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Consequences of firm-specific stock price crashes
on analyst forecasts: Evidence from China
Yunqi Fan1✉ & Yanwei Zhang1

The phenomenon of stock price crash events (SPCs) has always attracted market attention,

but existing research mainly focuses on its causes or determinants and rarely examines the

consequences of SPCs. This study aims to fill this gap by examining the consequences of

firm-specific stock price crash events (SPCs) on analyst forecast accuracy. Using the sample

of analysts and listed companies from 2001 to 2020 and employing a difference-in-

differences design, we find that after the company’s stock price crashed, the analyst forecast

error decreased and the accuracy increased. For analysts who have not conducted site visits

before SPC, and have no geographical advantages, this effect is more obvious, thus validating

our hypothesis following analyst attention theory. Additional analysis shows that SPCs sti-

mulate forecast accuracy more significantly for lowly-reputed analysts than for highly-

reputed analysts. Channel analysis documents that, for the aforementioned group of analysts,

the enhancement effect of SPCs on analyst forecasts is mediated by analyst effort increasing.

This study adds to the evidence that SPCs bring positive externalities from the analyst

perspective, that is, SPCs attract the attention of some analysts and improve their forecast

accuracy. This study also enhances our understanding of analyst behavior under uncertainty,

finally enriching the literature on the determinants of analyst forecast accuracy.
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Introduction

Stock price jumps and stock price crashes are an important
phenomenon in the capital market. Stock price jumps will
enable investors to obtain high returns, but they will also

accumulate wealth bubbles in the capital market. The con-
sequences of SPCs will not only shake investors’ confidence in the
capital market but also cause misallocation of resources in the real
economy question. There are many reasons for the collapse of a
company’s stock price. In recent years, a large number of studies
on the causes of SPCs have emerged. SPCs have become a hot
topic among academics and regulators. Although there is an
enormous amount of literature exploring the causes or determi-
nants of SPCs, papers examining the consequences of SPCs are
still rare.1The only published paper on the consequences of SPCs
is Kim et al. (2022) who document that SPCs could trigger
investor rational attention and thus stimulate market information
efficiency. But beyond this, nothing is known as yet about the
consequences of SPCs on other economic agents’ behavior. To
fulfill this gap, this study examines how analyst forecasts are
affected by firm-specific stock price crashes (SPCs). Because
analysts are deemed as information intermediaries who provide
investment advice and enhance market efficiency by interpreting,
digging, and disseminating information, their forecasts are espe-
cially more important under high uncertainty (Amiram et al.
2018). Therefore, it is self-evident that how SPCs influence ana-
lyst forecasts is meaningful for market participants.

Following prior literature, we postulate two competing pre-
dictions on the relationship between SPCs and analyst forecast
accuracy. On the one hand, SPCs may improve analyst forecast
accuracy by attracting analysts’ attention which is beneficial for
the information environment. A firm’s SPC is a rare event of
stock price collapse (Kim et al. 2022). Extreme fluctuation in
stock price can trigger analysts’ attention which is a limited
resource for improving the firm’s information environment
(Bourveau et al. 2022). As improved information environment is
beneficial for analysts to enhance forecast accuracy (Lang et al.
2003), it is reasonable to expect that SPCs may enhance analyst
forecast accuracy. On the other hand, the collusion view predicts
a negative relationship between SPCs and analyst forecast accu-
racy. SPCs send negative signals of corporate governance to the
market. In order to raise share price and maintain the company’s
image, company executives would try to lobby analysts to make
optimistic forecasts. Analysts may be willing to collude with
company executives for the sake of maintaining good relations
with company executives and obtaining better access to private
information (Hu et al. 2021; El Ghoul et al. 2023). Thus, the
collusion view suggests that SPCs may deteriorate analyst forecast
accuracy. Which effect will dominate depends on how analysts
choose between pandering to management or pandering to
investors. Thus, it is essential to empirically evaluate the effects of
SPCs on analyst forecasts.

We conduct our empirical analysis using a large sample of
listed companies in China during the period from 2001 to 2020.
Our identification strategy builds on Kim et al. (2022) by evalu-
ating the treatment effect by means of a difference-in-difference
(DID) analysis. In particular, we first identify SPC events as firm-
specific weekly returns fall more than 3.20 standard deviations
below the mean for the 12-month estimation period (Kim et al.
2011a, 2011b). Next, we use the propensity score matching
method to match these SPC firms to non-SPC firms with similar
SPC-score in the same industry and period. Then, we set the
month of each SPC as the baseline point (T= 0) and evaluate
analyst forecasts accuracy changes in a 1-year window sur-
rounding the SPC from pre-SPC period (i.e. 6 months previous to
the SPC (T=−6)) to post-SPC period (i.e. 6 months after the
SPC (T=+ 6)). Specifically, we contrast changes in analyst

forecast accuracy from pre- to post- SPC period for SPC obser-
vations in the treatment sample versus non-SPC observations in
the matched sample.

Our DID analysis shows that analyst forecast accuracy for the
treatment group of SPC firms increases significantly for the post-
SPC period compared with the control group of non-SPC firms.
This finding is robust to a series of tests including parallel trend
tests, placebo tests, instrumental variable tests, and alternative
measure of forecast accuracy. These results are consistent with
analyst attention view, suggesting that SPCs prompt analyst
forecast accuracy.

We then implement a series of validation tests to reinforce our
argument. We test the analyst attention hypothesis from on-the-
spot investigations and geographical proximity. Consistent with
our expectation, we find that forecast accuracy increases more
pronounced for these two types of analysts with information
disadvantage, reinforcing that SPCs improve analyst attention
and thus enhance forecast accuracy.

Our additional analysis documents the moderate effect of
analyst reputation on the relationship between SPCs and analyst
forecast accuracy. Star analysts are more concerned about their
reputation (Jackson, 2005). To prevent reputational damage, they
would pay more attention to their forecast reports, and thus make
more accurate pre-SPCs predictions. Consistent with our expec-
tation, we find that the enhancement effect of SPCs on forecast
accuracy is less pronounced for star analysts than for non-star
analysts.

Further, we conduct channel analysis to examine the
mechanism through which the enhancement effect of SPCs on
forecast accuracy functions. SPCs are accompanied by a sudden
release of the firm’s accumulated bad news. As the firm’s hidden
bad news is disclosed, the ability and impartiality of analysts who
are not aware of the bad news beforehand would be doubted by
investors. Consequently, these analysts would make greater
efforts to preserve their image (He et al. 2020). To verify this
argument, we focus on analyst efforts as specific types of behavior
that analysts may conduct. Our evidence suggests that analysts at
a disadvantage in information work harder after SPCs, but the
effect is not significant for analysts at an advantage in informa-
tion. Therefore, our results suggest that SPCs improve analyst
forecast accuracy by influencing the behavior of analysts in dis-
advantage in information, especially by increasing their efforts.

This study makes three major contributions to prior literature.
First, to our knowledge, it is the first to examine the consequences
of SPCs on analysts’ behavior. Although the detrimental effects of
SPCs on shareholder wealth and investor confidence are well-
known, Kim et al. (2022) first reveal positive externalities of SPCs
on investor attention. Our study supplements evidence of SPCs’
positive externalities from analysts’ perspective. We find that this
positive externality of SPCs is particularly significant for analysts
who have not conducted on-the-spot investigations before SPC,
do not have geographical proximity, and are not star analysts.

Second, our study enhances our understanding of analyst
behavior under uncertainty. Because analyst reports provide
valuable information for market participants to make investment
decisions, the role of analysts is even more important in an
uncertain environment (Amiram et al. 2018). Our study helps to
understand analysts’ reactions to SPCs which are extreme col-
lapses in stock price. Through channel analysis, we find that some
analysts become more diligent in obtaining private information
when face with sudden events such as SPCs. This is driven by
analyst reputation.

Third, we enrich knowledge of determinants of analyst fore-
casts accuracy. We find that analyst attention is also one of the
factors affecting analyst forecast accuracy. Analyst forecast
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accuracy is the premise and foundation for analysts to play the
role of governance. Career concern (Lourie, 2019), irrationality
(Song et al. 2009), and culture (Pacelli, 2019) are documented as
influences on forecast accuracy. Our results verify SPCs as a new
driver of analyst forecasts accuracy, thus also provide new insight
into circumstances under which analyst trade off reputation and
collusion incentives.

Figure 1 is the roadmap of this article. Section 2 discusses the
literature review and hypotheses. Section 3 discusses the research
design and variable measurement. Sections 4, 5, 6, and 7 present
the empirical research results, including main regression analysis,
validation analysis, additional analysis and channel analysis.
Section 8 is the discussion, and Section 9 is the conclusion.

Literature review and hypothesis development
Literature review. Despite the determinants of firm-specific SPCs
have been extensively discussed (e.g. Jin and Myers, 2006; Hutton
et al. 2009; Kim et al. 2011a; Fang et al. 2021), the consequences
of SPCs have only recently begun to be discussed in literature.
According to the differences in research object and research
design, the literature on the consequences of SPCs could be
divided into two categories. One category refers to the literature
on the consequences of firm-specific SPCs risk (An and Zhang,
2013; Harper et al. 2020; Lee, 2022; Benkraiem et al. 2023). The

research object in this body of literature is SPCs risk, which
means the degree of “crash-prone” of a stock and measured as a
negative coefficient of skewness, down-to-up volatility, and
indicator of SPCs.2 The research design of this kind of literature
depends on a regression model in which explanatory variables
including SPCs risk variables and control variables are one-year
lagged to the explained variables. Collectively, this strand of lit-
erature aims to reveal one-year lagged consequences of firm-
specific degree of “crash-prone”.

The other category of literature focuses on the consequences of
SPCs events. The only published study in this category is Kim et al.
(2022), in which the research object is the event itself rather than
the likelihood of the event. Instead of establishing a regression
model with one-year lagged SPCs risk measures as explanatory
variables of interest, Kim et al. (2022) identify SPCs events and then
conduct a DID analysis to evaluate consequences of the SPCs
events. This methodology could reveal the immediate consequences
of SPCs events within a specific time span. In particular, Kim et al.
(2022) evaluate the consequences of SPCs events on market
information efficiency within six months. Therefore, this category
of literature focuses on SPCs events and is more flexible in
capturing consequences of SPCs within a specific time span. As the
consequences of SPCs within a short time span (e.g., less than one
year) are undoubtedly important for investors and regulators,
follow-up studies of Kim et al. (2022) are urgently needed.

Fig. 1 Roadmap of this article. Section 1 is the induction. Section 2 discusses the literature review and hypotheses. Section 3 discusses the research design.
Sections 4, 5, 6, and 7 present the empirical research results. Section 8 is the discussion, and Section 9 is the conclusion.
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As information intermediaries in the financial market, analysts
provide investors with investment decision-making references by
interpreting market information and publishing research reports.
As a key dimension in evaluating analysts’ professional
capabilities, earnings forecasts have a huge impact on analysts’
careers. At the same time, analysts pursue higher forecast
accuracy because of career considerations (Lourie, 2019).

Analysts’ forecast accuracy is closely related to the company’s
information environment. On the one hand, the quantity and
quality of a company’s public information directly affects the
accuracy of analysts’ forecasts. For example, the higher the
company’s disclosure transparency (Dhaliwal et al. 2012), the
higher the audit quality (Xie et al. 2012), the higher the readability
of the annual report (Lehavy et al. 2011), etc., the more accurate
analysts’ forecasts will be. On the other hand, media reports (Kim
et al. 2017), the opening of high-speed rail (Kong et al. (2020),
and analysts’ on-the-spot investigations (Cheng et al. 2016) have
improved the ability and quality of analysts to obtain informa-
tion, making analysts’ predictions more accurate.

At the same time, there is a large amount of literature showing
that analysts are not completely rational in forecasting and there
are biases in earnings forecasts. For example, Ke and Yu (2006)
find that analysts tend to use biased earnings forecasts to satisfy
company management needs; Pacelli (2019) found that analysts
employed by companies with weak cultures produce lower-
quality forecast reports for their retail investors; Song et al (2009)
find that when a company’s earnings uncertainty is low, analysts
have a higher incentive to issue herding forecasts, etc.

When SPCs occur, whether analysts can still make accurate
predictions has become an urgent practical issue that needs to be
solved. Therefore, our study fills this gap by examining the effects
of SPCs on analyst forecasts accuracy.

Hypothesis development
Stock price crashes and analyst forecast accuracy. According to
prior literature, it is reasonable to expect two competing predictions
on the relationship between SPCs and analyst forecasts accuracy. On
the one hand, analyst attention theory predicts a stimulating effect of
SPCs on analyst forecasts accuracy. In particular, firm-specific SPC is
a rare event of stock price collapse (Kim et al. 2022). Analysts’
attention which is a limited resource for improving the firm’s
information environment tends to be allocated to firms whose share
prices experience extreme fluctuation recently (Bourveau et al. 2022).
Thus, it is straightforward that analysts would pay more attention to
firms with recent SPCs, leading to improvement of the firm’s
information environment. As improved information environment
facilitate analysts forecasting (Lang et al. 2003), firm-specific SPCs
may stimulate analyst forecasts accuracy with respect to that firm.
Given these considerations, we postulate Hypothesis 1A as below:

Hypothesis 1A: Firm-specific SPCs stimulate analyst forecast
accuracy with respect to the firm.

On the other hand, analyst collusion view predicts a
deteriorating effect of SPCs on analyst forecasts accuracy. This
is because SPCs are widely regarded as negative signals of the
firm’s corporate governance (e.g., Bauer et al. 2021; Deng et al.
2020; Guan et al. forthcoming). On behalf of raising share price
and preserving the company’s market image, company executives
may seek help from analysts to make optimistic forecasts.
Analysts may take delight in colluding with company executives
for the sake of maintaining good relations with company
executives and obtaining better access to private information
(Hu et al. 2021; El Ghoul et al. 2023). Thus, following analyst
collusion view, it is reasonable that firm-specific SPCs deteriorate
analyst forecasts accuracy. Given these considerations, we
formulate the following Hypothesis 1B as below:

Hypothesis 1B: Firm-specific SPCs deteriorate analyst forecast
accuracy with respect to the firm.

Overall, both the analyst attention theory and analyst collusion
theory may play a role in driving changes in analyst forecast
accuracy. Which effect will dominate depends on how analysts
choose between pandering to management or pandering to
investors. Thus, the ultimate effect is an open empirical matter
that depends on how analysts facing firm-specific SPCs balance
these two competing incentives.

Stock price crashes and analyst forecast accuracy: The role of
analyst site visits. Analyst site visit is an important way for ana-
lysts to directly face the management of listed companies,
understand the actual situation of production and operation of
listed companies, such as the implementation of major asset
restructuring and the latest information, and obtain information
sources of listed companies (Cheng et al. 2016; Han et al. 2018).
At the same time, analyst site visits can also avoid the lag of
public information (Cao et al. 2023). That is to say, analyst site
visits can help analysts obtain information by observing business
operations, and to a certain extent alleviate the non-local Ana-
lysts’ information disadvantages, thereby improving forecast
accuracy. Therefore, if SPCs stimulate analyst forecast accuracy
(as analyst attention theory predicts), we expect that analysts who
have conducted site visits before SPC will be able to make
accurate forecasts by their information advantages before SPC;
while analysts without site visits will be able to make accurate
forecasts only after the information environment improves after
SPC. The prediction accuracy improvement of the former before
and after SPC is not as good as that of the latter. Thus, we
propose hypothesis 2 as follows:

Hypothesis 2: (As analyst attention theory predicts,) firm-
specific stock price crashes stimulate forecast accuracy of analysts
who have not conducted site visits.

Stock price crashes and analyst forecast accuracy: The role of
geographical proximity. From previous research, we find that the
distance between the geographical location of securities companies
and listed companies or target companies has also become one of
the judgment factors that affect the accuracy of analysts’ forecasts
(Comiran and Siriviriyakul, 2019; Koenig, 2016). This is mainly
because the cost of obtaining private information will have a great
impact due to the closeness and distance at the geographical level
(Comiran and Siriviriyakul, 2019). For companies that are relatively
close, the cost for securities analysts to obtain private information
will be significantly reduced, the communication with all parties in
the company will be smoother, and the speed of obtaining infor-
mation will be faster, which naturally has a positive effect on the
accuracy of predictions. Therefore, if SPCs stimulate analyst fore-
cast accuracy (as analyst attention theory predicts), analysts with
geographical advantages can also make more accurate forecasts
before SPC, while analysts without geographical advantages can
only wait until the information environment improves. The pre-
diction accuracy improvement of the former before and after SPC
is not as good as that of the latter (Table 1). Given these con-
siderations, we put forward Hypothesis 3:

Hypothesis 3: (As analyst attention theory predicts,) firm-
specific stock price crashes stimulate forecast accuracy of analysts
without geographical advantages.3

Research design and variable measurement
Identification strategy and sample construction. We use the
China Stock Market and Accounting Research (CSMAR) data-
base to collect data on financial analysts and firm financial
information. We remove observations of financial firms, public
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utility firms, firms with special treatment or particular transfer,
and those with missing data. Our sample period spans from 2001
to 2020 for several reasons. First, the year 2001 is known as the
“Year of Supervision” in the history of A-shares market. Since
then, regulators have cracked down on financial fraud. Thus, our
sample begins from 2001 to exclude structure change around
2001. Second, this time period covers 20 years, which is conducive
to obtaining robust research results.

We first identify SPCs of all companies during this period.
Following Kim et al. (2022), we define a SPC event as taking place
when weekly firm-specific returns fall below a threshold level.
Specifically, we calculate weekly firm-specific returns using the
time-series regression shown below:

rjt ¼ β0 þ β1rmt�2 þ β2rmt�1 þ β3rmt þ β4rmtþ1 þ β5rmtþ2 þ εjt;

ð1Þ
where rjt is the return of stock j in week t, rmt is the market return
in week t in a given year. We include the lead and lag terms for
the market index return to allow for nonsynchronous trading
(Dimson, 1979). The firm-specific weekly return for firm j in
week t (denoted as wjt) is calculated with the residuals from
Eq. (2) as follows:

wjt ¼ lnð1þ εjtÞ; ð2Þ
Following prior literature (e.g. Kim et al. 2011a, Kim et al.

2011b, Kim et al. 2022), we define a SPC as taking place when wjt

falls 3.20 standard deviations below the firm’s mean over the
estimation period.4We obtain 2781 SPCs during our sample
period. These SPCs observations are defined as treatment
observations.

Then we apply the propensity score matching (PSM) method
to match each of the treatment firms to an industry-peer firm
which has the nearest-neighbor distribution of matching variables
and does not experience SPC in the year. Following Kim et al.
(2022), our matching variables are lagged one-year and include
DTURN, which is defined as detrended average monthly stock
turnover; NCSKEW, which is defined as negative skewness of
firm-specific weekly returns; RETLAG, which is defined as the
mean of firm-specific weekly returns; SIGMA, which is defined as
the standard deviation of firm-specific weekly returns; SALESG,
which is defined as sales growth rate; AGE; which is defined as the
natural logarithm of the number of years the company has been
listed; TANG, which is defined as asset tangibility; SIZE, which is
defined as firm size. These variables are chosen based on their
relevance and significance in the existing literature. For example,
Chen et al. (2001) find that increasing trading volume and
positive past returns can be used to predict negative skewness.
Boyer et al. (2010) point out that firm characteristics such as firm
size and idiosyncratic volatility are also important predictors of
future idiosyncratic skewness. Conrad et al (2014) find that young

and fast-growing firms with fewer tangible assets may experience
extremely high returns.

Table 2 presents the PSM matching results using logistic
regression. Columns 1 and 2 show the estimated results of the
logistic regression on propensity score. The dependent variable is
a dummy variable CRASH, which is set to 1 when a SPC occurs
and 0 otherwise. The signs of the regressor variables are
consistent with prior literature (e.g. Kim et al. 2011a; Fang
et al. 2021). We use the nearest neighbor method to match firms
with SPC with non-SPC firms on a one-to-one basis based on the
propensity score. Columns 3 and 4 in Table 2 present the mean
values of the matching variables of the treatment firms and the
control firms, respectively. Column 5 in Table 2 shows the T-test
for the mean difference between the treatment firms and the
control firms. The mean of matching variables does not have
significant differences between them. Thus, the treatment and
control firms in the study are comparable in terms of their
probability of experiencing SPCs and are subject to similar
unidentified industry and temporal factors, with the only
distinction being the treatment received by the intervention
group. Our initial matched sample includes 2127 treatment firms
and 2127 control firms.5

We use a DID analysis as our primary identification approach
to investigate if and how SPCs affect analyst forecast accuracy.
For each treatment firm in the matched sample above, we identify
the month when SPC occurs as our baseline point (t= 0), analyst
forecasts are analyzed within a 1-year timeframe that includes the
month of occurrence of SPC as the midpoint. The window spans
from 6 months before occurrence of SPC (t=−6) to 6 months
after occurrence of SPC (t=+6). For the control firm, we choose
the same window period around its matching treatment company
to observe changes in analyst forecasts. Finally, we obtain 56837
firm-month-analyst observations covering 2127 treatment firms
and 2127 control firms from 2001 to 2020.

Model specification. We compare changes in analyst forecast
accuracy from pre- to post-SPC for the treatment versus control
sample in a one-year window surrounding the SPC month from
6 months before the SPC (t=−6) to 6 months after the SPC
(t=+6). This comparison allows us to examine if there are any
differences in analyst forecast accuracy. Specifically, we construct
the following regression model to examine the effect of SPCs on

Table 2 PSM for sample identification.

CRASHTþ1 Mean

Variables Coefficients SE Treatment Control T−stat

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

NCSKEWT 0.042 0.031 −0.220 −0.204 −0.016
RETLAGT 0.712 1.213 0.002 0.002 0.001
SIGMAT 0.652 0.581 0.059 0.058 0.000
SIZET −0.064** 0.028 15.410 15.389 0.021
SALESGT −0.043 0.003 0.195 0.230 −0.035
AGET 0.009 0.066 2.635 2.638 −0.003
TANGT −0.161 0.025 1.100 1.007 −0.007
DTURNT −11.680*** 3.112 0.012 0.012 0.000
Year YES
Industry YES
Obs 23853 2127 2127

Table 2 presents the PSM estimation. Columns 1 and 2 show the estimation results of the
logistic regression estimating propensity score. Columns 3 and 4 present the mean value of the
matching variables for the treatment firms and control firms, respectively. The corresponding
T-test results of the mean differences are exhibited in column 5.

Table 1 Distribution of analyst attention.

Visit Proximity

Yes No Advantage Disadvantage

Pre-SPC + − + −
Post-SPC + + + +
Expected
effect

Weak Strong Weak Strong

Table 1 shows the contribution of analyst attention to forecast accuracy. Columns 1 and 2 show
the impact on forecast accuracy when analysts conduct site visits or not. Columns 3 and 4 show
the impact of analyst attention on analyst forecast accuracy under different geographical
proximity.
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analyst forecast accuracy:

Ferrori;j;T ¼ α0 þ α1CRASHi;j;T þ α2POSTi;j;T þ α3CRASHi;j;T ´POSTi;j;T

þControlsþ δi;j;T

ð3Þ
where CRASH is a dummy variable that is equal to 1 if the firm
belongs to the treatment group, and 0 otherwise. POST is a
dummy variable that is equal to 1 during the post-SPC period
(t= 0, +1, +2, +3, +4, +5, +6) of treatment firms and equal to 0
for the pre-SPC period (t=−1, −2, −3, −4, −5, −6). In the case
of matched control firms, this variable is equal to 1 if it is the
hypothetical post-SPC period (t= 0, +1, +2, +3, +4, +5, +6)
that coincides with the actual post-SPC period of the matched
SPC firms, and 0 if it is the pseudo pre-SPC period (t=−1, −2,
−3, −4, −5, −6). The interaction of CRASH × POST is our main
variable of interest. We expect α3 < 0, that is analysts will improve
the forecast accuracy for firms that have an SPC compared to
those that do not. δijt is the random error term. Controls refer to
control variables discussed below.

Variable measurement. Drawing on Liu and Liu (2022), we
define analyst forecast accuracy as the deviation of the earnings
forecast for firm j in year T.

FERRORi;j;T ¼
FEPSi;j;T � AEPSj;T

���
���

AEPSj;T

���
���

ð4Þ

where FEPSi;j;T is earnings per share forecasts provided by analyst
i for firm j for year T. AEPSj;T is the real earnings per share of
firm i in year T. On the one hand, in order to prevent negative
earnings in a specific year, this will lead to changes in the cal-
culation of analyst forecast errors. On the other hand, when stock
prices fall, analysts may face greater pressure to publish more
optimistic earnings, causing price-scale forecast error to

mechanically rise. Therefore, we choose AEPSj;T

���
��� as the

denominator. A higher value of Ferrori;j;T means analyst forecast
is less accurate.

A number of controls are included in our model at the analyst,
firm, and audit levels. We first control for a number of variables
that may influence the accuracy of analyst forecasts, such as
analyst experience (EXP); months separating the release of actual
year-end earnings from the time of the analyst forecast
(HORIZON); the total number of years analysts track companies
(SPECIFIC); the total number of firms an analyst follows in a
given year (TFOLLOWING); an indicator of analyst team
(TEAM); the number of analysts employed by a brokerage
business in a given year. (BSIZE).

Our firm-level controls include firm size (SIZE); returns on
assets (ROA); the book value of all liabilities divided by total
assets (LEV); log value of board size (LNBOARD); proportion of
independent directors (INDENP); shareholding ratio of the firm’s
largest shareholder (SHRCR); shareholding ratio of institutional
investors (INST); an indicator of state-owned enterprise (SOE).

Audit level controls include audit fees (AUDITFEE); an
indicator of the presence of a board audit committee (COMMIT-
TEE); an indicator of the Big 4 audit firm (BIG4).

Descriptive statistics. Panel A of Table 3 shows descriptive sta-
tistics. The mean value of FERROR is 0.552, the median is 0.160,
the 25th percentile is 0.053, and the 75th percentile is 0.479,
which shows that the accuracy of analysts’ earnings forecasts for
different listed companies is quite different, and it also shows that
most analysts’ forecasts are less accurate. Panel B of Table 3
presents the correlation matrix of the key variables. The data

structure of the remaining control variables is within a reasonable
range, which is relatively close to the prior research on the stock
market in China (e.g. He et al. 2020).

Empirical results
Main results. The estimated results of SPCs on analyst forecasts
accuracy are shown in Table 4. The coefficient of CRASH*POST
is significantly negative at the 1% level (coef. = −0.186, t-stat=
−4.471). This result reveals that the improvement in analyst
forecasts accuracy in the post-SPC period is significantly larger
for SPC firms than non-SPC firms. It is consistent with hypoth-
esis H1a suggesting that SPCs improve analyst forecasts accuracy.

In terms of control variables, the coefficients of ROA and INST
are significantly negative, indicating that analysts forecasts errors
will reduce when analysts predict companies with high returns on
assets or large institutional shareholding ratios. Furthermore,
there is a positive correlation between forecast horizon (HOR-
IZON) and forecast error, but the number of analysts hired by a
brokerage firm (BSIZE) and the analyst team (TEAM) are
negatively correlated with analyst forecast error.

Robustness test
Parallel trends analysis. In order to further support our DID
method, we conduct a parallel trend test. Figure 2 shows the
results of the parallel trend test. The abscissa is from d_6 (t=−6)
to d6 (t= 6), corresponding to the above-mentioned SPC year
estimated period. The endpoints of the line segments on the
vertical axis represent the estimated coefficients of FERROR
corresponding to each time point, and the length of the line
segments represents the confidence intervals at the corresponding
90% confidence levels. If the confidence interval of the dummy
variable includes 0, it means that the coefficient of the dummy
variable is not significant; otherwise, it is significant. The sixth
period before the SPC happens is eliminated because we utilize
the base period as the benchmark group to avoid collinearity. The
results in Fig. 2 show that all the monthly dummy variable
coefficients are not significant in the first 5 months of the SPC,
implying that there is no significant difference in the analyst
forecast accuracy between the treatment group and the control
group before the SPC, and the parallel trend hypothesis is
established. In the month when the SPC occurs and after the SPC,
the coefficient of each dummy variable is less than 0, indicating
that the occurrence of SPC makes the analyst’s forecast more
accurate. Thus, the results of parallel trends analysis support the
appropriateness of our DID approach.

Alternative measurements of analyst forecast accuracy. We adopt a
different metric for analyst forecast accuracy following Francis et
al. (2019) to evaluate the robustness of our main results. The
alternative measure designated is calculated as follows:

FERROR Pi;j;T ¼
FEPSi;j;T � AEPSj;T

���
���

Pj j
ð5Þ

The numerator is still the absolute value of the difference
between the analyst forecast earnings per share and the actual
earnings per share, and the denominator P is the opening stock
price in the estimation period. This measurement can alleviate the
impact of stock style differences. Stocks in high-growth industries
(i.e. growth style stocks) often have higher price-earnings ratios.
Thus, for the same AEPS, companies with higher growth potential
often have higher stock prices. Meanwhile, higher growth
potential relates to greater volatility in AEPS, making it more
difficult for analysts to predict. Therefore, jFEPSi;j;T � AEPSj;T j is
interfered by stock style, making it unreasonably biased towards
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growth-style stocks. By using P as a scaling, this impact is
alleviated. As a result, stock price is also a widely used scaling
variable in calculating analyst forecast errors. As shown in
Table 5, the FERROR_P coefficient is significantly negative at the
5% level (coef. = −0.002, t-stat=−2.433). Therefore, consistent
with H1a, our results still hold when we use the opening stock
price as a proxy scaling variable, suggesting that SPC improves
analyst forecasts accuracy.

Instrumental variable approach. We also used two-stage least-
squares instrumental variables (2SLS) to address potential endo-
geneity, which also provides further evidence for the causality of

our main results. Following Kim et al. (2022), we use mutual fund
flow redemption pressure based on its hypothetical sales (MFHS)
as an instrumental variable. Edmans et al. (2012) suggest mea-
suring a stock’s hypothetical sales by mutual funds that experi-
ence outflows of at least 5% of the fund’s total assets. MFHS is a
measure of mutual fund flow pressure that could trigger stock
price collapse but is unrelated to firm fundamentals, and is often
employed as an exogenous shock of stock price movement (e.g.
Edmans et al. 2012; Kim et al. 2022). As analyst forecasts are
focused on firm fundamentals, it is intuitive to expect that MFHS
is correlated to SPCs but is unlikely to influence analyst forecast
accuracy.

Panel A of Table 6 shows the first stage results of our 2SLS
approach. Consistent with our expectations, the coefficient of
CRASH*POST is positive and significant at the 5% level (coef. =
0.002, z-stat = 1.976), indicating that mutual fund redemption
pressure is positively related to SPCs. Panel B is the second stage
results of the 2SLS approach. We first generate the fitted value of
CRASH in the first stage, and then introduce the fitted CRASH
into our main regression model Eq. (3) and re-estimate it. We
find that the coefficient of the fitted CRASH*POST is negative
and significant at the 5% level (coef. = −0.874, t-stat=−1.967).
Consistent with H1a, these findings suggest that SPCs driven
exogenously by redeemed mutual fund stress drive the increase in
analyst forecast precision, further supporting the causality of our
main findings.

Placebo tests. Additionally, we conduct placebo tests to rule out
the possibility that our findings were due to contemporaneous
unobserved factors. We create two fictitious SPCs incidence
times. First, we conduct a placebo test to compare the changes in
analyst forecast accuracy within one year before the occurrence of
SPCs. The fictitious SPCs occurred 6 months before the actual
SPCs occurred (T=−6) and the time window spans from
12 months before the occurrence of SPCs (T=−12) to the month
of the occurrence of SPCs (T= 0). Second, we set the fictional
SPCs incidence time as six months after the actual SPCs (T= 6).
The corresponding time window spans from the month of the
occurrence of SPCs (T= 0) to 12 months after the occurrence of
SPCs (T= 12). We conduct these placebo tests using the same
groups of treatment and control firms to ensure comparability.
To confirm that our main results are caused by SPCs and not by
other contemporary unobserved factors, we compare the changes
in analyst forecast accuracy for treatment and control firms
before and after these two fictitious SPCs. If SPCs are the driving
force, we should not see significant changes in analyst forecast
accuracy in the placebo tests.

Table 7 shows that the test period in column 1 is one year after
the actual occurrence of SPC (T= 0 to T= 12), and the test
period in column 2 is the year before the actual occurrence of SPC
(T=−12 to T= 0), the CRASH*POST coefficients in column 1
and 2 are not significant. This falsification analysis further
confirms our inference.

Validation analysis
If SPCs increase analyst forecast accuracy by stimulating analyst
attention, we expect that forecast accuracy should increase more
pronounced after SPCs for analysts at a disadvantage in infor-
mation. It is reasonable because that, analyst selectively reduces
her attention to companies on which she has information dis-
advantages (Bourveau et al. 2022). Thus, if SPCs function as
stimulating analyst attention, the change of analyst attention from
pre-SPCs to post-SPCs should be more significant for analysts
with information disadvantage, resulting in a more pronounced
enhancement effect of SPCs on analyst accuracy. Therefore, we

Table 4 The impact of SPC on analyst forecast accuracy.

(1)

FERROR

CRASH −0.571
(−0.535)

POST 0.074**
(2.352)

CRASH*POST −0.186***
(−4.471)

SIZE −0.468
(−1.446)

LEV −0.615
(−0.883)

ROA −16.017***
(−6.776)

INBOARD 0.395
(0.959)

INDENP 0.733
(0.519)

SHRCR 0.008
(0.636)

INST −0.579**
(−1.982)

AUDITFEE 0.075
(0.659)

SOE −0.343
(−0.607)

COMMITTEE 0.261
(1.010)

BIG4 −0.040
(−0.163)

EXP −0.001
(−0.657)

HORIZON 0.061***
(12.919)

SPECIFIC 0.000
(0.077)

TFOLLOWING −0.000
(−1.370)

BSIZE −0.011**
(−2.085)

TEAM −0.022**
(−2.378)

_cons 10.922
(1.421)

N 56837
R2 0.647
Year Yes
Match Yes

Table 4 presents the estimated results of the impact of stock price crashes on analysts’ forecast
accuracy. Year and matched-pair fixed effects are included. The sample period spans from 2001
to 2020. The total number of observations is 56,837. All control variables except for the dummy
variables are winsorized at the bottom and top 1% level. Robust t-statistics corrected by firm
clustering are reported in parentheses. *, ** and *** indicate statistical significance at the 10%,
5% and 1% levels, respectively. All variables are defined in Appendix A.
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selected on-the-spot investigation (Cheng et al. 2016) and
geographical proximity (O’Brien and Tan, 2015), two variables
that can affect analysts’ information acquisition, to test the
analyst attention hypothesis.

As discussed in Section 2, the underlying notion of the positive
relationship between SPCs and analyst forecast accuracy depends
on analysts striving for information environment improvement. If
this notion is true, it is expected that analysts with information
disadvantages improve the accuracy of their forecasts much more
than those with information advantages. Next, we conduct several
validation analyses to reinforce this underlying notion, including
site visits and geographical proximity.

Existing studies have found that analysts can communicate and
interact with management through on-the-spot investigations,
making them obtain company-specific information and improve
the quality of earnings forecasts (Cheng et al. 2016). We divide
the sample (including treatment group and control group sam-
ples) into “visit” group and “non-visit” group based on whether
the analyst conducts on-the-spot investigations on listed com-
panies within 6 months before the release of forecasts before SPC.
Analysts in the “visit” group can communicate and interact with
management through on-the-spot investigations, making them
obtain company-specific information and improve the quality of
earnings forecasts (Cheng et al. 2016). The “visit” group contains
5574 observations, and the “non-visit” group contains 51263
observations. We expect the positive relationship between SPCs
and analyst forecasts accuracy to be more pronounced for the
group without on-the-spot investigation. The empirical results are
shown in Columns 1 and 2 in Table 8. Consistent with our
expectation of Hypothesis 2, the coefficient of CRASH*POST is
only significantly negative for the group without on-the-spot
investigation.

Prior literature documents that geographical proximity
decreases the cost of analyst gathering information on listed
companies (O’Brien and Tan, 2015). Thus, if analysts and listed
companies are located in the same province, the geographical
advantage will help reduce the cost of analyzing and obtaining
information on listed companies, because it is easier for them to
obtain company information. They can obtain private

information faster and more easily recognize the true situation of
the company, which will help improve the accuracy of forecasts.
Thus, we divide the sample (including treatment group and
control group samples) into “local” group and “non-local” group
based on whether the registered place of the listed company and
the registered place of the brokerage are in the same province. We
expect that SPCs stimulate analyst forecasts accuracy more pro-
nounced for the “local” group. The “local” group contains 4412
observations, and the “non-local” contains 52425 observations.
The empirical results are exhibited in Columns 3 and 4 in Table 8.
Consistent with our expectation of Hypothesis 3, the coefficient of
CRASH*POST is only significant for the group of analysts and
listed companies located in different provinces.

Above all, consistent with Hypothesis 2 and 3, our empirical
results demonstrate that the improvement effects of SPCs on
analyst forecast accuracy only exist in the group of analysts who
did not conduct on-the-spot investigations prior to SPC, and do
not have geographic advantages. These results reinforce the
underlying notion that the effects of SPCs on analyst forecasts
accuracy are rooted in analysts striving for information envir-
onment improvement.

Additional analysis: Analyst reputation
As mentioned above, we find that SPCs can attract the attention
of some analysts, thereby enabling analysts to improve the
information environment and improve forecast accuracy. In other
words, there are some analysts who can pay attention to com-
panies with SPC risks and make accurate predictions before SPC.
Therefore, we further explore the reasons why this type of ana-
lysts are not significantly affected by SPCs. Professional reputa-
tion has long been recognized as an effective disciplinary
mechanism in the labor market (Fama, 1980). Analysts’ focus on
reputation drives them to provide higher-quality and less opti-
mistic forecasts. Among them, star analysts pay more attention to
their own reputation. To protect their reputation, they tend to
have more accurate predictions (Jackson, 2005). Star analysts rely
on stronger private information mining capabilities, such as on-
the-spot investigations, telephone interviews, etc., as well as their
more thorough interpretation of information, and motivation of

Fig. 2 Parallel trend test, where the horizontal axis corresponds to the SPC estimation period. The terminal points of the vertical line segments indicate
the estimated coefficients of FERROR for each time point, while the length of these segments reflects the confidence intervals at the respective 90%
confidence levels. If the confidence interval of the dummy variable includes 0, the coefficient is insignificant; otherwise, it is significant.
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maintaining reputation, they are more likely to identify hidden
dangers in the company before the company’s SPC occurs, and
make accurate predictions. Therefore, star analysts are more
motivated and capable of making accurate predictions before
SPC, while ordinary analysts can only wait until the information
environment improves. We expect that the prediction accuracy
improvement of the former before and after SPC is not as good as
that of the latter.

Zhang et al. (2015) believe that the most outstanding analysts
in China are rated as star analysts by “New Fortune” magazine,
and the ranking represents the analyst’s reputation in the market.
We define star analysts based on whether the analyst is ranked

Table 6 Instrumental variable approach (2SLS).

Panel A: Instrumental variable first-stage regression results

(1)

CRASH

MFHS 0.002**
(1.976)

NCSKEW −0.172***
(−12.305)

REGLAG 0.582
(1.176)

SIGMA −1.789***
(−5.606)

DUTURN −2.965**
(−2.282)

SIZEPSM 0.076***
(8.590)

AGE −0.015
(−0.573)

SALESG 0.022*
(1.763)

TANG −0.025
(−1.337)

RM −5.664***
(−2.720)

_cons −1.697***
(−8.869)

N 56833
Pseudo R2 0.009
Year Yes
Industry Yes

Panel B: Instrumental variable second-stage regression results

(1)

FERROR

Fitted CRASH 1.615*
(1.696)

POST 0.405*
(1.891)

Fitted CRASH*POST −0.874**
(−1.967)

SIZE −0.457
(−1.405)

LEV −0.687
(−0.983)

ROA −15.933***
(−6.736)

INBOARD 0.403
(1.003)

INDENP 0.795
(0.567)

SHRCR 0.009
(0.707)

INST −0.550*
(−1.876)

AUDITFEE 0.062
(0.551)

SOE −0.300
(−0.521)

COMMITTEE 0.240
(0.929)

BIG4 −0.026
(−0.103)

EXP −0.001
(−0.643)

HORIZON 0.060***
(12.876)

Table 5 Replace the explained variable.

(1)

FERROR_P

CRASH −0.040***
(−3.638)

POST −0.000
(−0.284)

CRASH*POST −0.002**
(−2.433)

SIZE −0.011***
(−2.976)

LEV 0.018***
(2.785)

ROA −0.162***
(−3.224)

INBOARD −0.017
(−1.524)

INDENP −0.024
(−0.997)

SHRCR 0.000
(0.344)

INST −0.003
(−1.049)

AUDITFEE −0.001
(−0.591)

SOE 0.007**
(2.336)

COMMITTEE −0.004
(−1.335)

BIG4 −0.001
(−0.155)

EXP 0.000
(0.461)

HORIZON 0.001***
(15.461)

SPECIFIC −0.000
(−0.712)

TFOLLOWING −0.000
(−1.642)

BSIZE −0.000**
(−2.139)

TEAM −0.000
(−1.588)

_cons 0.341***
(3.500)

N 56223.000
R2 0.664
Year Yes
Match Yes

Table 5 shows the results of the robustness analysis with the substitution of explanatory
variables. The sample covers the company-month-analyst data of non-missing values of all
variables during the period 2001–2020. Robust t-statistics corrected for firm clustering are
reported in parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1%
levels, respectively. All variables are defined in Appendix A.
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among the top 5 analysts by Fortune magazine in a given year. We
divide our sample (including treatment group and control group
samples) into “star” group and “non-star” group based on whe-
ther analyst forecasts are made by star analysts, the “star” group
contains 3863 observations, and the “non-star” group contains
52974 observations. As mentioned above, reputation drives ana-
lysts in the “star” group to make more accurate predictions before
the SPC, while analysts in “non-star” group can only wait until the
SPC occurs before they can take action. We expect that the
positive relationship between SPCs and analyst forecast accuracy
is more pronounced for the group of non-star analysts. The
empirical results are shown in Columns 1 and 2 in Table 9.
Consistent with our expectation, the coefficient of CRASH*POST
is only significant for the group of non-star analysts.

Channel analysis: Analyst efforts
Next, we further examine the mechanism of the enhanced effect
of SPC on prediction accuracy. The abilities of analysts who fail to
spot the firm’s hoarding bad news that leads to SPC will be
questioned by investors who experience wealth losses. Thus,
analysts are motivated to improve their forecasts since they want
to repair their reputations. As a result, we anticipate SPCs will
make analysts put up more effort to obtain private information
for making accurate earnings forecasts. To test this mechanism,
we focus on analyst effort.

Following Altschuler et al. (2015), we use the amount of private
information in analyst forecasts to measure analysts’ efforts to
obtain private information. In particular, it is measured as follows:

PRIVACYi;T ¼ Vi;T

1� 1
Ni;T

� �
Vi;T þ Ei;T

h i2 ð6Þ

where Vi,T is the variance of all analysts’ forecasts on company i; Ni,T

is the total number of analysts’ forecasts who follow the company i;
Ei,T is the squared error of the consensus average forecast. In order
to avoid the skewness problem that may exist in the measurement of
private information acquisition, we follow Park et al. (2017) to take
the logarithm of the aforementioned private information acquisition

index to obtain PRIVACYi;T .The larger value of PRIVACYi;T means
the more private information the analyst obtains.

We divide our sample into two groups based on whether
analysts have information advantages before SPCs. We use the
same method as in Section 5 to distinguish analysts with infor-
mation advantages and disadvantages. In particular, we divide our
sample based on whether analysts have conducted on-the-spot
investigations before SPCs, have geographical advantages, and are
star analysts, respectively. If SPCs could make analysts pay more

Table 6 (continued)

Panel B: Instrumental variable second-stage regression results

(1)

FERROR

SPECIFIC 0.000
(0.190)

TFOLLOWING −0.000
(−1.407)

BSIZE −0.011**
(−1.979)

TEAM −0.021**
(−2.242)

_cons 7.299
(0.992)

N 56833
R2 0.646
Year Yes
Match Yes

Table 6 presents the results of the instrumental variable method. Panel A is the results of the
first stage of instrumental variables, including the fixed effects of year and industry. Panel B is
the result of the second stage of the instrumental variable. The fitted value of CRASH is
generated by probit regression in the first stage, and then interacted with POST to estimate the
fitted value of CRASH*POST. The regression includes year and matched-pair fixed effects. The
sample covers the company-month-analyst data of non-missing values of all variables during the
period 2001–2020. Robust t-statistics corrected for firm clustering are reported in parentheses.
*, ** and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. All
variables are defined in Appendix A.

Table 7 Placebo tests.

(1) (2)

0 to12 −12 to 0

FERROR FERROR

CRASH 0.355 3.461
(0.195) (1.174)

POST 0.030 0.191
(0.528) (1.284)

CRASH*POST 0.051 0.140
(0.539) (0.770)

SIZE −0.486 -1.312
(−0.739) (−1.495)

LEV 0.473 9.130
(0.341) (1.254)

ROA −8.151** −8.847
(−2.363) (−1.230)

INBOARD 0.101 −0.020
(0.156) (−0.030)

INDENP 0.948 −0.646
(0.631) (−0.329)

SHRCR −0.007 −0.031
(−0.292) (−1.068)

INST −0.832 2.670
(−1.340) (0.737)

AUDITFEE 0.003 1.784
(0.009) (1.235)

SOE −0.734 −0.835
(−0.845) (−0.709)

COMMITTEE 0.281 0.323
(0.787) (0.453)

BIG4 −0.080 −0.837*

(−0.197) (−1.904)
EXP 0.001 −0.003

(0.449) (−0.732)
HORIZON 0.089*** 0.145***

(8.065) (2.729)
SPECIFIC −0.009** 0.009

(−2.074) (0.790)
TFOLLOWING −0.001*** −0.003

(−2.731) (−1.190)
BSIZE −0.021 −0.010

(−1.620) (−0.501)
TEAM −0.034** −0.091

(−2.140) (−1.354)
_cons 13.325 1.529

(0.791) (0.100)
N 56116 58667
R2 0.551 0.951
Year Yes Yes
Match Yes Yes

Table 7 presents the results of the placebo test. Column 1 is that we set the fictional SPC
occurrence time as six months after the actual SPC occurrence (T= 6), and column 2 indicates
that we set the fictional SPC occurrence time as six months before the actual SPC occurrence
(T=−6). This test examines the change in analyst forecast accuracy before and after the
fictitious SPC. Robust t-statistics corrected for firm clustering are reported in parentheses. *, **
and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. All variables
are defined in Appendix A.
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effort to obtain private information for improving earnings
forecast, there should be a more pronounced positive relationship
between SPCs and PRIVACYi;T for the sub-samples of analysts
with information disadvantages.

We regress PRIVACYi;T for each group on explanatory variables
as in Eq. (3). Table 10 shows our split-sample results. The coef-
ficients in the sub-samples of analysts with information
disadvantage are all positive and more significant than those
in the sub-samples of analysts with information disadvantage. In

particular, the coefficients of CRASH*POST in the subsamples of
analysts who do not conduct on-the-spot investigations, analysts
without geographic advantage, and non-star analysts are all posi-
tive and significant at 1% level, whereas the corresponding coef-
ficients in the subsamples of analysts with geographic advantage
and star analysts are not significant. Meanwhile, the corresponding
coefficient in the subsample of analysts who conduct on-the-spot
investigations is just significant at the 5% level. Overall, our
empirical results demonstrate that when analysts have an

Table 9 Analyst reputation.

(1) (2)

Star Non-star

FERROR FERROR

CRASH 5.957** −0.606
(2.748) (1.056)

POST 0.007 0.073**
(0.086) (0.032)

CRASH*POST −0.157 −0.187***
(0.117) (0.041)

SIZE −0.681 −0.422
(0.794) (0.331)

LEV −1.246 −0.604
(2.079) (0.652)

ROA −15.907*** −16.043***
(5.200) (2.419)

INBOARD 0.467 0.390
(1.195) (0.419)

INDENP −6.012 0.967
(6.263) (1.402)

SHRCR −0.019 0.010
(0.031) (0.013)

INST −1.998*** −0.474
(0.738) (0.295)

AUDITFEE 0.165 0.090
(0.233) (0.118)

SOE −0.809** −0.388
(0.323) (0.569)

COMMITTEE −2.014* 0.277
(1.071) (0.260)

BIG4 −0.938*** −0.004
(0.293) (0.240)

EXP −0.013 −0.001
(0.014) (0.001)

HORIZON 0.057*** 0.060***
(0.011) (0.005)

SPECIFIC −0.004 0.000
(0.009) (0.002)

TFOLLOWING −0.001 −0.000
(0.001) (0.000)

BSIZE −0.030* −0.010**
(0.016) (0.005)

TEAM −0.103 −0.023**
(0.085) (0.010)

_cons 16.654 9.326
(17.150) (7.945)

N 3863 52974
R2 0.767 0.650
Year Yes Yes
Match Yes Yes

Table 9 shows the results of the analyst reputation for additional analysis. Columns 1 and 2 are
grouped according to star analyst. The regression includes year and matched-pair fixed effects.
The sample covers the company-month-analyst data of non-missing values of all variables
during the period 2001–2020. Robust t-statistics corrected for firm clustering are reported in
parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels,
respectively. All variables are defined in Appendix A.

Table 8 Validation tests.

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

Visit Non-visit Local Non-local

FERROR FERROR FERROR FERROR

CRASH −0.167 −0.560 1.486 −0.738
(3.168) (0.968) (1.499) (1.136)

POST 0.109 0.069** −0.121* 0.083**
(0.085) (0.031) (0.069) (0.033)

CRASH*POST −0.179 −0.188*** −0.117 −0.188***
(0.109) (0.042) (0.089) (0.042)

SIZE 0.166 −0.544* 0.001 −0.478
(0.815) (0.305) (0.460) (0.342)

LEV −3.009 −0.330 0.240 −0.734
(2.272) (0.580) (1.065) (0.733)

ROA −23.739*** −15.310*** −13.461*** −16.299***
(5.862) (2.184) (3.267) (2.446)

INBOARD 2.159* 0.227 0.029 0.439
(1.271) (0.367) (0.775) (0.419)

INDENP 2.066 0.512 0.459 0.720
(4.220) (1.195) (2.341) (1.478)

SHRCR 0.060 0.006 −0.018 0.010
(0.037) (0.012) (0.012) (0.013)

INST −0.167 −0.622** −0.587 −0.609**
(0.718) (0.283) (0.461) (0.301)

AUDITFEE −0.378 0.129 −0.260 0.097
(0.242) (0.115) (0.202) (0.115)

SOE −2.067 −0.275 −0.407 −0.309
(2.805) (0.412) (0.468) (0.610)

COMMITTEE 0.538 0.163 −0.179 0.287
(0.492) (0.287) (0.470) (0.277)

BIG4 0.149 −0.075 −0.167 −0.044
(0.587) (0.249) (0.331) (0.261)

EXP −0.018 0.000 0.009 −0.001
(0.011) (0.001) (0.008) (0.001)

HORIZON 0.071*** 0.058*** 0.038*** 0.062***
(0.014) (0.005) (0.011) (0.005)

SPECIFIC 0.018 −0.001 0.018 −0.000
(0.016) (0.002) (0.024) (0.002)

TFOLLOWING −0.001 −0.000 −0.001 −0.000
(0.002) (0.000) (0.001) (0.000)

BSIZE −0.014 −0.011** −0.015 −0.011**
(0.011) (0.005) (0.011) (0.005)

TEAM −0.108** −0.020** 0.094* −0.027***
(0.044) (0.010) (0.054) (0.009)

_cons −11.350 12.444* 2.970 10.627
(19.042) (7.433) (11.090) (8.149)

N 5574 51263 4412 52425
R2 0.727 0.654 0.705 0.654
Year Yes Yes Yes Yes
Match Yes Yes Yes Yes

Table 8 shows the results of the validation analysis. Columns 1 and 2 are grouped according to
analyst site visits. Columns 3 and 4 columns are grouped according to geographical proximity.
The regression includes year and matched-pair fixed effects. The sample covers the company-
month-analyst data of non-missing values of all variables during the period 2001–2020. Robust
t-statistics corrected for firm clustering are reported in parentheses. *, ** and *** indicate
statistical significance at the 10%, 5% and 1% levels, respectively. All variables are defined in
Appendix A.
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information disadvantage, they will make greater efforts to obtain
private information after SPC to improve forecast accuracy.

Discussion
This study explores the impact of SPCs on analyst forecast
accuracy. Empirical research results show that analyst forecast
accuracy increases after the occurrence of SPCs, especially for the
analysts with information disadvantages. Our empirical evidence
also verifies that this effect stems from the fact that SPCs sti-
mulate analyst attention. Channel analysis finds that the
enhancement effect of SPCs on analyst forecasts is mediated by
analyst effort.

By applying analyst attention to explain the impact of SPCs on
analyst forecast accuracy, this paper improves our understanding of
analysts’ reactions and subsequent behavior in uncertain information
environments. We argue that changes in analyst forecast accuracy are
affected by an improvement in attracting analysts’ attention caused
by SPCs. It is worth noting that SPCs do not attract the attention of
all analysts. SPCs only benefit analysts who do not conduct on-site
investigations before SPCs, have no geographical advantages, and are
non-star analysts. Because these analysts do not have sufficient
information before SPCs, they have greater incentives to pay more
attention to improving their forecasts after SPCs. Our paper thus
enriches the theory of analyst attention (e.g. Bourveau et al. 2022).

Table 10 Analyst effort.

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

Visit Non-visit Local Non-local Star Non-star

PRIVACY PRIVACY PRIVACY PRIVACY PRIVACY PRIVACY

CRASH 12.620*** 3.008 −0.001 3.831* −12.992*** 3.635*
(4.421) (2.086) (3.689) (2.071) (4.997) (2.026)

POST −0.014 0.027 −0.021 0.045 0.298 0.031
(0.169) (0.070) (0.165) (0.071) (0.190) (0.071)

CRASH*POST 0.529** 0.345*** 0.340 0.329*** −0.179 0.358***
(0.239) (0.107) (0.223) (0.105) (0.234) (0.107)

SIZE −0.323 0.816 0.321 0.728 −0.378 0.734
(1.292) (0.653) (1.346) (0.652) (1.519) (0.653)

LEV 3.428 −1.247 −3.353 −0.206 1.568 −0.701
(2.580) (1.360) (2.784) (1.323) (2.598) (1.372)

ROA 24.033* 25.416*** 34.483*** 25.144*** 19.671** 26.385***
(14.312) (6.386) (8.109) (6.684) (7.642) (7.115)

INBOARD 2.531 3.508** 4.092** 3.079** 4.666** 3.218**
(2.323) (1.372) (2.019) (1.328) (2.036) (1.461)

INDENP 7.543 3.461 8.214* 3.420 7.713 3.582
(5.862) (3.371) (4.457) (3.426) (8.003) (3.466)

SHRCR −0.094 −0.023 −0.009 −0.029 0.012 −0.029
(0.065) (0.023) (0.029) (0.023) (0.052) (0.022)

INST −0.577 1.139* 0.952 0.905 2.434** 0.825
(1.476) (0.681) (1.410) (0.670) (1.236) (0.695)

AUDITFEE 1.182 −0.167 0.572 −0.107 0.464 −0.135
(0.718) (0.319) (0.655) (0.328) (0.600) (0.337)

SOE −1.532 −1.105** −1.103 −1.150** 1.789*** −1.182**
(1.748) (0.547) (0.787) (0.582) (0.549) (0.549)

COMMITTEE 1.200 1.890* 0.414 1.539 −0.203 1.520
(1.105) (1.134) (1.720) (1.054) (4.417) (1.074)

BIG4 0.301 0.397 1.251 0.373 0.740 0.391
(0.508) (0.758) (0.961) (0.756) (1.154) (0.764)

EXP 0.032* −0.000 −0.040* 0.005 0.028 −0.001
(0.017) (0.004) (0.021) (0.004) (0.026) (0.004)

HORIZON −0.235*** −0.233*** −0.213*** −0.234*** −0.250*** −0.232***
(0.024) (0.010) (0.025) (0.010) (0.025) (0.010)

SPECIFIC −0.038 0.007 −0.015 0.007 −0.026 0.008
(0.024) (0.006) (0.036) (0.006) (0.028) (0.006)

TFOLLOWING 0.002 0.001 0.003 0.001 0.001 0.001
(0.003) (0.001) (0.004) (0.001) (0.003) (0.001)

BSIZE 0.036 −0.011 0.001 −0.008 0.028 −0.009
(0.035) (0.013) (0.025) (0.013) (0.027) (0.014)

TEAM 0.151* 0.051** −0.174 0.073*** 0.159 0.054**
(0.085) (0.023) (0.138) (0.023) (0.167) (0.023)

_cons −8.663 −25.311 −14.093 −22.663 −0.416 −22.538
(34.502) (16.880) (30.345) (17.030) (38.501) (17.022)

N 5494 50430 4338 51586 3813 52111
R2 0.773 0.695 0.779 0.696 0.804 0.696
Year Yes Yes Yes Yes Yes Yes
Match Yes Yes Yes Yes Yes Yes

Table 10 shows the results of analyst efforts for additional analysis. Columns 1 and 2 are grouped according to analyst on-the-spot investigations. Columns 3 and 4 columns are grouped according to
geographical proximity. Columns 5 and 6 are grouped according to star analyst. The regression includes year and matched-pair fixed effects. The sample covers the company-month-analyst data of non-
missing values of all variables during the period 2001–2020. Robust t-statistics corrected for firm clustering are reported in parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and
1% levels, respectively. All variables are defined in Appendix A.
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This study also enhances our understanding of the reputation
theory. Occupational reputation is considered an effective dis-
ciplinary mechanism in the labor market (Fama, 1980). Con-
sistent with the reputation theory, analysts pursue high forecast
accuracy to safeguard their reputation because reputation damage
can lead to long-term losses in career prospects and financial
benefits (Jackson, 2005). Our evidence also supports this argu-
ment. Our findings explain how analysts act to improve forecast
accuracy to manage a crisis in which personal reputation is
damaged when firms face sudden SPCs.

Therefore, according to our research conclusions, analysts’
regulatory agencies should strengthen supervision and establish
an effective reputation reward mechanism, which will help ana-
lysts strengthen self-discipline. Analysts are motivated to be
diligent and responsible during the information acquisition phase
for the sake of personal reputation and long-term career devel-
opment. At the same time, analysts should fully obtain infor-
mation before issuing forecasts, and the forms of obtaining
information are not limited to on-the-spot investigations, tele-
phone interviews, etc.

Our study opens up some new and potentially fruitful research
avenues. First, how SPCs influence analyst forecast accuracy in
the long run. Our research focuses on the short-term impact of
SPCs on analyst forecast accuracy within a one-year time span.
However, in the long run the picture could be very different.
Although an information-inferior analyst could pay more atten-
tion to enhance forecast accuracy immediately after SPCs, her/his
forecast accuracy may still decrease at some point in future for
several reasons. For example, constrained by limited attention,
analysts may later turn their attention to other companies,
leading to forecast accuracy decreases again. Thus, it is also
interesting to investigate the long-term path of analyst forecast
accuracy fluctuation under the influence of SPCs.

Second, since the Chinese stock market is still immature, the
market power and role of analysts in China are different from
those in developed markets. Thus, it remains to be seen whether
SPCs can still attract analysts’ attention and effectively improve
the accuracy of their forecasts. Therefore, future research could
utilize a cross-country design to examine the impact of SPCs on
analyst forecasts.

Conclusion
Although SPC is one of the hot issues that academic research and
regulatory authorities have paid attention to in recent years, there
is few research on its consequences. We examine whether SPC
affects the economic consequences of analyst forecasts. Following
analyst attention theory and analyst collusion theory, we postu-
late two competing arguments on the relationship between SPCs
and forecast accuracy. Empirical findings show that after the
company’s SPC, analyst forecast error decreases and forecast
accuracy improves. Through parallel trend test, replacement of
explained variables, instrumental variable method, and placebo
test, it is discovered that the increase of analyst forecast accuracy
after SPC is robust. These results support the view of analyst
attention theory, implying that SPCs make analysts prefer to
pander to investors rather than pander to management. In other
word, SPCs can bring certain positive externalities to the capital
market. We hope that our findings will inspire more research on
the positive externalities of SPCs.

Data availability
The data that support the findings of this study are available on
request from the corresponding author. The data are not publicly
available due to privacy or ethical restrictions.
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Notes
1 It is worth noting that there is a body of literature on the consequences of firm-specific
SPC risk (An et al., 2015; Harper et al., 2020; Lee, 2022; Benkraiem et al. 2023).
However, this body of literature is different from the literature of firm-specific SPC
events. We discuss the differences in detail in Section 2. Unless otherwise specified, the
following SPCs refer to SPC events.

2 The detailed definitions of these measures are provided in these literature
mentioned above.

3 Table 1 shows the contribution of analysts’ attention before and after SPC under
hypotheses 2 and 3.

4 Hutton et al. (2009) who present the measure of SPC for the first time use
3.09 standard deviations as threshold value. Kim et al. (2011a) employ a stricter
standard of 3.2 standard deviations. The stricter criterion alleviates the problem of data
deviation from the standard normal distribution and is widely used in later literature
(e.g. Kim et al. 2011b, Kim et al. 2022).

5 For instance, assuming that the SPC for a firm in a treatment group occurred in June
2010, we take June 2010 as the base point and then examine the changes in analyst
forecast accuracy during the one-year window period from December 2009 to
December 2010. For the companies in the control group that match this treatment
group, we also use June 2010 as the base point, and determine the same one-year
window period as the treatment group companies.
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