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Using abnormal analyst coverage to unlock new evidence on stock price crash risk 

Abstract 

We employ a characteristic-based model to decompose total analyst coverage into abnormal and 

expected components and show that abnormal coverage contains valuable information about firm-

level ex ante crash risk (proxied by implied volatility smirk from options data). Specifically, one 

standard deviation increase in unexpected or abnormal coverage is associated with a 5.5% decrease 

in the ex ante crash risk. The abnormal coverage signal is more useful for firms with a more 

transparent information environment, proxied by lower probability of informed trading, lower 

financial opacity, and more comparable financial statements. Moreover, the abnormal coverage 

effect is stronger for firms followed by analysts who issue more accurate and less dispersed 

forecasts. Collectively, these results suggest that options market investors utilise abnormal 

coverage to identify and assess crash risk of mispriced firms.  

Key words: Abnormal analyst coverage; Ex ante crash risk 

JEL classification: G12; M41 
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1. INTRODUCTION

In this paper, we design and execute a simple, yet powerful enquiry looking at the analyst 

coverage-crash risk linkage that has either been ignored or formally unrecognised to date. In 

particular, our primary focus is to investigate whether and to what extent abnormal analyst 

coverage contains useful unique information for investors in forming ex ante or subjective 

assessment of an individual firm’s stock price crash risk. Having established a pivotal inverse role 

for abnormal analyst coverage in this context (i.e. higher abnormal analyst coverage is associated 

with lower ex ante stock price crash risk), we then explore two (non-mutually exclusive) potential 

channels through which this linkage might manifest: information asymmetry and mispricing. 

While the former mechanism has found recent strong support (Kim, Lu, and Yu, 2019), we 

document the complementary impact of a mispricing channel for the first time. 

Put simply, stock price crash risk is the risk of a sudden extreme decline in individual stock 

price (Jin and Myers, 2006). The accounting research stream identifies “bad news hoarding” as the 

key determinant of stock price crashes (see, Kothari, Shu, and Wysocki, 2009; Callen and Fang, 

2017; Habib, Hasan, and Jiang, 2018, among others). The idea is that managers have incentives to 

conceal and accumulate bad news from markets but they cannot “bury” bad news indefinitely. 

After reaching a tipping point, all of the negative information is released to the market in a highly 

concentrated timeframe, thereby causing an extreme stock price decline i.e. a realised crash. 

While the bulk of the literature focuses on realised crash risk, understanding investors’ 

perception of crash risk represents an important angle for new research. Accordingly, we use the 

implied volatility smirk from options market to proxy for the ex ante crash risk.1 Options investors 

1 Dating back to Breeden and Litzenberger (1978) who show that options reveal valuable information about ex ante 

expectations, subsequent literature has found ways to extract different aspects of information from the various 

moments of returns from the options market (see, for example, Martin (2017) on expected risk premium; Song and 

Xiu (2016) on expected volatility; Pan (2002) on expected jump risk). 
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demand a much larger premium for expected crash risk than for its realised counterpart and they 

are willing to purchase out-of-the-money puts to hedge against extreme adverse outcome (Conrad, 

Dittmar, and Ghysels, 2013). As a result, the net buying pressure for puts significantly contributes 

to the so-called implied volatility smirk (Bollen and Whaley, 2004).2 Accordingly, the implied 

volatility smirk is a viable strong proxy for ex ante crash risk because it contains valuable 

information about investors’ assessment of future extreme negative events. 

Recent important studies investigate the determinants of the volatility smirk. See, for 

example, Kim and Zhang (2014) and Kim, Li, Lu, and Yu (2016) on the contribution of accounting 

information environment to the pricing of the volatility smirk; and Callen and Fang (2017) on to 

what extent the auditor-client relationship relates to ex ante crash risk formation. We continue this 

line of research by investigating the relation between analysts’ decisions to follow a firm and 

investors’ perception of crash risk for that firm, measured by the implied volatility smirk. 

Analysts with access to public and private signals about firms, plausibly have a valuable 

role to play because they are expected to mitigate information asymmetry and/or reveal mispricing 

(Das, Guo, and Zhang, 2006; Lee and So, 2017). Kelly and Ljungqvist (2012) show that exogenous 

shocks to analyst coverage through closures and/or brokerage mergers and acquisitions increase a 

firm’s cost of capital by exacerbating adverse selection risk. Moreover, analyst coverage decisions 

and recommendations become much more valuable in bad times (Loh and Stulz, 2018). The 

information content of analyst output increases and becomes much more important with industry 

competition (Merkley, Michael, and Pacelli, 2017). Additionally, since analysts need to trade-off 

their time and effort with future expected payoff from covering a firm, they have greater incentives 

                                                 
2 Furthermore, Xing, Zhang, and Zhao (2010) show that the strong predictive power of the implied volatility smirk for 

future equity returns results from put options purchased by informed options traders with adverse information about 

firms. 
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to follow (drop) firms with better (worse) performance (Das et al., 2006; Brown, Chan, Kee Ho, 

2007). Therefore, analyst coverage decisions reveal firm future operating performance and 

expected returns (Lee and So, 2017). 

However, other research casts serious doubt over the usefulness of analysts. Notably, 

analysts exhibit optimistic biases resulting from private incentives and career outcomes (see, for 

example, Brown, Call, Clement, and Sharp, 2015; Cohen, Frazzini, and Malloy, 2010). As a result, 

Gleason, Bruce, and Li (2013) find that analyst forecasts are not informative and lead to large 

valuation errors in discounted cash flow models. Furthermore, analyst output can induce herding 

behaviour which can create a destabilising effect on prices (Brown, Wei, and Wermers, 2014).3  

Given the above mixed conclusions, the linkage between analyst coverage and ex ante 

crash risk remains an open empirical question. On the one hand, analysts’ optimism bias can 

increase crash risk because negative information is not revealed in a timely manner. In addition, 

analyst coverage can induce herding behaviour from market participants which might further 

destabilise price and exacerbate the risk of crash. On the other hand, analysts, by mitigating 

information asymmetry and/or revealing their private information about a firm’s future prospects, 

can decrease crash risk. Our study aims to address this empirical conundrum. 

Recent studies examine impacts of the change in analyst coverage on earnings forecast bias 

and expected return (Merkley et al., 2017; Lee and So, 2017). Typically, it is used as a key proxy 

for related information concepts like the quality of the information environment and analysts’ 

broad expectations about the firm. However, we argue that focusing on the raw magnitude of 

coverage comes with some key implicit assumptions – most notably, that there is a reasonably 

3 Analysts’ price targets and recommendations contradict investment signals generated from well-known anomalies 

(Dong, Lin, Graham, 2016; Engelberg, Mclean, and Pontiff, 2018), again emphasizing that analysts do not necessarily 

improve market efficiency. 
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uniform level of analyst coverage, homogeneously applicable to all firms, irrespective of their size, 

industry, competition within their industry, competing sources of information, the inherent nature 

of information opacity in the given setting, and so on.  In other words, contextual heterogeneity 

might easily render the raw magnitude of analyst coverage a somewhat “blunt instrument” when 

it comes to designing powerful tests of analyst coverage-related hypotheses. It is this 

heterogeneous perspective that pushes us to empirically implement a measure of abnormal analyst 

coverage – to model expected analyst coverage and derive an abnormal component as the 

difference between observed and expected. 

Our main analysis tests the hypothesis that abnormal analyst coverage is negatively 

associated with ex ante crash risk i.e. reflecting the intuition of a useful informational role provided 

by a level of analyst coverage above that which is deemed to be “normal”. To test our hypothesis, 

we rely on the characteristic-based model from Lee and So (2017) to tease out the mechanical 

components from the total coverage to obtain the abnormal coverage which proxies for analyst 

expectation about a firm’s future performance. We define total coverage as the number of unique 

earnings forecasts issued by analysts across forecasted periods. The abnormal coverage is the 

residuals from the characteristic-based regression of total coverage on a firm’s market 

capitalisation, trading turnover, and momentum. 

We perform our main analysis using a sample of 27,309 firm-year observations over the 

period 1996 to 2016. We find that abnormal analyst coverage for a firm reveals a positive signal 

and options market participants see such intensively analysed firms as having lower ex ante crash 

risk (reflected by a smaller implied volatility smirk). Moreover, the economic significance is 

meaningful. Specifically, one standard deviation increase in abnormal analyst coverage is 

associated with a decrease in ex ante crash risk by 5.5%. As such, our evidence supports the useful 
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role of analysts in the capital markets. Our main findings remain valid to a series of robustness 

tests. 

There are two non-mutually exclusive channels, namely information asymmetry and 

mispricing, that might potentially explain the negative association between abnormal coverage and 

crash risk. Information asymmetry links plausibly to a causal story, indicating that the abnormal 

drop in coverage provides an opportunity for managers to hoard bad news and increase crash risk. 

Kim, Lu, and Yu (2019) employ exogenous shocks to analyst coverage from brokerage 

merger/closure events which are unrelated to firm fundamentals (Hong and Kacperczyk, 2010; 

Kelly and Ljungqvist, 2012).4 They find evidence that firms affected by these events experience 

an increase in the implied volatility smirk. We confirm their results using the same method in our 

sample. Additionally, we show that the abnormal coverage indeed declines following the events, 

and therefore suggest that the information asymmetry channel is, in fact, related to the abnormal 

coverage.  

The mispricing channel suggests that analysts and options market participants have access 

to common firm fundamental information that is not yet revealed to the equity market. Xing, 

Zhang, and Zhao (2010), among others, show that the implied volatility smirk predicts future stock 

returns and this predictive power stems from informed traders’ possession of negative news trading 

out-of-the money put options, a critical input to our ex ante crash risk. With respect to analysts, 

Lee and So (2017) argue that the predictive power of the abnormal coverage for future equity 

returns results from the collective ability of analysts to identify firms that are mispriced by the 

equity markets. Consistent with these mispricing-based explanations, we show that a long-short 

trading strategy derived from the abnormal coverage and implied volatility smirk signals delivers 

4 Kim, Lu, and Yu (2019) focus entirely on the information asymmetry story, whereas our paper also supports the 

mispricing channel. 
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a sizeable equity return of 18.83% per annum. The trading strategy return remains significant after 

controlling for Fama and French’s five-factor risk model (2015). Overall, our analysis agrees with 

the mispricing notion and suggests that options market participants have a superior ability 

(compared to equity investors) to understand the non-salient signal revealed in the abnormal 

analyst coverage, as opposed to more salient information coming directly from analyst earnings 

forecasts or recommendations. 

We argue that both channels, information asymmetry and mispricing, are important – they 

have a natural complementarity. However, we especially contend that the abnormal coverage 

signal from the characteristic-based model offers a major advantage in studying the role of analysts 

in capital markets for three reasons. First, the parsimonious model can be readily applied to a large 

cross section of firms across times without conditioning on a specific set of events and firms, and 

therefore better safeguard external validity of the empirical conclusions. This is important because 

it extends the implications regarding economic roles of analysts and the options market. In 

particular, the mispricing channel provides strong support to the ability of options market investors 

to not only understand salient signals from specific events and affected firms (e.g. brokerage 

closures/mergers and firms experiencing a drop in analyst coverage), but also from non-salient 

signal such as abnormal coverage for a large number of firms. Second, since the abnormal coverage 

measure can be calculated in high frequency, it provides a more useful and timelier signal for 

trading purposes which is particularly relevant to the options market. Third, we are able to show 

that the mispricing and information asymmetry channels are, in fact, complementary. In particular, 

the abnormal coverage signal is stronger in high quality information environments, proxied by low 

probability of informed trading (PIN), low financial report opaqueness, and higher financial 

statement comparability. Finally, we show that there is a synergy between analyst quality and 
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abnormal coverage. That is, abnormal coverage signal is more valuable when analyst earnings 

forecasts are more accurate and less dispersed. 

Our paper offers several contributions to existing literature. First, we join a strongly 

emerging strand of accounting literature in studying the determinants of ex ante crash risk (Kim et 

al., 2016; Kim, Lu, and Yu, 2019).  While ex post realised crash risk has been the focus of the 

literature, ex ante crash risk is an important research avenue to pursue given its likely impact on 

investors’ perception on market prices (Bates, 2008; Pan, 2002). Second, we move beyond firm-

level internal factors (e.g. opacity, comparability, or conservatism) and explore an external 

determinant of ex ante crash risk – analyst coverage decisions.5 These external factors offer 

additional insights on how different economic agents interact and form crash risk expectations. 

Third, there is ample evidence suggesting that options market participants possess superior 

information to counterparts in the equity market, by showing strong return predictability of 

volatility skewness (Jin, Livnat, and Zhang, 2012). Our results suggest that options skewness 

predictability is consistent with analyst coverage predictability. Our paper reinforces the notion 

that analysts, as a form of intermediary, possess and provide valuable information to well-

functioning capital markets.  

The remainder of our paper is structured as follows. Section 2 presents our research design. 

Section 3 presents and explains the empirical results. Finally, Section 4 concludes the paper. 

  

                                                 
5 There are relatively few papers in the crash risk literature that examine external factors (see, auditor-client 

relationship (Callen and Fang, 2017), short interest trading (Callen and Fang, 2015), non-blockholders and transient 

investors (Chang, Chen, and Zolotoy, 2017), foreign institutions and local markets (Vo, 2018), and economic policy 

uncertainty (Jin, Chen, and Yang, 2019)). 
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2. RESEARCH DESIGN 

2.1 SAMPLE SELECTION 

We collect analyst earnings forecasts from the I/B/E/S detailed forecast file, which is then 

merged with stock price data obtained from Center for Research in Securities Prices (CRSP). We 

restrict our merged sample for firms with share codes 10 and 11 and share price greater than $1. 

We subsequently merge the sample with non-missing financial variables constructed using 

Compustat data.  

Daily option prices are obtained from OptionMetrics’ Ivy DB, April 2016 release. The 

option data span from January 1996 to April 2016. Following Kim and Zhang (2014), several 

filtering criteria are applied: (1) implied volatilities need to be between 0.03 and 2, (2) open interest 

greater than 0, (3) non-missing trading volumes, (4) the absolute option delta values are between 

0.02 and 0.98, (5) there are at least 60 trading days within a fiscal year. The option sample is 

merged with the CRSP-Compustat-I/B/E/S sample to arrive at the final sample. 

2.2 EX ANTE CRASH RISK MEASUREMENT 

We use volatility smirk to proxy for the ex ante crash risk.6 The options implied volatility 

smirk is calculated as the difference between the implied volatility of out of the money (OTM) put 

and that of at the money (ATM) call options. Specifically, we use the following equation (see, for 

example, Kim and Zhang, 2014): 

 𝐼𝑉𝑆𝐾𝐸𝑊𝑖,𝑡 = 𝐼𝑉𝑖,𝑡
𝑂𝑇𝑀𝑃 − 𝐼𝑉𝑖,𝑡

𝐴𝑇𝑀𝐶 (1) 

                                                 
6 For theoretical work, see, Bates (2000) and Pan (2002); while for empirical work, see Bollen and Whaley (2004) and 

Kim et al. (2016). 
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where 𝐼𝑉𝑆𝐾𝐸𝑊𝑖,𝑡 is the options implied volatility smirk, 𝐼𝑉𝑖,𝑡
𝑂𝑇𝑀𝑃 is the implied volatility of out of 

the money put, and 𝐼𝑉𝑖,𝑡
𝐴𝑇𝑀𝐶 is the implied volatility of at the money calls, 𝑖 and 𝑡 refer to stock 𝑖 

and day 𝑡, respectively. 

We use delta as a definition of moneyness to utilise the information from volatilities of 

multiple options with different maturities. In particular, OTM puts are defined as put options with 

delta values between -0.375 and -0.125, while ATM calls are call options with delta values between 

0.375 and 0.625. When there are multiple put or call options for a stock on a given day, the daily 

volatility smirk is the difference between the weighted average of the implied volatilities for the 

put and call options, using option open interest as a weight as explained in the following equation: 

 
𝐼𝑉𝑆𝐾𝐸𝑊𝑖,𝑡 =

∑ 𝑂𝐼𝑗 ∗ 𝐼𝑉𝑖,𝑡,𝑗
𝑂𝑇𝑀𝑃

𝑗

∑ 𝑂𝐼𝑗𝑗
−

∑ 𝑂𝐼𝑘 ∗ 𝐼𝑉𝑖,𝑡,𝑘
𝐴𝑇𝑀𝐶

𝑘

∑ 𝑂𝐼𝑘𝑘
 

(2) 

where 𝑂𝐼 is the option open interests, 𝐼𝑉𝑆𝐾𝐸𝑊, 𝐼𝑉𝑂𝑇𝑀𝑃, and 𝐼𝑉𝐴𝑇𝑀𝐶 are previously defined in 

Equation (1), 𝑖, 𝑡, 𝑗, and 𝑘 refer to stock 𝑖, day 𝑡, put option 𝑗, and call option 𝑘, respectively. We 

average the daily 𝐼𝑉𝑆𝐾𝐸𝑊 over the 12-month period to mitigate the potential measurement errors. 

Also, 𝐼𝑉𝑆𝐾𝐸𝑊 information is at least 3 months after the fiscal year-end to avoid look ahead bias. 

2.3 ANALYST COVERAGE DECOMPOSITION  

Following Lee and So (2017), we apply a characteristic-based model to decompose analyst 

coverage into the unexpected and expected components. Specifically, in this method, we model 

the analyst coverage decision as a function of firm characteristics. As a result, any discrepancies 

between the realised coverage and the expected coverage are classified as abnormal coverage. The 

model is applied at the firm-month level, i.e., we calculate the expected coverage and unexpected 

coverage for each firm in each month. Particularly, we model the expected analyst coverage as a 

This is the peer reviewed version of the following article: Chowdhury, H., Faff, R., & Hoang, K. (2020). Using abnormal analyst coverage to unlock new 
evidence on stock price crash risk. Accounting and Finance, which has been published in final form at https://doi.org/10.1111/acfi.12637.  
This article may be used for non-commercial purposes in accordance with Wiley Terms and Conditions for Use of Self-Archived Versions. 



10 

 

linear function of size, liquidity, and past performance. The regression model is specified as 

follows: 

 Log(1 + 𝑇𝑂𝑇𝑖,𝑡) = 𝛽0 + 𝛽1 × 𝑆𝐼𝑍𝐸𝑖,𝑡 + 𝛽2  ×  𝑇𝑂𝑖,𝑡 + 𝛽3  × 𝑀𝑂𝑀𝑖,𝑡 + 𝜖𝑖,𝑡 (3) 

where 𝑇𝑂𝑇 is the total analyst coverage calculated as the sum of all unique earnings forecasts 

across all analysts and forecasted periods over the last 90 trading days (revisions are single 

counted);7 𝑆𝐼𝑍𝐸 is the natural logarithm of market capitalisation; 𝑇𝑂 is share turnover calculated 

as trading volume for the last 12 months divided by shares outstanding; 𝑀𝑂𝑀 is momentum 

calculated as cumulative market-adjusted return over the last 12 months; 𝜖 captures abnormal 

coverage;  𝑖 and 𝑡 are firm and time indices, respectively. 

 To calculate the yearly abnormal coverage so that it has the same frequency as other 

variables in our main model, we sum the abnormal coverage within a year and name it 𝐴𝐵𝐶𝑂𝑉. 

2.4 EMPIRICAL MODEL 

Before discussing the empirical model, we reiterate our main hypothesis, namely that if 

analysts are useful in mitigating information asymmetry/mispricing, the options market views their 

role as positive and therefore we expect a negative association between abnormal coverage and ex 

ante crash risk. On the other hand, analysts’ optimism bias might prevent negative information 

from timely release into the market. Further, analysts’ actions can induce herding behaviour and 

destabilise prices. As a result, under the alternative hypothesis, abnormal coverage is positively 

associated with ex ante crash risk as option investors view the signal as unfavourable. 

We employ the following baseline regression model in order to investigate the relation 

between ex ante crash risk and abnormal analyst coverage: 

                                                 
7 The 90-trading-day period trades off between stale information against excluding forecast revisions because of initial 

forecasts being accurate. The total analyst coverage aims to capture analysts’ actions to cover a firm as well as 

additional efforts to forecast the firm’s earnings for multiple periods. 
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𝐼𝑉𝑆𝐾𝐸𝑊𝑖,𝑡 = 𝛽0 + 𝛽1 × 𝐴𝐵𝐶𝑂𝑉𝑖,𝑡 + ∑ 𝛽𝑛

15

𝑛 =2

(𝑛𝑡ℎ 𝑋𝑖,𝑡) + 𝑌𝑒𝑎𝑟 𝐹𝐸 + 𝜖𝑖,𝑡    (4) 

where, for every firm 𝑖 during year 𝑡, 𝐼𝑉𝑆𝐾𝐸𝑊 is the ex ante crash risk, 𝐴𝐵𝐶𝑂𝑉 is the abnormal 

analyst coverage, 𝑋 is the vector of control variables, 𝜖 is the idiosyncratic error term. Based on 

the “asymmetry mitigation/mispricing” (“optimism bias/ herding”) perspective, we predict a 

negative (positive) coefficient on 𝛽1. 

We use fourteen control variables to disentangle the impact of abnormal analyst coverage 

on ex ante crash risk from the effect of other firm-specific determinants of ex ante and realized 

future crash risk examined in previous literature (Van Buskirk, 2011; Kim and Zhang, 2014; Kim 

et al., 2016). Specifically, we control for overall uncertainty with ATM call option’s implied 

volatility level (𝐼𝑉𝐴𝑇𝑀𝐶) because Van Buskirk (2011) shows that ex ante crash risk increases 

with overall uncertainty captured by the level of ATM implied volatility. Due to the potential 

impact on ex ante crash risk, we also control for firm size (𝑆𝐼𝑍𝐸) (Kim et al., 2016). Leverage 

(𝐿𝐸𝑉𝐸𝑅𝐴𝐺𝐸) is also controlled for, because leverage has positive association with ex ante crash 

risk (Toft and Prucyk, 1997; Van Buskirk, 2011; Kim et al., 2016). 

Market to book (𝑀𝐵) is used as another control variable because empirical studies find that 

high market to book ratios indicate “glamour stocks with bubbles” and hence are more likely to 

have a positive relation with crash risk (Hutton, Marcus, and Tehranian, 2009; Kim and Zhang, 

2014). Following Kim et al. (2016), we also control for three measures of operating and valuation 

uncertainty –cash flow volatility (𝐶𝐴𝑆𝐻𝑉𝑂𝐿),  earnings (𝐸𝐴𝑅𝑁𝑉𝑂𝐿), and  sales (𝑆𝐴𝐿𝐸𝑉𝑂𝐿) 

because a firm’s stock return volatility can be affected by the uncertainty in the profit generating 

operations (Pastor and Veronesi, 2003). 
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Negative return skewness is a measure of future stock price crashes. Jin and Myers (2006) 

suggest that crashes in the previous periods can reduce the likelihood of future stock price crashes. 

Therefore, we control for negative return skewness (𝑁𝐶𝑆𝐾𝐸𝑊) in our model. Prior studies show 

a positive relation between stock return volatility and ex ante crash risk (Van Buskirk, 2011; Kim 

et al., 2016). Hence, following Kim et al. (2016), we control for total stock return volatility 

(𝑆𝑇𝐷𝑅𝐸𝑇) and idiosyncratic return volatility (𝑆𝐼𝐺𝑀𝐴).  

 Hutton et al. (2009) and Kim and Zhang (2014) show that opacity in financial reporting 

increases both future and ex ante stock price crash risk. So, we control for financial reporting 

opaqueness (𝑂𝑃𝐴𝑄𝑈𝐸) in our model. We also control for investors’ differences of opinions using 

trading volume turnover (𝑇𝑈𝑅𝑁𝑂𝑉𝐸𝑅), which has positive relation with stock price crash risk 

(Hong and Stein, 2003). Moreover, following prior studies, we control for systematic risk (𝐵𝐸𝑇𝐴), 

which can increase ex ante crash risk (Duan and Wei, 2009). Past stock return (𝑅𝐸𝑇𝑈𝑅𝑁) is also 

controlled in our regressions because ex ante crash risk could increase with high previous returns. 

We discuss the detailed definitions of all variables in Appendix A.1.8 

3. EMPIRICAL RESULTS 

3.1 SAMPLE AND DESCRIPTIVE STATISTICS 

Our final sample contains 27,309 firm-year observations for 3,732 unique firms. Table 1 

summarises the sample distribution across the period 1996 to 2016. The number of observations 

increases over the years from 949 observations in 1996 to 1,527 in 2014. However, firm-year 

                                                 
8 Recall that we already control for size, turnover, and momentum in Equation (3). We include similar variables in 

Equation (4) for completeness. The key distinction between the variables in Equations (3) and (4) is in terms of their 

sampling frequency. Particularly, we run Equation (3) with a monthly frequency, whereas Equation (4) is run with an 

annual frequency. Our findings are qualitatively unchanged, as expected, when we omit these variables in the main 

model (Equation (4)). 
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observations drop to 1,026 in 2016 because our option data ends in April 2016. The main empirical 

results are derived from this sample. 

[Insert Table 1 about here] 

To assess the validity of the characteristic-based model, Panel A of Table 2 reports the 

estimates of Equation (3) with the time-series average of the cross-sectional coefficients and the 

Newey-West corrected t-statistics with 3 lags.  Analysts tend to increase coverage for larger (SIZE) 

and more liquid firms (TO). The total coverage decreases with past returns, holding size and 

liquidity constant i.e. past winners attract less attention from analysts. All the coefficients are 

highly statistically significant. The lowest t-statistic is 18.78. Furthermore, the firm characteristics 

can explain a large variation in the total analyst coverage, represented by the 𝑅2 of 58.18%.9 Our 

regression results are qualitatively similar to those reported in Panel A of Table 1 of Lee and So 

(2017). Accordingly, we obtain the residuals from this model in Equation (3) and use it as the 

proxy for abnormal coverage (𝐴𝐵𝐶𝑂𝑉). 

[Insert Table 2 about here] 

In Panel B of Table 2, we report summary statistics for all variables used in the baseline 

regression. The mean 𝐼𝑉𝑆𝐾𝐸𝑊 is 5.32%, with the standard deviation of 4.06%. The positive 

𝐼𝑉𝑆𝐾𝐸𝑊 suggests that the implied volatility of the OTM puts exceeds those of the ATM calls, 

resulting in the so-called implied volatility smirk. The abnormal coverage (𝐴𝐵𝐶𝑂𝑉) has a mean 

of 2.59 and standard deviation of 9.70. The positive mean seems at odds with the expected value 

of the residuals being 0. However, although the average for our residuals value must be 0 in the 

CRSP/COMPUSTAT sample by construction, it is not necessarily the case with the final 

Optionmetrics/CRSP/COMPUSTAT sample. The positive mean suggests that the sample contains, 

                                                 
9 As a robustness check to control for industry heterogeneity, we include Fama-French 48 industry fixed effects, the 

𝑅2 marginally increases to 60%. All of the main empirical results remain qualitatively the same. 
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on average, firms abnormally followed by analysts. The sample statistics for other independent 

variables are consistent with the prior literature (see, for example, Kim et al., 2016). 

To provide initial evidence on the link between 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊, we sort firms into 

5 × 5 portfolios based on 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 variables, independently. For each portfolio, we 

calculate the average 𝐼𝑉𝑆𝐾𝐸𝑊 and compare the difference between the lowest (first) and the 

highest (fifth) ABCOV quintiles. In other words, for each IVSKEW quintile, we examine how 

𝐼𝑉𝑆𝐾𝐸𝑊 varies when we increase 𝐴𝐵𝐶𝑂𝑉. Panel C of Table 2 reports the result. Focusing on the 

first 𝐼𝑉𝑆𝐾𝐸𝑊 quintile, when 𝐴𝐵𝐶𝑂𝑉 moves from the first to the fifth quintile, the 𝐼𝑉𝑆𝐾𝐸𝑊 

decreases from 2.13% to 1.51% , consistent with the useful role of analysts in reducing expected 

crash risk. Similarly, with the 𝐼𝑉𝑆𝐾𝐸𝑊 fifth quintile, the expected crash risk declines by 0.87% 

when moving from the lowest to the highest 𝐴𝐵𝐶𝑂𝑉 quintile. The change represents 
0.87%

4.06%
=

21.43% of the 𝐼𝑉𝑆𝐾𝐸𝑊 standard deviation. On the other hand, in the 𝐼𝑉𝑆𝐾𝐸𝑊 fourth quintile, 

𝐼𝑉𝑆𝐾𝐸𝑊 increases when 𝐴𝐵𝐶𝑂𝑉 increases. Overall, the results provide mixed evidence regarding 

the link between 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊. It might be due to the lack of control variables which the 

double-sort procedure could not resolve. We rely on our baseline regression in Equation (4) to 

address this concern.10 We present the empirical evidence of the main analysis in the next section. 

3.2 BASELINE ANALYSES 

Starting with Table 3, we discuss the empirical results for our baseline regression reported in 

Equation (4) across different specifications, namely without fixed effects (Model 1), with year 

fixed effects (Model 2), and with firm-year fixed effects (Model 3). Consistent with the asymmetry 

mitigation/mispricing prediction, we find strong evidence that abnormal coverage is negatively 

                                                 
10 We also mitigate this concern by adding a squared term of abnormal coverage into the baseline model. 
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associated with 𝐼𝑉𝑆𝐾𝐸𝑊. All the estimated coefficients on 𝐴𝐵𝐶𝑂𝑉 in Model (1) through (3) are 

statistically significant at the 1% level. The economic significance is also large. In Model (1), firms 

with a one standard deviation drop in abnormal analyst coverage are perceived to have a 5.5% 

(0.0003 ×
9.4017

0.0532
) increase in the level of implied volatility skew. For comparison, a one standard 

deviation increase in 𝐿𝐸𝑉𝐸𝑅𝐴𝐺𝐸 is associated with 5.2% increase in 𝐼𝑉𝑆𝐾𝐸𝑊. Additionally, the 

magnitude is comparable with or larger than other variables in the existing literature (for example, 

5.51% for the financial statement comparability measure in Kim et al. (2016); or 3.7% for the 

opaqueness measure in Kim and Zhang (2014)).  

[Insert Table 3 about here] 

The sign and magnitude of the control variables are generally consistent with predictions 

based on prior studies. For example, supporting Kim et al. (2016), we find that overall uncertainty, 

captured by ATM call option’s implied volatility level (𝐼𝑉𝐴𝑇𝑀𝐶), has a significantly positive 

relation with ex ante crash risk (𝐼𝑉𝑆𝐾𝐸𝑊). Further, we find a negative association between firm 

size (𝑆𝐼𝑍𝐸) and ex ante crash risk that is consistent with Kim et al. (2016). The positive coefficient 

on 𝐿𝐸𝑉𝐸𝑅𝐴𝐺𝐸 supports Toft and Prucyk (1997) and Kim et al. (2016) that ex ante crash risk 

increases with leverage because leverage increases bankruptcy risk of the firm. The coefficients 

on the remaining control variables are mostly consistent with prior literature.11 

                                                 
11 We also investigate the nature of this baseline 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 relation in comparison with industry peers in 

two ways. First, in untabulated analysis, we calculate the difference between Fama-French 48 industry average of 

𝐴𝐵𝐶𝑂𝑉 and a firm’s 𝐴𝐵𝐶𝑂𝑉. We then re-run the baseline tests with this new industry measure of 𝐴𝐵𝐶𝑂𝑉. A highly 

statistically significant negative coefficient on 𝐴𝐵𝐶𝑂𝑉 (-0.0003) indicates that the ex ante crash risk is reduced when 

a firm’s 𝐴𝐵𝐶𝑂𝑉 increases compared to the industry average. Second, we alternatively identify a firm as having high 

analyst coverage (𝐻𝐼𝐺𝐻𝐶𝑂𝑉 = 1) if the number of total analysts following that firm is higher than the industry average. 

Next, we interact 𝐻𝐼𝐺𝐻𝐶𝑂𝑉 with 𝐴𝐵𝐶𝑂𝑉. The untabulated result shows negative and statistically significant 

coefficients on 𝐴𝐵𝐶𝑂𝑉 (-0.0002) and 𝐴𝐵𝐶𝑂𝑉 ×  𝐻𝐼𝐺𝐻𝐶𝑂𝑉 (-0.0001), suggesting that the negative relation between 

𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 is more pronounced when a firm has higher analyst coverage than its industry peers. 
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We repeat the analysis with the change regressions in Appendix A.2. Note that the 

objectives of change and firm fixed effect regressions are similar i.e. eliminating the unobservable 

firm characteristics that can influence the investors’ perception of crash risk. For the sake of 

completeness, we also include fixed effects in the Model 2 and Model 3 in the change regressions. 

Our results remain robust in terms of statistical and economic significance. All coefficients on 

𝐴𝐵𝐶𝑂𝑉 across models are negative and statistically significant at the 1% level. The magnitudes 

of the coefficients are qualitatively similar to those in Table 3. 

To address the potential non-linear effect discussed earlier, in untabulated analysis, we add 

a squared term of abnormal coverage to all of specifications above.  We find that the coefficient 

on the squared term is statistically significant but very small in magnitude with opposite direction 

of 𝐴𝐵𝐶𝑂𝑉. The inflection point is around 16, which is above the 95th percentile of the sample 

distribution of 𝐴𝐵𝐶𝑂𝑉. We conclude that even though there is a positive relation between 𝐴𝐵𝐶𝑂𝑉 

and 𝐼𝑉𝑆𝐾𝐸𝑊 in the top 5% of the distribution, the negative relation is a dominant effect across 

the vast majority of the sample observations. 

3.3 TOTAL COVERAGE AND EXPECTED COVERAGE VERSUS ABNORMAL 

COVERAGE 

It is worthwhile to address the question whether the abnormal coverage matters beyond 

what is contained in total and/or expected coverage. In other words, do we observe a similar 

relation between options market and total or expected coverage information? To this end, we run 

the main regression of 𝐼𝑉𝑆𝐾𝐸𝑊 on total coverage, expected coverage, and unexpected coverage. 

Panel A of Table 4 reports the results.  

[Insert Table 4 about here] 
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As seen in Model 2, the expected coverage (𝐸𝑋𝐶𝑂𝑉) has a positive and statistically 

significant coefficient, indicating that if analysts follow firms that are large, low past returns and 

more liquid, option market participants interpret the expected coverage signal as unfavourable and 

perceive firms as having higher crash risk. This result is in stark contrast with the abnormal 

coverage signal and highlights an important point of identification. That is, if one focuses on total 

analyst coverage to study the usefulness of analysts in capital markets, it is important to control 

for momentum, size, and liquidity. The impact of total analyst coverage on implied volatility 

skewness is weak. In Model 1, the coefficient on the total coverage (𝑇𝑂𝑇) is significantly negative 

only at the 10% level. This weak overall signal is the result of the two counteracting signals from 

expected and unexpected coverage. Lee and So (2017) show that the abnormal coverage is a proxy 

for analysts’ ex ante expectation about a firm’s future performance. We confirm their conclusion 

here by showing that the abnormal coverage is consistent with the options market’s ex ante 

assessment of future crash risk. Model 3 shows that the abnormal coverage is a stronger signal 

than expected coverage. When we include both unexpected and expected coverage components in 

the same regression, the statistical significance of expected coverage coefficient disappears, while 

that of 𝐴𝐵𝐶𝑂𝑉 remains strongly significant. 

Collectively, these results emphasize that 𝐴𝐵𝐶𝑂𝑉 matters. From the economic point of 

view, the results show that options market investors interpret information contained in the expected 

and unexpected coverage very differently. Unlike equity investors who do not fully capture the 

information in the abnormal coverage signal (Lee and So, 2017), options investors seem to 

understand the value of the abnormal coverage signal and assess ex ante crash risk consistently. 

From the statistical standpoint, it is important to account for firm characteristics in modelling 

analyst coverage when studying the role of analyst in the functioning of capital markets.  
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3.4 DIFFERENT MATURITIES 

While our main results focus on all maturities of options, in a robustness check we assess 

the association of 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 measured at different maturities. Specifically, we 

calculate the 𝐼𝑉𝑆𝐾𝐸𝑊, using options of less than 60 days, between 61–120 days, between 121–

180 days, and between 181–360 days. We then rerun the main empirical tests with these alternative 

𝐼𝑉𝑆𝐾𝐸𝑊 measures and report the results in Panel B of Table 4. 

The estimated coefficient of interest (𝐴𝐵𝐶𝑂𝑉) remains negative and highly statistically 

significant – supporting the asymmetry mitigation/mispricing argument. Our findings are not 

sensitive to the choice of option maturities. More interestingly, the economic significance becomes 

stronger for longer-term options, ranging from 3.5% to 5.5% for 60-day to 360-day options, 

respectively. It appears that options investors who purchase long-term options put more emphasis 

onto the 𝐴𝐵𝐶𝑂𝑉 signal. 

3.5 TEST OF CHANNELS 

Thus far, our results show that abnormal coverage is negatively associated with ex ante 

crash risk. In this section, we examine whether this relation can potentially result from either 

information asymmetry or mispricing channels, or both. The information asymmetry channel 

proposes that fewer (more) analysts covering a firm exacerbates (improves) firm-level information 

environment, creating more (fewer) opportunities for managers to withhold bad news, and 

therefore increases (decreases) ex ante crash risk. In a recent paper, Kim, Lu, and Yu (2019) 

employ an empirical strategy that looks at brokerage mergers and closures events, which are shown 

to cause a drop in total analyst coverage of affected firms and unrelated to firm fundamentals. They 

show that firms with an exogenous drop in the number of total analyst coverage, subsequently 

experience an increase in ex ante crash risk, even though their fundamentals remain unchanged.  
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On the other hand, according to the mispricing argument, analysts and options market 

participants possess common firm fundamental information that is not yet known to the equity 

market. Therefore, their information lead enables them to predict future equity returns (for 

𝐼𝑉𝑆𝐾𝐸𝑊 return predictability, see Xing, Zhang, and Zhao, 2010; for 𝐴𝐵𝐶𝑂𝑉 predicatbility, see 

Lee and So, 2017). 

The distinction between the two channels is that while the mispricing channel is related to 

firm fundamentals, the information asymmetry channel is not.  

3.5.1 Information Asymmetry 

To shed light on whether 𝐴𝐵𝐶𝑂𝑉 is related to the information asymmetry channel, we rely 

on a set of brokerage mergers/closures events and argue that if 𝐴𝐵𝐶𝑂𝑉 is purely related to 

mispricing channel, that is analysts only drop firms due to negative outlook of firm fundamentals, 

we should not observe any drop in 𝐴𝐵𝐶𝑂𝑉 for firms affected by these exogenous non-fundamental 

events. Therefore, we could potentially rule out the possibility that 𝐴𝐵𝐶𝑂𝑉 is related to 

information asymmetry channel. 

We follow prior literature to identify brokerage closure/merger events (for details of the 

approach, see Kelly and Ljungqvist, 2012). Our sample includes 51 merger and closure events as 

in Chen, Chiu, and Shevlin (2018). In our sample, firms affected by the events are treatment firms 

and have value of 1 for the 𝑇𝑅𝐸𝐴𝑇 variable. Since these events can last for a long period, we set 

pre (post) periods to be from 15 to 3 months before (after) the event dates (Chen et al. 2018). 𝑃𝑂𝑆𝑇 

dummy variable takes a value of 1 for the period after the event. 

We regress 𝐴𝐵𝐶𝑂𝑉 on the dummy variables 𝑃𝑂𝑆𝑇 and 𝑇𝑅𝐸𝐴𝑇, and their interaction 

𝑃𝑂𝑆𝑇 × 𝑇𝑅𝐸𝐴𝑇, controlling for market capitalisation (𝑆𝐼𝑍𝐸), turnover (𝑇𝑂), and momentum 
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(𝑀𝑂𝑀).12 To examine whether there is a change in 𝐴𝐵𝐶𝑂𝑉 for the treatment firm after the events, 

the coefficient on the interaction term 𝑃𝑂𝑆𝑇 × 𝑇𝑅𝐸𝐴𝑇 is of interest. For comparison purpose, we 

also run a similar regression with total coverage (𝑇𝑂𝑇). The regression results are reported in 

Panel A of Table 5. 

[Insert Table 5 about here] 

The coefficient on the interaction term 𝑃𝑂𝑆𝑇 × 𝑇𝑅𝐸𝐴𝑇 is -0.2885 (-0.6498) and 

statistically significantly at the 1% level for the 𝐴𝐵𝐶𝑂𝑉 (TOT) regression. The evidence suggests 

that following these non-fundamental related events, 𝐴𝐵𝐶𝑂𝑉 and 𝑇𝑂𝑇 both significantly drop. 

Additionally, in untabulated analysis with our sample, we confirm the findings of Kim, Lu, and 

Yu (2019) that expected crash risk increases for firms experienced a drop in analyst coverage due 

to the events. Overall, information asymmetry is in fact in play in reducing crash risk and 𝐴𝐵𝐶𝑂𝑉 

is related to this important channel. 

Despite carrying a similar conclusion as that of  Kim, Lu, and Yu (2019), our characteristic-

based method has the distinct advantage that it can be applied to a large number of firms and over 

extensive time periods. The utility provided by the approach is particularly relevant in our context 

for at least two reasons. First, our larger sample of firms and extended time period can better 

safeguard against threats to external validity of the empirical results than those obtained from 

studies relying on specific narrow events and firms (for example, Das, Guo, and Zhang (2006) on 

IPO firms, or Kim, Lu and Yu (2019) on brokerage events). More importantly, our approach 

extends the economic implications relating to the roles of analysts and the options traders. Not 

only do options market investors understand salient information from notable exogenous events 

and affected firms (e.g. brokerage closures/mergers and firms experiencing the drop in analyst 

                                                 
12 These variables are included in our total coverage model in Equation (3). Standard errors are clustered by event 

dates. 
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coverage), but also they appreciate the nuances of low saliency signals, such as abnormal coverage 

activities across a large number of firms. Second, the abnormal coverage measure is more timely 

since it can be obtained in high frequency. This is very useful to options investors since their 

primary functions in capital markets are trading and risk management. 

3.5.2 Mispricing 

Lee and So (2017) argues that the abnormal coverage’s predictive power for future equity 

returns is due to analyst’s ability to reliably identify a firm’s future operating performance, not yet 

revealed in the equity prices. Xing, Zhang, and Zhao (2010), among others, demonstrate that 

𝐼𝑉𝑆𝐾𝐸𝑊 predicts future equity prices via informed traders with negative news trading out-of-the-

money puts. Therefore, the evidence suggests that analysts and option market expectations about 

firm future performance is largely consistent and superior to that of the equity market. This refers 

to the mispricing channel. We follow the large asset pricing literature and conduct equity trading 

strategies combining 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 signals. Profitable trading strategies lend supports to 

mispricing channel. 

We first independently sort stocks into 5x5 portfolios based on 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 

signals.13 We then calculate one-month ahead equally weighted portfolio returns. The main trading 

strategy that combines 𝐼𝑉𝑆𝐾𝐸𝑊 and 𝐴𝐵𝐶𝑂𝑉 signals is buying the portfolio with stocks in the top 

                                                 
13 The variables are constructed with monthly frequency. Since our sample period starts from 1996 to 2016, if we 

focus on yearly frequency then we only have 20 observations. Fortunately, 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 can be constructed 

at higher frequency (see Equations 2 and 3). Therefore, we do not aggregate monthly 𝐴𝐵𝐶𝑂𝑉 obtained in Equation 3 

into the yearly frequency. To obtain monthly 𝐼𝑉𝑆𝐾𝐸𝑊, we aggregate daily 𝐼𝑉𝑆𝐾𝐸𝑊 (Equation 2) in a month. 
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𝐴𝐵𝐶𝑂𝑉 quintile and bottom 𝐼𝑉𝑆𝐾𝐸𝑊 quintile and selling the portfolio with stocks in the bottom 

quintile of 𝐴𝐵𝐶𝑂𝑉 and top 𝐼𝑉𝑆𝐾𝐸𝑊 quintile.14 The results are reported in Panel B.1 of Table 5. 

The portfolio returns decrease as we move to higher 𝐼𝑉𝑆𝐾𝐸𝑊 quintiles. For example, when 

focusing on portfolios comprising stocks with lowest 𝐴𝐵𝐶𝑂𝑉 (column 1), the return spread 

between the highest and lowest 𝐼𝑉𝑆𝐾𝐸𝑊 quintiles is -9.3% p.a., statistically significant at 5% 

level. The decreasing pattern is consistent across columns i.e. 𝐴𝐵𝐶𝑂𝑉 quintiles. On the other hand, 

for a given row i.e. a given IVSKEW quintile, returns increase monotonically with the 𝐴𝐵𝐶𝑂𝑉 

signal. Focusing on the top 𝐼𝑉𝑆𝐾𝐸𝑊 quintile (row 5), a trading strategy that goes long top and 

short bottom ABCOV portfolios generates an average return of 9.35% p.a. The trading strategy that 

combines both 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 signals i.e. long top-right portfolio and short bottom-left 

portfolio, generates an impressive spread of 18.83% p.a. and statistically significant with a t-stat 

of 4.65. The return predictability evidence suggests that 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 contain valuable 

information about the firm which is not yet revealed in the equity market. 

Is this trading strategy return a compensation for risk or truly an anomaly? To answer this 

question, we regress portfolio returns on Fama and French five-factor model (2015). The intercepts 

(alpha) represent abnormal returns and are reported in Panel B.2 Table 5. The trading strategy that 

goes long the top-right and short the bottom-left portfolios, earns an average abnormal return of 

17.45% pa (t-stat=3.72). The alpha is large and robust to various risk factor models (untabulated). 

Collectively, the evidence supports the view that the 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 trading strategy return 

is not explained by risk factors and represents mispricing. 

  

                                                 
14 Recall that 𝐴𝐵𝐶𝑂𝑉 and 𝐼𝑉𝑆𝐾𝐸𝑊 are negatively correlated. 
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3.5.3 Information asymmetry and mispricing – Are they complementary? 

We have established that both information asymmetry and mispricing are related to 

abnormal coverage. It is therefore of interest to ask in what kind of information environment the 

abnormal coverage signal becomes valuable. In other words, are the mispricing and information 

asymmetry channels in fact, competing or complementary? To this end, we assess whether the 

analyst coverage decision is complementary to the quality of the information environment. We 

proxy for the information environment quality using three measures – probability of informed 

trading (𝑃𝐼𝑁), financial reporting opaqueness, and financial statement comparability. In a setting 

with higher probability of informed trading, more opacity and less comparable statements, where 

information is hard to interpret, it might be more difficult for options investors to gauge the 

information about the firm from abnormal analyst coverage, thus reducing the ability to identify 

mis-priced firms. As a result, we predict that abnormal coverage would become a weaker 

instrument in less transparent information environments. Hence, we expect that the negative 

association between abnormal coverage and ex ante crash risk should be weaker for firms with 

high probability of informed trading, high financial reporting opacity, and/or low financial 

statement comparability. We report the regression results in Panel A of Table 6. 

[Insert Table 6 about here] 

Model 1 in Panel A shows that abnormal coverage is still negatively associated with ex 

ante crash risk, even after controlling for high probability of informed trading15 (𝐻𝐼𝐺𝐻𝑃𝐼𝑁, which 

is a dummy variable taking a value of one (zero) if probability of informed trading for a firm is in 

the top quartile in the sample). The positive coefficient on the interaction term, 𝐴𝐵𝐶𝑂𝑉 ×

𝐻𝐼𝐺𝐻𝑃𝐼𝑁, which is of equal magnitude to that on 𝐴𝐵𝐶𝑂𝑉, indicates that the predictive power of 

                                                 
15 The probability of informed trading (𝑃𝐼𝑁) is measured annually using order imbalances of daily buy and sell orders 

over annual period (Brown and Hillegeist, 2007). 
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abnormal coverage to explain the variations in ex ante crash risk disappears in a low-quality 

information environment when there is large probability of informed trading. Moreover, this result 

suggests that the signals embedded in analyst coverage are only useful in a low 𝑃𝐼𝑁 environment. 

Similarly, Model 3 indicates that low financial statement comparability (𝐿𝑂𝑊𝐶𝑂𝑀𝑃𝐴𝑅𝐸) 

greatly reduces the magnitude of the negative relation between abnormal coverage and ex ante 

crash risk. For this test, we use the financial statement comparability measure of De Franco et al. 

(2011).16 Specifically, we define low financial statement comparability as a dummy variable taking 

a value of one (zero) if financial statement comparability of the firm is in the bottom (top) quartile 

in the sample. Firms with low financial statement comparability have a higher likelihood of hiding 

bad news and, thus, it increases firm-level future stock price crash risk perceptions of the investors 

(Kim et al., 2016). Moreover, signals from analyst coverage are more valuable for firms with high 

financial statement comparability, which enables analysts to improve stock price informativeness 

through generating more firm-specific information (Choi et al., 2019). Consistent with these prior 

studies, we find that, 𝐴𝐵𝐶𝑂𝑉, in the presence of low financial statement comparability 

(𝐿𝑂𝑊𝐶𝑂𝑀𝑃𝐴𝑅𝐸), limits investors’ understanding of firm’s information environment and it 

counters 𝐴𝐵𝐶𝑂𝑉’s predictability of low ex ante crash risk perceptions.   

On the other hand, we do not observe any evidence of analysts’ ability in reducing crash 

risk in high opacity environment. In Model 2, the coefficient on 𝐴𝐵𝐶𝑂𝑉 is negative and 

statistically significant while the interaction term 𝐴𝐵𝐶𝑂𝑉 × 𝐻𝐼𝐺𝐻𝑂𝑃𝐴𝐶𝐼𝑇𝑌 is statistically 

                                                 
16 Financial statement comparability measures the extent to which financial statements of a firm are comparable to its 

peers in the same industry (De Franco et al., 2011). In brief, it is the average of the absolute differences between 

estimated earnings of a firm and those of its industry peers. The estimated earnings come from the time-series 

regression of firm earnings on stock returns. 
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insgificant.17 Taken together, investors still can gain valuable insights on the valuation of the 

“difficult to value” firms by observing abnormal analyst coverage. 

Collectively, these results suggest that the value and importance of the information content 

of abnormal analyst coverage to signal ex ante crash risk enhances in the presence of high-quality 

information environment. In other words, information environment and abnormal coverage play a 

complementary role in signalling lower crash risk. 

3.5.4 Is there any synergy between analyst quality and abnormal coverage?18 

We next ask whether there is any synergy between abnormal coverage and analyst earnings 

forecasts quality in reducing crash risk. The abnormal coverage should be more valuable to the 

options market if the quality of analysts following a firm is high. To investigate this question, we 

limit the sample to firms followed by at least three analysts. Following prior literature, we proxy 

for analyst quality at the firm-level using analyst forecast dispersion and accuracy (see, for 

example, Chen, Xie, and Zhang, 2017). To measure dispersion, we calculate the standard deviation 

of earnings forecasts of all analysts following a firm. Analysts forecast accuracy is defined as the 

absolute difference between analyst current forecasts with actual future earnings scaled by current 

price. The firm-level accuracy is then estimated by equal-weighting the accuracy of all analysts 

following a firm. 

Panel B of Table 6 reports the result in the regression of ex ante crash risk on abnormal 

coverage interacting with analyst forecast quality. In Model 1, statistically significant negative 

interaction term (𝐴𝐵𝐶𝑂𝑉 × 𝐻𝐼𝐺𝐻𝐴𝐶𝐶𝑈) (-0.0002) indicates that the ex ante crash risk is the 

                                                 
17 We define high financial reporting opacity as a dummy variable taking the value of one (zero) if 𝑂𝑃𝐴𝑄𝑈𝐸 for a 

firm is in the top (bottom) quartile. 
18 We thank an anonymous referee for this suggestion. 
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lowest in firms which experience an increase in abnormal coverage with highly accurate earnings 

forecast. Similarly, ex ante crash risk is lower when earnings forecasts are less dispersed and there 

is an abnormal increase in coverage (coefficient on 𝐴𝐵𝐶𝑂𝑉 × 𝐿𝑂𝑊𝐷𝐼𝑆𝑃 is -0.0002). Taken 

together, it appears that the options market puts considerably more emphasis on the abnormal 

coverage signal if the quality of analysts following a firm is high. 

4. CONCLUSION 

Investors’ confidence in the functionality of capital markets matters. Perception of crash 

risk carries a higher risk premium than actual crashes (Santa-Clara and Yan, 2010). Arguably, to 

reduce the uncertainty in the economy and restore investor confidence, understanding and curbing 

the perception of tail risk can be more impactful. In this paper, we put forward and answer an 

enquiry as to whether investors’ subjective assessment of crash risk can be revealed by analyst 

expectations about firm prospects reflected by whether analysts collectively produce an 

abnormally high coverage for a firm.  

We find that the abnormal coverage signal matters and is useful in the formation of 

expectations about crash risk. In particular, one standard deviation increase in abnormal coverage 

reduces expected crash risk by 5.5%. We show that the analyst coverage signal becomes much 

weaker for firms operating in bad information environment, namely firms with more informed 

trading, more opaqueness, and lower financial statement comparability. Finally, we find that the 

abnormal coverage is much more useful when analysts are of high quality. We provide strong 

support for the credible role of analysts in the functioning of capital markets, either from revealing 

mispricing or improving information environment and thus reducing bad news hoarding 

opportunities. 
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TABLE 1 

SAMPLE DISTRIBUTION 

This table presents the yearly sample distribution. Our sample starts from 1996 and ends in 2016 

with total 27,309 firm-year observations for 3,732 unique firms. 

 

Sample distribution by year 

Year Number of observations 

1996 949 

1997 1,145 

1998 1,232 

1999 1,244 

2000 1,186 

2001 1,138 

2002 1,210 

2003 1,244 

2004 1,375 

2005 1,346 

2006 1,375 

2007 1,431 

2008 1,378 

2009 1,387 

2010 1,407 

2011 1,432 

2012 1,361 

2013 1,479 

2014 1,527 

2015 1,437 

2016 1,026 

Total 27,309 
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TABLE 2 

DESCRIPTIVE STATISTICS 
This table shows the abnormal analyst coverage regression coefficients in Panel A. We report the time series averages 

of the coefficients, including the Intercept, from the regression of total analyst coverage, measured by the sum of all 

unique earnings forecasts across all analysts and forecasted periods over the last 90 trading days (revision is single 

counted), on log of market capitalisation (SIZE), lagged twelve-month turnover (TO), and cumulative market-adjusted 

return over the last 12 months (MOM). Panel B provides descriptive statistics for the variables used in the baseline 

regression. Panel C presents mean values of IVSKEW based on two-way sorts on ABCOV and IVSKEW.  

Panel A: Analyst coverage regression coefficients 

 Mean t-statistic 
Intercept -5.511 -39.68 

SIZE 0.617 41.35 

TO 0.239 18.78 

MOM -0.356 -20.36 

R-squared  58.18%  

Panel B: Baseline variables 

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

 

N Mean Std. Dev. 

First 

quartile Median 

Third 

quartile 
IVSKEW 27,309 0.0532 0.0406 0.0295 0.0452 0.0663 

IVATMC 27,309 0.4649 0.1978 0.3199 0.4204 0.5669 

ABCOV 27,309 2.5900 9.7014 -2.5948 3.3829 9.0923 

SIZE 27,309 7.3967 1.5856 6.2784 7.2502 8.3777 

LEVERAGE 27,309 0.1947 0.1930 0.0067 0.1621 0.3017 

MB 27,309 3.4799 4.8807 1.5685 2.5135 4.1581 

CASHVOL 27,309 0.0813 0.1072 0.0285 0.0492 0.0894 

EARNVOL 27,309 0.0930 0.1518 0.0217 0.0441 0.0979 

SALEVOL 27,309 0.2537 0.2804 0.0885 0.1636 0.3044 

NCSKEW 27,309 0.1150 1.1104 -0.5780 0.0418 0.7118 

SIGMA 27,309 0.0571 0.0304 0.0353 0.0498 0.0708 

OPAQUE 27,309 0.2623 0.2207 0.1230 0.1992 0.3218 

TURNOVER 27,309 0.0084 0.1855 -0.0293 0.0050 0.0443 

BETA 27,309 1.3702 0.9022 0.7628 1.2371 1.8344 

RETURN 27,309 0.1477 0.5568 -0.1875 0.0798 0.3627 

STDRET 27,309 0.1271 0.0728 0.0765 0.1093 0.1570 
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Panel C: Mean values of IVSKEW based on two-way sorts on ABCOV and IVSKEW 

                                                        ABCOV    

  1 (Low) 2 3 4  5 (High) High – Low 

IV
S

K
E

W
 

1 (Low) 

 

0.0213*** 

(0.0005) 

0.0212*** 

(0.0005) 

 

0.0201*** 

(0.0006) 

 

0.0185*** 

(0.0006) 

0.0151*** 

(0.0007) 

-0.0062*** 

(0.0009) 

 

2 

 

0.0342*** 

(0.0003) 

 

0.0345*** 

(0.0003) 

 

0.0343*** 

(0.0004) 

 

0.0344*** 

(0.0004) 

 

0.0344*** 

(0.0005) 

0.0002 

(0.0006) 

 

3 

 

0.0436*** 

(0.0004) 

 

0.0442*** 

(0.0004) 

 

0.0450*** 

(0.0004) 

 

0.0446*** 

(0.0004) 

 

0.0444*** 

(0.0004) 

0.0009 

(0.0006) 

4  

 

0.0588*** 

(0.0005) 

0.0585*** 

(0.0005) 

 

0.0586*** 

(0.0005) 

0.0592*** 

(0.0004) 

0.0603*** 

(0.0004) 

0.0015** 

(0.0007) 

 5 (High) 

 

0.1172*** 

(0.0019) 

0.1071*** 

(0.0019) 

 

0.1068*** 

(0.0016) 

0.1052*** 

(0.0014) 

0.1085*** 

(0.0012) 

-0.0087*** 

(0.0022) 
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TABLE 3 

BASELINE ANALYSIS: EX ANTE CRASH RISK AND ABNORMAL ANALYST 

COVERAGE 
This table reports the results of the baseline regression estimates showing the relation between ex ante crash risk 

(IVSKEW) and abnormal analyst coverage (ABCOV). Model 1 shows the ordinary least squares (OLS) regression 

estimates without controlling for year and firm fixed effects. In Models 2 and 3, we control for year and firm-year 

fixed effects, respectively. IVSKEW is the options implied volatility smirk, which is our primary measure of ex ante 

crash risk calculated as the difference between the implied volatility of out of the money (OTM) put and at the money 

(ATM) call options. ABCOV is the abnormal analyst coverage calculated by decomposing total analyst coverage into 

the unexpected and expected components using the characteristic-based model of Lee and So (2017). Definitions of 

all other variables are in Appendix A.1. We report standard errors robust to heteroskedasticity and clustered at the 

firm level in the parentheses. Superscripts *,**, and, *** indicate statistical significance at the 10%, 5%, and 1% 

levels, respectively. 

 Dependent variable = IVSKEW 

 No fixed effects  Year fixed effects Firm fixed effects 

VARIABLES Model 1 Model 2 Model 3 

ABCOV -0.0003*** -0.0003*** -0.0002*** 

 (0.0001) (0.0000) (0.0001) 

IVATMC 0.0318*** 0.0219*** 0.0330*** 

 (0.0049) (0.0051) (0.0062) 

SIZE -0.0058*** -0.0061*** -0.0082*** 

 (0.0003) (0.0003) (0.0007) 

LEVERAGE 0.0143*** 0.0138*** 0.0127*** 

 (0.0019) (0.0018) (0.0030) 

MB -0.0001 0.0001 0.0000 

 (0.0001) (0.0001) (0.0001) 

CASHVOL -0.0184*** -0.0112* -0.0024 

 (0.0070) (0.0066) (0.0072) 

EARNVOL 0.0092* 0.0006 0.0039 

 (0.0050) (0.0048) (0.0053) 

SALEVOL -0.0002 0.0044*** 0.0008 

 (0.0016) (0.0014) (0.0018) 

NCSKEW -0.0016*** -0.0016*** -0.0012*** 

 (0.0003) (0.0003) (0.0002) 

SIGMA -0.0719** 0.1275*** 0.0943*** 

 (0.0321) (0.0310) (0.0297) 

OPAQUE 0.0088*** 0.0037* 0.0045** 

 (0.0021) (0.0019) (0.0022) 

TURNOVER -0.0038** -0.0041** -0.0036** 

 (0.0018) (0.0018) (0.0018) 

BETA 0.0009** -0.0003 0.0004 

 (0.0004) (0.0004) (0.0005) 

RETURN -0.0002 0.0017*** 0.0032*** 

 (0.0005) (0.0006) (0.0006) 

STDRET 0.0165* 0.0006 0.0052 

 (0.0097) (0.0091) (0.0090) 

Constant 0.0790*** 0.0450*** 0.0572*** 

 (0.0032) (0.0032) (0.0056) 

Year FE No Yes Yes 

Firm FE No No Yes 

    

R-squared 0.1110 0.2470 0.1942 

Observations 27,309 27,309 27,309 
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TABLE 4 

ROBUSTNESS ANALYSES 
This table reports the results investigating whether total and expected analyst coverage affect ex ante crash risk 

(IVSKEW) in the same manner as abnormal analyst coverage (ABCOV) in Panel A. Model 1 shows the regression 

estimates with total analyst coverage (TOT) as the key independent variable of interest. Model 2 reports the regression 

estimates with expected analyst coverage (EXCOV) as the key independent variable of interest. Model 3 compares the 

effect of expected (EXCOV) and unexpected (ABCOV) analyst coverage on ex ante crash risk. Panel B reports 

regression results with different maturities of IVSKEW as the dependent variables. In Model 1, we use IVSKEW with 

less than 60 days maturity. Model 2 through Model 4 use IVSKEW with 61-120 days, 121-180 days, and 181-360 days 

maturity, respectively, as the dependent variables. IVSKEW is the options implied volatility smirk, which is our 

primary measure of ex ante crash risk calculated as the difference between the implied volatility of out of the money 

(OTM) put and at the money (ATM) call options. ABCOV is the abnormal analyst coverage calculated by decomposing 

total analyst coverage into the unexpected and expected components using the characteristic-based model of Lee and 

So (2017). Definitions of all other variables are in Appendix A.1. We report standard errors robust to 

heteroskedasticity and clustered at the firm level in the parentheses. Superscripts *,**, and, *** indicate statistical 

significance at the 10%, 5%, and 1% levels, respectively. Superscript # indicates that the variable is standardised for 

readability and comparability. 

Panel A: Total, expected, and abnormal analyst coverage 

Dependent variable = IVSKEW 

Total analyst 

coverage 

Expected analyst 

coverage 

Expected and abnormal 

analyst coverage 

VARIABLES Model 1 Model 2 Model 3 

TOT -0.0001*, #

(0.0000)

EXCOV 0.0003**, # 0.0002# 

(0.0001) (0.0001) 

ABCOV -0.0003***

(0.0001)

Constant 0.0371*** 0.0369*** 0.0450***

(0.0030) (0.0030) (0.0032)

Control variables Yes Yes Yes

Year FE Yes Yes Yes

R-squared 0.2413 0.2424 0.2470 

Observations 27,309 27,309 27,309 

Panel B: Different maturities 

Dependent variable = IVSKEW 

Less than 60 days 

61 – 120 

days 

121 – 180 

days 

181 – 360 days 

VARIABLES Model 1 Model 2 Model 3 Model 4 

ABCOV -0.0002*** -0.0003*** -0.0003*** -0.0003***

(0.0001) (0.0000) (0.0000) (0.0000)

Constant -0.0002*** -0.0003*** -0.0003*** -0.0003***

(0.0001) (0.0000) (0.0000) (0.0000)

Control variables Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

R-squared 0.1698 0.2531 0.2883 0.2856 

Observations 27,050 27,126 27,177 26,507 
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TABLE 5 

TEST OF CHANNELS 

This table reports the regression results of the potential channels by which abnormal analyst coverage affects expected 

crash risk. Using exogenous shocks from brokerage closures/mergers events, Panel A reports regression estimates of 

information asymmetry channel using ABCOV and TOT as dependent variables. In Panel A, TREAT is a dummy 

variable equal to 1 if a firm is affected by the events and 0 otherwise. POST is a dummy variable with a value of 1, 

indicating one-year period starting 3 months after the events, and with a value of 0, capturing the one-year period 

ending 3 months before the events. Panel B shows the results for mispricing channel with portfolio returns in Panel 

B.1 and portfolio alphas in Panel B.2. These portfolios are constructed based on two-way sorts on ABCOV and 

IVSKEW. Definitions of all other variables are in Appendix A.1. Standard errors, robust to heteroskedasticity and 

clustered by events, are in the parentheses. Superscripts *,**, and, *** indicate statistical significance at the 10%, 5%, 

and 1% levels, respectively. 

 

Panel A: Testing information asymmetry channel  

 Dependent variable = ABCOV Dependent variable = TOT 

 Model 1 Model 2 

POST 0.3267*** 0.6077*** 

 (0.0612) (0.1031) 

TREAT 2.8817*** 4.0801*** 

 (0.2345) (0.3973) 

POST × TREAT -0.2885*** -0.6498*** 

 (0.0689) (0.0985) 

Constant 20.8097*** 11.5009*** 

 (1.6332) (1.5137) 

Control variables Yes Yes 

Year FE Yes Yes 

   

R-squared 23,026 23,026 

Observations 0.1763 0.4457 
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Panel B: Testing mispricing channel 

Panel B.1: Portfolio returns based on two-way sorts on ABCOV and IVSKEW 

 ABCOV 

 1 (Low) 2 3 4 5 (High) High – Low 

IV
S

K
E

W
 

1 (Low) 0.0980* 

(0.0510) 

0.1167***   

(0.0413) 

0.1437***   

(0.0475) 

0.1669***   

(0.0562) 

0.1932***   

(0.0664) 

0.0953***   

(0.0321) 

       

2 0.0957**   

(0.0404) 

0.1006***   

(0.0386) 

0.1183***   

(0.0432) 

0.1239***   

(0.0438) 

0.1311** 

(0.0537) 

0.0354 

(0.0289) 

       

3 0.0727   

(0.0475) 

0.0838* 

(0.0440) 

0.1046** 

(0.0491) 

0.1252** 

(0.0500) 

0.1693***   

(0.0557) 

0.0966***   

(0.0344) 

       

4 0.0787 

(0.0604) 

0.0835 

(0.0530) 

0.0949* 

(0.0537) 

0.0986* 

(0.0581) 

0.1347** 

(0.0617) 

0.0560* 

(0.0309) 

       

5 (High)  0.0049   

(0.0724) 

0.0205 

(0.0659) 

0.0564 

(0.0636) 

0.0488 

(0.0633) 

0.0985 

(0.0692) 

0.0935***   

(0.0340) 

       

High – 

Low 

-0.0930**   

(0.0398) 

-0.0962***   

(0.0353) 

-0.0872***   

(0.0292) 

-0.1181***   

(0.0204) 

-0.0948***   

(0.0240) 

 

High ABCOV and Low IVSKEW – Low ABCOV and High IVSKEW 
0.1883***   

(0.0405) 

 

Panel B.2: Portfolio alphas based on two-way sorts on ABCOV and IVSKEW 

 ABCOV 

 1 (Low) 2 3 4 5 (High) High – Low 

IV
S

K
E

W
 

1 (Low) 0.0462   

(0.0293) 

0.0407**   

(0.0164) 

0.0534***   

(0.0194) 

0.0682***   

(0.0250) 

0.0988** 

(0.0401) 

0.0525*    

(0.0315) 

       

2 0.0219   

(0.0176) 

0.0099 

(0.0147) 

0.0227** 

(0.0114) 

0.0246 

(0.0149) 

0.0321 

(0.0213) 

0.0102    

(0.0234) 

       

3 -0.0171   

(0.0189) 

-0.0076 

(0.0122) 

0.0082 

(0.0137) 

0.0312* 

(0.0162) 

0.0793***   

(0.0242) 

0.0964***   

(0.0326) 

       

4 -0.0042   

(0.0236) 

0.0002 

(0.0139) 

0.0020 

(0.0176) 

0.0127 

(0.0174) 

0.0478** 

(0.0233) 

0.0520*    

(0.0305) 

       

5 

(High)  

-0.0758***   

(0.0278) 

-0.0744***   

(0.0244) 

-0.0343 

(0.0235) 

-0.0500**   

(0.0209) 

0.0039 

(0.0300) 

0.0797**    

(0.0384) 

       

High – 

Low 

-0.1220***   

(0.0372) 

-0.1151***   

(0.0274) 

-0.0877***   

(0.0291) 

-0.1182***   

(0.0193) 

-0.0949***   

(0.0277) 

 

High ABCOV and Low IVSKEW – Low ABCOV and High IVSKEW 
0.1745***   

(0.0470) 
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TABLE 6 

SENSITIVITY ANALYSIS 
This table reports the ordinary least squares (OLS) regression results of sensitivity analysis with information quality 

in Panel A and analyst quality in Panel B. In Panel A, we show the joint impact of abnormal analyst coverage (ABCOV) 

and high probability of informed trading (HIGHPIN) in Model 1, high opaqueness (HIGHOPACITY) in Model 2, and 

low financial statement comparability (LOWCOMPARE) in Model 3. In Panel B, we report the joint impact of 

abnormal analyst coverage (ABCOV) and high analyst forecast accuracy (HIGHACCU) in Model 1 and low analyst 

forecast dispersion (LOWDISP) in Model 2. IVSKEW is the options implied volatility smirk, which is our primary 

measure of ex-ante crash risk calculated as the difference between the implied volatility of out of the money (OTM) 

put and at the money (ATM) call options. ABCOV is the abnormal analyst coverage calculated by decomposing total 

analyst coverage into the unexpected and expected components using the characteristic-based model of Lee and So 

(2017). Definitions of all other variables are in Appendix A.1. All models include a constant. We report standard 

errors robust to heteroskedasticity and clustered at the firm level in the parentheses. Superscripts *,**, and, *** 

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

Panel A: Information quality 

Dependent variable = IVSKEW 

Probability of 

informed trading Opaqueness 

Financial statement 

comparability 

VARIABLES Model 1 Model 2 Model 3 

ABCOV -0.0003*** -0.0003*** -0.0005***

(0.0001) (0.0001) (0.0001)

HIGHPIN 0.0090***      - - 

(0.0013)      - - 

ABCOV × HIGHPIN 0.0003**      - - 

(0.0001)      - - 

HIGHOPACITY      - 0.0011      - 

- (0.0011)      - 

ABCOV × HIGHOPACITY      - -0.0000      - 

- (0.0001)      - 

LOWCOMPARE      - - 0.0023 

     - - (0.0015) 

ABCOV × LOWCOMPARE      - - 0.0003** 

     - - (0.0001) 

Control variables Yes Yes Yes 

Year FE Yes Yes Yes 

R-squared 0.2763 0.2454 0.2836 

Observations 9,212 12,835 7,155 
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Panel B: Analyst quality   

 Dependent variable = IVSKEW 

 Analyst  

forecast accuracy 

Analyst 

forecast dispersion 

VARIABLES Model 1 Model 2 

   

ABCOV -0.0003*** -0.0003*** 

 (0.0001) (0.0001) 

HIGHACCU -0.0020** - 

 (0.0010) - 

ABCOV × HIGHACCU -0.0002* - 

 (0.0001) - 

LOWDISP - -0.0005 

 - (0.0011) 

ABCOV × LOWDISP - -0.0002** 

 - (0.0001) 

Control variables Yes Yes 

Year FE Yes Yes 

   

R-squared 0.2543 0.2628 

Observations 13,414 12,313 
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 APPENDIX A 

A.1 VARIABLE DEFINITIONS
This table shows the variable names, definitions, and data sources in columns 1 and 2, respectively. 

Variable Name Definition 

IVSKEW Options implied volatility smirk calculated as the difference between 

the implied volatility of out of the money (OTM) put and at the money 

(ATM) call options. Source: OptionMetrics. 

IVATMC Measured as the average of the daily implied volatility of at the money 

(ATM) call options during the year. Source: OptionMetrics. 

ABCOV The abnormal analyst coverage calculated by decomposing total 

analyst coverage into the unexpected and expected components using 

the characteristic-based model of Lee and So (2017). Specifically, the 

unexpected component is defined as the abnormal analyst coverage. 

Source: I/B/E/S. 

SIZE Logarithm of market capitalisation. Source: Compustat. 

TO Lagged value of the twelve-month turnover. Source: CRSP. 

MOM Cumulative market-adjusted return over the last 12 months. Source: 

CRSP. 

LEVERAGE Total long-term debt scaled by total assets during the year. Source: 

Compustat. 

MB Market value of equity divided by the book value of equity. Source: 

Compustat. 

CASHVOL The standard deviation of cash flows from operating activities divided 

by the lagged total assets during last five years. Source: Compustat. 

EARNVOL The standard deviation of income before extraordinary items divided 

by the lagged total assets during last five years. Source: Compustat. 

SALEVOL The standard deviation of net sales divided by the lagged total assets 

during last five years. Source: Compustat. 

NCSKEW The negative skewness of the firm-specific weekly returns during the 

year. The firm-specific weekly return is the residual of the following 

model: 

𝑟𝑖,𝑤 =  𝛼𝑖 + 𝛽1𝑖𝑟𝑚,𝑤−2 + 𝛽2𝑖𝑟𝑚,𝑤−1 + 𝛽3𝑖𝑟𝑚,𝑤

+ 𝛽4𝑖𝑟𝑚,𝑤+1 + 𝛽5𝑖𝑟𝑚,𝑤+2 + 𝜀𝑖,𝑤

Source: CRSP. 

SIGMA The standard deviation of the firm-specific weekly returns during the 

year. Source: CRSP. 

OPAQUE Last three years’ moving sum of the absolute value of discretionary 

accruals, which is measured by following modified Jones (1991) 

model. Source: Compustat. 

TURNOVER Monthly average share turnover during the year. Source: CRSP. 

BETA Market beta calculated by using daily returns of the stock and the 

market during the year. Source: CRSP. 

RETURN Cumulative weekly return of the stock during the year. Source: CRSP. 

STDRET The standard deviation of the weekly stock returns during the year. 

Source: CRSP. 

TOT Total analyst coverage measured by the sum of all unique earnings 

forecasts across all analysts and forecast periods over the last 90 

trading days. Source: I/B/E/S.   
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EXCOV Expected component of total analyst coverage calculated by 

decomposing total analyst coverage into the unexpected and expected 

parts using the characteristic-based model of Lee and So (2017). 

Source: I/B/E/S. 

HIGHPIN High probability of informed trading, which is a dummy variable 

taking a value of one if the probability of informed trading of the firm 

is in the top quartile and value of zero for the observations in the 

bottom quartile of the sample. PIN is calculated as order imbalance of 

daily buys and sells over a year. 

Source: www.rhsmith.umd.edu/faculty/sbrown/. 

HIGHOPACITY High financial reporting opacity, which is a dummy variable taking a 

value of one if OPAQUE for a firm is in the top quartile and a value 

of zero for the observations in the bottom quartile of the sample. 

Source: Compustat. 

LOWCOMPARE Low financial statement comparability, which is a dummy variable 

taking a value of one if financial statement comparability of the firm 

is in the bottom quartile and a value of zero for the observations in the 

top quartile of the sample. Financial statement comparability is the 

average of the absolute differences between estimated earnings of a 

firm and those of its industry peers. The estimated earnings come from 

the time-series regression of firm earnings on stock returns. 

Source: www.mitmgmtfaculty.mit.edu./rverdi/. 

HIGHACCU High analyst forecast accuracy, which is a dummy variable taking a 

value of one if analysts’ forecast accuracy for a firm is in the top 

quartile and a value of zero for the observations in the bottom quartile 

of the sample. Analyst accuracy is defined as average of absolute 

differences between analyst current earnings forecasts and future 

earnings realisation scaled by current share price. 

Source: I/B/E/S. 

LOWDISP High analyst forecast dispersion, which is a dummy variable taking a 

value of one if analysts’ forecast dispersion for a firm is in the bottom 

quartile and a value of zero for the observations in the top quartile of 

the sample. Dispersion is measured as standard deviation of all 

earnings forecasts by the analysts following a firm. 

Source: I/B/E/S. 

 

 

 

 

 

 

 

This is the peer reviewed version of the following article: Chowdhury, H., Faff, R., & Hoang, K. (2020). Using abnormal analyst coverage to unlock new 
evidence on stock price crash risk. Accounting and Finance, which has been published in final form at https://doi.org/10.1111/acfi.12637.  
This article may be used for non-commercial purposes in accordance with Wiley Terms and Conditions for Use of Self-Archived Versions. 

http://www.rhsmith.umd.edu/faculty/sbrown/
http://www.mitmgmtfaculty.mit.edu./rverdi/


43 

A.2 EX ANTE CRASH RISK AND ABNORMAL ANALYST COVERAGE:

CHANGE REGRESSIONS 
This table reports the results of the change regression estimates of the relation between ex ante crash risk (IVSKEW) and abnormal 

analyst coverage (ABCOV). Model 1 shows the change regression estimates without controlling for year and firm fixed effects. In 

Models 2 and 3, we control for year and firm-year fixed effects, respectively. IVSKEW is the options implied volatility smirk, which 

is our primary measure of ex ante crash risk calculated as the difference between the implied volatility of out of the money (OTM) 

put and at the money (ATM) call options. ABCOV is the abnormal analyst coverage calculated by decomposing total analyst 

coverage into the unexpected and expected components using the characteristic-based model of Lee and So (2017). Definitions of 

all other variables are in Appendix A.1. We report standard errors robust to heteroskedasticity and clustered at the firm level in the 

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

Dependent variable =ΔIVSKEW 

No fixed effects Year fixed effects Firm fixed effects 

VARIABLES Model 1 Model 2 Model 3 

ΔABCOV -0.0003*** -0.0002*** -0.0002***

(0.0001) (0.0001) (0.0001)

ΔIVATMC 0.0384*** 0.0141* 0.0161**

(0.0063) (0.0077) (0.0082)

ΔSIZE -0.0136*** -0.0088*** -0.0083***

(0.0009) (0.0010) (0.0010)

ΔLEVERAGE -0.0002 0.0011 0.0013

(0.0038) (0.0038) (0.0038)

ΔMB -0.0001 -0.0001 -0.0001

(0.0001) (0.0001) (0.0001)

ΔCASHVOL 0.0072 0.0064 0.0056

(0.0091) (0.0088) (0.0100)

ΔEARNVOL -0.0092 -0.0069 -0.0072

(0.0068) (0.0066) (0.0073)

ΔSALEVOL 0.0045** 0.0036* 0.0036

(0.0021) (0.0020) (0.0024)

ΔNCSKEW -0.0016*** -0.0013*** -0.0012***

(0.0002) (0.0002) (0.0002)

ΔSIGMA 0.0484* 0.0555** 0.0435

(0.0275) (0.0273) (0.0280)

ΔOPAQUE 0.0106*** 0.0066*** 0.0068**

(0.0025) (0.0025) (0.0027)

ΔTURNOVER -0.0063*** -0.0042** -0.0033*

(0.0016) (0.0017) (0.0018)

ΔBETA -0.0001 0.0004 0.0004

(0.0005) (0.0005) (0.0005)

ΔRETURN 0.0047*** 0.0045*** 0.0045***

(0.0006) (0.0006) (0.0006)

ΔSTDRET 0.0217** 0.0146* 0.0144*

(0.0087) (0.0086) (0.0087)

Constant 0.0029*** 0.0094*** 0.0096***

(0.0002) (0.0010) (0.0010)

Year FE No Yes Yes

Firm FE No No Yes

R-squared 0.0561 0.1067 0.1150 

Observations 23,672 23,672 23,672 
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