because I only have access to 12 years of data for individual firms, it may
well be true that investors’ beliefs about profitability are eventually right but the estimated
actual profitability using earnings data is wrong. Empirical inferences do not depend on
this, because I simulate firms based on the cross-sectional distribution of profitability. It is
less likely that the distribution of profitability is wrongly estimated.

Another finding from Table 1.4 is that investors are confident about their prior beliefs.
The average (median) belief precision is 5.572 (5.183) at the beginning of the sample period.
Investors put significant weight on their prior beliefs when forming their posterior beliefs.
They behave as if they had access to 5.572 years of historical data (Bayesian investors equally
weight all historical data when forming their beliefs and precision increases by one after each
year by construction). Exploring the data suggests high belief precision is associated with
low volatility of firm earnings, consistent with the intuition that investor uncertainty is low
for stable firms.

For other parameter estimates, the average (median) firm earnings persistence pq; is
0.63 (0.64) with a relatively heavy left tail. The magnitude is consistent with industry
average profit persistence estimated by prior research [e.g., 73, 29, 38]. The average (median)

expected return, computed using 1/2)6 i is 11% (8%) with a standard deviation of 9%. The

magnitude is comparable to the expected return estimated by Easton [31], about 13%, with
a standard deviation of 3.9%.

Finally, the average (median) disclosure cost implied by the model is 5.7% (4.6%) of
the initial stock price. This cost is very large compared with the distribution of earnings

(exclusive of disclosure cost) with a mean of 12.3% and a median of 9.1% of the initial stock
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price. The disclosure cost can be interpreted as frictions that prevent the manager from
disclosing. Its magnitude suggests the model misses a significant portion of cross-sectional
or time series variation of disclosure decisions or both. Any residual variation of forecast
decisions that the model does not capture will be treated as reasons for nondisclosure and will
appear in the disclosure cost estimates. One can parametrize the disclosure cost as a function
of the determinants of disclosure identified by prior research such as earnings volatility [84],
analyst optimism [27] and litigation risk [75]. Doing so assumes that these determinants are
associated with frictions that change managers’ disclosure incentive and at the same time
affect firm stock price, which could be ad hoc and adds to the estimation burden (which
already takes 4 days). Another reason for the high disclosure cost could be that part of
the cost of disclosure could actually be non-monetary, which do not affect stock prices. To
explore the issue of monetary versus nonmonetary costs, I estimate the structural model
separating the disclosure cost into a component that only enters the manager’s disclosure
decision process (nonmonetary) and a second component that also enters the stock price
(monetary). The median monetary disclosure cost (untabulated) is 2.6% of the initial stock
price, compared with the median disclosure cost (sum of both components) of 7.1%. Both
are still very high relative to realized earnings (i.e., almost 20% of earnings). The latter,
possibly due to the more complex structure, produces very large variance in the disclosure
cost estimates. Subsequent analysis relies on results from the original model that does not
differentiate between monetary and nonmonetary disclosure costs, because the question here

is not to examine other sources outside the model that affect disclosure decisions.

1.6.2 Model fit

This section evaluates the within sample model fit. A good model fit increases the confidence
that the imposed structure approximates the reality. For forecast decisions, I first examine
how well the model captures the forecast frequency for each firm, where forecast frequency

refers to the percentage of earnings forecasts out of the entire sample period. I then evaluate
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the intertemporal dynamics of forecast decisions, measured as the autoregressive coefficient
of current disclosure decisions on previous year disclosure decisions. I finally examine the

model fit of firm stock prices.

Model fit of forecast frequency

For each firm in the sample, I compare forecast frequency predicted from the model with the
actual forecast frequency and report a p value that indicates whether the predicted forecast
frequency is significantly different from the actual forecast frequency. I follow the procedure

below.

1. Bayesian estimation recovers the distribution of model parameters for each individual
firm. I draw one set of model parameters for each firm from their estimated distribution

(see section 1.3.3 for the list of all parameters).

2. For each firm year, I generate a forecast decision by comparing management forecast

with the threshold computed from the equilibrium condition specified in Proposition 1.

In case of disclosures, I compare the actual management forecasts of each firm with
the disclosure thresholds computed from the model. Computing disclosure thresh-
olds require investors’ beliefs as the input. Investors’ subsequent beliefs are updated

according to (1.4), using actual earnings of each firm.

In case of nondisclosures, because I do not observe management forecasts that man-
agers withheld, I draw an imputed management forecast using s;; = vz + 7it, it ~
N(0, #), where s;; is the management forecast, y;; is actual earnings, 7;; is a mean
zero random noise, 7; is the reciprocal of earnings noise, and x; is the relative precision

of management forecast. I then compare the imputed management forecast with the

disclosure threshold.

3. I then compute the percentage of management forecasts using simulated forecast deci-

sions.
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4. I repeat the steps above for 100 set of parameter draws for each firm, to generate a

distribution of forecast frequency, from which I compute p value.

Table 1.5 Panel A shows that the structural estimation captures the forecast frequency
reasonably well. The mean of the forecast frequency in the data is 87%, very close to the
simulated forecast frequency of 85%.

The reminder of Table 1.5 Panel A tests the (alternative) hypothesis that the predicted
forecast frequency is different from the actual forecast frequency. I compute p value in two
ways. Among firms that do not always issue management forecasts (which constitute about
43% of all firms), I conduct a two-sided test by comparing the empirical distribution of the
predicted forecast frequency with the actual forecast frequency. I cannot reject the hypothesis
that the simulated forecast frequency is the same as the actual forecast frequency at a 5%
level for about 84% of firms that always issue management forecasts. The median p value
is 0.37. For firms that always issue forecasts (which constitute about 57% of all firms), a p
value cannot be computed in the same way, because the frequency of predicted disclosure is
truncated above at one. I instead compute the percentage of times that the simulated forecast
frequency is one. I cannot reject the hypothesis that the simulated disclosure frequency is

one for all the firms that always issue management forecasts. The median p value is 0.95.

Model fit of the intertemporal dynamics of management forecast decisions

Evaluating the intertemporal dynamics of management forecast decisions serves two pur-
poses. First, the precision of investors beliefs and their beliefs evolve mechanically over time
according to equation (1.3) and (1.4). Imposing the mechanical structure of (1.3) and (1.4)
might be too stringent. A good fit for the intertemporal dynamics of management forecast
decisions provides some support for imposing the structure of (1.3) and (1.4), that is, the
assumption of simple Bayesian learning. Second and most crucially, the fact that the model
well captures the intertemporal dynamics of actual forecast decisions increases the confi-

dence in the later counterfactual analysis of the intertemporal dynamics of the likelihood of
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Table 1.5: Model fit

This table presents the model fit of disclosure decisions (Panel A and B) and stock prices
(Panel C). Panel A compares simulated forecast frequency with the actual forecast frequency
and report a p value that indicates whether the difference between the two is significant.
Panel B evaluates the model fit for the intertemporal dynamics in disclosure decisions. I
obtain the coefficient 51 from regressing the current year forecast decision on previous year
forecast decision using actual data. R2 is the variance of model residuals to the variance of
stock prices. For each observation, I draw 100 sets of parameters, which are used to generate
100 simulated stock prices. I then compute the fitted stock price by averaging over the 100

simulated stock prices.

Mean SD  25% 50%  75%
Panel A: Forecast frequency across firms
Actual forecast frequency in the data:
Yo di)T; 0.869 0.217 0.833 1.000 1.000
Simulated forecast frequency: ), d;-t/Ti 0.852 0.224 0.814 0.967 0.996
p value (excluding firms that always issue forecasts) 0.414 0.310 0.120 0.370 0.680
p value (firms that always issue forecasts) 0.882 0.164 0.850 0.950 0.990
Panel B: Pooled regression d;; = Sy + B1dit—1 + €+
Regression coefficient f; (Data): 0.640
Regression coefficient §1 (Simulated): 0.630 0.023
p value 0.570
Panel C: Stock prices

>4 (it — Pit)?

1-— 0.205 0.887 0.077 0.379 0.680

> (pit — pit)?
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a forecast.

I measure the intertemporal dynamics of management forecasts from the sample using
the first order autoregressive coefficient of the management forecast decision time series, that
is, the slope coefficient from a pooled cross-sectional and time series regression of current
year forecast decision on the previous year forecast decision. I compare the slope coefficient
computed from the actual forecast decisions with those from simulated forecast decisions.

I follow a similar simulation procedure to that in section 1.6.2. The first two steps of
the simulation procedure are identical to the first two steps of the procedure explained in
section 1.6.2. For the third step, I pool the predicted disclosure decisions across all firms and
time periods and compute one slope coefficient. Then I repeat the steps above 100 times
to generate a distribution of the simulated slope coefficients. Note that it is not necessarily
true that a good model fit for the average forecast issuance frequency means an equally good
model fit for the intertemporal dynamics. For example, there might be temporal deviation
of the likelihood of disclosure from the corresponding long run mean that the model fails to
capture.

Table 1.5 Panel B shows the slope coefficient using simulated forecast decisions. The
average is 0.63 with a standard deviation of 0.023, not statistically different from the slope
coefficient using actual forecast decisions, which is 0.64. The result suggests that the struc-
tural model captures the intertemporal dynamics of management forecast decisions at least
in terms of the first order autoregressive coefficient of the management forecast decision time

series.

Model fit of stock prices

To measure the model fit of stock prices, I compute R squared of stock prices for each firm.
R squared is one minus the ratio of the variance of the model residual to the variance of
stock prices. R squared can be negative, because the variance of the model residual can be

larger than the variance of stock prices. In this case, using the average stock price to explain
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stock prices produces better model fit than using the structural model. A higher R squared
means a better model fit for stock prices. Table 1.5 Panel C shows that for most firms, the
structural model has a better fit than using the average stock price. The average (median)

R squared is 0.205 (0.379).

1.6.3 Investor learning and persistent disclosure incentives

In this section, I examine the effects of investor learning on the persistence of managers’
disclosure incentives, that is, the likelihood of a management annual earnings forecast. Sec-
tion 1.6.2 demonstrates that the model adequately captures the intertemporal dynamics
of actual disclosure decisions. A disclosure decision is affected by news unobserved to re-
searchers. All researchers can observe and examine is the likelihood of disclosure. An impor-
tant question this paper aims to address is how a learning-induced change in the likelihood
of disclosure propagates into the future. That is, to what extent changes in the current dis-
closure incentive are associated changes in future disclosure incentives through the channel
of investor learning?

To answer this question, I first generate 1,000 firms using the distribution of parameter
estimates. To test statistical significance, I simulate 500 samples each with 7 years for each
simulated firm, totaling 3,500 observations. I compute the probability of a management
forecast from Proposition 1.

Second, for each simulated firm, I regress the forecast probabilities of years 3-7 each on
the forecast probabilities of year 2.16 The slope coefficients of the five regressions capture
how changes in the forecast probability in year 2 are associated with the forecast probabilities

in years 3-7 respectively. Specifically, I use the following model:

Pr{d; t1o = sit+2/Zi1} = ¢ + Bi1Pr{d; 2 = s; 2|Ti 1} + €442, t €1{1,2,3,4,5},

16. Beliefs only start to vary starting from the second year. For a given firm, the initial beliefs are assumed
to be the median of the estimated distribution.
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where Z; 1 includes investors’ posterior beliefs after observing earnings of year 1.

It is important to realize that shocks to earnings generate variations in investors’ beliefs
in year 2 and onwards, which change the likelihood of disclosure in subsequent years. Be-
cause the 500 samples of each firm share the same set of model parameters such as firm
risk, earnings persistence, etc., the simulation procedure ensures that variation in investors’
beliefs and uncertainty is solely responsible for the variation and intertemporal correlation
in management forecast probabilities.}

Table 1.6 shows the cross-sectional distribution of the regression slopes, 3; ;. The first
row suggests that an increase of 10% in the current forecast probability is associated with an
10.3% increase in the disclosure probability of the next year. The effect is not significantly dif-
ferent from 10%. So changes in the current disclosure incentive is almost perfectly associated
with that in the following year. Table 1.6 also suggests that the persistence monotonically
declines over time but remains economically significant. A 10% increase in the current dis-
closure probability is associated with a 7.5% increase in the disclosure probability in five
years, which is still an economically meaningful effect.

Overall, the evidence suggests investor learning affects the persistence of managers’ dis-
closure incentives, measured as disclosure probabilities. The empirical magnitude of the
effects is non-trivial. Combined with the finding that the model well fits the intertemporal
dynamics of the forecast decisions in the sample (see section 1.6.2), the evidence in this
section further suggests that investor learning is an economically important factor driving

the intertemporal dynamics of managers’ voluntary disclosure decisions.

17. One might question whether shocks to earnings by themselves could change the likelihood of disclosure.
I prove that without investors’ uncertainty about profitability, the likelihood of disclosure in the model does
not change with shocks to earnings. The reason is that a shock to current earnings changes the actual mean
of next period earnings as well as investors’ beliefs about the mean of next period earnings. The difference
between the two is always zero, when investors know the true mean of earnings, i.e., investors do not make
any mistakes. The likelihood of disclosure stays constant, because it depends on the difference between the
two. In contrast, when investors are uncertainty about the true mean of earnings, investors are sluggish in
updating their beliefs, which introduces the intertemporal dependence in the likelihood of disclosure.
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Table 1.6: Investor learning and persistent disclosure incentives

This table presents the intertemporal correlation of disclosure probabilities implied by the
structural model. I generate 1,000 firms using the distributions of parameter estimates.
For each firm, I simulate 500 samples each with seven periods of data, a total of 3,500
observations. In the simulation, I ensure that all the samples for a given firm start with the
same investor prior belief. Changes in investors’ beliefs due to random performance shocks
induce variations in the disclosure probabilities of period 2 and onwards. I compute the
probability of disclosure as in (1.11) for each period. To measure persistence in disclosure
incentives, for each firm, I regress the disclosure probabilities of periods 3-7 each on the
disclosure probability of period 2. The slope of the regression coefficients captures how
much change in the disclosure probability in period 2, which is induced by investor learning,
affects disclosure probabilities in periods 3-7. I report the cross-sectional distribution of the
regression slope coefficients. For example, 51 represents the slope coefficient from regressing
disclosure probabilities in period 3 on disclosure probabilities in period 2; (9 represents the
slope coefficient from regressing disclosure probabilities in period 4 on disclosure probabilities
in period 2.

Mean SD 5% 25% 50% 75% 95%
51 1.036 0.461 0.549 0.825 0.940 1.117 1.909
Ba 0.986 0.619 0.292 0.677 0.849 1.117 2.206
B3 0.908 0.659 0.163 0.545 0.762 1.065 2.337
By 0.823 0.642 0.083 0.443 0.673 0.971 2.176
G5 0.745 0.614 0.042 0.367 0.589 0.924 2.041
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1.6.4 Investor learning and the average forecast frequency

I use the frequency of forecast issuance over the subsequent 12 years to measure the average
future disclosure incentive. I choose 12 years as the measurement window to be consistent
with the length of the sample period for most firms (from 2003 to 2014). The purpose is to
quantify whether investors’ prior beliefs and uncertainty have economically significant effects
on the likelihood of future management forecasts. Their effects could be trivial, given the
presence of other model primitives that also affect management forecast decisions.

I again compute forecast frequencies via simulation. First, I do not have a close-form so-
lution for the marginal effects of investor learning on the average future disclosure frequency.
Second, simulation allows me to generate stationary firms, which resemble firms from the
estimation sample but do not experience shocks to other parameters that could confound the
effects of investor learning. For example, earnings persistence p1 could vary for a given firm
because of random shocks, which changes future forecast frequency for that firm. Simulation
allows me to control for such random variation by fixing p; for particular firms but still allow

for cross-sectional distribution in p;. The simulation procedure works as follows.

1. T generate 2,000 firms using the cross-sectional distributions of firm level parameters
(see section 1.3.3 for the list of all parameters). These firms resemble the firms in
the estimation sample. For each simulated firm, I simulate 1,000 samples each with
12 years, using the corresponding firm level parameters and assuming the model is

correct.

2. For each sample of a simulated firm, I compute the percentage of the total number of
forecast issuances over the 12 years. I obtain the average forecast frequency for each

firm by averaging over the 1,000 sample forecast frequencies.

3. The first two steps are similar to those for computing model fit, except that actual
earnings and management forecasts are simulated instead of using the actual data.

The final step computes the marginal effects associated with each model parameter.
39



To ease comparison among the marginal effects, I vary each parameter by one standard
deviation (computed from its cross-sectional distribution) while holding other parameters
constant. I measure the marginal effects as the change in the future forecast frequency
as a proportion of the standard deviation of the forecast frequency in the data, which is 22
percentage points. For example, I vary A; of each firm by 3.057 (the standard deviation of \;)
holding other parameters constant, compute the change in the average disclosure frequency,
and divide the change by 0.22. The economic interpretation is the change in the average
forecast frequency over a 12-year window that is caused by one standard deviation change in
the precision of investors’ prior beliefs at the beginning of the 12-year window and measured
as the number of standard deviations of the empirical forecast frequency. For investors’
beliefs, I additionally compute the marginal effects of investors’ beliefs by varying them by
one standard deviation of the firm earnings shock. The reason is that the standard deviation
of investors’ prior beliefs is 30 percentage points—too large to be considered “marginal,”
especially given the standard deviation of earnings of 17 percentage points. Using earnings
shock is consistent with the idea that changes in investors’ beliefs about profitability should
be closely related to the size of firm earnings shocks.

Figure 1.6 and Table 1.7 present the distribution of the simulated disclosure frequencies
(the percentage of disclosure in twelve years) and the marginal effects for other determinants
of disclosure. The cross-sectional median of the simulated disclosure frequency (98.5%) is
close to the data (100%). The first quartile (45.1%) is much lower than the data (83%).
The reason is that the simulation generates firms that differ from those in the estimation
sample, although their parameters belong to the same cross-sectional distribution implied
by the sample.

Table 1.7 demonstrates that the effects of investor learning, that is, the effects of investors’
prior beliefs and uncertainty, are extremely heterogeneous across firms. The marginal effects
are zero for about 40% of firms (the final column). These firms always disclose, so a marginal

change in one parameter is not sufficient to change forecast incentives of these firms. The
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Table 1.7: Marginal effects on future disclosure incentives

This table presents the marginal effects of the following structural parameters: investors’
prior belief qq;, investors’ belief precision );, manager’s information precision k;, disclosure
cost ¢;, discount factor (;, firm profitability pg;, and earnings persistence py;. I generate
2,000 firms using the cross-sectional distributions of the parameter estimates. For each
firm, I simulate 1,000 samples each with 12 periods and compute the average disclosure
frequency over these samples. I report in the first row the cross-sectional distribution of the
average disclosure frequency over the 12 periods. To evaluate the marginal effects, I increase
(labeled as “+7) or decrease (labeled as “-”) each parameter by one standard deviation
(computed from its cross-sectional distribution) while holding other parameters constant,
and compute the average disclosure frequency following the same simulation procedure and
report the changes in the disclosure frequency. I also vary investors’ prior beliefs by one
standard deviation of firm earnings shock, ¢j. The results are reported in the second row
and onwards.

Mean  Median  SD 5% 25% 75% 9%5%  Zero(%)
Original 0.736 0.986  0.377 0.000 0.483 1.000  1.000

qa" —-0.258 —0.121 0.305 —0.916 —0.429 —0.011 0.000 34.70%
iy 0.154 0.041  0.238 0.000 0.005 0.188  0.760 37.80%
q8+ —-0.053  —0.031  0.089 —-0.172 —0.087  —0.004  0.000 40.35%
qg_ 0.049 0.026  0.056 0.000 0.004 0.079  0.174  41.70%
AT —0.077  —0.022 0.142 —0.347 —0.111 —0.001  0.034  37.50%
AT 0.063 0.014 0.137  —0.065 0.001 0.085  0.343 39.00%
KT 0.039 0.015  0.058 0.000 0.002 0.052  0.160 43.55%
K~ -0.082  -0.038 0.103 —-0.296 —0.129 —0.004 0.000 40.65%
ct -0.237  -0.195 0.213 —-0.614 —0.400 —0.034 0.000 25.30%
c 0.194 0.098  0.220 0.000 0.007 0.357  0.598 37.65%
Bt 0.123 0.067 0.144 0.000 0.006 0.211  0.377  38.65%
8- -0.123  -0.084 0.132 —-0.367 —0.202 —0.010 0.000 30.90%
pf 0.129 0.071  0.151 0.000 0.006 0.211 0417  38.70%
2 -0.123  -0.078 0.138 —-0.395 —0.191 —0.010  0.000 29.85%
par 0.096 0.038  0.137 0.000 0.005 0.134  0.372 40.25%
Po -0.072  -0.029 0.107 —-0.285 —0.097 —0.004 0.000 41.00%
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Figure 1.6: Marginal effects of structural parameters
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This figure plots the marginal effects of selected model parameters (see section 77 for the def-
inition of the parameters). I simulate 2,000 firms and 12 years for each firm with parameter
values drawn from their cross-sectional distributions. I vary each parameter by one stan-
dard deviation of its cross-sectional distribution and compute the average change in forecast
frequency over the following 12 years. The red solid (blue dashed) line corresponds to the
5th percentile and 95th percentile of the change in disclosure frequency when I increase (de-
crease) the parameter at the horizontal axis by one standard deviation of its cross-sectional
distribution. I also vary investors’ prior beliefs by one standard deviation of earnings shock
with the results denoted by ¢f. Disclosure frequency is expressed in terms of the number
of standard deviations of the empirical disclosure frequency, which is about 22 percentage

points. The black dots represent the mean effects.
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finding is consistent with 57% of firms in the sample always issue management forecasts from
2003 to 2014.

Next, conditional on the marginal effects of investor learning being non-zero, Table 1.7
shows that investor learning has economically significant effects on the average forecast
frequency both in absolute terms and relative to other determinants of forecast issuance
specified by the model. A one standard deviation change in investors’ prior beliefs changes
future forecast frequency by an average of 15-25 percentage points, about one standard
deviation of the empirical forecast frequency (22 percentage points). As discussed before, a
one standard deviation change in investors’ prior beliefs might be too large (30 percentage
points) relative to the standard deviation of earnings (17 percentage points). The third row
presents the change in forecast frequency associated with varying investors’ prior beliefs by
one standard deviation of each firm’s earnings shock. The effects become more moderate,
with an average of 5 percentage points, or 0.23 standard deviations of the empirical forecast
frequency (22 percentage points). Finally, about 5% of firms have effects larger than 17
percentage points, about 0.77 standard deviations of the empirical disclosure frequency (22
percentage points).

The precision of investors’ beliefs affect the average forecast frequency with a similar
magnitude. The average marginal effect for a one standard deviation change in investors’
belief precision is about 6-8 percentage points or about 0.32 standard deviations of the em-
pirical forecast frequency. For 5% of firms, the marginal effects are larger than 35 percentage
points or about 1.60 standard deviations of the empirical forecast frequency.

To benchmark the magnitude of the effects of investor learning, [ summarize the marginal
effects of firm risk, earnings persistence, firm profitability, managers’ information precision,
and disclosure cost in Table 1.7. Similar to investor learning, about 30%-40% of firms
have zero marginal effects associated with a one standard deviation change in one of these
parameters. Conditional on the marginal effects being non-zero, earnings persistence and

firm risk are associated with an average marginal effect of 12 percentage points—larger than
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those of investor learning.!® Firm profitability and managerial information precision have
an average of 4-10 percentage points across firms—close to the effects of investor learning.
Disclosure costs have the largest effect with a cross-sectional average of 19-24 percentage
points.

The estimation is the first attempt to estimate how investor learning affects managers’
disclosure decisions in an internally consistent framework that incorporates other determi-
nants of disclosure. Increases in investors’ beliefs lower the likelihood of disclosure, because
there is less room for the manager to convey news better than investors’ expectation. In-
creases in investors’ belief precision also lower the likelihood of disclosure, because investors
put smaller weight to a given disclosure, which reduces the “importance” of disclosure.!?
The effects are expected to be larger for a shorter window, because changes in investors’
beliefs have larger effects on the likelihood of disclosure in the near future. So the esti-
mated marginal effects using a 12-year window are conservative. The results illustrate that
investors’ initial perception about the firm has a meaningful impact on managers’ disclosure

decisions over a reasonably long time (12 years), holding constant other firm characteristics

specified in the model.

1.6.5 Robustness

News not specified by the model

So far I focus on firm annual financial reports and management forecasts of annual earnings
as the only information sources investors rely on. However, investors also learn from man-
agement quarterly forecasts, quarterly financial reports, analyst forecasts, media, and other

information sources, which the model does not specify. I now discuss how the existence of

18. Recall that firm risk affects how heavily the future is discounted. Heavier discounting, or a smaller
discount factor, decreases the effect of the manager’s disclosure on investors’ expectation about future perfor-
mance. The effect reduces the price reaction to a given disclosure, which decreases the manager’s disclosure
incentive.

19. See the Appendix for the model derivation and comparative statistics.

44



news not specified by the model affects the empirical results.
I assume that unspecified news ¢ satisfies two properties. First, unspecified news does
not invalidate an AR1 earnings process, which ensures the model tractability. Investors’

expectation of the forthcoming earnings y; at time t — A (A € (0,1)) can be expressed as:

E(i|Zi—A) = qot—A + p1Yt—1,

where Z;_ A is investors’ information set at ¢ — A and gg;_A is investors’ belief about py.
Second, I assume that unspecified news is unexpected by investors, and therefore has a zero
mean.

With the properties above, assuming for now that investors’ information precision A\;
does not change with unspecified news, the new disclosure threshold denoted by s}, can be
shown to be:

sy = S + &t (1.15)

where s} is the original disclosure threshold assuming no unspecified news and &; is the
unspecified news.20 Equation (1.15) shows that the expected bias in estimating the disclosure
threshold is zero.

I now discuss the possibility that the unspecified news changes investors’ information
precision A\¢. To the extent that having access to the unspecified news increases the precision
of investors’ beliefs, the precision parameter is likely to be over-estimated relative to its true
value, that is, the A\¢ that can explain the pattern of stock prices in the data is higher than
the true A\ that the model is meant to capture. To see this, based on the model, the precision
of investors’ beliefs after observing management forecast evolves according to:

s _ I

+ Ait,

20. The additive separability of e; follows from the linearity of the disclosure threshold with respect to
investors’ beliefs as shown in equation (1.10). That is, changes in investors’ beliefs linearly alter the disclosure
threshold.
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where \;; measures the precision of investors’ beliefs at the beginning of year ¢ (right after
the previous year earnings announcement) and xk measures the precision of firm ¢ manager’s
earnings forecast. Manager’s precision is estimated from the difference between management
forecasts and actual earnings, and is therefore not affected by the existence of additional
news. The additional precision as a result of other information sources will show up in the
estimate of Aj.

Given the unspecified news, the estimated parameter should be interpreted as the preci-
sion prior to the release of a management forecast or prior to investors realizing the lack of a
disclosure. The problem with this interpretation is that it involves the timing of management
forecasts, which can differ across firms and over time and could vary with the quantity and
quality of the unspecified news. Because I do not model the timing of management forecasts,

I leave it as a future research possibility to examine this issue.

1.7 Relation to prior literature

1.7.1 Reputation accumulation, investor learning, and management

forecasts

Prior research suggests that management accumulates reputation through voluntary disclo-
sure. The definitions of reputation include the accuracy of management forecasts [85, 50, 53],
being transparent [45], being forthcoming [17], being uninformed [32], and the likelihood of
bad news [64]. Note that investors’ beliefs about firm profitability can be viewed as a type
of reputation by itself.

I capture reputation for being accurate in two ways. First, I capture the accuracy of man-
agement forecasts through r;, the ratio of the variance of actual earnings to the variance of
management forecast. Second, I capture the effects of the number of past disclosures through
the precision of investors’ beliefs, where a higher number of past disclosures is associated

with a higher precision of investors’ beliefs. The accuracy of management forecasts and the
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precision of investors’ beliefs both have economically meaningful effects on the likelihood of
a forecast provision, as shown by Figure 1.6 and Table 1.7. The results are consistent with
several prior studies. For example, Feng and Koch [34] show that management is more likely
to omit a forecast issuance, if management forecast of the prior quarter was not able to influ-
ence analyst forecasts. Williams [85] and Hutton and Stocken [53] find that analyst revisions
and market reactions to management forecasts increase with the precision of management
forecast.

I capture reputation for being transparent through its effect on cost of capital. Graham
et al. [45] argue that voluntary disclosure helps management to establish a reputation for
being transparent. Empirical research associates the benefit of transparency with a lower
cost of capital (see Beyer et al. [16] for a review of recent literature). I capture this effect
using the discount factor g;. Figure 1.6 and Table 1.7 suggests that a lower cost of capital
is associated with more disclosure, which is consistent with findings of prior research.

A few theory models examine disclosure decisions featuring dynamic effects of reputation
le.g., 32, 17, 64]. Investor learning occurs because of their uncertainty regarding profitability
and is distinct from other dynamic effects. However, it is possible that investor learning
interacts with these dynamic effects. For example, investors might be more responsive to a
disclosure if they deem management to be more forthcoming. Incorporating other dynamic
effects requires modeling the interactions between these effects and investor learning, which
is beyond the scope of this paper.

A final note is that the paper deliberately stays away from modeling commitment to
disclosure. Because once commitment is assumed, it automatically generates persistent dis-
closure incentives. The purpose of the paper is to show that correlated investors’ beliefs over

time can result in persistent disclosure incentives without commitment to disclosure.
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1.7.2  Investor learning and analyst earnings forecasts

This section discusses the relation between analyst forecasts and investors’ beliefs. Analysts
are important market participants and learn from managers’ disclosures. Prior research finds
that analyst forecasts affect management earnings forecasts in two ways. First, optimistic
analyst forecasts are associated with fewer management earnings forecast provision [e.g.,
27, 34]. Second, managers tend to issue more bad news forecasts when they have consistently
met or beaten analyst forecasts than when they have not [60]. In both cases, earnings forecast
provision is a tool to guide analyst forecasts downwards to avoid the cost of disappointing
the market at earnings announcements [56].

Investors’ beliefs as defined in this paper differ from analyst forecasts in two important
ways. First, investor beliefs about profitability can be different from the actual profitability,
because investors have access to limited historical information that is relevant for learning
the underlying firm profitability. The difference can persist over multiple years, as learning
occurs gradually [70].21 In contrast, although analysts also form their beliefs about firm
profitability, their reported forecasts can be affected by their affiliation with brokerage firm
[63] or their trading incentives [28].

Second, investors and analysts affect managers’ disclosure decisions through different
channels, resulting in different directional predictions. Higher investor beliefs increase the
threshold of disclosure (see section 1.2), reducing managers’ disclosure incentive, because
managers have less room to convey good news. In contrast, management facing optimistic
analyst forecasts are more likely to disclose, because managers want to lower analyst forecasts
towards a beatable target. Moreover, the disclosure incentive arising from optimistic analyst
forecasts focuses on how investors respond to subsequent announced earnings (that is, meet
or beat analyst forecasts at the subsequent earnings announcement) but does not address

how investors are likely to respond to the current voluntary disclosure, which is the channel

21. Seminal work on parameter uncertainty builds on the same idea. For example, Xia [86] shows that
investors’ initial assessment of return predictability differs from the actual return predictability, leading to
changes in their portfolio allocation as they learn the actual return predictability.
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of interest in this paper.

To provide empirical evidence on the relation between analyst forecasts and investors’
beliefs, 1 regress investors’ beliefs at the beginning of the sample period on analyst earnings
forecasts up until two years after the measurement of investors’ beliefs. 1 use investors’
beliefs at the beginning of the sample period as the dependent variable instead of investors’
subsequent beliefs, because investors’ initial beliefs are estimated as parameters, whereas
realized earnings “contaminate” subsequent investors’ beliefs via equation (1.4), introducing
a mechanical relation between analyst earnings forecasts and investors’ subsequent beliefs.
I scale analyst earnings forecasts, the independent variable of interest, by the stock price
at the beginning of the sample period for two reasons. First, investors’ beliefs are also
scaled by the stock price at the beginning of the sample period. Second, because investors’
beliefs are forward-looking, future stock prices will reflect investors’ current beliefs and future
earnings. Scaling future analyst earnings forecasts by future prices induces a mechanical
relation between the scaled analyst earnings forecasts and investors’ current beliefs via future
prices.

Table 1.8 presents the results. I find that investors’ beliefs and analyst forecasts are
positively related. The finding is robust to controlling for size, performance (ROE), investor
uncertainty (using implied option volatility), and market to book ratio, and is robust to using
analyst earnings forecasts from the entire sample rather than the first two years. The positive
but imperfect relation between analyst forecasts and investors’ beliefs suggests that analyst
forecasts affect disclosure decisions in two ways. Suppose analyst forecasts contain both their
assessment of future profitability and their strategic incentive. This paper suggests that
analysts’ assessment of firm long run profitability (the learning part) negatively affects the
likelihood of a disclosure, whereas prior research shows that incentives to provide optimistic
forecasts (the strategic part) positively affect the likelihood of a disclosure. Future research
can attempt to separately quantify the importance of the two channels by imposing structure

on analyst forecasts.
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Table 1.8: Investors’ beliefs and analyst forecasts

This table examines the relation between investors’ beliefs estimated from the structural
model and analyst earnings forecasts. The dependent variable is the median investor beliefs of
each firm at the beginning of the sample period. The independent variables include: analyst
forecasts, measured as median analyst forecasts for the earnings of the subsequent fiscal year
issued within 30 days after the earnings announcement of the current fiscal year, scaled by
the stock price at the beginning of the sample period; ROE, measured as earnings per share
divided by the stock price at the beginning of the sample period; the natural logarithm of
firm total assets; investor uncertainty, measured as the average implied option volatility 30
days following the earnings announcement, divided by the stock price at the beginning of the
sample period; market to book ratio. The first three columns use observations from the first
two years. The last three columns use the entire sample. All standard errors are clustered
at the firm level and reported in the brackets.

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

VARIABLES t<2 t<2 t<2 All All All

Analyst forecasts 3.088 4.675% 6.079x 1.161skx  2.629%xx  2.349s%%x
[2.233] [2.510] [3.557] [0.414] [0.427] [0.685]

ROE —1.269 —3.597 %% —1.483xkx —2.017*x*
[1.088] [1.202] [0.393] [0.510]

Log(Assets) —0.195%xx —0.206%%x —0.090%  —0.171sxx —0.178%kk —0.11 7%
[0.042] [0.040] [0.054] [0.029] [0.029] [0.038]

Investor uncertainty 7.552x%x% 7. 20T +%*
[2.285] [1.901]
Market to book —0.005 —0.011
[0.016] [0.012]
Observations 348 348 175 2,883 2,699 1,531
R? 0.100 0.111 0.174 0.086 0.114 0.168

FFF 5<0.01, ** p<0.05, * p<0.1
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1.8 Conclusion

I model and empirically quantify the effects of investor learning on the intertemporal dy-
namics of managers’ voluntary disclosure decisions. More pessimistic investor prior beliefs
and higher investor uncertainty increase disclosure and that investor learning induces per-
sistence in the likelihood of disclosure. For 60% of firms, one standard deviation change
in investors’ prior beliefs and investor uncertainty are associated with a change of around
0.23-0.32 standard deviation in the average disclosure frequency for the following 12 periods.
The economic effects of investor learning are comparable to those of other model parameters,
such as firm profitability and managers’ information precision. I also find investor learning
induces persistent disclosure. A 10% increase in the current disclosure probability is associ-
ated with an increase the disclosure probability of the following year by around 10.3%, and
the disclosure probability in five years by about 7.5%.

Overall, this paper shows the importance of investor learning in explaining managers’
disclosure decisions. Future work can extend the current paper along two dimensions. First,
limited research exists on how investors’ information processing affects disclosure decisions.
The topic is important because investors are consumers of information. One extension might
be to model more realistic learning. For example, Pastor and Stambaugh [69] find stock
returns are more volatile in the long run because of investor learning. In their model, the
distribution of firm earnings changes over time, and investors do not perfectly observe the
changes. Rogers et al. [74] find implied volatility increases after the release of sporadic
earnings forecasts. How managers disclose when uncertainty could increase after disclosure
is theoretically and empirically interesting.

Another extension is incorporating other reporting incentives. For instance, managers
could have incentives to bias disclosures [e.g., 36]. Bias could alter disclosure incentives
because extreme disclosures might indicate misreporting. Moreover, in addition to its effect
on stock price, the possibility of missing her own forecast can be costly to the manager [e.g.,

34]. How this incentive arises as an equilibrium outcome and how it affects the dynamics of

o1



disclosures are both interesting questions.

Future research can also incorporate other incentives that arise in the multi-period setting
and show how they affect the dynamics of managers’ disclosure decisions. For example,
future research can model managerial reputational concern, the timing of disclosure, or
managerial types and compare their effects with investor learning. The general issue is that
investor learning or other multi-period incentives such as reputation are usually not directly
observable. Econometricians can rely on observable data to identify them by imposing

various model structures, that is, by structurally estimating the models.
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APPENDIX A
MODEL

A.1 Discussions of model assumptions

Prior literature identifies other factors that prevent full disclosure, such as entry concerns
[42] and probabilistic information endowment [30, 54]. In multi-period models, incentives
such as building a reputation for being forthcoming [17] or being uninformed [32] can also
arise. Abstracting away from these allows me to focus on how investor learning affects the
trade-off between disclosure and nondisclosure.

Another important assumption is truth telling, which is consistent with prior research [81,
30]. One motivation for truth telling is the existence of an outside monitor and court that can
detect and punish lying managers. The release of actual earnings at the end of each period
limits the extent to which the manager manipulates voluntary disclosure [e.g., 43]. Stein
[77] shows that, if managers cannot commit to truth telling, in equilibrium, they will inflate
earnings to sell their stocks at higher prices. However, the market perfectly figures out the
amount of manipulation. This type of manipulation does not create information asymmetry
and therefore does not affect the mechanism of investor learning. It does, however, require
de-biasing the observed earnings process, which complicates the empirical analysis. I do not
pursue this more complex structure.

Recall that the manager’s current-period utility derived from disclosure decision d;; is
Uit(dit) = P (dit, Hit), (A1)

where P€(d;;, H;¢) is the stock price inclusive of the expected costs of current and future
disclosures conditional on history H;; and dj; € {s;, 0}, the disclosure decision of firm i at

time ¢. History H;; includes all past earnings and disclosures, H;; = (y; 1> dé t—l)/ , where

1. See Beyer et al. [16] for a review of voluntary disclosure models.
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Yit—1 = Wi, Yios - vig—1) and dj i1 = (dj1, djo, -, djp—1)'.
This utility specification says the manager is rewarded for a higher stock price, which
many voluntary disclosure models use [e.g., 81, 30, 3]. Stock price is the sum of investors’

expectations of discounted unrealized earnings net of current and future disclosure costs,

T
P(dig, Hig) = Y _ {55/71]3(%15’ — H{dyp = sy teildi, Hz’t)} : (A.2)
t'=t
where ¢; is the disclosure cost and f; is the discount rate for firm ¢, both exogenous to
managers’ disclosure decisions.

In principle, one can imagine cases in which the manager cares about both current and
future stock prices. In my model, the manager is rationally myopic in that she only cares
about the current stock price. Once the actual earnings y;; is revealed, the manager’s
private information s;;, which is a noisy signal of the actual earnings, does not provide
investors with additional information about underlying firm profitability.2 It follows that
the disclosure decision of period t will not affect investors’ beliefs or stock prices beyond
period t.> Thus, the manager only needs to be concerned about the effect of her disclosure
decision on the current stock price. Note the myopia in my setting does not entail sacrificing
long-term benefits for short-term gains [e.g., 77]. It simply refers to the fact that the manager
maximizes her current utility when making the disclosure decision.

Modeling investor learning assumes disclosure is only informative about firm earnings.
Trueman [80] finds management forecast issuances provide investors with information about
the manager’s ability to adjust production in response to economic changes. I do not sepa-

rately model the manager’s ability. Instead, I use a reduced-form earnings process to capture

2. This result follows from s;; = y; + 7,1, where 7n;; is random noise. See equation (1.4) and the appendix
for derivation.

3. Asin Verrecchia [81], voluntary disclosure is not efficient. If the manager can commit not to disclose and
to wait for the earnings announcement, both the manager and investors are better off. However, commitment
to non-disclosure is impossible because investors interpret nondisclosure as bad news and the manager cares
about investors’ responses.
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both firm fundamentals and the manager’s ability. The choice is consistent with management
forecasts being mainly informative about firm fundamentals [8].

Voluntary disclosure accelerates the release of earnings news. Investors interpret nondis-
closure as bad news. Subject to this pressure, the manager only releases news that is suf-
ficiently good. I implicitly assume that the manager cannot commit to ignoring investors’
short-term responses before earnings announcements.* Consistent with this assumption,
Chen et al. [23] document that managers stop providing earnings forecasts when firm per-
formance is bad and investors react negatively to the decision to stop providing forecasts.
Moreover, I assume the timing of the disclosure decision does not endogenously affect investor
learning about profitability and does not affect the disclosure decision.” Finally, disclosures
impose costs on investors, and are inefficient from an ex-ante perspective [82]. That is, if
investors and managers can commit not to disclose, investors will gain by saving disclosure
costs. The reasons why such commitment does not occur might be that investors urgently
need information, or that managers are subject to the short-term pressure of increasing

market value or reducing uncertainty. My model does not address this issue.

A.2 The effects of investor learning

The effects of investors’ beliefs and uncertainty on the probability of disclosure directly follow

from equation (1.11), and are summarized in Corollary 1.

Corollary 1. The effects of investor learning on disclosure decisions.

More pessimistic investors’ beliefs and greater investor uncertainty increase disclosure.

One might argue that, because earnings are persistent, better past earnings should in-

4. If the manager cares about stock price only after the revelation of true earnings and does not care about
stock price at the time of disclosure, in the context of this model, she will be indifferent between disclosing
and not disclosing because current disclosure does not affect future stock price after earnings release. Other
disclosure incentives would be needed for the model to work.

5. Acharya et al. [3] and Guttman et al. [48] study the timing of voluntary disclosure and how it could
affect investors’ inference. These models require more structure on the signals and are not studied.
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crease disclosure. The following proposition says this intuition is wrong.

Corollary 2. Disclosure dynamics and past performance.

Better past earnings are neither necessary nor sufficient to increase disclosure.

On the one hand, the expectation of future earnings pg + p1ys—1 increases with 1,
which increases the chances that the manager observes better private information. On the
other hand, from (1.10), increase in y;_1 also enhances the disclosure threshold. The net
effect is that they cancel each other. Thus the disclosure probability in (1.11) does not
depend on p1ys—1. I discuss the intuition in greater detail in the next section.

Next, I show investor learning induces persistent disclosure incentives, that is, an increase
in the manager’s current likelihood of disclosure is associated with an expected increase in
the likelihood of future disclosure. The persistence results from the stickiness of investor
learning. Specifically, disclosure probability in period ¢ +m (m > 1) depends on investors’
beliefs in period t+m (see (1.11)), which in turn depend on their beliefs in period ¢ (see (1.4)).
Therefore, shocks to investors’ beliefs qg;; will change the disclosure probability in period ¢
and, through the dependence of investors’ beliefs over time, change the disclosure probability
t + m in the same direction.

The correlation between disclosure incentives in period ¢ and ¢t + m decreases as m in-
creases, because investors receive more information over time, which reduces the effect of
shocks to their current beliefs on beliefs further into the future. I summarize the results in

Corollary 3 and discuss the intuitions in the following section.

Corollary 3. The effects of investor learning on disclosure dynamics.

Investor learning induces persistent disclosure incentives, that s, the ex-ante correlation
between the likelihood of disclosure in period t and t +m is positive, where the ex-ante corre-
lation is defined as the correlation between Pr{d; = s¢|Hi—1} and Pr{di+m = St+m|Hi—1}

and Hy_1 is the history of information observed by investors at the beginning of t — 1.
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Proof. Equation (1.11) gives the probability of disclosure conditional on history Hy,

. B
Pr{d; = ss|Hi} =1—- @ (UStSt + qot po) ‘

Os
The probability Pr{d; = s¢|H;_1} is random because of unexpected performance shocks
that could change investors’ future beliefs go;.% Specifically, go; can be expressed as a function

of got—1 and random future performance shock €;_1 (see equation (1.4)):

ot = (\) " (Me1dot—1 + ye—1 — prye—a) = ) (Me—1dot—1 + po + €1—1).

Likewise, qot+4, can be iteratively expressed as a function of gg;—1 and random future
performance shocks €;_1, €, ..., €44 —1.

Although performance shocks are independent over time, because both gos and qo¢+m,
contain €;_1, investors’ beliefs are positively intertemporally correlated. Therefore, Pr{d; =
st|Hi—1} and Pr{d¢+m = St+m|Hi_1} is positively correlated (because the normal CDF is

increasing over its support).

A.3 The effects of other model parameters

This section presents the effects of other model parameters on the manager’s disclosure

incentive, that is, the likelihood of disclosure.

Corollary 4. A lower discount rate B, higher managerial information precision k, a lower
disclosure cost ¢, higher profitability po, and higher earnings persistence py are associated

with a higher likelihood of disclosure, holding constant other parameters.

I leave the proof for later and only discuss the intuition for why these parameters affect

6. The Appendix proves that §; does not depend on go; and is a function of non-random firm characteristics
and investor uncertainty )\%
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disclosure. The effects of these parameters provide benchmarks for the effects of investor
learning in the empirical analysis.

With the exception of profitability pg and disclosure cost ¢, other parameters mainly affect
the likelihood of disclosure through the sensitivity of stock price to disclosure (see (77)),
with higher sensitivity increasing disclosure. This is analogous to higher earnings response
coefficient (ERC). For example, Lennox and Park [62] find higher ERC is associated with
more disclosure, which is consistent with the result here. Specifically, a lower discount
rate 8 makes future earnings more important to stock price; higher managerial information
precision k increases the weight investors put on the manager’s disclosures; higher earnings
persistence makes current disclosure more important in affecting investors’ expectation of
future earnings. All of these increase the sensitivity of stock price to the manager’s disclosure.

Finally, a higher disclosure cost ¢ makes disclosure more expensive and therefore reduces
the disclosure incentive. Higher profitability py increases the probability that the manager’s

information exceeds the threshold.

A.4 Proofs

Lemma 1. Call h(s) = E(5|5 < s), where § follows a standard normal distribution, and call

g(s) = s — h(s). Then h/'(s) > 0 and ¢'(s) > 0.

Proof.

When s > 0, h/(s) > 0. Suppose 3s s.t. h'(s) < 0, which implies at least one s exists

such that s = — 218 — E(5]$ < s), a contradiction.

®(s)
The proof of ¢’(s) > 0 can be found in the appendix of Verrecchia [1983].

64



]

Lemma 1 says both the nondisclosure payoff and the payoff difference between disclosing
at the threshold and nondisclosure are increasing with the threshold. Uniqueness can be
proved by using the lemma after defining $; = (s — u)y/7 and rewriting the equilibrium

condition as

51— Bl < 5) = e/ (A3)

A.5 Bayesian updating

In this section, I describe the Bayesian updating process following any arbitrary history.

Recall that I have firm profit following an autoregressive process, that is,

1
Ytr1 = po + p1yt + €441, €41 ~ N(0, ;),

where 7 is the precision parameter known by all, and pg is unknown to firm investors who
learn them from the manager’s disclosures and financial reports that are described in the next
paragraph. Investors’ prior belief about pg at the beginning of ¢ is given by pg ~ N (¢, ﬁ)
with \g7¢+ denoting the precision of investors’ beliefs, that is, the inverse of the variance of
investors’ beliefs.

In period t, the sequence of events is as follows.

1. At the beginning of each period, the firm manager observes a private signal s; ~
N (yy, %) about unrealized period-t profit. If the signal is disclosed, investors will
observe s;. If not, investors rationally expect s; < sy, where s} is an endogenous

threshold to be calculated.

2. At the end of the period, v+ is released in a financial report and becomes public knowl-
edge.
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The objective is to describe investor learning given any history, where history at the begin-
ning of each period is denoted by Hy, with Hy = (s} _1,X}_1,¥}_1), ¥Yi—1 = We—1,Yt—2, -, y1)’,
X1 = (Yr—2,Y4—2, .., yo)" and s;_1 = (s4_1,5(—2, ..., 51)’. Below, I derive the posterior dis-
tribution of pg given history Hy, the prior predictive distribution of s; given H;, and the

posterior predictive distribution of y; given s¢, Hy,

A.5.1 Learning p

The joint density of y4_1,X¢_1,8t_1,p is
—5{ (Yt—l_xt—lp),(Yt—l_Xt—lp) }
f(Yt—lvxt—lv St—1, PO) x e

{/{(stl—yt1>,(st1—}’tl) +Xo (PO—‘IO)Q}

Y

*e

where X; = (1,%x¢) and p = (pg, p1)’. The prior distribution of pg is normal:

(t = 1)(Jt—1 — p1ZTt—1) + Xoqo 1
po|Hi N( t—1+ X =14+ X)T /) (A-4)

I denote the mean and precision (exclusive of 7) of the prior distribution of py after H;

as:

M=t—1+X=N_1+1; (A.5)

g = (\) Tt = D) (G—1 — p1Te—1) + Xoao) = ) (N—1a—1 + -1 — p1ye—2).  (A6)

After observing s, investors update their beliefs about pg. The wrinkle is that st is a

noisy version of y;. The posterior belief about pg can be obtained by integrating y; from the
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joint distribution of y¢, x¢, s¢, po:

po|Ht, st ~ N (,@%1 + At)l (,{_il(st — p1Yt—1) + )\tqzt) , ( 1 (A7)

K
| + )\t) T
I denote the mean and precision (exclusive of 7) of the posterior distribution of pg after

H; as

A= (A.8)

@ = (Afyl (%(St — P1Yi—1) + AtQt) . (A.9)

A.5.2  Prior predictive distribution of y; before observing s,

In this section, I derive the prior predictive distribution of y; given H+ and before observing

s¢. We have:

1
ylHe ~ N @+ prye—1, 7~ | - (A.10)
(AtH) !
I denote the mean and precision (exclusive of 7) as
At

A} = ; Al

Eoon 41 ( )

1 = aqt + p1ye—1. (A.12)
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A.5.83 Posterior predictive of y; given s

This section derives the posterior predictive of y; given Hy and sy

T (yelse, He) o< f(se,ye, He) = F(selye) f(ye|He)
_E{K(St—yt)%rf\?(yt—ﬂgy}
X e

Y

where the second line follows from s; depending only on y;. Completing the square gives the

posterior predictive of y; given H; and s¢:

kst 4+ A (at + p1ye—1) 1
ytlst, Hy ~ N t " : " (A.13)
v 7(k+ 575)

The higher s; is, the larger the posterior mean is.

A.6 Derivation of stock price exclusive of disclosure cost

To derive stock price exclusive of disclosure cost, the first step is to compute investors’
expectation of all future profits following s; and H;.

First, the expected profit m period after observing s; in period t is

E(yt+mlst) = E(E(yt+m|pu yt)|8t)

m st + Aty/ﬁ

=@ (1+p +p2+ .+ )+ Al4
qt< p1+ pi 1 1 Al (A.14)
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Then the sum of the discounted expected future profits (infinite horizon) is

- vy
— kst + A W
Z 5m{¢1§(1+01+pf+...+p71” 1) +p§n#}
m=1 /{_i_ 7
— A

_ B mil(st - Plyt—l) + At . KSt + rfrl(% + Pl@/t—l) (A 15)
1- —_— by ) .

P=o | (R + ) (- 8) it 25

which is increasing in s; and may increase or decrease with respect to pg.
Adding E(y¢|H¢, st) to the expression above and regrouping terms produces stock price

exclusive of disclosure cost. Stock price is linear in s¢:

Py(st) = Agse + B,

where
1 K Ié]
. |
1—Bp1k+ A?jrl (1=08)(A\+1)
and
At
1 N1 B K
By = ¢ {1+ li—f—l}(h—f-{l———] 1y_1}
eyl | LA R A T AN Y

A.7 Proof of Proposition 1

The optimal disclosure strategy would be a threshold strategy if the stock price did not
include future expected disclosure cost Gg,c, because P(dy, H¢) is linear and increasing in
the signal s¢ (see equation (1.9)). However, investors’ expectation of future disclosure costs
following disclosing a signal could differ from that following not making disclosures. Below,
I prove that the expected future discounted disclosure costs are the same following any

disclosure decision, which is summarized in Lemma 2.
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Lemma 2. The expected future disclosure costs do not depend on the current disclosure

decision, that is, Gg,—s, = Gg,—p-

The independence of expected future disclosure costs from the current disclosure decision
follows from (1) the assumption of normal distribution, and (2) that investors observe realized
earnings ¢ at the end of the period. I provide a sketch of the proof below and a more formal

one following the sketch.

Proof. Suppose there are T periods. Let G/* denote the expected total discounted disclosure
costs m periods before T' following disclosure decision d € {0,1}.
First, suppose m = 1. In period T, the probability of disclosure conditional on Hp =

(Hr_1,87—-1,y7—1) is obtained from

E(yr|s7, Hr) — ¢ = E(yp|sp < s7, Hr)

9 kY kY
T 0 T 0 T
/~€+ZOT (5?*_,“77) —E%T_E (s — py) —K+ZOTTSTSS%*
0
_ HET
0
K+ ZT

Note that I use investors’ perceived distribution to compute the probability of disclosure
rather than the true distribution, because what matters here is investors’ perceived proba-
bility of disclosure given their information set. From the calculation, one can see that the
disclosure probability at 7" does not depend on realization of yp_1 and sp_1. At T — 1, the

expected cost of disclosure is

Gy =cE {PT{ST > S;EF*’HT}l

— c//Pr{sT > st lsr_1,yr—1 1 (s7—1, yr—1ldp_1)dyp_1dsp_q

EO
— oy | 2L ), (A.16)
/£+ZT
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with the final line following from the perceived probability of disclosure depending only on
the precision. It immediately follows that Q(}Z does not depend on d. Therefore, the disclosure
decision at period T'—1 can be modeled without incorporating the expected future disclosure
cost.

The rest of the proof uses backward induction. Suppose the expected disclosure cost m
periods ahead, G, does not depend on dp_,,. I prove below that the expected disclosure
cost m + 1 periods ahead, gg@“, does not depend on dp_,,_1.

In period T'—m, the probability of disclosure conditional on Hp_,,, = (H7—m—1, ST—m—1-

Yr—m—1) is:

where I'p_,,, does not depend on Hp_,,.

Again, I use investors’ perceived distribution to compute the disclosure probability rather
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than the actual distribution. The expected cost of disclosure can be computed as follows:

gt = cE [PT‘{ST—m > ST Hr—m}| +B8G"

= C//PT‘{ST—m > ST ST —m—1, YT —m—1, HT—m—1}

JGr—m—1.Y7—m—1ldr—m—1, HT—m—1)

dyr_pp—1ds7_pm—1 + BG™

KXY
=cn (#T) : (A.17)

with the final line following from the probability of disclosure being independent of s7_,,_1,
YT—m—1- 1t immediately follows that Qg”l does not depend on d. Therefore disclosure
decision at period T'— m — 1 can be modeled without incorporating the expected future

disclosure cost.

A.8 The equilibrium condition

Recall stock price excluding disclosure costs is
Py(st) = Agst + B

Two things are important for the disclosure strategy. The first is the sensitivity of stock
price to disclosure A, which is increasing in pq, x, and § and decreasing in A\¢+. The second

is the prior predictive distribution of s¢, which is

A+ 1 1\ 1
st|Hy NN(Qt + P1Yt—1, ( RN —> —)-

)\t K/) T

The variance of s; decreases with A¢, investors’ information precision, and k, managers’

information precision.
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Recall that Lemma 1 says that for a random variable z has a standard normal distribution,
the function w(s) = s — E(z|x < s) increases with s. Now re-write the equilibrium condition
as

Ay (ast(g,jf — B(5]5 < 5;‘))) =c=

sy —E(8]5: < 8) <

Arost ( )

One can now see that given RHS, 5} is uniquely defined. Note the RHS does not depend

on pg or qo¢. Hence, the threshold can be expressed as

st = 05t * 3 +qot + p1Y1-1. (A.19)

Then the probability of disclosure is:

* S+ qor —
o (Ust t T 40t pO)

Os
I now discuss the effects of model parameters on disclosure probabilities.

1. At. When ); increases, RHS of (A.18) increases (because of A; and o), so 3} increases.
Because o decreases and 5 < 0, sj increases. Since oy is unchanged, disclosure

probability decreases.

2. . When f increases, RHS of (A.18) increases. With the same logic as A¢, s} increases,

which decreases the disclosure probability.
3. p1- The same reasoning as 3.

4. ¢. When c increases, RHS of (A.18) increases. The disclosure probability decreases

with the same reasoning as above.

5. qot- When qq; increases, 5 does not change, so s; increases, which decreases the

disclosure probability.
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6. po. When pg increases, 5f and s; both stay the same, but g * 57 + gos — po decreases,

which increases the disclosure probability.

7. k. When & increases, A; increases, so 0457 decreases, that is, becomes more negative.

0st*5F +qot—po

In the meantime, og decreases. The overall effect on >
S

is decreasing, which

increases the disclosure probability.
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APPENDIX B
CIG AND I/B/E/S GUIDANCE

To compare CIG with I/B/E/S Guidance, I compute four measures of data coverage in
Figure 1.1: the percentage of EPS forecasts, the total number of forecasts, the total number
of firms, and the percentage of firms that have had I/B/E/S analyst coverage. The figure
shows that I/B/E/S Guidance improves over CIG along all dimensions, with the difference
more apparent after 2003, the effective date of I/B/E/S Guidance. Specifically, I/B/E/S
Guidance does not bias toward including EPS forecasts only. The average percentage of
EPS forecasts is 36%, comparable to the hand-collected results of Chuk et al. [24]. The total
number of forecasts and total number of firms are also much larger. For example, in 2010,
I/B/E/S Guidance covers 3,526 firms, 2.6 times as large as the 1,367 firms covered by CIG.
Finally, I/B/E/S Guidance firms have more I/B/E/S analyst coverage.
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APPENDIX C
ESTIMATION PROCEDURE

The structural model has two layers. At the lower level, eight firm-level parameters describe
the data generating process: the variance of the earnings process 1/7;, investors’ initial beliefs
qoi0, investor uncertainty 1/(\g;), the cost of disclosure ¢;, discount factor f;, the manager’s
information precision 1/(k;), firm profitability pg;, and firm performance persistence py;. At
the upper level, I assume that each firm-level parameter is drawn from a cross-sectional dis-
tribution, f(6;|7), where 6; is the firm-level parameter and ¥ is a vector of hyper-parameters
that describe the density of ;. 1 call ¥ population parameters. When estimating the model,
I allow for an unobserved random factor that causes the model generated stock price to
deviate from the actual stock price. Because the random factor does not enter the decision
process, it does not affect the computation of the equilibrium disclosure decision. The mean
of the random factor is zero, and the variance o;.

I estimate the model via Gibbs sampling. Gibbs sampling iteratively draws from con-
ditional densities to approximate the joint density. For example, if one is interested in
characterizing the joint density of a, 3, one can first draw from the density of o conditional
on ( and then from the density of 8 conditional on the new a. Repeating this step many
times recovers the joint density of o and 5. The goal here is to learn the joint distribution
of the firm-level parameters as well as the population parameters both conditional on the

data. Gibbs sampling works as follows.

1. Impose necessary parametric assumptions, determine the set of parameters to estimate,

and specify prior beliefs (of the econometricians) about their value.

e The set of parameters to estimate.

— Individual parameters: 6; = (qoio, P0is P1i» Ki> Nio> Ti» Bi» €)' and og;.
— Population parameters:
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The natural logarithm of qg,0, pio, K4, Nio, 7i, ¢; follow normal distribution.
The natural logarithm of the logit transformation of py;, 5;, that is, In(12=),
follow normal distribution. The mean and variance of these distributions are:
9 = (q, po, p1, K> \, T, 5,¢) and w = (Wpgs Wpg» Wpy , Wy, Wk, We, wr ), where
¥ is the mean vector and w is the variance vector. I am not interested in the
cross-sectional distribution of o.;. To reduce computational burden, I do not
impose a hierarchy on o,;. The parameters governing the distribution of the

population parameters are called hyper-parameters.

e Prior beliefs of the econometrician for the hyper-parameters.

The prior belief of the econometrician for 9 is A/(—1,1000%) and that for w is
IG(1,1). Setting a large variance for the prior belief of 1 ensures minimal influence

on the posterior distribution.

2. Initializing the Markov chain for Gibbs sampling.

[ first draw a single vector of population parameters @ and w from its prior distribution.
Then conditional on the population parameters, I draw firm-level parameters ;. These

parameters serve as the starting values of the Markov chain.

3. Specify the likelihood function given the data and iterate the Markov chain.
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The posterior likelihood of parameters conditional on data is:

7(0]y¢, st,d¢, Py) o< Ly, s¢, di, Py|0) f(0]9)

Il
=

[Q(P(StIYT,dt,ﬁ))dtg(P(St < 8?(97Yt)|YTadt’9))1_dt}
1

[~
Il

S

L(P¢|st,yt,d¢,0)

f(stlyr,0) o
- F(S;fk(97yt|YT> 9))

L(st|yt,dy,0)

=~

(7

1

*

T
{[L= Fs5@.yelyr D) " [F (556, yelyr )]~} TT w0 re619), (C.1)
t=1

1~

~~
I
—_

where ¢, f and [ represent the respective density functions.

MCMC is performed in two steps. First, [ draw each individual firm-level parameter
from its corresponding posterior density conditional on other individual firm-level pa-
rameters, the population parameters, and the data. Second, I draw the population

parameters conditional on the individual parameters.

(a) Individual parameters 6; conditional on other parameters and data.
To draw 6;, 1 use Metropolis Hastings algorithm which involves a truncated ¢
proposal density.
(b) Individual parameters o,; conditional on other parameters and data.
The posterior of o; is inverse-Gamma, which can be drawn directly.
(c) Population parameters conditional on individual parameters.
I first convert the individual firm-level parameters to their corresponding natural
logarithm form and then draw the population parameters according to:
e |0, w, which has a normal distribution;

e w|J, 0, which has an inverse gamma distribution.
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