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Abstract

This thesis includes two essays on the impact of information disclosure on investors’
overconfidence and belief updating regarding the future stock price crash risk. The first essay
examines how EDGAR implementation affects retail investors’ overconfidence through reducing
the acquisition costs of fundamental information costs with online disclosure. The second essay
investigates whether implied stock price crash risk is affected within a short window around the
management guidance.

In the first essay, we investigate whether information acquisition costs impact retail
investors’ overconfidence. Overconfidence is one of the most common behavioral biases among
market participants in financial markets. Overconfident individuals tend to overestimate the
precision of their knowledge and information. Models of financial markets with overconfident
traders imply high trading volume, high volatility, and low price informativeness, explaining
market anomalies with empirical and experimental evidence. However, these studies assume
overconfidence. Using the implementation of the Electronic Data Gathering, Analysis, and
Retrieval (EDGAR) system as an exogenous event, we find that overconfidence, measured by
retail investors’ trading activities and post-trade performance of stocks, is significantly reduced
after firms join the EDGAR platform. The main results hold for both staggered and stacked
difference-in-difference analyses. To further support the idea that the reduction in overconfidence
is related to the decrease in information acquisition costs and increase in information set, we
conduct a subsample analysis by dividing the dataset based on the level of information asymmetry
for each firm. The reduction in overconfidence is greater for young firms and growth firms. These
findings shed light on the effect of information sets on the overconfidence of retail investors.

In the second essay, we investigate whether managers’ voluntary disclosures affect



investors’ subjective stock price crash risk. Theoretical models indicate a predictive relationship
between a firm’s information environment and stock price crash risk. These models predict that
there will be more stock price crashes if firms have less transparent firm-specific bad news. Using
option-implied skewness as a measure of investors’ subjective stock price crash risk, we find that
investors’ perception of future stock price crash risk decreases immediately after managers disclose
bad news and increases after the announcement of good news. Further cross-sectional analysis
demonstrates that this decrease in ex-ante stock price crash risk can be attributed to the fact that
fewer negative news items are hidden by firms. The increase in ex-ante skewness can potentially
be explained if investors suspect that managers strategically hide bad news and disclose good news
for their own benefit. To understand the change in investors’ perception of future tail risks, we
demonstrate that the change in ex-ante stock price crash risk following earnings guidance
disclosure provides additional predictive power for the realized skewness level in the following
month.

In summary, these two essays shed light on the impact of information disclosure on
investors’ trading bias and belief updating regarding to future stock return distribution, providing

new empirical evidence.
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Chapter 1 What Drives Retail Investors’ Overconfidence? The Role of Information
Acquisition Costs

1.1 Introduction

Overconfidence is one of the most common behavioral biases in financial markets and among
market participants.' Overconfident people tend to overestimate the precision of their knowledge
and information (Fischhoff, Slovic and Lichtenstein, 1977). Models of financial markets with
overconfident traders imply high trading volume, high volatility, and low asset price
informativeness, and help explain market anomalies, which are strongly supported by empirical
and experimental evidence.? Overconfidence is assumed to be exogenous in these studies.
However, what causes retail investors to become overconfident is not well understood. The
objective of this study is to fill the gap in literature’.

Overconfidence of retail investors could be affected by the information they use to estimate
stock value and make investment decisions. As discussed by Kahneman (2011), “overconfidence
is another manifestation of WYSIATI: when we estimate a quantity, we rely on information that
comes to mind and construct a coherent story in which the estimate makes sense”. At the same

time, “you build the best possible story from the information available to you, and if it is a good

! De Bondt and Thaler (1995) state that “perhaps the most robust finding in the psychology of judgment is that people
are overconfident.”

2 Overconfidence is an essential element of behavioral finance models to explain overreaction, such as that in Daniel,
Hirshleifer and Subrahmanyam (1998) and Scheinkman and Xiong (2003). Daniel, Hirshleifer and Subrahmanyam
(2001) state that equilibrium asset-pricing models in which traders are overconfident about their information help
explain various market anomalies. Odean (1998) finds that trading volume and volatility increase and price
informativeness decreases when price takers, insiders, or market makers are overconfident. Barber and Odean (2000)
find overconfident individual traders continue to trade despite the fact that their poor performance. Glaser and Weber
(2007) argue that overconfident investors trade more using the survey data. Experiemntal evidence suggests that
investors are more likely perform worse in trading when they overestimate the precision of their signals (Biais, Hilton,
Mazurier and Pouget, 2005).

3 Age and gender are the most frequently discussed demographic characteristics of investors in relation to
overconfidence. Other antecedents including investors’ knowledge and experience, see review paper by (Singh, Malik
and Jha, 2024). However, limited attention has been given to the external environment as a potential determinant of
overconfidence.



story, you believe it. Paradoxically, it is easier to construct a coherent story when you know little,
when there are fewer pieces to fit into the puzzle” (Kahneman, 2011). Therefore, when retail
investors have more comprehensive data of firms’ fundamentals, it may become more challenging
for them to integrate all the information into a coherent pattern. Consequently, this increased
difficulty in fitting everything they know into a cohesive narrative is expected to result in lower
levels of overconfidence among retail investors.

In this paper, we empirically examine how overconfidence of retail investors responds to an
increase in the information they possess. Specifically, we investigate whether a change in
information acquisition costs affects the overconfidence of retail investors. The literature shows
that even for public information, such as financial statements, acquisition and analysis costs are
not negligible and can influence investors’ behaviors and market outcomes.* A reduction in the
costs for retail investors to obtain firms’ financial data results in a larger information set available
to them.

We use the 1993-1996 staggered implementation of the Electronic Data Gathering, Analysis,
and Retrieval (EDGAR) system by the Securities and Exchange Commission (SEC) as an
exogenous shock to information acquisition costs and examine its effect on overconfidence of
retail investors. We choose the EDGAR implementation as an exogenous shock for three reasons.
First, the implementation was mandatory and conducted by the SEC. Public companies in the
United States were randomly assigned to different phases for transitioning to the new disclosure

channel, which helps address concerns of endogeneity. Second, the EDGAR implementation

significantly reduced information acquisition costs and modernized corporate disclosures.

4 See Blankespoor, deHaan and Marinovic (2020) for a review of the studies on monitoring, acquiring, and analyzing
firm disclosures.



Previously, companies had to send paper copies of their financial information to the SEC, which
stored them for investors to review. This method was inefficient and posed a risk of lost files.
However, with the implementation of EDGAR, companies can upload their financial statements
online, allowing investors to freely access and download them if they have an internet connection.
Unlike other recent updates to disclosure channels, which may have limited impacts on
information dissemination due to the existence of numerous low-cost online channels, the EDGAR
implementation revolutionized how investors obtain firm financial information. Third, anecdotal
evidence suggests that individual investors use EDGAR platform to download information during
EDGAR implementation period. The New York Times reported in 1994 that a personal investment
club called “Investors Alliance” downloaded financial data from EDGAR for its members,
eliminating the need for individual searches. Additionally, Gao and Huang (2020) highlight that
approximately 31% of download requests made during the EDGAR implementation period were
sent by retail investors. In summary, the choice of the EDGAR implementation as an exogenous
shock is justified by its mandatory nature, the substantial reduction in information acquisition costs,
and the evidence of retail investor usage through anecdotal sources and research.

We examine the effect of information acquisition costs on overconfidence using a database
that contains more than 1.8 million transaction records from 77,037 unique investor accounts of a
major U.S. discount brokerage house between January 1991 and December 1996, which covers
the EDGAR implementation period.> To account for potential changes in the investor base
following the event, we exclusively consider retail investors who had engaged in trading activities
prior to the EDGAR implementation. We use trading volume, dollar volume, and trading frequency

as measures of retail investors’ trading activities because overconfident investors tend to trade

5 We thank Terrance Odean and Li An for generously providing the trading data.
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excessively (Daniel, Hirshleifer and Subrahmanyam, 1998; Odean, 1998; Gervais and Odean,
2001; Scheinkman and Xiong, 2003; Grinblatt and Han, 2005). In addition, we use the post-trade
performance of stocks as a supplementary measure of overconfidence, following Kumar (2009).
Overconfident investors are likely to make errors in their investment decisions because they tend
to overestimate the precision of their estimation of the stock value and firm performance.
Consequently, stocks tend to exhibit better performance following the sell transactions executed
by overconfident investors compared to the purchases, which can be captured by the difference
between the stock returns following their trades. We use the 30-day post-trade dollar return
difference as a supplementary indicator of overconfidence.

In the baseline analysis, we examine the effect of the EDGAR implementation on
overconfidence using a staggered difference-in-differences (“diff-in-diff”” hereafter) analysis. The
empirical results show that the reduction in information acquisition costs resulting from the
EDGAR implementation leads to a significant decrease in retail investors’ overconfidence.
Specifically, we observe a decrease in trading volume, dollar volume, and trading frequency, by
approximately 7.8%, 5.6%, and 7.7% of their standard deviations, respectively, following the
EDGAR implementation. Moreover, we examine the 30-day post-trade dollar return difference
between sell and buy trades as an additional measure of overconfidence. The results demonstrate
that, on average, the difference in dollar returns following sell compared to buy trades within the
same quarter decreases by $31.13. This amount represents approximately 2.5 times the mean and
4.4% of the standard deviation. This decrease indicates a significant improvement in trading
performance and reduction in overconfidence of retail investors after the EDGAR implementation.

Baker, Larcker and Wang (2022) highlight potential bias in staggered diff-in-diff analyses

when earlier-treated units act as controls for later-treated units. To address this issue, we perform



a stacked diff-in-diff analysis, following Cengiz, Dube, Lindner and Zipperer (2019). The goal of
stacked diff-in-diff analysis is to generate event-specific 2 X 2 datasets, which are then stacked. In
each event-specific dataset, the control units are the not-yet-treated observations. The stacked dift-
in-diff analysis estimates an aggregated treatment effect that does not suffer from the bias caused
by the potentially problematic control groups in the staggered diff-in-diff analysis. The baseline
results continue to hold in our stacked diff-in-diff analysis.

To further support that the reduction in overconfidence is related to the reduction in
information acquisition costs and increase in information set, we conduct a subsample analysis by
dividing the full sample based on the level of information asymmetry for each firm. As retail
investors have an information-access disadvantage relative to institutional investors, we expect
that the impact of reduced information acquisition costs is more pronounced for retail investors’
trades involving stocks with high information asymmetry. We split the sample equally based on
firm age and, separately, based on book-to-market equity. Studies suggest that young firms and
growth firms (proxied by the inverse measure of book-to-market ratios) are more likely than their
counterparts to exhibit high information asymmetry (Zhang, 2006; Gao and Liang, 2013) .The
analysis reveals that the reduction in overconfidence following the EDGAR implementation is
primarily observed for young and growth firms. These findings align with the argument that the
decrease in retail investor overconfidence is related to the decrease in information acquisition costs
resulting from the EDGAR implementation. With decreased costs and improved access to
fundamental information, retail investors may find it more difficult to generate coherent
expectations regarding the stock value that is perceived to be highly precise, leading to a reduction
in overconfidence.

The conclusion is supported by several robustness tests. First, we remove the first
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implementation phase from our sample and repeat the baseline analysis. According to SEC Release
No. 33-6977, some firms volunteered to participate in the first implementation phase. Therefore,
these firms may not be as randomized as those in the other nine phases, as is required for the
staggered dift-in-diff analysis. After removing firms in the first phase, the results remain consistent,
indicating a decrease in overconfidence following the EDGAR implementation. These results
suggest that the impact of the EDGAR implementation on reducing overconfidence is not solely
driven by the firms in the first phase, which strengthens the validity of findings.

Second, we conduct the pre-event parallel trend and falsification tests using the artificial
implementation dates two years earlier and two years later, respectively, than the actual
implementation dates. If the decrease in overconfidence is related to the decrease in the
information acquisition cost from the EAGAR implementation, we should not observe significant
decreases in behavioral bias if we use these pseudo-events. We find no significant decreases in
overconfidence around these two sets of artificial EDGAR implementation dates, indicating that
the main findings are robust to the pre-trend assumption and falsification test. Third, we examine
each EDGAR implementation phase separately and find overconfidence decreases in all phases.
This finding indicates that the decrease in overconfidence after the EDGAR implementation in the
main analysis is not driven by a particular phase.

This paper contributes to the literature on the mechanisms of overconfidence. Early studies
explore the impacts of overconfidence in terms of trading activities. Barber and Odean (2000)
show that overconfidence can explain the high trading level and the resulting poor performance of
individual investors. Barber and Odean (2015) later provide the supporting evidence that
overconfidence can explain the increase in trading and reduction in performance of online

investors. However, there is limited empirical evidence on the determinants of overconfident
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trading in terms of external information environment. Our findings, which suggest that decreased
information acquisition costs reduce retail investors’ overconfidence, provide empirical evidence
of the relation between information and overconfidence as discussed by Kahneman (2011) in the
context of investment. Our findings support the argument that with access to more fundamental
information, retail investors decrease their overconfidence when making investment decisions, as
they are less likely to construct highly coherent but false estimations of stock value.

Our study also relates to the literature on the effect of EDGAR implementation on the
behaviors of market participants and market outcomes. Gao and Huang (2020) find that the
EDGAR implementation significantly increases the efficiency of information production by sell-
side analysts and retail investors, facilitating broader information dissemination.® Kim, Ivkovich
and Muravyev (2021) present evidence of a causal relation between information costs and stock
anomalies related to accounting information. They show that the average alphas of 125 accounting
anomalies decrease significantly after companies disclose their financial information digitally
through the EDGAR system. However, no such decrease occurs for non-accounting anomalies.
Chang, Hsiao, Ljungqvist and Tseng (2022) focus on disagreement and find that the EDGAR
implementation helps reduce disagreement around earnings announcement dates and reduces stock
price crash risk. Goldstein, Yang and Zuo (2023) examine the economic impact of the EDGAR
implementation as an introduction of modern information technology into financial markets. They
argue that such a broader dissemination of information decreases the cost of capital and increases
equity fundraising and investment but reduces managerial learning from stock prices.

The remainder of this chapter is organized as follows. Section 1.2 introduces the background

of the EDGAR system and reviews the related literature. Section 1.3 discusses the data and

® Chang, Ljungqvist and Tseng (2023) show that after the EDGAR implementation, analysts significantly reduce
coverage and issue less optimistic, more accurate, less bold, and less informative forecasts.
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measures of the variables. Section 1.4 presents the main analysis of the overconfidence of retail

investors. Section 1.5 describes the robustness analyses, and Section 1.6 concludes this chapter.

1.2 EDGAR system and retail investors

In this section, we briefly discuss the background of the EDGAR system, the association
between the EDGAR system and information acquisition costs, and the design of the staggered

implementation.

1.2.1 The EDGAR system and information acquisition of retail investors

In the early 1990s, the SEC wanted to use modern information technology to improve the
efficiency of firms’ information disclosure and did so by introducing the EDGAR system. This
online system requires public firms to digitally disclose their financial statements for market
participants to access and download for free, substantially reducing information acquisition costs.

Before the EDGAR system was introduced, both the disclosure and the acquisition of firms’
financial statements through the SEC were inefficient. U.S. public firms submitted paper copies of
their financial statements to the SEC by mail or by person. After being reviewed by the SEC, those
paper copies were stored in public reference rooms in Washington D.C., New York, and Chicago.
Due to the limited number of paper copies of these financial statements, usually only one or two
per location, and restrictions on how many files could a person check out, only one company’s
documents could be inspected at a time. As a result, it was time-consuming or even impossible for
investors, especially retail investors, to acquire the information in the financial statements in a
timely manner.

Alternatively, retail investors could request paper copies of a company’s financial statements

by mail directly from the company. However, postal delivery can take a long time. In addition, it
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is not easy for investors to compare the financial statements of multiple public companies to make
investment decisions.

The implementation of the EDGAR system revolutionized firms’ information dissemination,
bringing it into the digital age and significantly reducing information acquisition costs for investors,
particularly retail investors. Through the EDGAR system, retail investors now have instant and
free access to the financial information of all U.S. public firms. According to 58 F.R. 14628 (March
18, 1993, page 14,640), “Generally, as noted in the Proposing Release, public filings will be
received, accepted and disseminated electronically on the same day.” As further confirmed by the
SEC’s annual report, investors can obtain “10K/Q and all other corporate filings instantly on home
computer screens” (Liu, 2019). Anecdotal evidence also suggests that retail investors use the
EDGAR to acquire information when the system was launched. The New York Time (1994) reports
“Investors Alliance, a personal-investment club in Fort Lauderdale, Florida, for example,
downloads the 10 megabytes or so of new SEC material posted daily on the Internet and makes it
available to users of its electronic bulletin board system. This saves individual members of the
alliance from having to seek out the data themselves.” Gao and Huang (2020) manually identify
the domain names of retail investors associated with the searches of the filings in the EDGAR
system during its implementation period and find that 24.45% of the total number of requests were

made by retail investors, which accounts for 31.39% of the total amount of data requested.

1.2.2 The staggered EDGAR implementation

The EDGAR implementation occurred in ten phases, with the SEC randomly assigning all
U.S. public firms to different phases. All firms in each phase were required to submit their filings
to the SEC during the same period. After a pilot period in which some companies voluntarily
disclosed their financial statements through EDGAR, the implementation process took three years,
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from 1993 to 1996. According to Appendix A of SEC Release No. 33-6977 (February 23, 1993),
firms in the first phase (Group CF-01) had to meet the electronic filing requirements in April 1993,
and firms in the last phase (Group CF-10) were required to file in May 1996. Starting in January
1994, thanks to the Internet Multicasting Service and New York University, retail investors can
acquire the disclosures in EDGAR for free. We obtain the detailed EDGAR implementation phase-
in schedule from Appendix B of SEC Release No. 33-6977.

Table 1.1 presents the timetable of the EDGAR system’s implementation, including the
implementation and effective time that we use in our empirical analysis. We follow the literature
and conservatively set the effective time as two quarters after the implementation time in the SEC
Release, on the assumption that investors must wait one quarter after a firm joins the EDGAR
system for its most recent financial statements to become available online. For example, the
implementation date for the first phase was April 26, 1993. This is the date that the firms in the
first phase began filing their financial disclosures via EDGAR. At the beginning of the next quarter,
1993Q3, all firms in phase one should have completed the filing process to disclose their financial
statements through EDGAR. Therefore, the earliest time that investors could access quarterly
financial reports for 1993Q3 is 1993Q4.

[Insert Table 1.1 here]

1.3 Data and measures of the variables

In this section, we discuss the sample selection process. In addition, we describe measures

of overconfidence and control variables.

1.3.1 Sample selection

To estimate how retail investors’ trading behaviors are affected by the EDGAR
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implementation, we use the January 1991 to December 1996 trading data of 77,037 unique investor

accounts with a major U.S. discount brokerage house. This dataset was introduced by Odean (1998)
and later used by others to broadly examine retail investors’ trading behaviors, such as

overconfidence and disposition effect.” It includes records of all trades made through the discount

brokerage house from 1991 to 1996. Each record contains an account identifier, the brokerage

house’s internal number for the security traded, a trade date, a buy-sell indicator, the quantity

traded, the price, and the security’s CUSIP number. Among the securities held and traded in the

sample, we only select those that are common equities of U.S. corporations with a share class of
10 or 11 that are listed on the New York Exchange, American Stock Exchange, or Nasdaq Stock

Market-National Market system with an exchange code of 1, 2, or 3.

When measuring trading behaviors that suggest behavioral biases, we follow the literature
and discard potential short-sale transactions. We calculate the position of every security for each
investor using the transaction data for the period after each trade. If investor B holds a negative
position in stock A, we discard all of investor B’s trades of stock A because of the ambiguity of
negative positions. A negative cumulative share position means that an investor either opened that
position before the start of the sample period and closed it during the sample period or short-sold
the stock (Ben-David and Hirshleifer, 2012). The EDGAR implementation might have attracted
sophisticated investors who started buying and selling stocks once they could acquire firms’
fundamental information online, leading investor base change with EDGAR implementation. We
address this concern by selecting the retail investors who first bought stocks before the EDGAR
implementation to adjust the change in investor base during the sample period.

We obtain financial statement data from Compustat, stock price data from the Center for

7 See, for instance, Odean (1999), Barber and Odean (2000), Ben-David and Hirshleifer (2012), An (2016), Gao and
Huang (2020).
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Research in Security Prices (CRSP), and analyst coverage data from the Institutional Brokers’

Estimate System (I/B/E/S).

1.3.2 Measuring overconfidence

One major manifestation of overconfidence is the overestimation of the precision of
information about the value of financial assets. Odean (1998) finds that overconfidence increases
the expected trading volume and market depth but decreases the expected utility of overconfident
traders. The models of Daniel, Hirshleifer and Subrahmanyam (1998), Odean (1998), Gervais and
Odean (2001) and Scheinkman and Xiong (2003) show that as overconfidence increases, traders
increasingly weigh their own signals more heavily than those of others when calculating their
posterior beliefs. Therefore, their posterior beliefs are more dispersed, suggesting that
overconfident investors trade more than other investors. Statman, Thorley and Vorkink (2006)
empirically show that overconfidence explains high trading volume. In the international setting,
Chui, Titman and Wei (2010) argue that investors from countries with more individualistic cultures
tend to be more overconfident, and they provide empirical evidence that individualism is
associated with trading volume.

We therefore follow these studies and use three variables related to trading activities of retail
investors to measure overconfidence. The first is share trading volume (7O), which represents the
number of shares traded by retail investors in our sample, calculated as the natural logarithm of
one plus the sum of shares traded (in thousands) in a quarter for the stocks that are traded at least
once by the retail investors in our sample. The second is dollar volume (D VO), which is calculated
as the natural logarithm of one plus the sum of dollar volume traded (in thousand dollars) in a
quarter. The third is trading frequency (Freq), which is the natural logarithm of one plus the sum
of number of trades for each stock in a quarter. If a stock is not traded by any retail investors in a
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quarter, the three trading-related measures are zero. We aggregate each of these three measures at
the stock-quarter level.

Investors who are overconfident about the quality of information or their ability to process it
tend to make systematic mistakes, as discussed by Odean (1999). It is likely that the stocks sold
by overconfident investors will systematically outperform the stocks they purchase in a significant
manner. Following this idea, Kumar (2009) measures the investors’ overconfidence by measuring
the difference between the mean return following the sell trades and the mean return following the
purchase trades at the end of each year. This study finds that the performance difference tends to
be larger when there is higher valuation uncertainty in stocks, indicating a greater degree of
overconfidence.

To capture the overconfidence of retail investors, we also estimate the post-trade performance
of stocks following Kumar (2009). We calculate the 30-day post-trade sell-buy return differential

(PTSBD) as the proxy for overconfidence as follows,

Z?Izl PTSBD; ;;

PTSBD;, = , (1.1)
' N
where
t
PTSBD;;, = Z Pricejfif x Shr’tl X Ret;qi1,a+30
t szlh P h (1.2)
. urcnase urcnase
- Zd . Pricej; g X Shrj g X Ret; q+1,a+30-

Here PTSBD; ;  is the PTSBD for stock i traded by retail investor j in quarter ¢, whereas PTSBD; ;

represents the average PTSBD for stock i in quarter t. For each stock, we first calculate the 30-day
returns following sells and purchases separately from retail investors in our sample following Eq.

(1.2). Price[ 15" or Pricej’{y is the actual purchase or sell prices of stock i made by investor
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j on day d. If there are multiple purchases or sells of stock i by investor j on day d, we use the

average price of purchases or sells. S hrjﬁ"f{mase orS h?ﬁ‘fél is the number of shares purchased or

sold by investor j on stock i on day d. If there are multiple trades for stock i by investor j on day
d, we take the sum of the number of shares. Ret; 511 4+30 15 the cumulative excess return of stock
i in 30 days following the trade. With the performance measure estimated at the investor-stock
level, we then aggregate the performance at the stock level in each quarter following Eq. (1.1) and
winsorize it at the 1 and 99 percentile levels to eliminate the potential concerns from extreme

values.

1.3.3 Control variables

We include several control variables in the regression models. As the EDGAR system is
implemented approximately every quarter, the dependent variables are computed at the quarter
level for each stock. For the control variables that are computed monthly for individual stocks, we
use the last available monthly data for the quarter.

To control the impact of systematic risk on investor trading behaviors, we include the market
beta (Beta), firm size (Size), book-to-market equity (B/M), and momentum (MOM). Following
Fama and French (1992), we estimate Beta for each stock using its monthly returns over the
previous 60 months. Size is computed as the natural logarithm of the market value of equity,
calculated in million dollars. B/M is the natural logarithm of a firm’s book equity at the end of the
previous fiscal year, divided by the market value of equity at the end of December of the previous
year.

We also control for the valuation uncertainty of stocks, as measured by trading volume

turnover (Turnover) and stock idiosyncratic volatility (/VOL), following Kumar (2009), who
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argues that the behavior bias is stronger when valuation uncertainty is greater. Turnover is
measured as the daily average number of shares traded in a quarter divided by the number of shares
outstanding, expressed as a percentage. We divide the number of shares traded by 2 for Nasdaq
stocks to address the double counting issue following Gao and Ritter (2010). Following Ang,
Hodrick, Xing and Zhang (2006), monthly stock idiosyncratic volatility is computed as the
standard deviation of the daily residuals in a month from the Fama and French (1993) three-factor
model. As suggested by Kumar (2009), we include control variables that may affect investors’
overconfidence. Firms listed on the Nasdaq stock exchange (Nasdagq dummy = 1) and those not
paying dividends (Dividend dummy = 0) may be more growth-oriented, which may affect investors’
overconfidence and trading behavior. Therefore, we include indicators for the stock exchange in
the previous month and whether a firm pays dividends in the previous fiscal year. Analyst coverage
(ACov) calculated as the natural logarithm of one plus the average number of analysts covering a
stock in each quarter, and institutional holdings (/NST) measured as the natural logarithm of one
plus the institutional ownership scaled by the outstanding shares in each quarter, are also controlled
because they are related to the information environments and may affect behavioral biases. Bid-
ask spread (Bid-ask spread), calculated as the average daily closing bid-ask spread in each month
for each stock in percentage, is included to control for the potential relation between microstructure
effects and behavioral bias. Daily bid—ask spreads in the highest 1% tail of the distribution are
eliminated for potential measurement errors.

Summary statistics of control variables and variables of interest are presented in Table 1.2
The mean trading volume (VO) is 0.84, that is, approximately 1,300 shares per quarter, which is
small compared to the total trading volume of stocks because we only capture the number of shares

traded by retail investors in our sample. The mean dollar volume (DVO) is 2.09 which is around
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7,000 dollars trade by retail investors in a quarter for each stock. On average, each stock is traded
1.16 times in a quarter by retail investors. The mean of post-trade sell-buy return differential
(PTSBD) is -12.3, indicating that the dollar amount earned in 30 days following the sells is 12.3
dollars less than the dollar amount earned in 30 days following the purchases. The median of the
Post dummy variable is 0, and its mean is 0.36 because the EDGAR implementation started two
years after the beginning of our sample period and occurred in phases. The mean Beta of the stocks
in the sample is 1.07. The natural logarithm of the market value of the stocks in million dollars
(Size) is 5.01. The stocks traded by retail investors in our sample have an average market value
slightly higher than that of the common shares listed on the three major exchanges (Size = 4.5)
during the same period. The mean and median percentage returns for the preceding 11 months
(MOM) are 9% and 10%, respectively. The mean of the natural logarithm of the book-to-market-
equity ratios of the firms in our sample is -0.58, suggesting that on average the book value is less
than the market value of equity. The mean and median price of the stock per share are 19.12 and
14.5, respectively.
[Insert Table 1.2 here]

Of the stocks in our sample, 51% pay dividends and 55% are listed on the Nasdaq stock
exchange. The mean turnover is 0.27, indicating that on average, 0.27% of the outstanding shares
of the firms in our sample change hands in a day. The mean of institutional ownership is 0.09,
showing that the average percentage of shares held by institutional investors is 9%. The
distribution of institutional ownership is positively skewed. The mean of analyst coverage is 0.84,
suggesting that the average number of analysts following the stocks in our sample is 1.32. The
average daily bid—ask spread is 4.26%. The average idiosyncratic volatility of the stocks in the

sample is 2.93% per day. The average firm age (4ge) measured as the number of years since the
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firm was first covered by the CRSP, is 15.98 years. In the following analysis, we use firm age to

measure the degree of information asymmetry.

1.4 Empirical analysis

The EDGAR system provides an online platform for investors to access and download
company financial information, thereby decreasing information acquisition costs. In this section,
we use the staggered EDGAR implementation and transaction data of retail investors to examine

the effect of the EDGAR implementation on retail investors’ overconfidence.

1.4.1 Main results

In this section, we examine how the EDGAR implementation affects retail investors’
overconfidence. EDGAR implementation reduces the acquisition costs of fundamental
information for the general public, including retail investors. Through direct access to EDGAR
over the Internet, individuals can obtain timely financial data. Kahneman (2011) states that
overconfidence is determined by the coherence of the story one has constructed and it is easier to
construct a coherent story when one has limited information. Therefore, we expect that
overconfidence will decrease as retail investors gain more information about a firm’s fundamentals.
With more available information, the coherence of investors’ expectations is likely to decrease.

To examine how the EDGAR implementation affects the overconfidence, we employ a
staggered diff-in-diff analysis using the following OLS regression specification:

Yie = B1 X Postie + B2 X Xipeq + Vi +pr + €, (1.3)

where V; ; captures aggregate trading activities of stock i in quarter t. We use three measures for

Y; ¢, trading volume (¥O), dollar volume (DVO) and trading frequency (Freq). A decrease in each

of the three measures indicates a reduction in overconfidence. Post is a dummy variable that
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equals 1 if quarter ¢ is in or after the effective year-quarter of the EDGAR implementation for firm
i and zero otherwise. X; represents a set of control variables. We include firm fixed effects (y;) to
control for time-invariant differences in overconfidence across firms. We also include year-quarter
fixed effects (p;) to control for the effect of economy-wide shocks on overconfidence. To address
time-series and cross-sectional correlation in the residuals, we cluster the standard errors by stock
and year-quarter.

Table 1.3 presents the regression results of Eq. (1.3). We find consistent regression results
across all three measures of trading activities. Columns (1) and (2) show the coefficients and
corresponding z-statistics when the dependent variable is the trading volume (VO). The coefficient
on Post is -0.087 with a z-statistics of -4.35 in column (1). After controlling the relevant variables
that could affect the overconfidence following previous literature, the coefficient, as shown in
column (2) becomes -0.097 (z-stat =-5.18). In the economic terms, the coefficients on Post in
columns (1) and (2) indicate a decrease in trading volume by 7.76% and 8.66% of its standard
deviation, respectively, after firms join the EDGAR system, without and with control variables
considered. Columns (3) and (4) show the coefficients and corresponding z-statistics when the
dependent variable is the dollar volume (DVO). The coefficient on Post is -0.125 and -0.149, with
t-statistics of -3.76 and -4.87, respectively. These coefficients show a decrease in DVO by 5.53%
and 6.59% of its standard deviation after the EDGAR implementation. Similarly, we observe a
decrease in trading frequency (Freq) by 7.65% and 8.71% of its standard deviation (columns 5 and
6), which is statistically significant at the 1% level. These negative coefficients indicate a
statistically and economically significant reduction in overconfidence, as measured by trading
activities, after firms join the EDGAR system and their financial information becomes available

online.
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[Insert Table 1.3 here]

Recent studies suggest that the empirical results of our staggered diff-in-diff analysis could
be subject to bias due to problematic control groups (Baker, Larcker and Wang, 2022). Specifically,
the coefficient on the dummy variable Post is the variance-weighted average of the estimates for
each implementation phase from the OLS regression. One concern highlighted in the literature is
that the treatment effect observed in earlier implementation phases may not be solely indicative of
the overall treatment effect. Instead, it may reflect changes in the effect over time. This issue raises
the possibility that the coefficient on Post in Eq. (1.3) captures differences in the treatment effect
among different implementation phases rather than solely representing the overall treatment effect.

To address the potential concern regarding changes in treatment effects over time, one
approach is to employ a stacked regression, as suggested by Cengiz, Dube, Lindner and Zipperer
(2019) and Baker, Larcker and Wang (2022). The goal of a stacked diff-in-diff regression is to
create a “clean” 2 X 2 dataset for each implementation phase. In each dataset, the treatment firms
are those that are treated in a certain phase, while the control firms are not yet treated at the end of
the relevant window (Cengiz, Dube, Lindner and Zipperer, 2019) al 2019). For each EDGAR
implementation phase, we define the treated firms in the event-quarter window [-5, 5], where
quarter 0 represents the EDGAR implementation quarter. Take the first implementation phase as
an example. Since phase one’s effective treatment date is 1993Q4, the window begins in 1992Q3
and ends in 1995Q1. In this case, the control group consists of firms in phases 6 through 10. The
not-yet-treated firms in the first window are those in phases 6-10, as the earliest effective treatment
date for phase 6 (1995Q2) occurs after the end of the window (1995Q1). Consequently, the
treatment firms are those in phase one. To select the control firms, we employ the nearest-neighbor

propensity score matching method, matching equity market capitalization (in levels and logs) by
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quarter, following Chang, Hsiao, Ljungqvist and Tseng (2022). We then generate the clean 2 X 2
event sample for the first six implementation phases during the 10 quarter-event windows around
the effective date of each phase. However, since the transaction dataset ends in the treatment
quarter of the last implementation phase, the last four implementation phases lack not-yet-treated
control firms. Consequently, after stacking the dataset for each phase, our stacked dataset includes
treatment effects for only the first six implementation phases.
We modify Eq. (1.3) and run the following regression on this stacked dataset:
Yie = B1 X Postie + B2 X Xip—1 +Vip + pep + € (1.4)
where y; ,, and p; ,, denote the firm and year-quarter fixed effects for implementation phase (p),
which are defined as the interactions between the phase and firm dummies and between the phase
and year-quarter dummies, respectively.
Table 1.4 presents the regression results for Eq. (1.4) using the stacked diff-in-diff analysis.
The analysis results consistently confirm the findings obtained from the staggered diff-in-diff
regressions. The dependent variables are trading volume, dollar volume, and trading frequency.
Columns (1) and (2) of Table 1.4 show the coefficients and corresponding #-statistics when the
dependent variable is trading volume (¥O). The coefficient on Post is -0.144 with the #-statistic of
-4.60 in column (1). After controlling the variables that could affect the overconfidence following
previous literature, the coefficient, as shown in column (2), becomes -0.138 (#-stat = -4.80). The
coefficients on Post without and with control variables indicate an average decrease in trading
volume by 12.9% and 12.3% of its standard deviations after firms join the EDGAR system,
respectively. Columns (3) and (4) show the coefficients and #-statistics when the dependent
variable is dollar volume (DVO). The coefticient on Post is -0.192 and -0.206 with z-statistics of

-3.49 and -4.38, respectively, indicating on average dollar volume decreases by around 8.5% and
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9.1% of its the standard deviation after the EDGAR implementation. Furthermore, trading
frequency significantly decreases by 9.9% and 10.2% of its standard deviation as shown in
columns (5) and (6), respectively. Overall, these results from the stacked diff-in-diff analysis are
consistent with the findings from the staggered diff-in-diff regressions, confirming the robustness
of our results. In conclusion, we find that the implementation of EDGAR helps decrease
overconfidence among retail investors®.

[Insert Table 1.4 here]

1.4.2 Heterogeneity in the effects of the EDGAR implementation

To better understand how the implementation of EDGAR reduces retail investors’
overconfidence, we revisit our main analysis using different subsamples. As the EDGAR
implementation decreases information acquisition costs and enhances the availability of firms’
financial data, the decrease in trading activities after a firm’s inclusion in EDGAR may be
attributed to the increased availability of fundamental information about companies, which retail
investors can use in forming their estimation of stock performance. With more financial data, retail
investors may find it more challenging to construct a coherent narrative that aligns with their
estimation using available fundamental information. This increased availability of information
may, in turn, reduce overconfidence when making investment decisions. Therefore, we expect that
the effect of the EDGAR implementation on overconfidence is stronger for firms with higher
information asymmetry.

We use firm age (Age) and book-to-market equity (B/M) as proxies for information

8 As institutional investors have access to the EDGAR information, retail investors may see themselves as
disadvantaged in obtaining and analyzing the more comprehensive information available to sophisticated institutional
investors. This perception could potentially reduce their overconfidence. In untabulated results, we find significant
results that the overconfidence of retail investors decreases more when stocks are held by a larger number of
institutional investors, presenting a potential solution to this concern.
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asymmetry. Barry and Brown (1985) argue that the longer a firm has been listed on the stock
market, the more information is available about it. Firm age, which is defined as the number of
years since the firm was first covered by the CRSP, is used as an inverse proxy for information
asymmetry in the literature (Leary and Roberts, 2010; Maskara and Mullineaux, 2011). Gao and
Liang (2013) provide theoretical support for the argument that growth firms are endogenously
opaquer than value firms. Holding all else constant, growth firms disclose less information than
value firms and, therefore, have greater information asymmetry.

We separately split our sample into two equal subsamples based on firm age and book-to-
market ratio. Firms that are younger (older) than the median in our sample are classified as young
(old) firms, and those that have a higher (lower) book-to-market ratio than the median are classified
as growth (value) firms. If the EDGAR implementation reduces retail investors’ overconfidence
by increasing the availability of firms’ fundamental information, we expect the effect to be stronger
among young and growth firms, which have high information asymmetry.

To test our predictions, we repeat our baseline analysis and the stacked diff-in-diff analysis
using the subsamples. Table 1.5 shows the results for the young and old companies separately.
Panel A presents the regression results with trading volume as the dependent variable. The first
four columns (columns (1) to (4)) show the regression coefficients and corresponding #-statistics
for young firms and the last four columns (columns (5) to (8)) for the old firms. We run both
baseline staggered diff-in-diff regressions and stacked diff-in-diff regressions. We find that the
effect of the EDGAR implementation on trading volume is more pronounced for young firms than
for old firms. In baseline regressions, the coefficient on Post is -0.114 in column (1) and -0.037
in column (5) with #- statistics of -4.05 and -1.43, respectively. The results indicate a significant

decrease in trading volume by 10.4% of its standard deviation for young firms after the EDGAR
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implementation at the 1% level, whereas the effect is statistically nonsignificant for old firms
(3.2%). The difference between these two coefficients is also statistically significant, as indicated
by the p-value of 0 in the last two rows of Panel A. After including control variables, the
coefficients on Post are statistically significant for both young and old firms at the 1% level for
young firms and the 10% level for old firms. Furthermore, with control variables in columns (2)
and (6), trading volume decreases by around 11.4% of its standard deviation for young firms after
the EDGAR implementation but only decreases by 4.1% for old firms. The difference between the
two groups is statistically significant, indicating a larger trading volume decrease for young firms
compared to old firms following the EDGAR implementation. We also find consistent results when
using the stacked diff-in-diff regression as shown in columns (3), (4), (7) and (8). The coefficients
on Post are statistically significant for young firms at -0.125 and -0.116, whereas nonsignificant
for old firms.
[Insert Table 1.5 here]

Panels B of Table 1.5 presents the regression results with dollar volume as the dependent
variable. The results in general are consistent with the findings from the trading volume regressions
in that the effects are more pronounced for young firms than old firms, especially for the staggered
diff-in-diff regressions. For instance, the coefficient on Post is -0.189 (#-stat = -4.67) in column
(2) for young firms and -0.088 (z-stat = -1.85) in column (6) for old firms and the difference in
coefficients is statistically significant at the 1% level. Although the results are weaker in the
stacked diff-in-diff regression, the overall pattern suggests a greater decline in dollar volume for
young firms than the old firms following the EDGAR implementation. For trading frequency
(Freq), reported in Panel C the coefficients on Post are significant and negative for both staggered

and stacked dift-in-diff regressions for young firms as shown as shown in the columns (1) — (4).

28



In contrast, three coefficients on Post are statistically nonsignificant for old firms as shown in
columns (5), (7), and (8), and only significant at the 10% level for the staggered diff-in-diff
regression with control variables as shown in column (6). On average, trading frequency decreases
by around 10% of its standard deviation for young firms as shown in column (1) and 3.7% for old
firms in column (5), which is nonsignificant (¢-stat = -1.63).

Overall, the findings in Table 1.5 support our prediction that the impact of the EDGAR
implementation on overconfidence measured by trading volume, dollar trading volume, and
trading frequency is stronger for firms with higher information asymmetry measured by firm age.

We further test the effect of the EDGAR implementation on investors’ overconfidence for
growth versus value firms. The regression results of the staggered and stacked diff-in-diff
approaches are reported in Table 1.6. Panel A presents the results with trading volume as the
dependent variable. In columns (1), (2), (5), and (6), we present the staggered diff-in-diff
regression results of Eq. (1.3), while columns (3), (4), (7), and (8) display the stacked dift-in-diff
regression results of Eq. (1.4). For growth firms, the regression results indicate a decrease in
trading volume by approximately 7.6% and 14.7% of its standard deviation in the staggered and
stacked diff-in-diff regressions, respectively, as shown in columns (1) and (3). On the other hand,
for value firms, the decrease in trading volume is smaller by around 7% and 5.7% of its standard
deviation, as displayed in columns (5) and (7). Additionally, the differences between the
coefficients for growth and value firms are statistically significant.

[Insert Table 1.6 here]

Panels B and C of Table 1.6 present the regression results when the dependent variables are

dollar volume and trading frequency, respectively. In Panel B, when no control variables are

included, the decrease in dollar volume is around 5.6% of its standard deviation for growth firms
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and 5.5% for value firms using the staggered diff-in-diff regression. However, the difference
between the two coefficients is not statistically significant. When control variables are added, the
decrease in dollar volume for growth firms is significantly larger than that for value firms, as
shown in column (2). In the stacked diff-in-diff regression, we observe that the decrease in dollar
volume is more pronounced for growth firms compared to value firms. The difference between the
coefficients is statistically significant as indicated in columns (3) and (4). For example, the
decrease in dollar volume is approximately 11.4% of its standard deviation for growth firms (#-stat
= -3.08) in column (3), whereas it is 3.3% for value firms in Column (7) and not statistically
significant. These findings suggest that the EDGAR implementation has a larger impact on
reducing dollar volume for growth firms compared to value firms. We find consistent results for
trading frequency in Panel C. The decrease in trading frequency is around 8.7% of its standard
deviation (z-stat = -3.59) for growth firms and 6.2% (z-stat = -3.00) for value firms. The difference
in coefficients between growth and value firms is statistically significant.

In conclusion, our findings support the hypothesis that the EDGAR implementation leads to
a significant decrease in trading activities specifically for firms with high information asymmetry.
This decrease can be attributed to the reduced costs incurred by investors when acquiring

fundamental information about these firms.

1.4.3 Trading performance

In addition to analyzing trading activities, another way to measure investors’ overconfidence
is through their trading performance. Previous studies show that overconfident investors tend to
overestimate their ability to process information, leading to investment mistakes (Odean, 1999).
As a result, the stocks sold by overconfident investors are likely to systematically outperform the
stocks purchased by them. Kumar (2009) measures the overconfidence of investors using the
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difference between stock returns following sells and purchases in each year. Following this
measure, we calculate the post-trade sell-buy return differential (P7SBD) at the stock level in a
quarter using Eq. (1.1) and Eq. (1.2). PTSBD; ; captures the difference between returns for stock i
following sells and purchases of retail investors in quarter t. A larger (more positive) PTSBD; .
indicates that returns earned in 30 days following sells are higher than returns in 30 days following
purchases. We expect that investors’ overconfidence, measured by PTSBD, decreases on average
after the EDGAR implementation.

We run both baseline staggered and stacked diff-in-diff regressions using Eq. (1.3) and Eq.
(1.4) in which the dependent variable is PTSBD. Table 1.7 reports the regression coefficients and
corresponding #-statistics. Columns (1) and (2) of Table 1.7 present the regression results of Eq.
(1.3). In column (1), the coefficient on Post is -31.13, with a ¢-statistic of -2.42. After including
control variables that could affect investor overconfidence, the coefficient decreases to -26.14 as
shown in column (2) but remains significant at the 5% level (¢z-stat = 1.97). These negative
coefficients indicate a significant decrease in the difference between post-trade returns following
sells and purchases after the implementation of EDGAR. The coefficient on Post is also
economically meaningful. For example, the coefficient of -31.13 indicates that, on average, the
30-day post-trade dollar returns following sells relative to those following purchases in the same
quarter decrease by $31.13. Considering that the mean and standard deviation of PTSBD are -12.3
and 703.3, respectively, this decrease represents approximately 2.5 times of the mean and 4.4% of
the standard deviation of PTSBD after the EDGAR implementation. We find consistent results in
columns (3) and (4) using the stacked diff-in-diff regression. The corresponding coefficients on
Post are -69.88 and -73.24 for regression models with and without control variables, with ¢-

statistics of -2.11 and -2.24, respectively. In conclusion, our analysis demonstrates that the 30-day
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post-trade dollar returns following sells for retail investors decrease compared to those following
purchases after the implementation of the EDGAR system. This finding suggests a decrease in
overconfidence among retail investors.

[Insert Table 1.7 here]

1.5 Robustness checks

In this section, we conduct further analyses to check the robustness of our main results

regarding the impact of the EDGAR implementation on overconfidence of retail investors.

1.5.1 Excluding the first implementation phase

We exclude the firms that joined the EDGAR system in the first phase to address two
concerns. The first concern relates to our assumption that the implementation of EDGAR was
mandatory. Although the SEC planned to require all public companies to join the EDGAR platform,
the first phase included companies that voluntarily chose to participate in the EDGAR system
during its pilot period in the 1980s. Before the SEC began the mandatory EDGAR implementation
for all U.S. public firms, it called for volunteers to disclose their information online. These
voluntary companies were included in the first implementation phase, as recorded by SEC Release
No. 33-6977. Therefore, the firms in phase one may not have been randomly assigned to that phase
by the SEC, which conflicts with the randomized assignment assumption of the diff-in-diff analysis.

The second concern is related to the cost of acquiring financial statements using EDGAR. In
the year-quarter when the first phase became effective (1993Q4), investors had to pay fees to
access the financial statements available on EDGAR. Free access began on January 17, 1994, when
Internet Multicasting Service, a nonprofit organization, and New York University made EDGAR

filings available for free to Internet users (Liu, 2019; Gao and Huang, 2020). Therefore, the effect
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of the decrease in information acquisition costs may have been delayed because there was still a
significant cost to access firm filings on EDGAR during the first implementation phase in the
fourth quarter of 1993.

We address these two concerns by rerunning Eq. (1.3) and Eq. (1.4) with the firms in the first
phase removed from the sample. The results are shown in Table 1.8. In Panel A, we report the
regression results for the baseline staggered diff-in-diff analysis using Eq. (1.3). Panel B shows
the results for the stacked diff-in-diff regression using Eq. (1.4). Columns (1) to (6) of Table 1.8
present the regression results when the dependent variables are trading volume, dollar volume,
trading frequency and PTSBD. Across these columns, we consistently observe significantly
negative coefficients for these trading-related measures, indicating a decrease in trading volume
and frequency after the EDGAR implementation. In economic terms, all else being equal, trading
volume decreases by approximately 8.6% of its standard deviation, dollar volume by around 6.4%
of its standard deviation, and trading frequency by approximately 8.7% of its standard deviation
(as shown in columns (2), (4), and (6) in Panel A, respectively). Columns (7) and (8) show the
staggered regression results when the dependent variable is the PTSBD without and with controls,
respectively. The corresponding coefficients on Post are -33.06 and -27.69 with ¢-statistics of -
2.70 and -2.16. These coefficients indicate that, after the EDGAR implementation, the 30-day
dollar returns following sells relative to purchases decrease by $33.06 and $27.69, respectively.
The decrease in the former is approximately 2.69 times the mean and 4.7% of the standard
deviation of PTSBD.

[Insert Table 1.8 here]
Panel B of Table 1.8 presents the consistent results using the stacked diff-in-diff regressions.

In column (1), the results show that trading volume decreases by approximately 12.6% of its
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standard deviation following the EDGAR implementation. Similarly, in columns (3) and (5), dollar
volume and trading frequency decrease by 8.5% and 9.9% of their standard deviations, respectively,
with statistical significance at the 1% level. When examining the PTSBD as the dependent variable,
the coefficient on Post is -68.9 in column (7) without controls and -71.96 in column (8) with
controls, with z-statistics of -2.05 and -2.14, respectively. These coefficients indicate a $68.9 or
$68.9 decrease in the 30-day returns following sells relative to purchases after the EDGAR
implementation. The results remain consistent with our main finding that the increase in
information availability reduces the overconfidence of retail investors. Overall, the exclusion of
firms from the first phase of the EDGAR implementation does not alter our main results,
supporting the conclusion that increased information availability through the EDGAR system leads

to reduced overconfidence among retail investors.

1.5.2 Pre-event parallel trend assumption and falsification test

To ensure the parallel trend assumption required for the diff-in-diff analysis, we follow the
approach used by Gao and Huang (2020) and conduct tests using pseudo-event dates. The pseudo-
events are set to two years before the actual effective date of the EDGAR implementation.
Accordingly, the Post indicator is defined according to the pseudo-event dates. If quarter ¢ is after
the pseudo-event date, then Post equals one; otherwise, it equals zero. We discard the observations
if quarter t is after the actual event dates, meaning that none of the firms in this test actually join
the EDGAR system. We then rerun the baseline regression, Eq. (1.3), using the newly defined
Post indicator.

The results are shown in Panel A of Table 1.9. The coefficients on Post are nonsignificant
for all dependent variables, including trading volume, dollar volume, trading frequency, and

PTSBD. These findings indicate that there is no substantial decrease in overconfidence before the
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EDGAR implementation, supporting the parallel trend assumption required for the diff-in-diff
analysis.
[Insert Table 1.9 here]

In addition to using the pseudo-events preceding the actual EDGAR implementation to test
the pre-event parallel trend assumption, we also use the pseudo-events occurring two years after
the actual implementation dates to conduct the falsification test, following Gao and Huang (2020).
If the decrease in overconfidence is related to the decrease in information acquisition costs, we
would expect a nonsignificant decrease in overconfidence around the pseudo-events. The Post
indicator equals one if quarter t is after the pseudo-event date; otherwise, it equals zero. We discard
the observations if quarter t is before the actual event dates, indicating that all firms in this test
have already joined the EDGAR system. The results, presented in Panel B of Table 1.9, show no
significant decrease in trading volume and dollar value during the pseudo-event periods. We
observe a marginal increase in trading frequency after the artificial event times, significant at the
10% level without control variables in columns (5) and at the 5% level with controls in column
(6). For the PTSBD, we find nonsignificant increases in the coefficients on Post, supporting our
main results that the decrease in overconfidence can be explained by the decrease in information

acquisition costs resulting from the EDGAR implementation.

1.5.3 Diff-in-diff analysis by each implementation phase

To address concerns about the potential influence of specific phases of the EDGAR
implementation on the results of the staggered diff-in-diff analysis, we conducted a baseline
analysis for each phase. The results are presented in Table 1.10. In columns (1) and (2), we show
the regression results with trading volume as the dependent variable, both without and with control

variables. For firms in all first six phases, we find negative coefficients for the Post variable.
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However, the magnitude of the decrease in trading volume varies across the phases. Four out of
the six coefficients are statistically significant. In phases 2, 3, 4, and 5, the coefficients on Post
are -0.22,-0.20, -0.21, and -0.10, respectively, with corresponding -statistics of -2.54, -3.93, -3.94,
and -2.52. Columns (3) and (4) display the regression results when the dependent variable is dollar
volume and it is trading frequency in column (5) and (6). The negative coefficients indicate a
decrease in dollar volume and trading frequency for firms in all six phases, supporting our main
findings. For the PTSBD analysis, the regression results in each phase yield negative coefficients.
This suggests that overconfidence decreases after the EDGAR implementation. Notably, the
treatment effect appears stronger in phases 2 and 5, as indicated by the magnitudes of the
coefficients and their statistical significance levels. Taken together, these results indicate that the
observed decreases in retail investors’ overconfidence after the EDGAR implementation are not
driven by a specific implementation phase. The findings remain consistent across different phases,
supporting the robustness of our main conclusions.

[Insert Table 1.10 here]

1.6 Conclusion

We examine how information acquisition costs affect retail investors’ overconfidence using
the EDGAR implementation as an exogenous shock to information acquisition costs. Following
the EDGAR implementation, which mandated firms to transition from paper-based financial
disclosures to digital formats, retail investors could acquire firms’ financial statements online
without a fee. Consequently, the decrease in information acquisition costs provided retail investors
with greater access to fundamental information. With more financial data available, it becomes
more difficult for retail investors to construct a highly coherent but false story for making
investment decisions. To measure the overconfidence of retail investors, we analyze transaction
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data from a large U.S. brokerage during the period from 1991 to 1996. Using staggered diff-in-diff
analysis, we find that the overconfidence decreases substantially after the EDGAR implementation.
Our results are confirmed by a stacked diff-in-diff analysis, which avoids the potential estimation
bias caused by the heterogeneity between groups in the traditional staggered diff-in-dift analysis.
Our results remain unchanged after a battery of robustness checks.

To better understand the mechanisms underlying retail investors’ overconfidence, we divide
the sample according to firms’ information asymmetry. As retail investors are at a disadvantage in
accessing information about firms, especially those of firms with high information asymmetry, we
expect the EDGAR implementation to have a stronger effect on investors’ overconfidence in the
subsample of firms with high information asymmetry. We indeed find that the reduction in
overconfidence among investors after the EDGAR implementation is stronger for young firms and
growth firms, both of which exhibit high information asymmetry. In conclusion, this paper
provides direct evidence that the degree of overconfidence changes with the information set held
by investors, which adds to the understanding of the determinants of the overconfidence of retail

investors.
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Chapter 2 Earnings Guidance and Ex-ante Stock Price Crash Risk
2.1 Introduction

A large amount of accounting literature examines how stock price crash risk is determined
by earnings information released by firms. Theoretical models point out a predictive relation
between firms’ information environment and stock price crash risk (Jin and Myers, 2006; Bleck
and Liu, 2007). These models suggest that the likelihood of stock price crash is higher when the
information transparency regarding firm-specific negative news is limited’. Empirically, using the
realized skewness as the measure of stock price crash risk, studies find that there is a decrease in
stock price crash risk after the improvement of firms’ information environment (Hutton, Marcus
and Tehranian, 2009)'°.

Management guidance, as one of the earnings information disclosure channels, provides
around 55% of accounting-based information in explaining quarterly stock return variance (Beyer,
Cohen, Lys and Walther, 2010). Previous studies examine both managers’ incentives to provide
earnings forecasts and the market response to the forecasts!!. Through management guidance,
managers release their forecasts of firms’ future earnings to the public, reducing the information
asymmetry between insiders and outsiders and increasing firms’ information transparency (Coller
and Yohn, 1997; Chen, Matsumoto and Rajgopal, 2011).

We examine whether management guidance affects investors’ subjective stock price crash

® When opaque firms conceal negative earnings information, and insiders have limited capacity to absorb such
information, it leads to numerous negative outliers in the left tail of stock return distributions, which are identified as
stock price crash.

10 Kim, Wang, and Zhang (2019) state that less readable 10-K reports are associated with high stock price crash risk.
DeFond, Hung, Li and Li (2015) show that IFRS adoption decreases stock crash risk among nonfinancial firms if
firms have a poor information environment. Such a decrease in stock crash risk could be attributed to credible changes
in local GAAP after the IFRS adoption. Hsu, Wang and Whipple (2022) document that non-GAAP disclosure would
increase future realized stock crash risk. They explain this positive relation as the non-GAAP reporting may convey
optimistically biased information about firms’ future earnings.

' See representative studies including Patell (1976), Penman (1980), Baginski, Conrad and Hassell (1993), Skinner
(1994), Miller (2002), Hutton, Miller and Skinner (2003), and Rogers, Skinner and Van Buskirk (2009).
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risk in a short window. When managers disclose bad news, the probability of bad news
accumulation decreases, leading to a reduction of future stock price crash risk. Therefore, we
expect that investors’ subjective stock price crash risk will decrease once investors notice such
voluntarily disclosed bad news by managers. Releasing good news may also help decrease the
information asymmetry, but there are concerns regarding the truthfulness of the good news that
has been voluntarily disclosed through guidance. For instance, CEOs may make opportunistic
voluntary disclosure decisions to maximize their stock option compensation (Noe, 1999), trading
profits (Cheng and Lo, 2006) or to influence the sentiment-induced biases in investors’ expectation
(Bergman and Roychowdhury, 2008). In addition, Cotter, Tuna and Wysocki (2006) suggest that
managers use the earnings guidance to manipulate analyst forecasts. Given the evidence that
highlights investors’ concerns about the credibility of guidance for good news, we expect that there
is no significant decrease, or even an increase, in ex-ante stock price crash risk when managers
release their positive forecasts.

We use option data to measure investors’ perceptions of future stock price crash risk because
options, particularly out-of-the-money (OTM) options, provide a forward-looking measure of
market sentiment and expectations. The prices of these options reflect the collective beliefs and
risk assessments of market participants regarding future movements in the underlying stock price.
To capture investors’ concerns about potential crashes in stock price, we use option-implied
skewness as the proxy for investors’ expectations of downside risk, as it measures the asymmetry
of the implied distribution of future stock prices. When investors perceive a higher risk of
significant downward movements in the stock price, they typically demand higher premiums for
put options (which provide protection against declines) relative to call options. This demand

imbalance results in a skewed distribution, indicating heightened concern about downside risk.
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Using option data from 1996 to 2022, we compute ex-ante skewness and variance from OTM
options with various maturities and interpolate the implied skewness and variance to 30-, 60-, and
91-day maturities, following the methodology of Schneider, Wagner and Zechner (2020). The
skewness is defined as the sum of upper and lower skewness, corresponding to the positive and
negative parts of the distribution, capturing the risk-neutral skewness of returns. This ex-ante
skewness enables us to measure investors’ expectations of future stock price crash risk over these
time horizons and investigate how daily ex-ante skewness changes in the short period surrounding
the release date of management forecasts.

We first validate the implied ex-ante skewness measure. The results show that option-implied
skewness contains information about future realized stock price crash risk. The implied skewness
using options of available maturities interpolated to maturities of 30, 60, and 91 days can predict
the realized skewness in the future 30, 60, and 91 days, where the realized skewness is calculated
using daily stock returns, indicating the ex-ante skewness calculated from option data contains
information of future realized stock price crash risk.

Next, we examine the change in implied skewness as the reversed measure of investors’
subjective beliefs about crash risk around the disclosure date of management guidance. To ensure
the impact of earnings announcements does not confound our results, we specifically exclude
management guidance announcements made in conjunction with earnings announcements.'?> Our
findings reveal that, on average, the ex-ante skewness during the two days following the report

date of quarterly management guidance is significantly higher (i.e., less negative) than the ex-ante

12 We exclude the earnings announcements because previous studies show that implied volatility tends to increase in
the period leading up to the earnings announcement date and decrease thereafter as earnings announcements follow
predetermined schedule (Patell and Wolfson, 1979; Patell and Wolfson, 1981; Isakov and Pérignon, 2001; Rogers,
Skinner and Van Buskirk, 2009). Such pattern of implied volatility change may affect the implied skewness change
around the earnings announcements. Given that we use option-implied skewness as a measure of investors’ belief in
future stock price crash risk, the increase in implied skewness (or less negative skewness) could potentially be
attributed to the decrease in implied volatility following earnings announcements.
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skewness during the two days preceding the guidance disclosure. Since we use option-implied
skewness as a reversed measure of expected stock price crash risk, the increase in ex-ante skewness
after the disclosure management guidance indicates a decrease in investors’ expectations of stock
price crash risk.

Theoretical models suggest that the decrease in stock price crash risk after the firms’
information disclosure could be attributed to the disclosure of bad news. Models proposed by Jin
and Myers (2006) imply that managers have the incentive to hide or conceal bad news due to career
concerns. When accumulated bad news reaches a critical point and is released all at once, it can
trigger extreme stock price declines. Based on the model implication, we should expect to observe
a decrease in investors’ belief of future stock price crash risk concentrated around the management
guidance that releases bad news.

To examine this prediction, we categorize management guidance disclosures based on
whether firms report bad or good news. We use the “guidance code” variable provided by the
IBES management guidance database, which captures forecast earnings relative to analyst
consensus. According to the variable’s definition, we define bad (good) news where firms’
guidance is below (above) the mean of analysts’ estimates. Consistent with the theory, we find that
investors’ subjective stock price crash risk decreases after firms announce bad news. However,
when firms disclose good news, investors’ expected stock price crash risk increases, with a smaller
magnitude. This observation aligns with previous studies suggesting that bad news forecasts are
generally more informative than good news forecasts, with a larger market response (Hutton,

Miller and Skinner, 2003)"3. For the placebo event, we do not observe a significant change in ex-

13 It is possible that option traders are already aware of the news that may lead to poor (good) performance of firms
before the earnings guidance is publicly released. If this is the case, the increase (decrease) in ex-ante skewness
observed after the bad (good) news disclosure might be understated, as we conduct our analysis within a short window

41



ante skewness when analysts’ consensus falls within the expected forecast range reported by the
managers (neutral news).

The decrease in subjective stock price crash risk following bad news is related to the increase
in information transparency with a decreased probability of hiding the bad news. With a higher
level of informativeness in the management guidance disclosure, we expect a more pronounced
decrease in stock price crash risk. To proxy the level of informativeness, we use the periodicity of
the management forecasts and an indicator showing whether multiple guidance measures are
reported'*. Earnings forecasts for the next fiscal quarter are likely to provide more accurate
predictions than those for the next fiscal year due to the shorter forecasting horizon and the
availability of more current information. Additionally, having predictions for multiple accounting
variables in each management forecast press should provide more informative insights compared
to forecasts that contain predictions for only one variable. Using regression models with interaction
terms between bad news and level of informativeness, we find that the decrease in ex-ante crash
risk following bad news is more significant when quarterly forecasts or multiple guidance
measures are reported. However, we did not observe statistically significant impacts of the level
of informativeness on ex-ante crash risk following good news or neutral news. This implies that
there may be alternative explanations for the increase in ex-ante crash risk following good news.

Next, we investigate the underlying mechanisms that explain the opposite changes in ex-
ante skewness observed following the disclosure of bad news versus good news. The decrease in
subjective stock price crash risk after the bad news disclosure can be attributed to the decrease in

information asymmetry (Bleck and Liu, 2007). With more bad news disclosed by managers and

(2 days before and 2 days after the earnings guidance). The real changes in investors’ expectations of downside (upside)
risk might be more pronounced than what our results suggest.

14 The guidance measure includes sales, return on equity, return on assets, pretax income, net income, gross margin,
earnings per share, EBITDA, dividends per shares and capital expenditure.
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less hidden, the probability of accumulating undisclosed bad news decreases, leading to less
extreme stock price drops in the future when the hidden bad news is eventually uncovered. If the
decrease in subjective stock price crash risk is attributed to the decrease in information asymmetry,
we should expect to observe a larger decrease for firms with high information asymmetry. By using
the number of analyst coverage as a proxy for information asymmetry, we find that investors’
perceived crash risk decreases more among firms with lower analyst coverage. The result indicates
that the decrease in information asymmetry can potentially explain the decrease in ex-ante stock
price crash risk after the bad news disclosure of management guidance.

For good news disclosure, the increase in investors’ belief of future stock price crash could
be explained by the agency problem. The agency model proposed by Hermalin and Weisbach
(2012) implies that managers might disclose biased information based on their career concerns,
distorting investors’ perception of firm value. Earnings guidance, as a voluntary disclosure, can be
used opportunistically by managers to generate biased expectation for their own benefits (Rogers
and Stocken, 2005; Cheng and Lo, 2006). Releasing good news may be a strategy used by
managers to hide bad news to gain short-term benefits. However, stockholders may sue when there
is a large decline in stock price on earnings announcement day if managers fail to promptly disclose
bad news promptly. Previous studies find that one of the reasons for managers to voluntarily
disclose bad news is the fear of litigation risk (Skinner, 1994; Skinner, 1997). Cheng and Lo (2006)
also find that managers selectively exploit voluntary disclosure opportunities to maximize their
trading profit when litigation risk is sufficiently low. We investigate whether the changes in ex-
ante skewness vary systematically with the firms’ litigation risk. Investors may expect a higher
future stock price crash risk when they suspect that the good news announced by managers is a

tool to hide bad news. When litigation risk is higher, managers are less likely to disclose good
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news opportunistically, making the good news more credible. We find that the increase in expected
stock price crash risk following good earnings news guidance becomes smaller for firms with
higher litigation risk, indicating that the increase in expected stock price crash risk following good
earnings news guidance could be attributed to weak credibility of good news disclosures.

Furthermore, we investigate whether the change in investors’ belief in future stock price
crash risk around the disclosure of management guidance can predict future realized stock price
crash. We find that the decrease in ex-ante stock price crash risk, which reflects expectations for
the next 30 days, can predict realized stock price crashes in the next month, controlling for the past
levels of ex-post and ex-ante stock price crash risk. However, we do not observe statistically
significant predictive power from the change in expectations for the next 60 and 91 days.

Our paper contributes to the studies related to earnings information opacity and stock price
crash risk. The majority of previous studies use the realized stock price crash following Chen,
Hong and Stein (2001), which is an ex-post measure and commonly requires one-year weekly
stock returns for estimation. Consequently, previous studies focus on how changes in the stock
price crash in the current year could be affected by the changes in firms’ information environment
in previous year. Empirical evidence suggests that if firms have a higher tendency to hide negative
earnings news and have low information transparency, stock price crash risk will be larger in the
future (Kim, Wang and Zhang, 2019; Li and Zhan, 2019). However, little empirical evidence shows
how ex-ante skewness changes in a short window around firms’ disclosure of earnings

information.'> Our paper contributes to this topic by providing empirical evidence using ex-ante

15 A few studies use the ex-ante annual skewness as the measure of stock price crash risk. Kim and Zhang (2014) and
Kim, Li, Lu and Yu (2016) use the option-implied volatility smirk, which is calculated as the difference between the
implied volatility of an out-of-the-money (OTM) put option and that of an at-the-money (ATM) call option on the
same day. However, they do not examine the change in expected skewness within a short window around earnings
disclosure dates. Instead, both papers use the mean of the daily implied volatility smirk over 12 months ending three
months after the fiscal year-end in the empirical setting as the measure for expected crash risk.
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skewness, which captures investors’ belief of future stock price crash risk. Using the more
frequently updated daily skewness data, we find investors tend to lower their expected short-term
stock price crash risk after managers issue bad earnings guidance. This approach allows us to
capture more immediate changes in investor sentiment and expectations, enhancing our
understanding of the dynamics between earnings disclosures and stock price crash risk.

Our paper also contributes to the literature on the impact of management earnings forecasts.
Previous literature points out that management earnings forecasts help to increase the frequency
of information disclosure beyond scheduled earnings announcements. Moreover, managers are
found to have preferences for disclosing negative news related to future earnings. Rogers, Skinner
and Van Buskirk (2009) highlight that management earnings forecasts increase short-term implied
volatility when managers disclose bad news sporadically. Theoretical models from behavioral
perspective imply that managers strategically disclose bad news to cater to loss-averse investors
and guide down investors’ expectations of future earnings (Huang, Piotroski and Xie, 2023). Our
study contributes to this literature by documenting that investors’ expected stock price crash risk
decreases after managers release bad news and increases following good news. With the negative
news disclosed by managers, the likelihood that firms are hiding bad news and will release it all at
once in the future decreases. This finding provides empirical support for the idea that management
earnings forecasts play a crucial role in shaping investors' expectations about future stock price
crash risk, particularly by enhancing transparency and reducing information asymmetry when bad

news is disclosed.

2.2 Literature review
2.2.1 Estimating stock price crash risk

Stock price crash refers to the extremely negative stock returns that can be captured by the
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higher moment of the stock return distribution. The literature argues that such outliers in the left-
tail of return distributions could be attributed to the accumulation of bad news related to future
earnings. If managers hide the negative earnings information on purpose, there will be an
asymmetric stock return response to bad news and good news. The magnitude of positive returns
corresponding to good news is smaller than that of negative returns to bad news (Kothari, Shu and
Wysocki, 2009). When the accumulated bad news becomes publicly available at once, there would
be a large drop in stock price known as a stock price crash.

Previous literature uses firm-specific ex-post skewness as the measure of stock price crash
risk, which is first proposed by Chen, Hong and Stein (2001). Realized skewness is estimated
every year at the firm level as the third moment of return distribution using the weekly stock returns
adjusted by the lead and lag market returns. Negative skewness indicates the stock return
distribution is skewed to the left. To capture the realized skewness, the stock crash dummy variable
is used as an alternative measure. The crash dummy equals one if the stock return falls at least 3
standard deviations below its mean value in a given year (Hutton, Marcus and Tehranian, 2009).
In addition to estimating the realized skewness, Kim and Zhang (2014) use the implied volatility
smirk as the difference between the implied volatility of OTM puts and that of ATM calls as the
measure for implied skewness. Such implied skewness is estimated during a 12-month period three

months before the fiscal year ends, serving as an annual proxy for each stock.

2.2.2 Information disclosure and stock price crash risk

Previous studies examine the decisive factors of stock price crash risk from the perspective
of financial disclosure. Jin and Myers (2006) establish theoretical models that explain the
frequency of stock price crashes using the stock information environment. Their model emphasizes
the importance of whether the importance of the transparency of a firm’s information in explaining
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the occurrence of outliers in the left tail of future stock return distributions. With limited ability
for insiders to absorb the negative bad earnings information, when the firms are more opaque, with
greater information hidden, there is a higher probability for stock price crashes when the bad news
becomes publicly available all at once in the future.

Based on this theoretical model, Hutton, Marcus and Tehranian (2009) first provide
empirical evidence showing that opaque firms are more likely to experience stock price crashes,
using accumulated accruals as a measure of earnings management. In addition to aggregate
earnings management, DeFond, Hung, Li and Li (2015) show that changes in accounting reporting
standards can also affect stock price crash risk. They find that firms whose information
transparency improved after the IFRS adoption experience a significant decrease in future stock
price crash risk. This effect is more pronounced in firms with poorer information environments
and in countries where IFRS adoption is implemented more credibly.

Moreover, studies also focus on the information contained in the financial statements.
Ertugrul, Lei, Qiu and Wan (2017) find that firms with larger sizes of 10-K files and more uncertain
words in 10-Ks have greater future stock price crash risk. Using a similar setting but a different
proxy, a modified version of the Fog Index, Kim, Wang and Zhang (2019) find that firms with less
readable 10-K are associated with more negatively extreme returns. Additionally, Kim, Li, Lu and
Yu (2016) highlight that financial statement comparability is associated with ex-ante stock price
crash risk. By using the implied volatility smirk, defined as the difference between the implied
volatility of an OTM put on a day and that of an ATM all on the same day, they find that the
increased financial statement comparability decreases the steepness of the implied volatility,

indicating a decreased stock price crash risk.
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2.3 Sample and measurements

In this section, we discuss our sample selection, data source and the measures of ex-ante

skewness.

2.3.1 Sample selection

Our sample includes the common equity share class of a U.S. corporation with share classes
of 10 and 11 and stocks listed on the New York Exchange, American Stock Exchange, and Nasdaq
Stock Market-National Market system with the exchange codes equal 1, 2, and 3. We exclude the
financial services and utility firms with the Standard Industrial Classification (SIC) code between
6000 and 6900 and between 4900 and 4949 respectively, following the industry definition for 48
industry portfolios from Kenneth French’s website. The sample period is from January 1996 to
December 2022.

To estimate the ex-ante skewness and implied volatility of stocks, we obtain equity option
data from OptionMetrics. We obtain financial statement data from Compustat, stock price data
from the Center for Research in Security Prices (CRSP), and analyst coverage data from the
Institutional Brokers’ Estimate System (I/B/E/S). Institutional ownership from 13F fillings by
institutional investors. In order to examine the change in ex-ante skewness around the management
guidance, we obtain the date on which the management earnings forecast is released from the IBES
Management Guidance database (Rogers and Van Buskirk, 2013; Lu and Skinner, 2020). We
include both quarterly and annual management guidance. To rule out the impact of earnings
announcements in our analysis, we exclude the management guidance announced in conjunction

with earnings announcements.
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2.3.2 Ex-ante skewness

We estimate the ex-ante skewness as the standardized forward-looking proxy for investors’
perceived stock price crash risk using the OTM stock option data following Schneider, Wagner
and Zechner (2020). The skewness is calculated as the sum of upper and lower skewness, which

captures the positive and negative part of return distribution respectively, as shown in Eq. (2.1)
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where F, 7 is the forward price of the stock with the contracted date as time ¢ and delivery at time
T. C.r(K) and P, 7 (K) capture the prices of European call and put options with the strike price K
respectively. p, r is the price of zero-coupon bond with maturity T. The skewness is measured at
the stock-day level. We further estimate ex-ante variance shown in Eq. (2.3). We calculate the ex-
ante skewness and ex-ante variance with options of available maturities and interpolate skewness
and variance to maturities of 30, 60 and 91 days, with N = 30, 60, and 91. The ex-ante skewness
used in empirical analysis is scaled by ex-ante variance, shown in Eq. (2.3) below. The sign of
stdSKEW; . r depends on the relative prices of OTM put and OTM call options. The increase in
negative stdSKEW; . r (less negative) captures the decrease in ex-ante crash risk.
SKEW; ¢ ¢

StdSKEWj o7 = ———"2L (2.3)
VAR?

it,T

To examine the change in skewness around the report date ¢ of earnings information, we
calculate the change in average skewness from two days before the information report date t to

two days after date t, shown in Eq. (2.4)
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where DSKEW; , 1 captures the change in skewness around the guidance information disclosed at
date ¢ for stock i using the options with maturity T.'® DSKEW; , equals zero means no skewness
change. A positive DSKEW; . r means skewness increases after the disclosure day ¢, indicating a

decrease in expected stock price crash risk.

2.3.3 Control variables

Following the previous literature, we introduce the control variables that may affect the stock
price crash risk. We control systematic risk and business risk using the market beta (Beta) and
financial leverage (Leverage). Following Fama and French (1992), we estimate the market beta
for each stock using its monthly returns over the prior 60 months. Leverage is the ratio of the total
liabilities over the total assets. Firm performance is measured by using ROA, as stated by Hutton,
Marcus and Tehranian (2009) that firms’ operating performance is negatively related to the stock
price crash risk. Book-to-market ratio (B/M), market capitalization (Size), stock turnover (Turnover)
are also controlled, as growth firms, large firms and stocks with higher turnover are more likely to
have stock price crashes (Chen, Hong and Stein, 2001; Kim and Zhang, 2016). We also control the
contemporaneous daily stock returns (Ref) due to price level variations induced by earnings
forecasts'’.

Firm size (Size) is computed as the natural logarithm of the market value of equity, calculated

in million dollars. B/M is the firm’s book equity at the end of the previous fiscal year, divided by

skew; ¢ 1+skew; o

'® When calculating the two averages in the equation, if skew; ¢, is missing then 5

returns skew; ¢.
skew; ¢y1+Skew; rio

If both skew; +, and skew; ;,, is missing, then .

17 See Appendix A.

returns missing.
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the market value of equity at the end of December of the previous year. Turnover is measured as
the daily average number of shares traded in a quarter divided by the number of shares outstanding,
shown as a percentage. We adjust the number of shares for Nasdaq stocks to address the double
counting issue following Gao and Ritter (2010). Following Ang, Hodrick, Xing and Zhang (2006),
monthly stock idiosyncratic volatility (/VOL) is computed as the standard deviation of the daily
residuals in a month from the Fama—French (1993) three-factor model.

We also include analyst coverage and percentage of institutional shareholders to control the
impact of cross-sectional variation in information asymmetry. Analyst coverage (ACov) is
calculated as the natural logarithm of one plus the average number of analysts covering a stock in
each quarter, and institutional holdings (/NST) is measured as the natural logarithm of one plus a
stock’s institutional ownership scaled by shares outstanding in each quarter. To examine the impact
of good and bad guidance disclosures separately, we define good news (Good) as a dummy variable
that equals one if a firm’s guidance is above the mean of analysts’ estimation and zero otherwise.
Bad news (Bad) is defined similarly. We also define neutral news (Neutral) when the mean of
analysts’ estimates falls within the expected range reported by the managers with no surprises. We
consider these instances as placebo events, serving as a reference point for comparison.
Disclosures are classified according to “guidance code” variable in IBES management guidance
database, which captures the guidance relative to consensus'®. Multi_type is defined as a dummy
variable that equals one when more than one type of guidance measures is reported, and zero

otherwise.

18 According to the definition of “guidance_code” in IBES, when both Good and Bad dummies are zero, it means
either the company has provided guidance but not specified whether they will meet, beat or miss the street or the
company is expected to meet earnings for the period indicated. For example, if the earnings forecast states that the
expected EPS in next quarter is more than, slightly more than or significant more than 5 and the available mean of
analyst estimation of EPS is 6, then both Good and Bad are zero. However, if the mean of analyst estimation is 4, then
Good is one and bad is zero.
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The summary statistics of the control variables and variables of interest are presented in
Table 2.1. Panel A shows the change in ex-ante skewness and the classification variables for
subsamples for quarterly forecasts, whereas Panel B for annual forecasts. In Panel A for quarterly
forecasts, on average, the ex-ante skewness increases (becomes less negative) two days after the
disclosure day from two days prior, as shown by the mean of DSKEW . The means of DSKEW are
0.04, 0.03, and 0.03 when interpolating ex-ante skewness to maturities of 30, 60 and 91 days. In
this subsample, 19% disclosures are bad news and 13% are good news, and 25% are neutral news.
The remaining news (43%) are the ones where the analysts’ consensus and the managers forecasts
are not comparable'®. In Panel B for annual forecasts, on average, the ex-ante skewness decreases
(becomes more negative). The means of DSKEW are -0.11, -0.04 and -0.02 when interpolating ex-
ante skewness to maturities of 30, 60 and 91 days. In this subsample, there are slightly more good
news disclosures (15%) than bad news disclosures (13%). In the full sample reported in Panel C,
the ex-ante skewness decreases on average, indicating an increase in ex-ante crash risk. The means
of DSKEW are -0.06, -0.02, and -0.01 when interpolating ex-ante skewness to maturities of 30, 60

and 91 days.

[Insert Table 2.1 here]
Panel D of Table 2.1 reports the summary statistics for the control variables in the full sample.
The mean of stock returns on the day of disclosure is -0.22%, indicating a decrease in stock price
after the earnings forecast disclosure. The mean and standard deviation of ROA are 0.01 and 0.04.
The average financial leverage and B/M are 0.21 and 0.52, respectively. The natural logarithm of

the market value of the stocks in million dollars (Size) is 8.00. The mean of turnover is 1.16,

19 For example, the analyst estimations are not available or there is no numeric forecast reported in the management
guidance.
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indicating that on average, 1.16% of the outstanding shares of the firms change hands in a day.
The average market beta is 1.33. The mean and median of idiosyncratic volatility are 1.83 and 1.52
during a month. The mean of institutional ownership is 0.51, indicating that the average percentage
of shares held by institutional investors is 67%. The mean of analyst coverage is 2.31, suggesting
that the average number of analysts following the stocks is 10.07. Around 33% of reports are
quarterly management guidance discloses and 18% of the disclosures report more than one type of

guidance measure.

24 Empirical results

In this section, we examine whether and how investors’ belief about future stock price crash
risk changes around the management guidance disclosure and whether the change in investors’

subjective crash risk can predict future stock price crashes.

2.4.1 Validity check of the ex-ante skewness measure

Before conducting the empirical analysis using the option-implied ex-ante skewness as the
proxy for investors’ subjective stock price crash risk, we first examine the validity of the ex-ante
skewness measure. If option-implied skewness is estimated following Eq. (2.3), it should contain
information about the ex-post skewness and therefore predict the future realized stock price crashes.
We run the following regression model at the daily level in our sample. If implied skewness is a
valid measure for the future realized stock price crashes, f5; is predicted to be positive.

The dependent variable rSKEW; , .4y is the standard skewness estimated using the daily stock

return of stock i from day t to day t + N. The main independent variable is StdASKEW;; 14y,
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which is estimated following Eq. (2.3) using the options of stock i on day t interpolated maturities
to N days. X represents the vector of the control variable. We also include the firm and day fixed
effects for unobserved factors across firm and time. The standard errors are clustered by stock and
day to account for time-series and cross-sectional correlation in the residuals.

The regression results are reported in Table 2.2. We estimate the ex-ate skewness using
options with available maturities and interpolate skewness to maturities of 30, 60 and 91 days,
shown in the first two, middle two and last two columns from left to right. Columns (1) and (2)
show the results of the regression model in which the independent variable is ex-ante skewness
estimated using options with available maturities and interpolated to maturities of 30, and the
dependent variable is the skewness of next 30 days realized daily stock returns. The results are
consistent with our prediction. The coefficients on ex-ante skewness are 0.017 and 0.014,
respectively, without and with the control variables added and both are statistically significant at
1% level. The coefficient in column (1) indicates that a one-standard-deviation increase in ex-ante
skewness predicts a 0.04 (=0.017%1.82) increase in ex-post skewness. We find consistent results
using ex-ante skewness with maturity of 60 days and 91 days, as shown in columns (3) to (6). All
coefficients on ex-ante skewness are significantly positive at the 1% level, indicating the implied
skewness estimated following Eq. (2.3) can be used as a valid measure for investors’ perceptions
of future stock price crashes.

[Insert Table 2.2 here]

2.4.2 Ex-ante skewness trends within [-10,10] window of the event day

As implied by the theoretical models, the disclosure of bad news could decrease future stock
price crash risk. We examine whether investors’ beliefs about future stock price crashes are

affected within a short window around the management guidance disclosure. In this section, we
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analyze the trend of option-implied skewness within a [-10, 10] window around the disclosure date.

We first plot the average ex-ante skewness, sStdSKEW; ; .y, estimated following Eq. (2.3)
for bad news and good news separately in Figure 2.1. The management guidance is disclosed on
day 0. With bad news disclosed by the managers, fewer bad news tends to accumulate and be
revealed at once in the future, leading to a decrease in future stock crash risk. Plots 1A, 1B, and
1C present the trend of ex-ante skewness with maturities of 30, 60, and 91 days, capturing investors’
expectations for the future 30, 60, and 91 days, respectively. From all three plots, we observe a
sharp increase in ex-ante skewness on day 0 and day 1, the day after the guidance disclosure.
Taking Figure 1A as an example, ex-ante skewness estimated using options with an interpolated
maturity of 30 days jumps from -1.12 to -0.83 on the disclosure day and continues to increase to
around 0.29 one day after the disclosure. Since ex-ante skewness is measured as the reverse
measure of stock price crash risk, the increase in implied skewness reflects a decrease in subjective
stock price crash risk. The trends of ex-ante skewness are more stable and parallel before and after
the disclosure day when using ex-ante skewness with longer maturities, 60 and 91 days, as shown
in plots 1B and 1C, reflecting longer period forecasts.

[Insert Figure 2.1 here]

In Figure 2.2, we illustrate the ex-ante skewness trends around the management guidance
when good news is disclosed, defined as management guidance being above the mean of analysts’
estimates. Similar to Figure 2.1, we present the ex-ante skewness trend with maturities of 30, 60,
and 91 days, as shown in Plots 2A, 2B, and 2C. In all three plots, we observe a decrease in ex-ante
skewness on the disclosure day. Take Plot 2A as an example. The option-implied skewness for the
future 30 days decreases from around -1.69 to -1.90 on the disclosure day. The more negative ex-

ante skewness indicates an increase in investors’ belief in future stock price crashes once the good
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news is forecasted. In conclusion, Figures 2.1 and 2.2 reflect consistent results, where investors’
belief in future stock price crash risk decreases (increases) with the guidance of more (less) bad
news by managers.

[Insert Figure 2.2 here]

2.4.3 Ex-ante skewness change within [-2,2] management guidance

As presented in Figures 2.1 and Figure 2.2, the change in ex-ante skewness occurred
immediately after the guidance was disclosed. We now focus on the change in skewness within the
narrower [-2, 2] window in the following empirical analyses. We calculate the DSKEW following
Eq. (2.4), which captures the change in ex-ante skewness before and after the guidance disclosure
day. According to Eq. (2.4), a positive DSKEW implies an increase in ex-ante skewness after the
disclosure day, representing a decrease in expected stock price crash risk in the corresponding time

period. To examine this change in ex-ante skewness, we employ the following regression model.

DSKEW; 14wy = @ + 1 X Bad;; + B, X Good;; + B3 X Neutral;; + B X X + FE; + FE;,-(2.6)

Bad, Good and Neutral are dummy variables that equals one if the firm discloses bad news, good
news and neutral news on the disclosure day, and zero otherwise. We predict that f; is positive,
B is negative and f5 is not statistically significant.

Table 2.3 shows the regression results, with coefficients presented in percentages. Ex-ante
skewness with interpolated to maturities of 30, 60, and 91 days, is presented in the first two, middle
two, and last two columns, respectively, from left to right. In this regression analysis, the
benchmark for DSKEW is the change in ex-ante skewness around the management guidance when
the analysts’ estimations and managers’ forecasts are not comparable (i.e., neutral news).

[Insert Table 2.3 here]
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Columns (1) and (2) present the regression results when ex-ante skewness represents
investors’ beliefs regarding stock price crash risk in the future 30 days. In Column (1), the
coefficient on Bad is 19.93, indicating that ex-ante skewness increases significantly by an
additional 0.20 after the disclosure of bad news compared to the benchmark. This suggests that
investors’ subjective stock price crash risk for the next 30 days decreases more than the benchmark
by 0.20. Similarly, the negative coefficient on the Good (-10.45) reveals that the decrease in ex-
ante skewness following the disclosure of good news is larger in magnitude by 0.10 compared to
the benchmark. In Column (2), after adding the control variables, the magnitude of the coefticients
decreases. The coefficient on Neutral is positive but not statistically significant, indicating that
there is no significant difference in the change in ex-ante skewness around disclosures with no
surprises compared to the benchmark.

We find consistent results in the last four columns. As the maturity of ex-ante skewness
increases, representing a longer forecasting period, the magnitude of the coefficients decreases.
This suggests a more stable change in investors’ beliefs regarding future stock price crash risk.
Specifically, the coefficient on the Bad decreases from 19.93 in Column (1) to 7.54 in Column (5)
as the expectation period increases from 30 days to 91 days. This change indicates that the decrease
in ex-ante crash risk following the disclosure of bad news forecasts from managers becomes less
pronounced over longer time horizons. Similarly, the coefficients on the Good increases from -
10.45 in Column (1) to -3.77 in Column (5) as the expectation period increases from 30 days to 91
days. This result implies that the increase in ex-ante crash risk when good news forecasts are
reported becomes relatively smaller over longer timeframes.

In conclusion, we find that investors’ subjective stock price crash risk decreases following

the disclosure of bad news forecasts from managers and increases when good news forecasts are
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reported one day after the management guidance disclosure day. These findings hold across
different time horizons, indicating a consistent pattern in investors’ reactions to different types of

guidance disclosures.

2.4.4 Heterogeneity analysis for the change in ex-ante skewness
2.4.4.1 Level of informativeness of management guidance

As the change in ex-ante crash risk in the short window around the management guidance
could be attributed to the decrease in information asymmetry, we examine whether the level of
informativeness of management guidance affects the change in investors’ expectations of short-
term stock price crash risk. To proxy the level of informativeness of management guidance, we
use the periodicity of management forecasts and whether more than one guidance measure is
reported in each management guidance press.

Table 2.4 presents the regression results when the periodicity of forecasts is considered. We
define the dummy variable QTR that equals one if the managers guide the quarterly forecasts and
zero if the managers guide the annual forecasts. To examine the impacts of forecasts periodicity,
we employ the interaction term between disclosure and QTR. Columns (1) and (2) of Table 2.4
show the regression coefficients and corresponding z-statistics when ex-ante skewness captures
investors’ beliefs regarding stock price crash risk in the future 30 days. The coefficients on the
interaction term Bad X QTR are 31.63 and 24.55, with z-statistics of 6.86 and 5.5, respectively,
indicating that the increase in the ex-ante skewness following the bad news disclosures is 0.32
higher for quarterly forecasts than annual forecast. In the economic terms, the coefficient on
Bad X QTR in column (1), 31.63, indicates an additional increase of 33% of standard deviation of

DSKEW for quarterly forecasts compared to annual forecasts. We find consistent results when ex-
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ante skewness captures investors’ beliefs regarding stock price crash risk in the future 60 days and
91 days. The coefficients in columns (3) and (5) are 19.13 (z-stat=7.11) and 12.27 (z-
stat=6.10), respectively. These results indicate that the increase in ex-ante skewness following bad
news disclosures is 0.07 and 0.06 higher for quarterly forecasts compared to annual forecasts, for
the next 60 and 91 days, respectively. In the economic term, the coefficients of interaction term
Bad X QTR in columns (3) and (5) correspond to an additional increase of 33% and 28% of
standard deviation of DSKEW for quarterly forecasts than annual forecasts, respectively. However,
we do not observe statistically significant impacts of quarterly forecasts on the changes in ex-ante
skewness following good news disclosures.
[Insert Table 2.4 here]

Table 2.5 presents the regression results when we examine whether multiple guidance
measures are reported in each management guidance press. We define Multi_type as a dummy
variable that equals one if there is more than one guidance measures are forecasted and zero
otherwise. To test the effect of Multi_type,we employ the interaction term between disclosure and
Multi_type. Columns (1) and (2) of Table 2.5 report the regression results when ex-ante skewness
captures investors’ beliefs regarding stock price crash risk in the future 30 days. The coefficients
on the interaction term are 26.2 (¢-stat =4.17) and 15.88 (z-stat = 2.60), respectively. These results
indicate that the increase in ex-ante skewness following bad news disclosures is 0.26 higher when
there are multiple guidance measures reported compared to when there is only one measure
included. In the economic term, the coefficient on interaction term Bad X Multi_type in column
(1) indicates an additional increase of 27.6% of standard deviation of DSKEW for multiple
guidance measures compared to only one measure. We find consistent results when the ex-ante

skewness captures investors’ beliefs regarding stock price crash risk in the future 60 days and 91
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days. The coefficients in columns (3) and (5) are 15.66 (¢-stat = 3.96) and 9.88 (z-stat = 2.60),
respectively, indicating that the ex-ante skewness increase for next 60 days and 91 days following
the bad news disclosures is 0.16 and 0.10 higher when there are multiple guidance measures
compared to only one guidance measure. The corresponding economic magnitudes are additional
increases of 27.7% and 24% of standard deviation of DSKEW . These results suggest that the
presence of multiple guidance measures reported in each management guidance press leads to a
higher increase in ex-ante skewness following bad news disclosures, indicating a stronger impact
on investors’ expectations of short-term stock price crash risk.
[Insert Table 2.5 here]

For good news disclosures, the results are significant only for the 60 days expectations. In
Columns (3) and (4), when capturing expectations for the next 60 days, the decrease in ex-ante
skewness following good news disclosures is statistically significant at 5% (coeff. =-9.14; t-stat =
-2.56) and 10% (coeff. = -6.14; t-stat = -1.77) levels, respectively?’. Additionally, we do not

observe significant impacts on the change in ex-ante skewness following neutral news disclosures.

2.4.4.2 Bad news disclosures and information asymmetry

To better understand the mechanisms behind the change in investors’ belief in stock price
crash risk around the management guidance disclosure, we conduct the heterogeneity analysis
based on firms’ characteristics and stock price-level variations, following the previous literature
for the bad news and good news disclosures.

2

According to the agency-based model in Jin and Myers (2006), crash risk is linked to firms

20 The weak results following good news are consistent with our expectations, as the theoretical model does not
directly address changes in ex-ante skewness after good news disclosures. The model primarily focuses on the
improvement of information transparency for bad news.
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information opacity. This information asymmetry allows managers to hide and absorb bad news.
When the accumulation of bad news becomes excessive, firms are forced to reveal the bad news
all at once, leading to an extreme stock price decrease. Based on the implications of this theory,
investors’ expectations of future stock price crash risk should decrease more for firms with high
information asymmetry after bad news has been disclosed, as managers from those firms are more
likely to hide negative information. We test this prediction using the number of analysts following
a firm as a proxy for information asymmetry. Firms with more analysts covering them are more
likely to have lower information asymmetry.
[Insert Table 2.6 here]

Table 2.6 reports the results of regressions that examine how the change in investors’ belief
in future stock price crashes varies cross-sectionally with the number of analysts following (4 Cov),
with coefficients presented in percentages. We find that the coefficients on the interaction term
Bad x ACov are negative and significant at the 1% level in all columns, indicating that the
increase in ex-ante skewness following the bad news disclosure is smaller for firms with a larger
number of analysts covering them. For example, in Column (1) of Table 2.6, the coefficient on
interaction term Bad X ACov is -13.03 (z-stat = 3.37), indicating a smaller increase in ex-ante
skewness for firms with low information asymmetry (larger number of analysts). There are no
significant results for good news, suggesting alternative explanations for the change in ex-ante
skewness following good news disclosures. The decrease in expected future stock price crash risk
following the disclosure of bad news could be attributed to a decrease in information asymmetry,
which decreases the possibility of bad news accumulation and revelation all at once in the future.

We find consistent result when we use the firm size as the alternative proxy for information
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asymmetry21 .

2.4.4.3 Good news disclosures and litigation risk

The potential explanation for the increase in investors’ expectations of future stock price
crash risk following good news could be that investors doubt the good news and believe that
managers are withholding back bad news. If this explanation holds, we should expect to observe a
smaller increase in ex-ante stock price crash risk after the disclosure of good news for firms with
less likely to withhold bad news. We use litigation risk as a proxy for the likelihood that managers
knowingly withhold bad news. Firms that experience extremely large negative stock returns are
more likely to face lawsuits from investors for concealing negative information. It would be
costlier for managers to hide bad news if the litigation risk of a firm is higher. Therefore, we predict
that the decrease in ex-ante skewness after the disclosure of good news may be mitigated for firms
that are less likely to hide bad news due to the higher cost of doing so.

To test this prediction, we estimate firms’ litigation risk following the methodology of Kim
and Skinner (2012) and Kim, Wang and Zhang (2019).

Litigation;, = —7.883 + 0.556 X FSP;, + 0.518 X LnAssets; ;4
+ 0.982 X Sales Growth;,_; + 0.379 X Return;;_,
— 0.108 X Return Skewness; ;1 + 25.635 X Rsturn Std Dev;;_4
+ 7 x 1077 X Turnover;;_4, (2.7)

where FSP is a dummy variable that equals one if the firm is in the biotech (SIC codes 2833-2836
and 8731-8734), computer (3570-3577 and 7370-7374), electronics (3600-3674), or retail
(5200-5961) industries, and 0 otherwise. LnASssets is the natural log of total assets at the end of

the year. Sales Growth is the change in sales scaled by total assets. Return is the market-adjusted

21 See Appendix B.
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12-month accumulative stock returns. Return Skewness and Return Std Dev are skewness and
standard deviation of firms’ a 12-month returns. TURNOVER is the accumulative trading volume
over 12-month period scaled by the total shares outstanding at the beginning of the year. Litgition
is estimated at the stock-year level. A high value of Litigation; ; represents high litigation risk for
stock i in year t.

[Insert Table 2.7 here]

Table 2.7 shows the regression results for good news disclosures and litigation risk. The
coefficients of the interaction term between Good and Litigation are positive in general.
Importantly, we observe that the coefficients on the interaction term are statistically significant at
the 5% level in column (5) and (6). The result suggests that when a firm discloses good news in
its earnings guidance, the positive impact on investors’ expected stock price crash risk in the future
91 days is mitigated if the firm’s litigation risk is higher. However, the mitigation effect of litigation
risk is less statistically significant on the positive impact of guided good news on investors’
expected stock price crash risk within shorter horizons. One possible explanation is that the
litigation risk, estimated annually, reflects longer-term forecasts regarding the possibility of firms
being sued by investors for extreme negative stock returns in the future. These results are consistent
with the explanation that investors are suspicious that managers are knowingly hiding bad news,
especially for firms where managers have a higher likelihood of manipulating voluntary

information disclosure for their short-term interests with lower cost.

2.4.5 Ex-post stock price crash risk predictions

In this section, we investigate whether the change in investors’ expectations of future stock
price crash risk around the disclosure of management guidance can predict realized stock price

crash in the following month. Since investors’ belief on the change in future stock price crash risk
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is opposite following good versus bad news, we examine the predictability of future realized stock

price crashes with an interaction term using the the following regression model:
rSKEW, (43,433 = @ + B1 X DSKEW; ¢ oy + B2 X SASKEW; 3¢ 34n
+P3 X TSKEW;t_31t-1+ B X X + FE; + FE;, (2.8)

where the main independent variable is DSKEW , which is the change in ex-ante skewness
estimated using Eq. (2.4), capturing the change in ex-ante skewness from day t — 2 to t + 2.
DSKEW; . ++n measures the change in ex-ante skewness of stock i around the disclosure around
day t, estimated using the option with N days maturity. The dependent variable is the realized 30-
day skewness that is estimated using daily stock returns starting from one day after the latest ex-
ante skewness used in DSKEW estimation at day t + 2. Since our focus is on predicting the
change in ex-ante skewness around the disclosure day, we control the level of past ex-ante
skewness measured on day t = —3 (stdSKEW, ;_3 +_34+y). Additionally, we control for the past
one-month realized skewness (rSKEW; ;_3; ;—1), which is estimated using daily realized stock.

The results are reported in Columns (1) and (2) of Table 2.8. The coefficient on DSKEW is
positive and statistically significant at the 10% level in Column (1). The result suggests that
DSKEW has predictive power for future realized stock price crash risk following the management
guidance. The result is not affected when the control variables are added as shown in column (2).
We do not find statistically significant results when the change in investors’ belief about stock
price crash for the future 60 days and 91 days, which are shown in Appendix C. In summary, we
find that the increase in investors’ expectations following the management guidance can
significantly predict short-term realized stock price crash risk. However, we do not observe
significant predictability for long-term realized skewness.

[Insert Table 2.8 here]
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2.5 Conclusion

In this chapter, we investigate whether the disclosure of management guidance can influence
investors’ beliefs regarding future stock price crash risk, focusing on a narrow window around the
disclosure day. We use option-implied ex-ante skewness as a measure of investors’ expectations of
future stock price crash risk. Consistent with previous theoretical models, our findings suggest that
investors’ perceived stock price crash risk decreases when firms’ guidance is below the mean of
analysts’ estimation (bad news) and increases when firms’ guidance is above the mean of analysts’
estimation (good news). As the placebo test, we find there is no significant change in perceived
stock price crash risk following the neutral news, when the mean of analysts’ estimations falls
within the expected range reported by the managers.

We further demonstrate that the increase in ex-ante skewness (reflecting the decrease in
subjective stock price crash risk) following bad news is affected by the level of informativeness of
management guidance. The decreases in expected stock price crash risk following bad news can
be attributed to a reduction in information asymmetry related to bad news. When bad news is
disclosed, it becomes less likely that managers would knowingly conceal this information,
reducing the likelihood of a severe stock price drop when accumulated bad news is eventually
revealed in the future. Regarding the increase in expected stock price crash risk after good news
disclosure, our finding supports the argument that investors may be suspicious about the good
news announced by managers to conceal the actual bad news for the managers’ own interests. Our
empirical results also provide evidence that changes in expected stock price crash risk around
management guidance can predict realized stock price crash risk in the future 30 days following

the management forecasts.
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Figures and Tables

Table 1.1 The timetable of the EDGAR system implementation

This table shows the EDGAR implementation timelines. U.S. public firms are assigned by the SEC into ten groups to
join the EDGAR platform mandatorily from 1993 to 1996. The implementation date is the first day when the firms in
the corresponding groups begin to join EDGAR gradually. We assume that firms finish joining the EDGAR platform
in the quarter after the implementation date (implementation year-quarter) and investors could retrieve the financial
information two quarters later (effective year-quarter).

Implementation group Implementation date Implementation year-quarter Effective year-quarter
1 April 26 1993 1993Q2 1993Q4
2 July 19 1993 1993Q3 1994Q1
3 October 4 1993 1993Q4 1994Q2
4 December 6 1993 1993Q4 1994Q2
5 August 1994 1994Q3 1995Q1
6 November 1994 1994Q4 1995Q2
7 May 1995 1995Q2 1995Q4
8 August 1995 1995Q3 1996Q1
9 November 1995 1995Q4 1996Q2
10 May 1996 1996Q2 1996Q4
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Table 1.2 Summary statistics

This table reports the summary statistics of the variables used in the empirical analysis, including mean (Mean),
standard deviation (Std Dev), and quartiles (P25, P50, and P75). Trading volume (VO) is calculated as the natural
logarithm of one plus the sum of shares traded (in thousands) in a quarter for stocks that are traded at least once by
retail investors in our sample. Dollar Volume (DVO) is calculated as the natural logarithm of one plus the sum of
dollar shares traded (in thousands) in a quarter. Trading Frequency (Freq) is calculated as the natural logarithm of one
plus sum of number of trades for each stock in a quarter. Post-trade sell-buy return differential (P7SBD) is the mean
difference between 30-day return following all purchases in each stock in a quarter and 30-day return following all
sells in the same stock in the same quarter. The 30-day return is calculated as the dollar amount times excess
cumulative returns in 30 days following the trades. PTSBD is winsorized at 1 and 99 percentile levels. Post equals one
if the quarter is in or after the effective year-quarter of the EDGAR implementation for a firm and is zero otherwise.
Market beta is estimated using 60-month rolling-window regressions of excess returns on the market returns for each
stock in each month. Firm size (Size) is the natural logarithm of the market value of the equity, calculated in million
dollars. Momentum (MOM) is the natural logarithm of one plus the cumulative return of a stock in the last year
excluding the most recent month. Book-to-market equity (B/M) is computed as the natural logarithm of book-to-
market equity. Price is the end-of-month stock price. Turnover is measured as the daily average of the number of
shares traded in a quarter divided by the number of shares outstanding, in percentage. The number of shares traded for
Nasdaq stocks is divided by 2. Dividend dummy is one if the stock pays dividends at least once during the past fiscal
year. Nasdaq dummy variable is one if the stock is listed on the Nasdaq exchange. Institutional ownership (INST) is
calculated as the natural logarithm of one plus the institutional ownership scaled by shares outstanding for each stock
in each quarter. Analyst coverage (ACov) is calculated as the natural logarithm of one plus the average number of
analyst coverage for each stock in each quarter. Bid-ask spread is the average bid-ask spread in percentage for each
stock in each month. Idiosyncratic volatility (/FOL) is the standard deviation of the daily residuals from the Fama-
French three-factor model. Firm age (Age) is measured as the number of years since the firm was first covered by the
CRSP. The sample includes ordinary common stocks of U.S. companies listed on major exchanges (NYSE, Amex,
and Nasdaq). The sample period is from January 1991 to December 1996.

Mean Std Dev P25 P50 P75 N
Trading Volume (VO) 0.84 1.12 0.00 0.24 1.44 34,212
Dollar Volume (DVO) 2.09 2.26 0.00 1.57 3.93 34,212
Trading Frequency (Freq) 1.16 1.32 0.00 0.69 2.08 34,212
PTSBD -12.30 703.03 -226.72 11.22 202.08 18,731
Post 0.36 0.48 0.00 0.00 1.00 34,212
Market beta 1.07 0.79 0.60 1.01 1.46 34,212
Size 5.01 1.88 3.64 4.88 6.22 34,212
MOM 0.09 0.42 -0.12 0.10 0.31 34,212
B/M -0.58 0.86 -1.05 -0.50 -0.05 34,212
Price 19.12 19.19 6.63 14.50 26.25 34,212
Turnover 0.27 0.32 0.09 0.18 0.33 34,212
Dividend dummy 0.51 0.50 0.00 1.00 1.00 34,212
Nasdaq dummy 0.55 0.50 0.00 1.00 1.00 34,212
INST 0.09 0.16 0.00 0.00 0.11 34,212
ACov 0.84 0.71 0.00 0.81 1.36 34,212
Bid-ask spread 4.26 425 1.59 2.88 5.26 34,212
IVOL 2.93 2.37 1.43 2.29 3.63 34,212
Age 15.98 13.74 6.41 11.54 21.89 34,212
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Table 1.3 Effect of EDGAR implementation on the overconfidence (staggered diff-in-diff)

The table reports the coefficients and #-statistics from regressions of the overconfidence on the dummy variable Post
from Eq. (1.3). Dependent variables are three trading measures to overconfidence. Trading volume (VO) is calculated
as the natural logarithm of one plus the sum of shares traded (in thousands) in a quarter for stocks that are traded at
least once by retail investors in our sample. Dollar Volume (DVO) is calculated as the natural logarithm of one plus
the sum of dollar shares traded (in thousands) in a quarter. Trading Frequency (Freq) is calculated as the natural
logarithm of one plus sum of number of trades for each stock in a quarter. Post is an indicator that equals one if quarter
t is on or after the effective date of each implementation phase and equals zero if quarter ¢ is before that date. The
definitions of other explanatory variables are described in Table 1.2. The sample includes ordinary common stocks of
U.S. companies listed on major exchanges (NYSE, Amex, and Nasdaq). The sample period is from January 1991 to
December 1996. Standard errors are clustered at the stock and year-quarter levels. The #-statistics are reported in

parentheses. *** ** ‘and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Trading volume Dollar volume Trading frequency
@) 2) 3) “) ©) (6)
Post -0.087*** -0.097%** -0.125%** -0.149%** -0.101%** -0.115%%%*
(-4.35) (-5.18) (-3.76) (-4.87) (-4.23) (-5.09)
Market beta 0.026 0.057* 0.018
(1.37) (1.99) (1.04)
Size 0.144%** 0.493%** 0.267***
(4.39) (11.02) (8.96)
MOM -0.004 0.108*** 0.036
(-0.18) (3.31) (1.64)
B/M -0.007 -0.038 -0.026
(-0.42) (-1.34) (-1.47)
Price -0.007*** -0.003* -0.003**
(-3.05) (-2.10) (-2.55)
Turnover 0.388%** 0.594%** 0.393%**
(3.12) (3.031) (3.11)
Dividend dummy 0.010 -0.020 -0.010
(0.35) (-0.46) (-0.44)
Nasdaq dummy -0.103* -0.209* -0.131%*
(-1.92) (-1.91) (-2.19)
INST -0.076 0.013 -0.071
(-0.87) (0.09) (-0.73)
ACov 0.019 0.044 0.029
(0.92) (1.22) (1.44)
Bid-ask spread -0.002 0.004 0.002
(-0.52) (0.82) (0.61)
IVOL 0.013%** 0.018** 0.013**
(3.12) (2.40) (2.68)
Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Observations 34,194 34,194 34,194 34,194 34,194 34,194
Adj R-squared 0.746 0.755 0.800 0.813 0.815 0.827
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Table 1.4 Effect of EDGAR implementation on the overconfidence (stacked diff-in-diff)

The table reports the coefficients and #-statistics from regressions of the overconfidence on the dummy variable Post
from Eq. (1.4). Dependent variables are three trading measures to overconfidence. Trading volume (VO) is calculated
as the natural logarithm of one plus the sum of shares traded (in thousands) in a quarter for stocks that are traded at
least once by retail investors in our sample. Dollar Volume (DVO) is calculated as the natural logarithm of one plus
the sum of dollar shares traded (in thousands) in a quarter. Trading Frequency (Freq) is calculated as the natural
logarithm of one plus sum of number of trades for each stock in a quarter. Post is an indicator that equals one if quarter
t is on or after the effective date of each implementation phase and equals zero if quarter ¢ is before that date. The
definitions of other explanatory variables are described in Table 1.2. The sample includes ordinary common stocks of
U.S. companies listed on major exchanges (NYSE, Amex, and Nasdaq). The sample period is from January 1991 to
December 1996. Standard errors are clustered at the stock and year-quarter levels. The #-statistics are reported in

parentheses. *** ** ‘and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Trading volume Dollar volume Trading frequency
(M 2 A “ (©) (6)
Post -0.144%** -0.138*** -0.192%%* -0.206%** -0.131%** -0.135%%*
(-4.60) (-4.80) (-3.49) (-4.38) (-3.83) (-4.27)
Market beta 0.030 0.063* 0.020
(1.25) (1.76) (0.92)
Size 0.196%** 0.520%** 0.292%**
(4.50) (5.93) (5.49)
MOM -0.017 0.062 0.015
(-0.69) (1.48) (0.53)
B/M 0.019 0.014 0.001
(0.92) (0.36) (0.02)
Price -0.012%** -0.006 -0.006*
(-5.21) (-1.18) (-1.89)
Turnover 0.263** 0.377** 0.268**
(2.54) (2.34) (2.57)
Dividend dummy 0.002 -0.035 -0.011
(0.006) (-0.64) (-0.30)
Nasdaq dummy -0.121 -0.276 -0.139
(-1.20) (-1.38) (-1.26)
INST 0.074 0.174 0.127
(0.81) (0.95) (1.14)
ACov 0.034 0.071%* 0.050**
(1.38) (1.80) (2.16)
Bid-ask spread -0.001 0.001 0.001
(-0.26) (0.11) (0.13)
IVOL 0.014** 0.018 0.014*
(2.16) (1.67) (2.10)
Controls No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Observations 26,234 26,234 26,234 26,234 26,234 26,234
Adj R-squared 0.750 0.757 0.802 0.811 0.815 0.823
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Table 1.5 Effect of EDGAR implementation on the overconfidence: Young versus old firms

The table reports the coefficients and ¢-statistics from the regressions of the trading level on the dummy variable Post. We run the regression for young firms and old firms
separately. Young firms (Old firms) are defined as firms whose age is lower than or equal to (higher than) the median firm age in our sample. Firm age is measured as the
number of years since the firm was first covered by the CRSP. Panel A shows the regression results when the dependent variable is trading volume (7O), which is defined as
the natural logarithm of the sum of shares traded (in thousands) of stock i in quarter t by retail investors in the sample. Panel B shows the regression results when the dependent
variable is Dollar Volume (DVO), which is calculated as the natural logarithm of one plus the sum of dollar shares traded (in thousands) in a quarter. Panel C shows the
regression results when the dependent variable is the Trading Frequency (Freq), which is calculated as the natural logarithm of one plus sum of number of trades for each stock
in a quarter. Post is an indicator that equals one if quarter ¢t is on or after the effective date of each implementation phase and zero if quarter ¢ is before that date. Control
variables are the same as those in Table 1.2. Columns (1), (2), (5), and (6) are baseline staggered diff-in-diff OLS regressions, whereas columns (3), (4), (7), and (8) are stacked
diff-in-diff regressions. The sample period is from January 1991 to December 1996. Standard errors are clustered at the stock and year-quarter levels. The -statistics are reported

in parentheses. *** ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Dependent variable =

Trading volume

Young firms Old firms
@ @ (€)] “4) ©) (6) ) ®)

Post -0.114%** -0.126*** -0.125%* -0.116%* -0.037 -0.047* -0.059 -0.056

(-4.05) (-4.99) (-2.62) (-2.73) (-1.43) (-1.88) (-1.47) (-1.55)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,083 17,083 12,942 12,942 17,094 17,094 13,148 13,148
Adj R-squared 0.746 0.757 0.728 0.736 0.748 0.759 0.773 0.780
Diff between column (n) and (n+4) -0.078 -0.079 -0.067 -0.060
p-value 0.00 0.00 0.00 0.00
Panel B: Dependent variable = Dollar volume

Young firms Old firms
@ @ (€)] “4) (©) (6) ) ®)

Post -0.138%* -0.189%** -0.166* -0.184%* -0.083 -0.088* -0.145%* -0.147%*

(-2.91) (-4.67) (-2.02) (-2.72) (-1.69) (-1.85) (-2.12) (-2.23)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
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Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,083 17,083 12,942 12,942 17,094 17,094 13,148 13,148
Adj R-squared 0.800 0.817 0.797 0.806 0.800 0.809 0.809 0.817
Diff between column (n) and (n+4) -0.054 -0.101 -0.021 -0.036
p-value 0.01 0.00 0.22 0.09
Panel C: Dependent variable = Trading frequency
Young firms Old firms
(@) (@) (€)] “4) (6) (6) ) ®)

Post -0.130%** -0.156%** -0.121** -0.126** -0.049 -0.057* -0.068 -0.070

(-3.96) (-5.19) (-2.41) (-2.94) (-1.63) (-1.90) (-1.29) (-1.41)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,083 17,083 12,942 12,942 17,094 17,094 13,148 13,148
Adj R-squared 0.810 0.825 0.805 0.815 0.821 0.831 0.827 0.834
Diff between column (n) and (n+4) -0.081 -0.099 -0.052 -0.056
p-value 0.00 0.00 0.00 0.00
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Table 1.6 Effect of EDGAR implementation on the overconfidence: Growth versus value firms

The table reports the coefficients and #-statistics from the regressions of the trading level on the dummy variable Post. We run the regression for growth firms and value firms
separately. Growth firms (Value firms) are defined as firms whose firm’s book-to-market ratio is lower than or equal to (higher than) the median in our sample. Panel A shows
the regression results when the dependent variable is trading volume (70O), which is defined as the natural logarithm of the sum of shares traded (in thousands) of stock i in
quarter t by retail investors in the sample. Panel B shows the regression results when the dependent variable is Dollar Volume (DVO), which is calculated as the natural
logarithm of one plus the sum of dollar shares traded (in thousands) in a quarter. Panel C shows the regression results when the dependent variable is the Trading Frequency
(Freq), which is calculated as the natural logarithm of one plus sum of number of trades for each stock in a quarter. Post is an indicator that equals one if quarter ¢ is on or after
the effective date of each implementation phase, and zero if quarter ¢ is before that date. The control variables are the same as those in Table 1.2. Columns (1), (2), (5), and (6)
are baseline staggered diff-in-diff OLS regressions, whereas columns (3), (4), (7), and (8) are stacked diff-in-diff regressions. The sample period is from January 1991 to
December 1996. Standard errors are clustered at the stock and year-quarter levels. The #-statistics are reported in parentheses. ***, ** and *indicate statistical significance at

the 1%, 5%, and 10% levels, respectively.

Panel A: Dependent variable =

Trading volume

Growth firms Value firms
1) (2) 3) (4) (5) (6) () (8)

Post -0.091*** -0.109%*** -0.177*%* -0.172%%* -0.069%*** -0.068*** -0.056* -0.063*

(-3.05) (-4.07) (-3.61) (-3.99) (-3.45) (-3.58) (-1.84) (-2.13)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,090 17,090 12,948 12,948 17,079 17,079 13,022 13,022
Adj R-squared 0.754 0.766 0.752 0.760 0.740 0.745 0.744 0.747
Diff between column (n) and (n+4) -0.023 -0.041 -0.121 -0.109
p-value 0.04 0.00 0.00 0.00
Panel B: Dependent variable = Dollar volume

Growth firms Value firms
€9) 2 3) “) () (6) @) ()

Post -0.131** -0.172%** -0.268%*** -0.263%*** -0.115%%* -0.107*** -0.068 -0.104*

(-2.53) (-3.83) (-3.08) (-3.78) (-3.10) (-3.04) (-1.24) (-1.99)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes



Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,090 17,090 12,948 12,948 17,079 17,079 13,022 13,022
Adj R-squared 0.803 0.818 0.798 0.808 0.790 0.798 0.786 0.791
Diff between column (n) and (n+4) -0.016 -0.065 -0.200 -0.159
p-value 0.25 0.00 0.00 0.00
Panel C: Dependent variable = Trading frequency
Growth firms Value firms
A 2 3) “) () (6) (@) ®)

Post -0.122%** -0.144*** -0.184*** -0.177*** -0.072%** -0.070*** -0.033 -0.049

(-3.59) (-4.88) (-3.57) (-4.26) (-2.96) (-3.00) (-0.93) (-1.34)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes
Firm FE X Group FE Yes Yes Yes Yes
Year-quarter FE X Group FE Yes Yes Yes Yes
Observations 17,090 17,090 12,948 12,948 17,079 17,079 13,022 13,022
Adj R-squared 0.819 0.834 0.813 0.823 0.807 0.813 0.805 0.809
Diff between column (n) and (n+4) -0.050 -0.074 -0.151 -0.128
p-value 0.00 0.00 0.00 0.00
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Table 1.7 Effect of EDGAR implementation on trading performance

The table reports coefficients and ¢-statistics from baseline staggered diff-in-diff and stacked diff-in-diff
regressions of the trading performance on the dummy variable Post from Eq. (1.3) and Eq. (1.4). The dependent
variable is post-trade sell-buy return differential (PTSBD), which is the mean difference between 30-day return
following all purchases in each stock in a quarter and 30-day return following all sells in the same stock in the
same quarter. The 30-day return is calculated as the dollar amount times excess cumulative returns in 30 days
following the trades. PTSBD is winsorized at 1 and 99 percentile levels. Post is an indicator that equals one if
quarter t is on or after the effective date of each implementation phase and zero if quarter ¢ is before that date. The
definitions of other explanatory variables are described in Table 1.2. The sample includes ordinary common stocks
of U.S. companies listed on major exchanges (NYSE, Amex, and Nasdaq). The sample period is from January
1991 to December 1996. Standard errors are clustered at the stock and year-quarter levels. The #-statistics are
reported in parentheses. ***, ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Staggered diff-in-diff analysis: Eq. Stacked dift-in-diff regression: Eq.

(1.3) (1.4
&) 2) 3) (G)
Post -31.13** -26.14* -69.88%* -73.24%*
(2.42) (-1.97) (-2.11) (-2.24)
Market beta -14.98 -34.51
(-0.66) (-0.98)
Size 25.08 57.19
(0.91) (1.45)
MOM 3.691 -19.37
(0.18) (-0.49)
B/M 32.54%* 12.74
(1.86) (0.40)
Price 0.685%* 1.581
(1.80) (0.99)
Turnover 62.53* 177.1%%*
(1.94) (3.98)
Dividend dummy -11.97 63.46
(-0.30) (0.92)
Nasdaq dummy -15.58 51.73
(-0.26) (0.47)
INST 31.82 7.603
(0.49) (0.08)
ACov 3.052 -44.76
(0.13) (-0.91)
Bid-ask spread -1.062 11.14%*
(-0.23) (1.78)
IVOL -2.737 -11.20
(-0.47) (-1.16)
Controls No Yes No Yes
Firm FE Yes Yes No No
Year-quarter FE Yes Yes No No
Firm FE X Group FE No No Yes Yes
Year-quarter FE X Group FE No No Yes Yes
Observations 18,725 18,725 14,069 14,069
Adj R-squared 0.010 0.010 0.001 0.004
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Table 1.8 Effect of EDGAR implementation on overconfidence: Excluding the first implementation phase

The table reports the coefficients and ¢-statistics from the staggered and stacked diff-in-diff regressions of the overconfidence on the dummy variable Post with the first
implementation phase firms removed from the sample. Panels A and B present the regression results from baseline staggered analysis and stacked analysis, respectively.
Dependent variables are four measures of overconfidence. Trading volume (VO) is calculated as the natural logarithm of one plus the sum of shares traded (in thousands) in a
quarter for stocks that are traded at least once by retail investors in our sample. Dollar Volume (DVO) is calculated as the natural logarithm of one plus the sum of dollar shares
traded (in thousands) in a quarter. Trading Frequency (Freq) is calculated as the natural logarithm of one plus sum of number of trades for each stock in a quarter. Post-trade
sell-buy return differential (PTSBD) is the mean difference between 30-day return following all purchases in each stock in a quarter and 30-day return following all sells in the
same stock in the same quarter. The 30-day return is calculated as the dollar amount times excess cumulative returns in 30 days following the trades. PTSBD is winsorized at 1
and 99 percentile levels. The control variables are the same as those in Table 1.2. The sample period is from January 1991 to December 1996. Standard errors are clustered at
the stock and year-quarter levels. The #-statistics are reported in parentheses. *** ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Baseline staggered analysis: Eq. (1.3)

Dependent variable = Trading volume Dollar volume Trading frequency PTSBD
1) 2) 3) “) &) (0) ) (®)

Post -0.085%** -0.096*** -0.119%%** -0.144%** -0.100%** -0.115%** -33.06** -27.69%*

(-4.37) (-5.24) (-3.66) (-4.88) (-4.26) (-5.19) (-2.70) (-2.16)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 33,287 33,287 33,287 33,287 33,287 33,287 17,962 17,962
Adj R-squared 0.742 0.752 0.796 0.810 0.810 0.823 0.008 0.009

Panel B: Stacked diff-in-diff regression: Eq. (1.4)

Dependent variable = Trading volume Dollar volume Trading frequency PTSBD
(M 2 3) “4) &) Q) (7 ®)

Post -0.144*** -0.139*** -0.191 *** -0.206*** -0.131%** -0.136%** -68.90* -71.96**

(-4.62) (-4.84) (-3.50) (-4.44) (-3.82) (-4.26) (-2.05) (-2.14)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 25,817 25,817 25,817 25,817 25,817 25,817 13,742 13,742
Adj R-squared 0.749 0.756 0.801 0.810 0.814 0.823 0.001 0.004
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Table 1.9 Pre-trend and falsification tests

The table reports the coefficients and #-statistics from the staggered diff-in-diff regressions of the overconfidence on the dummy variable Post in the pre-trend assumption and
falsification tests with control variables. In the pre-trend assumption (falsification) test, the pseudo-events of each EDGAR implementation phase are set as the date two years
before (after) the actual effective date shown in Table 1.1. Accordingly, the dummy variable Post equals one if quarter ¢ is after the pseudo-event date and zero otherwise. Panel
A shows the regression results for the pre-trend test and Panel B shows the results for the falsification test. Dependent variables are four measures of overconfidence. Trading
volume (VO) is calculated as the natural logarithm of one plus the sum of shares traded (in thousands) in a quarter for stocks that are traded at least once by retail investors in
our sample. Dollar Volume (DVO) is calculated as the natural logarithm of one plus the sum of dollar shares traded (in thousands) in a quarter. Trading Frequency (Freq) is
calculated as the natural logarithm of one plus sum of number of trades for each stock in a quarter. Post-trade sell-buy return differential (P7SBD) is the mean difference
between 30-day return following all purchases in each stock in a quarter and 30-day return following all sells in the same stock in the same quarter. The 30-day return is
calculated as the dollar amount times excess cumulative returns in 30 days following the trades. PTSBD is winsorized at 1 and 99 percentile levels. The control variables are
the same as those in Table 1.2. The sample period is from January 1991 to December 1996. Standard errors are clustered at the stock and year-quarter levels. The ¢-statistics are

reported in parentheses. ***, ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Pre-trends test

Dependent variable = Trading volume Dollar volume Trading frequency PTSBD
(D 2 (©) 4) &) Q) (M ®)
Post 0.032 0.032 -0.013 0.028 -0.013 0.003 2.457 3.762
(0.73) (0.70) (-0.18) 0.41) (-0.34) (0.07) (0.12) (0.20)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11,250 11,250 11,250 11,250 11,250 11,250 11,249 11,249
Adj R-squared 0.617 0.631 0.616 0.653 0.680 0.707 0.001 0.001
Panel B: Post-trends test
Dependent variable = Trading volume Dollar volume Trading frequency PTSBD
() @) (€) “4) ®) Q) (M ®)
Post 0.001 0.036 0.089 0.088 0.050* 0.060%** -28.04 -24.07
(0.04) (0.85) (1.42) (1.50) (1.98) (2.43) (-0.96) (-0.80)
Controls No Yes No Yes No Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 4,857 4,857 4,857 4,857 4,857 4,857 4,856 4,856
Adj R-squared 0.759 0.766 0.722 0.725 0.808 0.811 0.011 0.012
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Table 1.10 Effect of EDGAR implementation on the overconfidence: By each implementation phase

The table reports the coefficients and #-statistics from the diff-in-diff regressions of the overconfidence on the dummy variable Post. For each EDGAR implementation phase,
we construct the clean 2 X 2 dataset. The control group contains the firms that have not yet joined the EDGAR platform in the sample. We keep the longest window [-5, 5] for
each implementation phase with the first six phases having the control groups. Post is the dummy variable that equals one if the year-quarter is on or after the effective
implementation year-quarter, and zero otherwise. Dependent variables are four measures of overconfidence. Trading volume (VO) is calculated as the natural logarithm of one
plus the sum of shares traded (in thousands) in a quarter for stocks that are traded at least once by retail investors in our sample. Dollar Volume (DVO) is calculated as the
natural logarithm of one plus the sum of dollar shares traded (in thousands) in a quarter. Trading Frequency (Freq) is calculated as the natural logarithm of one plus sum of
number of trades for each stock in a quarter. Post-trade sell-buy return differential (P7SBD) is the mean difference between 30-day return following all purchases in each stock
in a quarter and 30-day return following all sells in the same stock in the same quarter. The 30-day return is calculated as the dollar amount times excess cumulative returns in
30 days following the trades. PTSBD is winsorized at 1 and 99 percentile levels. The control variables are the same as those in Table 1.2. The sample period is from January
1991 to December 1996. Standard errors are clustered at the stock and year-quarter levels. The #-statistics are reported in parentheses. ***, ** and *indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable =

Phase 1

Phase 2

Phase 3

Phase 4

Phase 5

Phase 6

Controls

Trading volume Dollar volume Trading frequency PTSBD
1) () 3) “) (5) (6) (M (3)
-0.145 -0.211 -0.268 -0.339 -0.107 -0.162 -111.8 -113.5
(-0.96) (-1.50) (-1.03) (-1.63) (-0.70) (-1.04) (-1.72) (-1.11D)
-0.222%* -0.075 -0.351* -0.099 -0.205 -0.050 -254 9% -251.3%*
(-2.54) (-0.92) (-1.87) (-0.55) (-1.71) (-0.50) (-2.17) (-1.88)
-0.199%*%** -0.16%** -0.273** -0.200%** -0.178%** -0.136** -44.61 -23.49
(-3.93) (-3.37) (-2.92) (-2.39) (-3.40) (-2.87) (-0.46) (-0.23)
-0.208*** -0.183%** -0.283*%* -0.274%** -0.200%** -0.185%** -3.899 -21.36
(-3.94) (-4.01) (-3.09) (-3.57) (-3.64) (-3.91) (-0.09) (-0.52)
-0.102%* -0.116** -0.140* -0.188%** -0.092* -0.117%* -91.62%* -89.21%*
(-2.52) (-3.12) (-1.93) (-3.11) (-2.03) (-2.84) (-2.67) (-2.41)
-0.083 -0.110%* -0.074 -0.164* -0.066 -0.112%* -98.49 -102.8
(-1.66) (-2.31) (-0.86) (-2.07) (-1.34) (-2.35) (-1.72) (-1.67)
No Yes No Yes No Yes No Yes
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Figure 2.1 Ex-ante skewness in [-10,10] window with bad guidance news disclosure

The charts present the daily average ex-ante skewness within [-10,10] window around the management guidance t =
0 when the mangers disclose the shortfall news. Bad news is defined when companies state they are not expected to
meet earnings for the period indicated (shortfall), recorded by IBES management guidance database. The ex-ante
skewness is estimated following Eq. (2.3) as the variance scaled skewness. The ex-ante skewness using the options
with available maturities and interpolated to maturities of 30, 60 and 91 days are shown in FigurelA, 1B and 1C
respectively. X-axis represents the day from 10 days prior to the management guidance disclosure day to 10 days post
to it, with disclosure day equaling 0. Y-axis represents the average daily ex-ante skewness. The sample includes
ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex, and Nasdaq) with
available option data. The sample period is from January 1996 to December 2022.

A 30 days maturity B 60 days maturity

@ | ©

-9
|
-7

-8

std_skew60

(mean) std_skew30
-1

-1.1
(mean)

1
-9

-1.2

C 91 days maturity

@

(mean) std_skew91
-8
L

82



Figure 2.2 Ex-ante skewness in [-10,10] window with good guidance news disclosure

The charts present the daily average ex-ante skewness within [-10,10] window around the management guidance t =
0 when the mangers disclose the good news. Good news is defined when companies state they are expected to beat
earnings for the period indicated, recorded by IBES management guidance database. The ex-ante skewness is
estimated following Eq. (2.3) as the variance scaled skewness. The ex-ante skewness using the options with available
maturities and interpolated to maturities of 30, 60 and 91 days are shown in Figure2 A, 2B and 2C respectively. X-axis
represents the day from 10 days prior to the management guidance disclosure day to 10 days post to it, with disclosure
day equaling 0. Y-axis represents the average daily ex-ante skewness. The sample includes ordinary common stocks
of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex, and Nasdaq) with available option data.
The sample period is from January 1996 to December 2022.
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Table 2.1 Summary statistics

This table reports the summary statistics of the variables used in the empirical analysis, including the mean (Mean),
standard deviation (Std Dev), and quartiles (P25, P50, and P75). Panel A and Panel B show the main variables in
subsamples where the quarterly and annual forecasts are reported. Panel C shows the main variables in full samples
and Panel D shows the control variables in full samples. stdSKEW, ..y is the variance scaled ex-ante skewness
calculated following Eq. (2.3), using the options with available maturities and interpolated maturity to N
days. rSKEW, .,y is the realized skewness estimated using the daily stock returns from day t to t + N. DSKEW, ;,n
is the change of ex-ante skewness, calculated following Eq. (2.4). Good news (Good) is defined as dummy variable,
which is one if firms’ guidance is above the mean of analysts’ estimation and zero otherwise. The bad news (Bad) is
defined as the dummy variable, which is one when firms’ guidance is below the mean of analysts’ estimation and zero
otherwise. Neutral is the dummy variable that equals one if the mean of analysts’ estimations falls within the expected
range reported by the managers, and zero otherwise. Following are the control variables. Ret is the daily stock returns,
shown as percentage. ROA is calculated as the earnings scaled by total assets. Leverage is the ratio of the total liability
over the total assets. B/M is the natural logarithm of a firm’s book equity at the end of the previous fiscal year, divided
by the market value of equity at the end of December of the previous year. Firm size (Size) is computed as the natural
logarithm of the market value of equity, calculated in million dollars. Turnover is measured as the daily average
number of shares traded in a quarter divided by the number of shares outstanding, shown as a percentage, with the
number of shares for Nasdaq stocks adjusted. Market beta (Befa) is estimated for each stock using its monthly returns
over the prior 60 months. Stock idiosyncratic volatility (/FOL) is computed as the standard deviation of the daily
residuals in a month from the Fama—French three-factor model. Institutional holdings (/NST) is measured as the natural
logarithm of one plus a stock’s institutional ownership scaled by shares outstanding in each quarter. Analyst coverage
(ACov) is calculated as the natural logarithm of one plus the average number of analysts covering a stock in each
quarter. QTR is defined as the dummy variable which is one if the quarterly forecasts are reported and zero if the
annual forecasts are reported. Multi_type is defined as the dummy variable which is one when more than one type of
guidance measures are reported and zero otherwise. Variables are winsorized at 1% and 99%. The sample includes
ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex, and Nasdaq). The
sample period is from January 1996 to December 2022.

Panel A: Main Variables: Periodicity of Management Guidance--Quarterly

Variable Mean SD P25 P50 P75 N
DSKEW, ¢+30 0.04 0.87 -0.30 0.02 0.38 8,863
DSKEW; ¢+60 0.03 0.52 -0.16 0.01 0.21 8,863
DSKEW; ¢191 0.03 0.39 -0.10 0.01 0.15 8,863
Bad 0.19 0.39 0.00 0.00 0.00 8,863
Good 0.13 0.33 0.00 0.00 0.00 8,863
Neutral 0.25 0.43 0.00 0.00 1.00 8,863
Panel B: Main Variables: Periodicity of Management Guidance--Annual

Variable Mean SD P25 P50 P75 N
DSKEW; ¢130 -0.11 0.98 -0.46 -0.05 0.29 18,060
DSKEW, ¢ 160 -0.04 0.60 -0.23 -0.03 0.17 18,060
DSKEW; 401 -0.02 0.43 -0.15 -0.01 0.12 18,060
Bad 0.13 0.34 0.00 0.00 0.00 18,060
Good 0.15 0.36 0.00 0.00 0.00 18,060
Neutral 0.47 0.50 0.00 0.00 1.00 18,060
Panel C: Main Variables: Full Sample

Variable Mean SD P25 P50 P75 N
DSKEW, ¢130 -0.06 0.95 -0.41 -0.03 0.32 26,923
DSKEW, ;460 -0.02 0.58 -0.21 -0.01 0.18 26,923
DSKEW; 1401 -0.01 0.42 -0.13 0.00 0.13 26,923
Bad 0.15 0.36 0.00 0.00 0.00 26,923
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Good 0.15 0.35 0.00 0.00 0.00 26,923
Neutral 0.40 0.49 0.00 0.00 1.00 26,923
Panel D: Control Variables: Full Sample

Variable Mean SD P25 P50 P75 N
Ret % -0.22 6.13 -1.97 0.03 1.98 26,923
ROA 0.01 0.04 0.00 0.01 0.02 26,923
Leverage 0.21 0.17 0.05 0.19 0.32 26,923
B/M 0.52 0.52 0.24 0.40 0.65 26,923
Size 8.00 1.59 6.86 7.89 9.06 26,923
Turnover % 1.16 2.69 0.56 0.88 1.41 26,923
Beta 1.33 0.78 0.83 1.22 1.72 26,923
IVOL 1.83 1.23 1.03 1.52 2.25 26,923
INST 0.51 0.23 0.47 0.59 0.65 26,923
ACov 2.31 0.62 1.88 2.35 2.77 26,923
QTR 0.33 0.47 0.00 0.00 1.00 26,923
Multi type 0.18 0.38 0.00 0.00 0.00 26,923
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Table 2.2 Ex-ante skewness and realized stock price crash
This table presents the regression results in which the dependent variable is ex-post skewness (rSKEW; .y ) and the
independent variable is the sStdSKEW, ;. y, which is estimated following Eq. (2.3). The regression model is
TSKEW; 11 t414n = Q@ + Py X StASKEW, ¢ oy + B X X + FE; + FE,,
where TSKEW, ¢,y is the realized skewness estimated using the daily stock returns from day ¢ to ¢t + N. The ex-ante
skewness stdSKEW, ;. is estimated using the options with available maturities and interpolated to maturities of 30,
60 and 91 days, with N=30,60 and 91. The definitions of other explanatory variables are described in Table 2.1. The
sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex,
and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the stock
and date level. The #-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

N=30 N=60 N=91
(1) ) (3) 4) (5) (6)
StdSKEW, .y 0.017%** 0.014%** 0.032%** 0.026%** 0.048*** 0.036***
(15.29) (12.80) (11.50) (9.40) (9.64) (7.21)
ROA -0.569*** -0.78%** -0.817*%*
(-8.00) (-7.04) (-5.99)
Leverage -0.024 -0.038 -0.059
(-1.15) (-1.17) (-1.36)
B/M -0.005 -0.005 -0.005
(-0.80) (-0.43) (-0.34)
Size -0.114%** -0.177%*%* -0.220%*%*
(-23.15) (-23.16) (-22.03)
Turnover -0.004 -0.006* -0.011**
(-1.36) (-1.68) (-2.25)
Beta -0.015%** -0.025%** -0.031***
(-3.15) (-3.40) (-3.22)
IVOL 0.006%** 0.003 0.005
(3.16) (0.98) (1.47)
INST -0.006 -0.013 -0.017
(-0.32) (-0.42) (-0.41)
ACov -0.001 -0.013 -0.021
(-0.20) (-1.19) (-1.43)
Observations 5,581,333 5,581,333 5,581,333 5,581,333 5,581,333 5,581,333
Firm FE Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes
Adj R™2 0.04 0.05 0.06 0.04 0.06 0.07
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Table 2.3 Ex-ante skewness changes around management guidance

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=30 N=60 N=91
1) (2) 3) “) (5) (6)
Bad 19.93%** 12.58*** 9.781%*** 5.550%** 7.542%** 4.612%**
(7.19) (4.79) (5.73) (3.41) (6.14) (3.90)
Good -10.45%%* -5.477%* -4,909%*** -2.049 -3.766*** -1.745%
(-4.05) (-2.13) (-3.27) (-1.38) (-3.67) (-1.73)
Neutral 1.213 1.508 -0.520 -0.252 -0.892 -0.710
(0.64) (0.81) (-0.44) (-0.22) (-0.98) (-0.82)
QTR 5.929%** 2.947%* 1.875%*
(3.11) (2.42) (1.98)
Multi_type 3.384* -0.331 0.172
(1.91) (-0.30) (0.20)
RET -4.369%** -2.541%%* -1.798%**
(-18.66) (-18.47) (-17.33)
ROA 50.34%** 4.103 7.511
(2.79) (0.36) (0.76)
Leverage -2.976 -0.139 -2.376
(-0.41) (-0.036) (-0.78)
B/M -0.230 -0.396 0.474
(-0.16) (-0.47) (0.90)
Size -2.230 -1.221 -0.110
(-1.57) (-1.46) (-0.18)
Turnover -1.906** -1.252%* -0.394
(-2.00) (-2.37) (-0.97)
Beta 0.171 0.413 1.042%%*
(0.17) (0.66) (2.56)
IVOL 0.654 0.354 0.007
(0.84) (0.78) (0.02)
INST -6.509 0.574 0.764
(-0.98) (0.15) (0.30)
ACov 0.004 1.075 0.590
(0.01) (0.71) (0.55)
Controls No Yes No Yes No Yes
Observations 26,426 26,426 26,426 26,426 26,426 26,426
Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R™2 0.064 0.129 0.047 0.106 0.036 0.091

87



Table 2.4 Ex-ante skewness changes around management guidance: Forecast periodicity

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;+,n ) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=30 N=60 N=91
@) 2) 3) “) (5) (6)
BadxQTR 31.63*** 24 55%** 19.13%** 15.36%** 1227 9.655%**
(6.86) (5.50) (7.11) (5.91) (6.10) (4.93)
GoodxQTR -11.25%%* 1.631 -3.389 4.501 -2.944 2.743
(-2.33) (0.35) (-1.12) (1.54) (-1.29) (1.22)
NeutralxQTR -6.524* -3.284 -1.096 0.908 -1.430 0.095
(-1.94) (-1.03) (-0.54) (0.46) (-0.90) (0.06)
Bad 6.539%** 3.456 1.977 -0.003 2.490* 1.103
(1.99) (1.07) (1.04) (-0.01) (1.75) (0.79)
Good -7.983%** -6.003* -4.313%* -3.360* -3.168%** -2.543%%*
(-2.61) (-1.95) (-2.38) (-1.86) (-2.62) (-2.10)
Neutral 2.088 1.951 -0.667 -0.720 -0.806 -0.89
(0.94) (0.91) (-0.52) (-0.59) (-0.84) (-0.97)
QTR 6.023%** 2.291 1.375 -0.791 1.269 -0.311
(2.88) (1.17) (0.95) (-0.57) (1.08) (-0.27)
Multi_type 2.645 -0.770 -0.114
(1.49) (-0.70) (-0.13)
RET -4.318%** -2.518%** -1.783%%%*
(-18.52) (-18.33) (-17.22)
ROA 51.67*** 4.822 7.990
(2.84) (0.42) (0.80)
Leverage -3.107 -0.163 -2.410
(-0.43) (-0.04) (-0.80)
B/M -0.131 -0.347 0.506
(-0.09) (-0.41) (0.95)
Size -2.165 -1.162 -0.075
(-1.51) (-1.38) (-0.12)
Turnover -1.836* -1.220%* -0.373
(-1.92) (-2.30) (-0.91)
Beta 0.138 0.443 1.055%%*
(0.14) (0.71) (2.61)
IVOL 0.793 0.443 0.063
(1.02) (0.98) (0.19)
INST -6.283 0.738 0.870
(-0.94) (0.19) (0.34)
ACov 0.093 1.160 0.644
(0.04) (0.76) (0.60)
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Observations 26,426 26,426 26,426 26,426 26,426 26,426

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R"2 0.069 0.131 0.051 0.108 0.039 0.092
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Table 2.5 Ex-ante skewness changes around management guidance: Multitype forecasts

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=30 N=60 N=91
Q)] () 3) “) (5) (6)
BadxMulti_type 26.20%** 15.88%** 15.66%** 9.884*** 10.14%** 6.135%*
(4.17) (2.60) (3.96) (2.60) (3.40) (2.13)
GoodXxMulti_type -9.907* -5.159 -9.142%%* -6.137* -4.431* -2.198
(-1.78) (-0.96) (-2.56) (-1.77) (-1.69) (-0.86)
Neutral XxMulti  type -0.148 -2.702 -3.875 -5.201%%* -0.310 -1.196
(-0.04) (-0.70) (-1.57) (-2.18) (-0.17) (-0.66)
Bad 15.29%%** 9.900*** 7.080%** 3.904%* 5.773%%* 3.578%%*
(4.98) (3.42) (3.82) (2.22) (4.30) (2.82)
Good -9.352%%* -4.893* -3.768** -1.204 -3.278%** -1.489
(-3.48) (-1.81) (-2.38) (-0.76) (-3.03) (-1.39)
Neutral 1.124 2.080 0.266 0.786 -0.827 -0.459
(0.55) (1.03) (0.21) (0.64) (-0.89) (-0.51)
Multi_type 1.122 2.953 0.621 1.572 -0.508 0.108
(0.36) (1.02) (0.32) (0.84) (-0.37) (0.08)
QTR 5.683%%* 2.790%** 1.781%
(2.99) (2.31) (1.88)
RET -4.348%** -2.526%** -1.789%*%*%*
(-18.66) (-18.45) (-17.30)
ROA 49.62%** 3.668 7.235
(2.76) (0.32) (0.74)
Leverage -2.702 0.0690 -2.269
(-0.37) (0.02) (-0.75)
B/M -0.257 -0.405 0.463
(-0.17) (-0.48) (0.87)
Size -2.156 -1.179 -0.0816
(-1.51) (-1.40) (-0.14)
Turnover -1.835% -1.201%* -0.366
(-1.92) (-2.27) (-0.90)
Beta 0.163 0.402 1.038**
(0.16) (0.64) (2.55)
IVOL 0.682 0.374 0.017
(0.88) (0.82) (0.05)
INST -6.797 0.285 0.649
(-1.018) (0.07) (0.25)
ACov -0.044 1.029 0.571
(-0.02) (0.68) (0.54)
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Observations 26,426 26,426 26,426 26,426 26,426 26,426

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R"2 0.065 0.130 0.049 0.107 0.037 0.092
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Table 2.6 The rule of analyst coverage

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=60 N=91
1) (2) 3) (4) (5) (6)
Badx ACov -13.03*** -10.75%** -7.412%** -6.040%*** -5.220%** -4.2771%%*
(-3.37) (-2.91) (-3.13) (-2.65) (-3.03) (-2.60)
Goodx ACov 2.576 -0.614 3.587 1.719 2.014 0.662
(0.67) (-0.17) (1.63) (0.83) (1.28) (0.44)
Neutralx ACov -0.442 -1.949 1.838 1.060 1.515 0.987
(-0.15) (-0.68) (1.08) (0.65) (1.17) (0.80)
Bad 49 93%** 37.25%** 26.84%** 19.48*** 19.54%** 14.47%*%*
(5.05) (3.95) (4.34) (3.28) (4.28) (3.32)
Good -16.54* -4.274 -13.26%* -6.071 -8.476%%* -3.318
(-1.73) (-0.47) (-2.39) (-1.17) (-2.08) (-0.85)
Neutral 1.853 5.669 -5.118 -2.978 -4.682 -3.222
(0.25) (0.80) (-1.12) (-0.68) (-1.32) (-0.96)
ACov 1.662 2.152 1.121 1.263 1.015 0.640
(0.63) (0.81) (0.70) 0.77) (0.84) (0.52)
QTR 6.086*** 3.015%* 1.908**
(3.20) (2.50) (2.04)
Multi_ type 3.390% -0.319 0.174
(1.87) (-0.28) (0.20)
RET -4.203%** -2.447%%* -1.728%%*
(-24.61) (-23.89) (-20.92)
ROA 41.36** 4.537 9.347
(2.45) (0.51) (1.28)
Leverage -1.455 0.709 -1.437
(-0.22) (0.19) (-0.48)
B/M -0.229 -0.250 0.401
(-0.20) (-0.36) (0.98)
Size -1.863 -1.097 -0.030
(-1.34) (-1.32) (-0.05)
Turnover -1.522%* -1.065%* -0.353
(-1.83) (-2.11) (-0.93)
Beta 0.273 0.480 1.102%*
(0.27) (0.79) (2.68)
IVOL 0.492 0.270 -0.016
(0.66) (0.62) (-0.05)
INST -6.435 0.979 1.176
(-1.06) 0.27) (0.43)
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Observations 26,426 26,426 26,426 26,426 26,426 26,426

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R"2 0.065 0.130 0.048 0.106 0.037 0.091
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Table 2.7 The rule of litigation risk

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=30 N=60 N=91
1) (2) 3) (4) (5) (6)
Badx Litigation -1.137 -0.975 -0.840 -0.757 -1.080 -1.041
(-0.59) (-0.51) (-0.69) (-0.65) (-1.16) (-1.16)
Goodx Litigation 2.917 3.740%** 1.289 1.792%* 1.717** 2.077**
(1.57) (2.10) (1.20) (1.68) (2.10) (2.54)
Neutralx Litigation 0.919 1.038 1.038 1.120 1.031 1.076*
(0.73) (0.85) (1.28) (1.43) (1.61) (1.73)
Bad 18.50*** 11.30%** 8.638*** 4.488** 6.092%** 3.216%*
(5.75) (3.54) (4.57) (2.45) (4.35) (2.36)
Good -6.650** -0.643 -3.260* 0.249 -1.599 0.893
(-2.16) (-0.21) (-1.96) (0.15) (-1.38) (0.74)
Neutral 2.265 2.619 0.698 1.028 0.340 0.550
(1.03) (1.22) (0.58) (0.87) (0.38) (0.62)
Litigation -1.597 -1.702 -0.989 -1.147 -0.318 -0.624
(-1.34) (-1.44) (-1.30) (-1.49) (-0.56) (-1.06)
QTR 5.980%*** 3.007** 1.883**
(3.16) (2.50) (2.03)
Multi_ type 3.437* -0.321 0.193
(1.89) (-0.28) (0.22)
RET -4.216%** -2.456%** -1.734%%*
(-24.64) (-23.94) (-20.96)
ROA 40.43** 3.807 8.966
(2.36) 0.43) (1.22)
Leverage -2.465 0.202 -1.740
(-0.37) (0.05) (-0.59)
B/M -0.212 -0.201 0.428
(-0.18) (-0.29) (1.05)
Size -1.590 -0.905 0.0697
(-1.14) (-1.07) (0.12)
Turnover -1.670** -1.144%** -0.439
(-1.99) (-2.26) (-1.14)
Beta 0.533 0.621 1.139%**
(0.52) (1.01) (2.70)
IVOL 0.579 0.326 0.0129
(0.78) (0.75) (0.04)
INST -6.109 1.035 1.221
(-1.01) (0.28) (0.45)
ACov -0.053 1.025 0.484
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(-0.02) (0.67) (0.44)
Observations 26,426 26,426 26,426 26,426 26,426 26,426
Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R"2 0.064 0.128 0.047 0.105 0.036 0.091
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Table 2.8 Predicting the realized short-term skewness

this table presents the regression results in which the independent variable of interest is the change of ex-ante skewness
around the management guidance disclosure date (DSKEW; , .y ) calculated following Eq. (2.4), with N days maturity
of ex-ante skewness. The regression model is

TSKEW, t43¢433 = @ + 1 X DSKEW, 1y + B2 X StASKEW; ¢3¢ 34y + B3 X TSKEW, 31,1 + B X X + FE;
+ FE,
The definitions of other explanatory variables are described in Table 2.1. The sample includes ordinary common stocks
of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex, and Nasdaq). The sample period is from
January 1996 to December 2022. Standard errors are clustered at the stock and date level. The #-statistics are reported
in parentheses. ***, ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

N=30
Q) 2)
DSKEW; .y 0.01%* 0.011*
(L.75) (1.96)
StdSKEW 0.016*** 0.014%**
(3.65) (3.45)
rSKEW -0.008 -0.007
(-1.24) (-1.17)
Ret 0.001
(0.90)
QTR -0.017
(-0.99)
Multi_type -0.001
(-0.03)
ROA -0.232
(-1.30)
Leverage -0.076
(-1.09)
B/M -0.006
(-0.28)
Size -0.095 %k
(-6.64)
Turnover 0.001
(0.10)
Beta 0.005
(0.40)
IVOL 0.003
(0.38)
INST -0.081
(-1.61)
ACov 0.004
(0.18)
Observations 25,908 25,908
Firm FE Yes Yes
Year-quarter Yes Yes
Adj R™2 0.051 0.054
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Appendix
Appendix A
The daily stock returns within [-10,10] window around earnings forecasts.
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Appendix B. Ex-ante skewness changes around management guidance: firm size

This table presents the regression results in which the dependent variable is the change of ex-ante skewness around
the management guidance disclosure date (DSKEW; ;) calculated following Eq. (2.4), with N days maturity of ex-
ante skewness. We define good news (Good) as dummy variable, which is one if firms’ guidance is above the mean
of analysts’ estimation and zero otherwise. The bad news (Bad) is defined as the dummy variable, which is one when
firms’ guidance is below the mean of analysts’ estimation and zero otherwise. Neutral is the dummy variable that
equals one if the mean of analysts' estimations falls within the expected range reported by the managers, and zero
otherwise. Firm size (Size) is computed as the natural logarithm of the market value of equity, calculated in million
dollars. The definitions of other explanatory variables are described in Table 2.1. The coefficients are multiplied by
100. The sample includes ordinary common stocks of U.S. nonfinancial companies listed on major exchanges (NYSE,
Amex, and Nasdaq). The sample period is from January 1996 to December 2022. Standard errors are clustered at the
stock and date level. The ¢-statistics are reported in parentheses. ***, ** and *indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

N=30 N=60 N=91
)] 2 (€)] “4) (6] (6)
Badx Size -5.106%*** -3.567*** -3.264*** -2.363%** -2.045%** -1.382%*
(-3.82) (-2.70) (-4.15) (-3.10) (-3.47) (-2.42)
GoodxSize 1.352 -1.077 0.670 -0.745 0.817 -0.161
(0.90) (-0.75) (0.81) (-0.95) (1.46) (-0.30)
Neutral X Size 0.675 -0.446 1.642%** 1.053* 1.122%%* 0.743*
(0.63) (-0.42) (2.79) (1.87) (2.58) (1.80)
Bad 59.80%*** 40.49%** 35.22%%* 24.00%** 23.48%** 15.41%%*
(5.42) (3.70) (5.30) (3.73) (4.62) (3.12)
Good -21.29* 3.013 -10.27 3.869 -10.32%* -0.474
(-1.73) (0.25) (-1.48) (0.59) (-2.14) (-0.10)
Neutral -4.693 4.738 -14.22%*%* -9.143%* -10.25%** -6.935%
(-0.52) (0.54) (-2.72) (-1.84) (-2.60) (-1.86)
Size 1.405 -0.913 0.368 -0.900 0.845 -0.01
(1.04) (-0.62) (0.44) (-1.03) (1.42) (-0.01)
QTR 6.070%** 2.992%* 1.908**
(3.20) (2.49) (2.05)
Multi_type 3.274% -0.449 0.102
(1.81) (-0.39) (0.12)
RET -4.201*** -2.444%x* -1.726%**
(-24.46) (-23.78) (-20.84)
ROA 41.33%* 4.344 9.253
(2.43) (0.49) (1.26)
Leverage -1.724 0.512 -1.604
(-0.26) (0.13) (-0.54)
B/M -0.243 -0.205 0.424
(-0.21) (-0.29) (1.04)
Turnover -1.675%* -1.118%* -0.390
(-2.00) (-2.23) (-1.02)
Beta 0.288 0.487 1.104%%*
(0.28) (0.81) (2.69)
IVOL 0.508 0.220 -0.0440
(0.69) (0.51) (-0.14)
INST -6.323 1.320 1.398
(-1.03) (0.36) (0.51)
ACov -0.145 0.892 0.397
(-0.06) (0.58) (0.36)
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Observations 26,426 26,426 26,426 26,426 26,426 26,426

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes
Adj R"2 0.065 0.130 0.049 0.106 0.037 0.091
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Appendix C.
Predicting the realized short-term skewness

This table presents the regression results in which the independent variable of interest is the change of ex-ante
skewness around the management guidance disclosure date (DSKEW; .,y ) calculated following Eq. (2.4), with N

days maturity of ex-ante skewness. The regression model is

TSKEW, t43¢433 = @ + 1 X DSKEW, ¢t n + B2 X StASKEW; ¢3¢ 34y + B3 X TSKEW, 31,1 + B X X + FE;

+ FE,

The definitions of other explanatory variables are described in Table 2.1. The sample includes ordinary common stocks
of U.S. nonfinancial companies listed on major exchanges (NYSE, Amex, and Nasdaq). The sample period is from
January 1996 to December 2022. Standard errors are clustered at the stock and date level. The #-statistics are reported
in parentheses. ***, ** and *indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

N=60 N=91
Q)] 2) 3) “)
DSKEW, .y 0.012 0.007 0.020 0.011
(1.03) (0.57) (0.93) (0.50)
StdSKEW 0.020** 0.017** 0.048%** 0.036***
(2.48) (2.15) (3.42) (2.60)
rSKEW -0.011 -0.010 -0.028*** -0.025%**
(-1.43) (-1.25) (-3.54) (-3.14)
Ret -0.002 -0.003*
(-1.59) (-1.70)
QTR 0.012 0.045%*
(0.63) (1.96)
Multi_type 0.005 -0.015
(0.23) (-0.64)
ROA -0.673%* -0.679%*
(-2.53) (-2.22)
Leverage -0.133 -0.039
(-1.52) (-0.39)
B/M -0.006 0.008
(-0.04) 0.41)
Size -0.146%** -0.218%**
(-8.04) (-9.77)
Turnover -0.013 -0.024*
(-0.99) (-1.71)
Beta -0.011 -0.011
(-0.72) (-0.63)
IVOL 0.012 0.013
(1.18) (1.21)
INST 0.062 0.035
(0.86) 0.41)
ACov -0.011 0.020
(-0.40) (0.58)
Observations 25,908 25,908 26,031 26,031
Firm FE Yes Yes Yes Yes
Year-quarter Yes Yes Yes Yes
Adj R™2 0.055 0.061 0.060 0.069
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