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Abstract
This paper examines how local experiences of the Covid-19 pandemic affect
sell-side analysts’ processing of earnings news. Exploiting variation in the
intensity and timing of local outbreaks, I show that analysts who are more
exposed to the virus tend to herd more closely with the consensus forecast.
However, I find no evidence of increases in forecast pessimism. The data
are consistent with the intensity of exposure to the pandemic having a first
order effect on analysts’ risk attitudes, rather than on the bias of their stated
expectations.
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Introduction

Sell-side analysts play an especially important role in times of heightened
uncertainty, such as the Covid-19 crisis. For example, within a few weeks of the
eruption of the pandemic, the length of time clients spent on one-on-one phone
calls with Citibank’s analysts increased by 47%.1 However, producers of financial
information were themselves hit by the pandemic. In this paper, I study how these
personal experiences shape analysts’ interpretation of earnings news.
My work is motivated by evidence that risk attitudes are responsive to sudden
changes in an individual’s environment.2 To the extent that forecast boldness is
affected by analysts’ risk taking (Sapienza, 2010), I hypothesize that Covid-19
experiences affect the herding of analyst forecasts.

To test this hypothesis, I

exploit variation in the number of recent Covid-19 victims over time and across the
locations of over 1,500 US-based and international analysts covering US-listed
companies. Moreover, given the rapid development of the pandemic, I ensure that
analysts have similar non-subjective information sets by focusing on FY2020
forecasts issued after earnings announcements.
I find that analysts who experience more severe local pandemic outbreaks tend
to deviate less from the consensus forecast. Importantly, I can rule out analyst
pessimism as a driver of herding behavior. Figure 1 shows that, during the Covid19 crisis, pessimistic forecasts tend to be much bolder than optimistic forecasts.
This allows me to to distinguish between the two effects. If anything, I find that
more severe Covid-19 outbreaks are associated with greater forecast optimism, but
this relationship is generally not significant. In the context of interpreting the same
objective information after an earnings announcement, Covid-19 outbreaks seem
to have a first order effect on forecast boldness, and only a second order effect on
analyst pessimism.
1

Kothari (2001) and Ramnath, Rock and Shane (2008), among others, discuss the importance
of analysts in financial markets. Loh and Stulz (2018) show that sell-side research is more valuable
in bad times. Clarke (2020) reports on the short-term effects of the pandemic on analyst activity.
2
See, e.g., Chuang and Schechter (2015) and Schildberg-Hörisch (2018) for reviews of the
literature.
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The increase in analyst herding is consistent with the intuition that a major
shock can affect individual agents and their attitude towards risk (Loewenstein,
2000). Indeed, reputational models posit that herding may be driven by the risk of
deviating,3 and empirical evidence shows that departing from the consensus forecast
is inherently risky for a sell-side analyst. For example, forecast boldness affects both
the credibility and the career prospects of an analyst, and its potential negative
consequences are greater than the positive consequences (Hong, Kubik and Solomon,
2000; Kadous, Mercer and Thayer, 2009).
The effect is stable across specifications including various sets of fixed effects,
as well as in various subsamples.

In particular, earnings announcement fixed

effects eliminate all characteristics of the firm and of the firm’s earnings news at
the time of the earnings announcement. This allows me to compare how analysts
in different locations respond to the same earnings news, and ensure that the
results are not driven by the bulk of Q4-2019 announcements. Including additional
fixed effects allows me to control for time-invariant characteristics at the analyst or
at the analyst-firm level, so that I can examine the effect of local Covid-19
outbreaks within these dimensions.
Later in my sample, when the US financial markets had already largely recovered
and the number of victims was generally lower, I find that the effect of Covid-19
experiences becomes noisier and decreases in magnitude. Furthermore, I document
that decreases in boldness are only observed in pessimistic forecasts. I also show
that differences in analyst effort due to the pandemic are unlikely to explain my
findings, and investigate the robustness of the results. In a set of robustness checks,
I confirm that my results are indeed arising after the earnings news, rather than
before, and discuss a series of alternative specifications.
This paper relates to three strands of literature. First, I contribute to the
literature studying how sell-side analysts are affected by recent experiences, and in
particular by negative shocks to their own environment. A growing body of work
3

See, e.g., Scharfstein and Stein (1990) and Zwiebel (1995).
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shows that recent experiences shape the behavior of investors and analysts.4
Bourveau and Law (2020) find that hurricanes lead analysts to issue more
pessimistic forecasts, likely because the availability heuristic makes analysts
overestimate companies’ future risks. Cuculiza, Antoniou, Kumar and Maligkris
(2020) show that terrorist attacks negatively affect sentiment, inducing forecast
pessimism.5 My paper adds to this literature in various ways. Most conspicuously,
the pandemic is a crisis that happens over a longer period of time and that is more
directly related to the overall economic outlook. This setting allows me to examine
whether Covid-19 outbreaks have a first order effect on analysts’ own risk attitudes
(i.e. forecast boldness) or on how analysts interpret information (i.e. forecast
pessimism), and I find strong evidence in favor of the first channel. Moreover, I
show that closely experienced shocks affect sell-side analysts even in the midst of a
crisis, and not only ex post. Furthermore, by focusing on the interpretation of
earnings news, I show that different levels of exposure to a traumatic event affect
the way the same information is incorporated into analyst forecasts. Finally, by
studying a major global crisis, I show that personal experiences affect sell-side
analysts in times of high economic uncertainty, during which investors find it
harder to assess firm prospects and thus value analyst output more (Loh and
Stulz, 2018; Baker, Bloom, Davis and Terry, 2020).
Second, I add to a growing literature that examines how risk taking is shaped
by sudden changes to one’s environment. Recent papers by Brown, Montalva,
Thomas and Velásquez (2019) and Jakiela and Ozier (2019) show that exposure to
violence is associated with increases in risk aversion. Similar patterns have also
been observed in individuals and professional investors exposed to natural disasters
(Cameron and Shah, 2015; Cassar, Healy and Von Kessler, 2017; Bernile, Bhagwat,
Kecskes and Nguyen, 2020).

In this paper, I show that the risk attitudes of

4
For recent examples, see deHaan, Madsen and Piotroski (2017); Andersen, Hanspal and Nielsen
(2019); Dong, Fisman, Wang and Xu (2019); and Laudenbach, Loos, Pirschel and Wohlfart (2020).
5
More specifically, the authors find that analysts who witness terrorist attacks are more
pessimistic and approximately 50% less likely to issue upward bold revisions (but not downward
bold revisions).
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information providers—and therefore the informativeness of their outputs—are
unlikely to be constant over time. Moreover, I find that the intensity of individual
experiences matters in determining the change in risk attitudes, and that these
changes occur rapidly.
Third, I add to the literature that studies the effects of Covid-19 on individuals in
general, and on sell-side analysts in particular. Survey evidence suggests that direct
experiences of the pandemic affect risk taking at the individual level (Angrisani,
Cipriani, Guarino, Kendall and Ortiz de Zarate, 2020; Bu, Hanspal, Liao and Liu,
2020). Moreover, Landier and Thesmar (2020) analyze firm-level data and show that
analyst forecasts explain most of the decrease in stock prices due to the Covid-19
outbreak between January 2020 and mid-May 2020. Ramelli and Wagner (2020) and
Wang and Xing (2020) analyze conference calls and corporate disclosures around the
same period. By exploiting the heterogeneity in analysts’ experiences of the Covid-19
crisis, I show that direct experiences of the pandemic affect the individual behavior
of finance professionals, in a real life setting with important financial stakes.
The remainder of the paper is organized as follows. In Section 2, I discuss the
hypotheses. In Section 3, I describe the data. In Section 4, I present the main
results of my analysis. In Section 5, I present the results from various robustness
tests, and Section 6 concludes.

2

Hypotheses

Economic models often assume that risk preferences do not vary over time. However,
recent work shows that individual risk attitudes are responsive to recent events.
This effect seems to be driven by an emotional channel, and has been observed
both among finance professionals and in the general population. In particular, fear
seems to be associated with increases in risk aversion.6 Moreover, evidence from
the psychology literature shows that the Covid-19 pandemic has asymmetric effects
6
See Cohn, Engelmann, Fehr and Maréchal (2015); Guiso, Sapienza and Zingales (2018); and
Meier (2019).
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on fear, with increases being concentrated in the regions with larger outbreaks.7
Therefore, sell-side analysts are likely to become more risk averse as a result of
negative changes in their own environment due to the pandemic.
To identify risk averse behavior, I take advantage of asymmetries in analyst
incentives. Forecast boldness is inherently risky for sell-side analysts. In fact,
reputational models of herding suggest that herding toward a common decision
may be driven by the risk of deviating (Scharfstein and Stein, 1990; Zwiebel,
1995).

Accordingly, Sapienza (2010) argues that—in a frictionless labor

market—one would expect female analysts to issue less bold forecasts than their
male counterparts, because females tend to be more risk averse.

Empirical

evidence shows that departing from the consensus forecast is inherently risky for a
sell-side analyst.

Hong et al. (2000) and Kadous et al. (2009) show that the

potential negative consequences of bold forecasts are greater than the positive
consequences, affecting both an analyst’s career prospects and her credibility with
investors. Moreover, bold forecasts are used as a risky strategy to win analyst
tournaments, and are issued more often by analysts with higher risk tolerance and
masculinity (Yin and Zhang, 2014; Christoffersen and Stæhr, 2019; Cleary, Jona,
Lee and Shemesh, 2020). These insights lead to my first hypothesis:
H1: Covid-19 experiences are associated with lower forecast boldness after earnings
announcements.
In my second hypothesis, I focus on the overall effect of the Covid-19 pandemic
on forecast bias. Figure 1 shows that, in my sample, pessimistic forecasts tend
to be bolder than optimistic forecasts. This difference is particularly large during
the first wave of the pandemic (i.e. after Q1-2020 earnings news), likely because
analyst expectations decrease markedly during the initial stages of the Covid-19
crisis (Landier and Thesmar, 2020). Thus, if H1 holds, one would expect more
severe Covid-19 outbreaks to be associated with greater forecast optimism.
However, recent papers show that forecast bias can be responsive to external
7
See, among others, Fitzpatrick, Harris and Drawve (2020) and Reznik, Gritsenko,
Konstantinov, Khamenka and Isralowitz (2020).
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events. Bad weather, pollution, hurricanes, and terrorist attacks have all been
linked to forecast pessimism.8 Therefore, channels such as mood, sentiment, and
overweighting of left tail events suggest that Covid-19 experiences are associated
with greater forecast pessimism.
Whether the effect on forecast boldness outweighs other behavioral channels
leading to forecast pessimism is unclear ex ante and ultimately an empirical matter.
Thus, I state my second hypothesis in null form:
H2: Covid-19 experiences have no effect on forecast bias.
There are many differences between the beginning of the pandemic and its later
stages, and these differences generally suggest a weakening of the relationship
between Covid-19 experiences and risk averse behavior. For example, as more
information about the virus becomes available, fear is likely to become less
important in shaping analyst behavior. Moreover, the relative importance of the
pandemic as a driver of the performance of the main US indexes also decreases
over time, with the S&P 500 closing at an all-time high right after the end of my
sample (on August 18, 2020).

Furthermore, there are important geographical

differences in the intensity of local outbreaks over time. Within the United States,
the first wave mainly hit blue states, but the gap between blue and red states
narrowed over time (Bump, 2020). Concurrently, Cookson, Engelberg and Mullins
(2020) show that the beliefs of partisan Republicans about equities remain
relatively unfazed during the COVID-19 pandemic, while other investors become
considerably more pessimistic. These insights motivate my third conjecture:
H3: The effect of Covid-19 experiences is stronger at the beginning of the pandemic.

3

Data and descriptive statistics

In this section, I describe the data set and discuss some descriptive statistics. I use
several data sources, including Thomson Reuters’ Institutional Brokers Estimate
8
See, respectively, deHaan et al. (2017); Dong et al. (2019); Bourveau and Law (2020); and
Cuculiza et al. (2020).

6

System (I/B/E/S), Google’s Community Mobility Reports, and various Covid-19
data sets. Throughout the paper, subscript i identifies the analyst, subscript j
identifies the firm, and subscript d identifies the date of the earnings announcement.

3.1

Covid-19 and mobility data

I obtain figures for Covid-19 victims and cases at the regional or state level (I use
these two terms interchangeably throughout the paper). The main data source is the
database of the Johns Hopkins University (JHU), which includes regional or statelevel data for various countries, such as the US, Australia, Canada, and China.9 For
analysts located in countries that are only covered at the national level by JHU, I
obtain regional data directly from local sources (see Appendix C for more details).
If only one measure (i.e. either victims or cases in a certain region) is made available
by the local authorities, I infer the other figure from the country’s mortality rate on
the same day.10
I also obtain local mobility data from Google’s Community Mobility Reports,
which I use for some robustness checks. These reports provide a simple measure of
local mobility by geographic segment, and have been used to assess the consequences
of mobility restrictions (see, e.g., Brodeur, Grigoryeva and Kattan, 2020 and Mohler,
Bertozzi, Carter, Short, Sledge, Tita, Uchida and Brantingham, 2020). Google
reports the changes for each calendar day, compared to a baseline value for that day
of the week. The baseline is the median value, for the corresponding day of the week,
during the five weeks between January 3 and February 6, 2020. These data are only
available from mid-February. In my analysis, I focus on the two measures linked to
retail and workplace mobility.11 As the data display a clear daily seasonality, I use
9
The data set is available at https://github.com/CSSEGISandData/Covid-19 (see also Dong,
Du and Gardner, 2020).
10
Moreover, if data for a single day in a certain region is not available, I simply use the values
from the previous day. However, I exclude from my sample a few observations for which I am
unable to locate any daily data at the regional level for two or more consecutive days, such as
Ireland before March 15, 2020.
11
Google defines the former as "mobility trends for places like restaurants, cafes, shopping
centers, theme parks, museums, libraries, and movie theaters"; and the latter as "mobility trends
for places of work".
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a seven-day moving average:

Indexi,c,t = 100 +

t−1
1 X
Changec,τ
7 τ =t−7

(1)

for analyst i in region or state c on day t. Indexi,c,t is either RetailIndexi,c,t or
W orkIndexi,c,t , and Changec,t is the daily change in the corresponding measure of
mobility reported by Google. I also add 100 to facilitate the interpretation of the
levels: a value of 100 means no change versus the (average) baseline.12

3.2

Analyst forecasts and earnings announcements

Similar to Landier and Thesmar (2020), I obtain analyst I/B/E/S forecasts and
earnings announcement dates for US-listed firms through a Thomson Reuters
Refinitiv-Eikon platform (Eikon). I use Eikon to have up-to-date forecasts, stock
prices, and earnings announcement dates, which are available on WRDS only with
a delay. I include only firms that are traded on the NYSE, Amex, or NASDAQ
according to Compustat. In my analysis, I examine forecasts issued from January
to mid-August 2020 about Earnings per Share (EPS) for fiscal year 2020. I focus
on FY2020 forecasts because Landier and Thesmar (2020) show that the pandemic
affected analyst expectations mainly in the short term, and analysts may have
weaker incentives to accurately update their longer-term forecasts (as there is more
time before earnings are announced).
I exclude missing forecasts, forecasts for stocks with reported EPS in a currency
other than US dollars, as well as firms with a stock price below $1 on the day before
the earnings announcement (Chen and Jiang, 2006; deHaan, Shevlin and Thornock,
2015; Cuculiza et al., 2020). I exclude forecasts for firms that are covered by less
than three analysts (Hilary and Hsu, 2013; Malmendier and Shanthikumar, 2014).
Forecasts made by unidentified analysts (i.e. without an analyst identifier) and
those for which I am unable to find the analyst’s location are also excluded from
12
Note that some analysts are located in regions for which Google data are not available at the
same granularity (or not at all).

8

the empirical analysis. Finally, I eliminate announcements for which I am unable to
assess the location of at least two analysts (deHaan et al., 2017).
My main source for analyst locations is a sell-side analyst data set from Thomson
Reuters, containing various biographical and contact information (similar to Jiang,
Kumar and Law, 2016). In particular, for the majority of individuals in my sample,
I am able to exploit phone numbers to locate analysts at the regional level. I
complement this database with hand-collected information from multiple publicly
available online sources, such as websites of both listed firms and brokerage houses.
Importantly, analyst locations have been collected in late March and April 2020, in
order to have an accurate snapshot of likely locations during the pandemic. Analyst
locations are measured at the state level, so that I am implicitly assuming that
analysts did not move out of state during the Covid-19 crisis.13
My final sample consists of 45,054 analyst-announcement pairs, of which 29,022
forecasts are updated within [0,2] trading days of the earnings news. The sample
includes 1,564 analysts and 7,695 earnings announcements by 2,745 firms. While
analysts in my sample are located in 56 different regions (or states) around the world,
Figure 2 shows that analysts based in the state of New York represent approximately
half of the sample. This percentage is in line with previous work (e.g. Malloy,
2005). International analysts account for around 5% of the observations. The most
important region outside of the US is Greater London, which accounts for more
analyst-announcement pairs than, e.g., Maryland and Connecticut. Figure 3 shows
the distribution of observations over time: Q4-2019 announcements were mostly
held in February, Q1-2020 announcements in late April and early May, and Q2-2020
announcements in late July and early August.
13
The majority of finance professionals have been working from home during the Covid-19 crisis
(Adams-Prassl, Boneva, Golin and Rauh, 2020; Brynjolfsson, Horton, Ozimek, Rock, Sharma and
TuYe, 2020). Thus, using more granular data (e.g. county level) would require a much stronger
assumption about where analysts lived during the pandemic and—to my knowledge—there is no
established way in the literature to obtain the home addresses of all analysts included in my
sample. Moreover, there are many anecdotal reports (see, e.g., Bortz, 2020 and Brody, 2020)
about individuals and families moving to the suburbs because of the pandemic, for example from
New York City to the Hamptons (which also are in the state of New York, approximately 80 miles
from Manhattan).
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3.3

Variable definitions

Similar to deHaan et al. (2017), my main focus is on analyst activity after earnings
announcements. I measure boldness as the extent to which a forecast deviates—in
absolute value—from the consensus (see, e.g., Hong et al., 2000 and Jame, Johnston,
Markov and Wolfe, 2016):

Boldnessi,j,d =

|F csti,j,d − Consensusj,d−1 |
|Consensusj,d−1 |

(2)

for analyst i and firm j announcing its earnings on day d. F csti,j,d are the EPS
forecasted by the analyst within days [0, 2] of firm j’s earnings announcement on
date d. Consensusj,d−1 is calculated as the median value of the latest forecasts
issued by analysts following firm j at the trading day before the announcement.
I measure an analyst’s relative optimism using Bias. Bias is defined as the
relative optimism against consensus forecast, scaled by the price (see, e.g., Hong
et al., 2000 and deHaan et al., 2017):

Biasi,j,d = 100 ∗

F csti,j,d − Consensusj,d−1
P ricej,d−1

(3)

for analyst i and firm j announcing its earnings on day d. F csti,j,d are the EPS
forecasted by the analyst within days [0, 2] of firm j’s earnings announcement on
date d. Consensusj,d−1 is calculated as the median value of the latest forecasts
issued by analysts following firm j at the trading day before the announcement,
while P ricej,d−1 is the closing stock price on that same day.
I observe considerable variation in analysts’ excess optimism and boldness. I
follow Jame et al. (2016), deHaan et al. (2017), and Dong et al. (2019), and minimize
the influence of these extreme observations by winsorizing the top and bottom 1%
of observations.
I use two dummy variables to examine analyst activity before and after the
earnings news. Recent is an indicator that is equal to one if analyst i has updated
her forecast on firm j in the month leading to the earnings announcement held on
10

day d, and zero otherwise. M akeF cst is an indicator equal to one if an analyst
has issued a forecast within [0, 2] days from the earnings announcement, and zero
otherwise.
The main regressor used in the paper is the natural logarithm of one plus the
number of local Covid-19 victims in the previous 30 days (Ln Local Victims). Other
variables used in the analysis are defined in the text. Appendix B contains the
definitions of all the variables used in the paper.

3.4

Summary statistics

Table 1 reports summary statistics for the main variables used in the empirical
analysis. A forecast is issued within two trading days of the earnings news in
64.4% of the analyst-announcement pairs, and the average Bias (Boldness) is
-0.577 (0.413),

consistent

with consensus

decreasing after

the earnings

announcements. The average (median) number of recent local victims is 3,443
(521), indicating that the distribution is skewed to the right.

The average

reduction in local mobility is approximately one-third, but there are large
differences across regions and over time. Finally, analysts update their forecasts in
the month before the earnings news in 29.9% of the observations.
In Table 2, I show how some of these variables have evolved over time within my
sample. Forecast boldness, as well as analyst activity, tends to increase during the
first wave (i.e. after Q1-2020 earnings announcements). On the other hand, later in
the sample, analyst forecasts stop being pessimistic on average, as witnessed by the
pattern in Bias. Furthermore, the table shows that there are very few observations
in the month of June.

4

Results

In this Section, I present the main results of the paper. In my analysis, I use
various sets of fixed effects. In particular, earnings announcement fixed effects are

11

always included. This approach allows me allows me to eliminate all characteristics
of the earnings news and compare how analysts in different locations respond to
the same earnings announcement. Earnings announcement fixed effects also ensure
that my results are not driven by the bulk of Q4-2019 announcements.14 Including
analyst or analyst-firm fixed effects allows me to examine the effect of local Covid-19
outbreaks within these dimensions.15 All standard errors are two-way clustered at
the announcement date and at the analyst region level.

4.1

Forecast boldness

I use the following model to study whether local Covid-19 experiences affect the
tendency of sell-side analysts to herd their forecasts toward the consensus forecast
after earnings news:

Boldnessi,j,d = α + βLnLocalV ictimsi,d−1 + γControlsi,j,d + i,j,d

for analyst i and firm j announcing its earnings on day d.

(4)

Boldnessi,j,d is a

measure of forecast boldness, LnLocalV ictimsi,d−1 measures the intensity of the
local outbreaks on the day before the earnings news, and Controlsi,j,d mainly
include various sets of fixed effects.
Results in Table 3 show that there is a negative relationship between Covid-19
experiences and forecast boldness. Importantly, the estimated coefficients are stable
across specifications including various sets of fixed effects. In particular, results in
Columns (2) and (3) show that the effect is not driven exclusively by differences in
forecast boldness across regions, but rather that the relationship also exists within
analyst and even within analyst-firm.
The effect reported in Column (2) implies that a 10% increase in the number of
14
Q4-2019 announcements were held in late January and February 2020, while the first Covid-19
death was reported in March 2020 for almost all analyst locations.
15
Specifically, analyst fixed effects effectively eliminate the characteristics of the individual
analyst (e.g. education, employer, experience, all-star status), as well as characteristics of the
analyst’s location (e.g. labor market conditions, estimated population). Analyst-firm fixed effects
also account for an analyst’s average boldness and bias on a given firm.
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local victims witnessed by an analyst is associated with a relative decrease in
forecast boldness of approximately 0.3% (−0.0130 ∗ 0.1/0.413).

While the

economic magnitude may seem small, the exponential growth of the pandemic
during the outbreaks implies that most locations suffered from very large increases
in the number of local victims. For example, in April 2020, the number of total
Covid-19 victims in the state of New York increased by over 600%. Figure 4 shows
how the number of recent victims in my sample evolved over time. The chart
shows the exponential growth of the pandemic, as well as large cross-sectional
differences across locations.
To shed further light on the economic magnitude of this effect, in Table A1
I repeat the analysis using V ictims_rate as the main regressor. V ictims_rate
is simply the number of recent Covid-19 victims in a given region per million of
inhabitants. Reported coefficients are multiplied by 1,000. The results in Table A1
show that an increase of 1,000 monthly Covid-19 victims per million of inhabitants
is associated with a relative decrease in forecast boldness of approximately 10%
(−0.0412 ∗ 1/0.413).16
The empirical evidence presented so far is in line with H1 : analysts who are more
affected by the pandemic tend to deviate less from the consensus forecast. Deviating
from consensus is inherently riskier than herding towards the consensus forecast, as
bold forecasts affect both the credibility and the career prospects of an analyst, and
their potential negative consequences are greater than the positive consequences
(Hong et al., 2000; Kadous et al., 2009). Thus, these results are consistent with
local Covid-19 outbreaks being associated with more risk averse behavior among
sell-side analysts. These results also suggest that exposure to the pandemic may
negatively affect analysts’ ability to provide relevant information to investors, as
bold forecasts are usually more accurate than herding forecasts (Clement and Tse,
2005).
16
Such an increase in the intensity of the pandemic is similar to going from a situation in which
the virus is not present in a community to a large local outbreak, comparable in magnitude to the
ones observed in the state of New York and in Lombardy (Italy) during the spring of 2020.
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4.2

Forecast bias

I now examine the relationship between local Covid-19 outbreaks and forecast bias.
As discussed in Section 2, the results of this analysis are uncertain ex ante. On the
one hand, pessimistic forecasts tend to be bolder than optimistic forecasts, especially
during the first wave of the pandemic. Thus, in light of the results presented so far,
one would expect more severe Covid-19 outbreaks to be associated with greater
forecast optimism. On the other hand, various behavioral channels suggest that
Covid-19 experiences are associated with greater forecast pessimism. To test H2, I
use the following model:

Biasi,j,d = α + βLnLocalV ictimsi,d−1 + γControlsi,j,d + i,j,d

(5)

for analyst i and firm j announcing its earnings on day d. Biasi,j,d is a measure of
forecast optimism, LnLocalV ictimsi,d−1 measures the intensity of the local
outbreaks on the day before the earnings news, and Controlsi,j,d include various
sets of fixed effects.
Results in Table 4 show that the effect on forecast boldness outweighs behavioral
channels leading to forecast pessimism, such as mood, sentiment and the availability
heuristic. In fact, in the full sample, I find a positive but insignificant association
between recent pandemic experiences and forecast optimism. To somewhat ease the
comparison between the magnitudes of the effect of Covid-19 on forecast boldness
and bias, in Table A2 I repeat the analysis using the absolute value of my measure
of forecast optimism (i.e. Abs_Bias) as the dependent variable.
Overall, the results discussed so far suggest that local and recent experiences of
the pandemic affect analysts’ interpretation of earnings news, having a first order
effect on forecast boldness and only a marginal effect on forecast optimism. The
empirical evidence is consistent with local Covid-19 experiences being associated
with more risk averse behavior among sell-side analysts. On the contrary, the
results are unlikely to be driven by forecast pessimism arising, for example, from

14

extrapolative behavior.

4.3

First wave vs. second wave

Consistent with H3, Table 5 shows that the effect of the pandemic is noisier in the
second part of my sample. In this analysis, I split the sample by calendar month,17
and compare the results of Specification 4. I include only earnings announcement
fixed effects, so that I can run exactly the same analysis in each subsample. During
the second wave, standard errors increase and the magnitude of the effect decreases.
Therefore, the effect is strongest when overall uncertainty and the dispersion of
yearly earnings forecasts are higher (Altig, Baker, Barrero, Bloom, Bunn, Chen,
Davis, Leather, Meyer, Mihaylov et al., 2020; Landier and Thesmar, 2020).
Furthermore, in Table 6 I repeat the analyses presented in Table 3 and Table 4,
but including only announcements held between January and May 2020. That is, I
exclude the latter part of my sample.

In Panel A, the results show that the

relationship between local pandemic experiences and forecast boldness is quite
similar in terms of magnitude and significance to the one observed in the whole
sample. Panel B of Table 6 shows that, in this subsample, the association between
Covid-19 experiences and forecast optimism is actually positive and significant
when including individual-level fixed effects.

4.4

Lack of optimism or lack of pessimism?

In Table 7, I examine whether the lack of forecast boldness associated with local
and recent experiences of coronavirus outbreaks manifest themselves through lack
of optimism, lack of pessimism, or both. To investigate this question, I analyze
separately optimistic and pessimistic forecasts.

I compare the results of

Specification 4, including only earnings announcement fixed effects. The results of
this analysis suggest that sell-side analysts mainly refrain from issuing bold
17

I exclude the months before the beginning of the first wave of the pandemic in most Western
countries, as well as June 2020, for which the number of observations is relatively low.
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pessimistic forecasts. This is consistent with Hong and Kubik (2003), who find
that there are significant rewards to extreme relative optimism but not to extreme
relative pessimism. However, pessimistic forecasts are more frequent in the first
part of my sample (see Table 2), when the relationship between local outbreaks
and forecast boldness is stronger (see Table 5), so that these results are not
necessarily conclusive.

4.5

Does the pandemic make analysts lazy?

The results presented so far are consistent with the panic herding hypothesis
discussed in Section 2. However, a skeptic might argue that the effect of Covid-19
outbreaks on forecast boldness could also be driven by sell-side analysts’ lack of
effort.

While this story would run counter to other evidence—Loh and Stulz

(2018) show that analysts work harder during bad times, a pattern that is
consistent with industry accounts of the effects of the pandemic (Clarke, 2020;
Whyte, 2020)18 —I nevertheless scrutinize it empirically.
I cannot directly measure analyst effort after earnings news, but I can test two
important implications of the low-effort story. First, I examine whether analysts
experiencing larger Covid-19 outbreaks become less likely to respond to earnings
announcements.

Second, I assess whether herding forecasts are more frequent

among stocks that are relatively less important for a given analyst.

As the

following indicates, the results of these tests are not consistent with lack of effort
driving the relationship between Covid-19 experiences and analyst herding.
In the first test, the dependent variable is an indicator that is equal to one if an
analyst issues a forecast within [0,2] days of the earnings news, and zero
otherwise.19 The results, reported in Table 8, suggest that local outbreaks are not
associated with significant decreases in analyst activity following earnings
18
Generally, analysts have strong incentives to provide timely information to investors, as client
accessibility and responsiveness are important drivers of analyst compensation (Brown, Call,
Clement and Sharp, 2015).
19
using a similar specification, deHaan et al. (2017) show that analysts become less active after
earnings news when experiencing unpleasant weather.

16

announcements. The estimated coefficients of interest are small, not statistically
significant at conventional levels, and positive.
In the second test, I focus on the interaction between Covid-19 experiences and
a firm’s importance within an analyst’s portfolio. Sell-side analysts face strong
incentives to give the appearance of being active during the pandemic, and could
decide to issue herding forecasts without actually doing much work. As analysts
allocate effort rationally (see Harford, Jiang, Wang and Xie, 2019), this behavior
should be more frequent among stocks that are less important for analyst careers. I
estimate the following model:

Boldnessi,j,d = α + β1 LnLocalV ictimsi,d−1 + β2 Importancei,j,d−1 +
+ β3 LnLocalV ictimsi,d−1 ∗ Importancei,j,d−1 + γControlsi,j,d + i,j,d (6)

for analyst i and firm j announcing its earnings on day d.

Boldnessi,j,d is a

measure of forecast boldness, LnLocalV ictimsi,d−1 measures the intensity of the
local outbreaks on the day before the earnings news, Importancei,j,d−1 is one of
two measures of a firm’s importance within an analyst’s portfolio, and Controlsi,j,d
include various sets of fixed effects.
I use two different proxies for a firm’s relative importance. In Table 9, I exploit
forecast revisions made in the month leading up to the earnings news to identify
analyst-announcement pairs characterized by a high level of observable effort.
Columns (1) and (2) show that my proxy captures elements of analyst effort, being
positively associated with MakeFcst. Columns (3) and (4), show that low levels of
recent effort are unlikely to be driving the relationship between local Covid-19
experiences and forecast boldness, as the point estimates of β3 are small and not
significant. In Table 10, I obtain similar results using a firm’s relative rank in an
analyst’s portfolio based on its market capitalization as a measure of Relative
Importance.20 In particular, the estimates of β3 reported in Columns (3) and (4)
20
Relative Importance is defined as one minus a firm’s relative rank in an analyst’s portfolio
(scaled by the total number of firms within the portfolio), based on its market capitalization as of
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are negative and not significant, suggesting that panic herding is not driven by
firms that are relatively less important for analysts’ careers. Taken together, these
results speak against the story where lack of effort would be driving the
relationship between sell-side analysts’ Covid-19 experiences and forecast boldness.

5

Robustness

In this Section, I discuss the robustness of my results. First, I make sure that
my results are not driven by forecasts made before the earnings news. Then, I
show that my results are robust across various subsamples, and using alternative
definitions of the dependent and independent variables. Finally, I briefly discuss
some methodological aspects.

5.1

Analysis of forecasts before the earnings news

I consider the possibility that my results are driven by something unrelated to
earnings news. I do so by analyzing the outstanding forecasts before the earnings
announcements. In Table A3, I repeat the analyses in Tables 3 and 4, using two
simple placebo measures as the dependent variable.
In Panel A, I use:

BoldnessP laceboi,j,d =

|F csti,j,d−1 − Consensusj,d−1 |
|Consensusj,d−1 |

(7)

for analyst i and firm j announcing its earnings on day d.
Whereas in Panel B, I use:

BiasP laceboi,j,d = 100 ∗

F csti,j,d−1 − Consensusj,d−1
P ricej,d−1

(8)

for analyst i and firm j announcing its earnings on day d. The only difference from
the end of 2019. It takes on values between [0,1), with higher values indicating larger firms within
an analyst’s portfolio. Similar to Harford et al. (2019), I exclude analysts who cover less than four
firms within my sample.
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the original measures is that BoldnessP lacebo and BiasP lacebo use an analyst’s
outstanding forecast as of the day before the earnings news.
Table A3 reports the results for the over 44,000 analyst-announcement pairs
for which I have a forecast on the day before the earnings news. The estimated
parameters for the coefficient of interest are all insignificant. Moreover, when either
analyst or analyst-firm fixed effects are included, the effect sizes reported in Table
3 are outside of the 95% confidence intervals of the corresponding placebo tests.21
Overall, these results suggest that forecast boldness is not driven by views already
expressed before the earnings announcements.

5.2

Forecast boldness across various subsamples

In Table A4, I analyze the robustness of my conclusions on forecast boldness by
repeating the analysis presented in Specification 4 across various subsamples. My
analyses control for the size of the local population; exclude analysts based in the
State of New York or outside of the US; and exclude firms covered by less than 10
analysts, firms with price below $3, or firms with consensus earnings (in absolute
value) below $0.10. Overall, the magnitude of the estimate is relatively stable across
the various subsamples, and the estimated coefficients are significant at conventional
levels.

5.3

Alternative definitions of dependent variables

Next, I address potential concerns related to how I measure forecast boldness and
optimism.

Market conditions change rapidly within the sample, so that the

consensus forecast used in the main analysis may be based on stale views. To
mitigate this concern, I build dependent variables for which the consensus is
computed using only earnings forecasts issued in the month before the earnings
announcement.

The results, reported in Table A5, show that the estimated

21

For example, when including both earnings announcement and analyst fixed effects, the 95%
confidence interval of the placebo test reported in Panel A of Table A3 is [-0.0095, 0.0127], while
the estimated coefficient reported in Column (2) of Table 3 is -0.0130.
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coefficients are relatively similar to those discussed in Section 4.
Moreover, when defining Boldness and Bias, I measure both consensus and
closing stock price on the day before the earnings news. Thus, my results could
potentially be driven by systematic differences in the timing of forecasts, together
with some pattern in the consensus forecast or in the stock price.22 This does not
seem to be the case: in Table A6, I verify that the magnitude and significance of the
estimates reported in Table 3 and in Table 4 are similar when computing modified
version of Boldness and Bias, using consensus and closing stock price as of the day
before the analyst makes her forecast.
Finally, to show that the result is not driven by my choice of the dependent
variables, in Table A7 I present the results of my analysis using alternative definitions
of boldness and optimism based on other continuous measures adapted from the
literature. In Panel A, I use Boldness_unit. I define this variable following Clement
and Tse (2005) and Yin and Zhang (2014), but focus on forecasts issued shortly
after the earnings news. For analyst i following firm j and issuing a forecast within
[0,2] trading days of the earnings announcement held on day d, Boldness_unit is
computed as the absolute distance between the forecast and consensus forecast on
d − 1 minus the minimum absolute distance for all analysts issuing a forecast, with
this difference scaled by the range in absolute distances for all analysts who issue a
forecast. The main advantage of this measure is that it is standardized: its values
range between 0 and 1, with 1 indicating that the forecast is the boldest, and 0
indicating that the forecast is the least bold among all analysts issuing a forecast
after the firm’s earnings announcement. The results of this robustness check are
similar, albeit smaller in magnitude, to those presented in Table 3.
In Panel B of Table A7, I use BiasStdDev, which is defined as the difference
between forecast and consensus, scaled by the standard deviation of outstanding
forecasts on the day before the earnings announcement (similar to Cowen, Groysberg
22
For example, my results could be partially explained by analysts experiencing more severe
Covid-19 outbreaks reacting immediately to the earnings announcements, and more delayed
forecasts systematically being more bold and pessimistic.
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and Healy, 2006). The results of this analysis suggest that my results on forecast
optimism are not driven by the procedure used to measure forecast bias.

5.4

Alternative measures of local Covid-19 outbreaks

Table A8 repeats the analyses reported in Column (2) of Table 3 and Column (2)
of Table 4, using other measures of local exposure to the pandemic, such as the
number of local cases, and measures of local mobility (which are available only from
mid-February). In Panel A, the point estimates are of the expected signs, and the
lack of significance in Column (1) suggests that local victims may be more salient
for residents than the number of cases, possibly because the case fatality rate varies
both cross-sectionally and over time. None of the estimates reported in Panel B is
significant at conventional levels.

5.5

Other analyses

I also address potential concerns about the number of clusters and the fact that they
are unbalanced, so that asymptotic approximations may not be valid. Roodman,
Nielsen, MacKinnon and Webb (2019) provide a discussion of this issue, and describe
the procedure of the test I use, as well as its technical implementation. Specifically,
to verify the robustness of my main results, I use a wild bootstrap procedure (with
1,999 replications) for the specification reported in Column (2) of Table 3. The
bootstrapped t-statistic (p-value) is -2.16 (0.03), thus alleviating these concerns.
Moreover, the significance of the coefficients in Table 3 is basically unchanged
when dropping singletons (Correia, 2015). Even in specifications that include both
earnings announcement and analyst-firm fixed effects (in the full sample), the
minimum number of clusters does not drop below the conventional level of 42,
recommended by Angrist and Pischke (2008).
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6

Conclusion

I exploit variations in the intensity and timing of Covid-19 outbreaks to examine how
analysts’ direct experiences of the pandemic affect the processing of earnings news.
I find that an increase in the number of local victims is associated with an increase
in the tendency of analysts to herd their forecasts toward the consensus forecast.
However, there is no evidence that more severe pandemic outbreaks induce forecast
pessimism in sell-side analysts.
The results are difficult to explain by channels such as mood, sentiment, and
the availability heuristic, or by differences in analyst effort. Instead, the results are
consistent with recent changes in analysts’ environment shaping their risk attitudes.
This mechanism could explain why more severe Covid-19 outbreaks have a first order
effect on forecast boldness, rather than on forecast bias.
My main contributions to the literature are as follows. First, I present evidence
consistent with Covid-19 experiences directly affecting forecast boldness. Second, I
show that analysts are shaped by extreme events not only ex post, but also in the
midst of a crisis.

Third, I show that local Covid-19 outbreaks influence the

behavior of providers of financial information, thus improving the understanding of
how the pandemic affects the financial markets. Finally, my results highlight the
importance of analysts’ diversity of experiences, in line with recent work
documenting the positive effects of heterogeneity in the analyst pool on a firm’s
information environment (Gerken and Painter, 2020; Merkley, Michaely and
Pacelli, 2020).
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Figure 1: Upward and downward forecast boldness by calendar month
This figure shows the average boldness of optimistic and pessimistic forecasts made after earnings
announcements held between January 1 and August 15, 2020. Boldness is measured based on the
absolute deviation of the forecast from the consensus (variable definitions are reported in Appendix
B).
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Figure 2: Geographical distribution of analyst-announcement pairs (US only)
This figure shows the distribution of analyst-announcement pairs across different US states. States
with no observations are in white.
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Figure 3: Analyst-announcement pairs over time
This figure shows the distribution of analyst-announcement pairs in my sample, from January 1
to August 15, 2020.

32

Figure 4: The development of the Covid-19 pandemic
This figure shows the average, 10th and 90th percentiles of the number of local Covid-19 monthly
victims, by earnings announcement date.
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Figure 5: The development of local mobility
This figure shows the average, 10th and 90th percentiles of RetailIndex, by earnings announcement
date (for earnings announcements held between March and mid-August 2020).
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Table 1: Summary statistics
This table presents summary statistics for the main variables used in the empirical analysis. The
full sample includes forecasts made following earnings announcements by US-listed firms between
January 1 and August 15, 2020. Variables related to local mobility and to local outbreaks are
measured on the day before the earnings news. Variable definitions are reported in Appendix B.
Variable
Boldness
Bias
Local Victims (in 000’s)
WorkIndex
RetailIndex
Recent
MakeFcst

N
28,984
29,022
45,054
34,549
34,549
45,054
45,054

Mean
0.413
-0.577
3.443
65.488
72.354
0.299
0.644
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SD
1.060
4.487
6.646
16.820
20.501
0.458
0.479

P25
0.034
-0.747
0.000
53.714
54.429
0.000
0.000

P50
0.105
-0.026
0.521
64.286
76.714
0.000
1.000

P75
0.304
0.375
2.089
69.143
88.000
1.000
1.000

Table 2: Monthly averages of selected variables
This table presents the averages of some of the variables used in the empirical analysis, by calendar
month. The full sample includes forecasts made following earnings announcements by US-listed
firms between January 1 and August 15, 2020. Variables related to local mobility and to local
outbreaks are measured on the day before the earnings news. Variable definitions are reported in
Appendix B.
Month
January
February
March
April
May
June
July
August

N

Boldness

3,842
9,102
2,912
5,660
9,084
980
6,678
6,796

0.101
0.318
0.424
0.380
0.590
0.641
0.397
0.530

Upward
boldness
0.091
0.249
0.273
0.284
0.335
0.346
0.355
0.475

Downward
boldness
0.112
0.363
0.509
0.423
0.755
0.992
0.515
0.629
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Bias

Recent

MakeFcst

-0.084
-0.408
-1.879
-1.317
-1.207
-2.466
0.303
0.169

0.278
0.214
0.164
0.518
0.345
0.185
0.336
0.221

0.684
0.663
0.587
0.712
0.625
0.310
0.652
0.630

Table 3: Local outbreaks and forecast boldness
This table analyzes the relationship between local outbreaks and forecast boldness. In all
specifications, the dependent variable is Boldness and the main regressor is the natural logarithm
of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on the day
before the earnings announcement. Column (1) includes earnings announcement fixed effects,
Column (2) includes earnings announcement and analyst fixed effects, Column (3) includes
earnings announcement and analyst-firm fixed effects. Heteroskedasticity robust t-statistics are
in parentheses and are two-way clustered at the announcement date and at the analyst region
level.

Ln Local Victims

Dependent variable: Boldness
(1)
(2)
(3)
-0.0123∗ -0.0130∗∗ -0.0110∗∗∗
(-1.87)
(-2.55)
(-2.70)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
28,984
0.824

No
28,984
0.849

Yes
28,984
0.932

Analyst-Firm FE
Observations
R2
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Table 4: Local outbreaks and forecast optimism
The table presents estimates from OLS regressions of Bias on the natural logarithm of (one plus)
the monthly Covid-19 victims in the analyst’s region, measured on the day before the earnings
announcement. Column (1) includes earnings announcement fixed effects, Column (2) includes
earnings announcement and analyst fixed effects, Column (3) includes earnings announcement and
analyst-firm fixed effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way
clustered at the announcement date and at the analyst region level.
Dependent variable: Bias
(1)
(2)
(3)
0.0367 0.0326
0.0331
(1.09) (1.04)
(1.12)

Ln Local Victims

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
29,022
0.695

No
29,022
0.745

Yes
29,022
0.901

Analyst-Firm FE
Observations
R2

38

Table 5: Local outbreaks and forecast boldness - Analysis by calendar month
The table examines the relationship between local outbreaks and forecast boldness, by calendar
month. In all specifications, the dependent variable is Boldness and the main regressor is the
natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on
the day before the earnings announcement. Heteroskedasticity robust t-statistics are in parentheses
and are two-way clustered at the announcement date and at the analyst region level.
Dependent variable: Boldness

Ln Local Victims

Earnings Announcement FE
Observations
R2

March
(1)
-0.0192
(-1.47)

April
(2)
-0.0139**
(-2.25)

May
(3)
-0.0131**
(-2.30)

July
(4)
-0.0152
(-0.84)

August
(5)
-0.0038
(-0.17)

Yes
1,709
0.807

Yes
4,028
0.762

Yes
5,669
0.830

Yes
4,352
0.861

Yes
4,276
0.797
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Table 6: Forecast boldness and optimism during the first wave
The table presents estimates from OLS regressions of Boldness and Bias on the natural logarithm
of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on the day before
the earnings announcement. Only earnings announcement held between January and May
2020 are included. In both Panels, Column (1) includes earnings announcement fixed effects,
Column (2) includes earnings announcement and analyst fixed effects, Column (3) includes
earnings announcement and analyst-firm fixed effects. Heteroskedasticity robust t-statistics are
in parentheses and are two-way clustered at the announcement date and at the analyst region
level.
Panel A - Dependent Variable: Boldness
(1)
(2)
Ln Local Victims
-0.0138*** -0.0156***
(-3.24)
(-3.08)

(3)
-0.0159***
(-3.17)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
20,052
0.822

No
20,052
0.851

Yes
20,052
0.951

Analyst-Firm FE
Observations
R2

Panel B - Dependent Variable: Bias
(1)
(2)
Ln Local Victims
0.0364
0.0508*
(1.19)
(1.85)

(3)
0.0549**
(2.14)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
20,085
0.709

No
20,085
0.764

Yes
20,085
0.933

Analyst-Firm FE
Observations
R2
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Table 7: Upward and downward forecast boldness
The table presents additional analyses on the relationship between local outbreaks and forecast
boldness. In both specifications, the dependent variable is Boldness and the main regressor is the
natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on
the day before the earnings announcement. Column (1) includes forecasts with Bias >= 0, while
Column (2) includes forecasts with Bias < 0. Both Columns include earnings announcement fixed
effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way clustered at the
announcement date and at the analyst region level.

Ln Local Victims

Earnings Announcement FE
Observations
R2

Upward Boldness
(1)
0.0034
(0.96)

Downward Boldness
(2)
-0.0180***
(-3.13)

Yes
13,934
0.895

Yes
15,050
0.870
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Table 8: Local outbreaks and the processing of earnings news
This table analyzes the relationship between local outbreaks and analyst activity after earnings
announcements. In all specifications, the dependent variable is an indicator equal to one if the
analyst has issued a new forecast within [0,2] days of the earnings news (and zero otherwise), and the
main regressor is the natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s
region, measured on the day before the earnings announcement. Column (1) includes earnings
announcement fixed effects, Column (2) includes earnings announcement and analyst fixed effects,
Column (3) includes earnings announcement and analyst-firm fixed effects. Heteroskedasticity
robust t-statistics are in parentheses and are two-way clustered at the announcement date and at
the analyst region level.
Dep. variable: M akeF cst
(1)
(2)
(3)
0.0034 0.0025 0.0019
(0.62) (0.85)
(0.72)

Ln Local Victims

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
45,054
0.380

No
45,054
0.602

Yes
45,054
0.765

Analyst-Firm FE
Observations
R2
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Table 9: Recent activity and its interaction with local outbreaks
This table analyzes whether the relationship between local outbreaks and forecast boldness is
modulated by recent activity. In Columns (1) and (2), the dependent variable is M akeF cst. In
Columns (3) and (4), the dependent variable is Boldness. The regressors are the natural logarithm
of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on the day before the
earnings announcement; an indicator that the analyst has updated the forecast in the 21 trading
days leading to the earnings announcements; and the interaction term. Columns (1) and (3)
include earnings announcement fixed effects, Columns (2) and (4) include earnings announcement
and analyst fixed effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way
clustered at the announcement date and at the analyst region level.
M akeF cst
(1)
(2)
Ln Local Victims

Recent

0.0609***
(3.69)

0.0121**
(2.65)

Ln Local Victims * Recent

Earnings Announcement FE
Analyst FE
Observations
R2

Boldness
(3)
(4)
-0.0129** -0.0133***
(-2.02)
(-2.76)
-0.0169*
(-1.70)

-0.0132
(-1.54)

0.0016
(0.87)

0.0007
(0.29)

Yes

Yes

Yes

Yes

No
45,054
0.382

Yes
45,054
0.602

No
28,984
0.824

Yes
28,984
0.849
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Table 10: Relative importance and its interaction with local outbreaks
This table analyzes whether the relationship between local outbreaks and forecast boldness is
modulated by a firm’s relative importance. In Columns (1) and (2), the dependent variable is
M akeF cst. In Columns (3) and (4), the dependent variable is Boldness. The regressors are the
natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on
the day before the earnings announcement; a continuous measure of the relative importance of firm
j for analyst i; and the interaction term. Columns (1) and (3) include earnings announcement fixed
effects, Columns (2) and (4) include earnings announcement and analyst fixed effects. Only analysts
who cover at least four firms in the sample are included. Heteroskedasticity robust t-statistics are
in parentheses and are two-way clustered at the announcement date and at the analyst region level.
M akeF cst
(1)
(2)
Ln Local Victims

Relative importance

0.1800***
(8.26)

0.0335**
(2.05)

Ln Local Victims * Relative importance

Earnings Announcement FE
Analyst FE
Observations
R2
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Boldness
(3)
(4)
-0.0121* -0.0117*
(-1.82)
(-1.87)
-0.0179
(-0.65)

0.0430
(1.09)

-0.0055
(-1.26)

-0.0031
(-0.77)

Yes

Yes

Yes

Yes

No
37,122
0.401

Yes
37,122
0.600

No
24,330
0.835

Yes
24,330
0.853

A

Additional results

Table A1: Local outbreaks and forecast boldness - V ictims_rate as regressor
The table presents estimates from OLS regressions of Boldness on the the number of monthly
Covid-19 victims in the analyst’s region per one million inhabitants, measured on the day
before the earnings announcement. Reported coefficients are multiplied by 1,000. Column
(1) includes earnings announcement fixed effects, Column (2) includes earnings announcement
and analyst fixed effects, Column (3) includes earnings announcement and analyst-firm fixed
effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way clustered at
the announcement date and at the analyst region level.

Victims_rate

Dependent variable: Boldness
(1)
(2)
(3)
-0.0482*** -0.0412** -0.0382**
(-2.99)
(-2.16)
(-2.41)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
28,984
0.824

No
28,984
0.849

Yes
28,984
0.932

Analyst-Firm FE
Observations
R2
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Table A2: Local outbreaks and Abs_Bias
The table presents estimates from OLS regressions of the absolute value of Bias on the natural
logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on
the day before the earnings announcement. Column (1) includes earnings announcement fixed
effects, Column (2) includes earnings announcement and analyst fixed effects, Column (3) includes
earnings announcement and analyst-firm fixed effects. Heteroskedasticity robust t-statistics are in
parentheses and are two-way clustered at the announcement date and at the analyst region level.

Ln Local Victims

Dependent variable: Abs_Bias
(1)
(2)
(3)
-0.0625** -0.0595*** -0.0690***
(-2.55)
(-2.88)
(-3.51)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
29,022
0.809

No
29,022
0.835

Yes
29,022
0.924

Analyst-Firm FE
Observations
R2
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Table A3: Placebo tests using forecasts on the day before the announcements
The table presents estimates from OLS regressions of BoldnessP lacebo and BiasP lacebo on the
natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured
on the day before the earnings announcement. In both Panels, Column (1) includes earnings
announcement fixed effects, Column (2) includes earnings announcement and analyst fixed effects,
Column (3) includes earnings announcement and analyst-firm fixed effects. Heteroskedasticity
robust t-statistics are in parentheses and are two-way clustered at the announcement date and at
the analyst region level.
Panel A - Dependent Variable: BoldnessP lacebo
(1)
(2)
(3)
Ln Local Victims
-0.0046 0.0016
0.0023
(-0.99)
(0.29)
(0.46)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
44,192
0.639

No
44,192
0.677

Yes
44,192
0.824

Analyst-Firm FE
Observations
R2

Panel B - Dependent Variable: BiasP lacebo
(1)
(2)
(3)
Ln Local Victims
-0.0006 -0.0041 -0.0230
(-0.02) (-0.19) (-1.16)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
44,254
0.138

No
44,254
0.281

Yes
44,254
0.662

Analyst-Firm FE
Observations
R2
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Analyst FE
Observations
R2

Earnings Announcement FE

Ln Population

Ln Local Victims

No
28,984
0.824

Yes

-0.0089
(-1.03)

Control for
population
(1)
-0.0098*
(-1.87)

Yes
15,206
0.884

Yes

Exclude
NY
(2)
-0.0181*
(-1.78)

Yes
27,775
0.854

Yes

Only US-based
analysts
(3)
-0.0112**
(-2.36)

Yes
18,420
0.826

Yes

Only firms with
10+ analysts
(4)
-0.0134**
(-2.20)

Dependent variable: Boldness

Yes
27,907
0.848

Yes

Stock price
above $3
(5)
-0.0104**
(-2.10)

Yes
28,111
0.797

Yes

|Consensus|
above $0.10
(6)
-0.0103**
(-2.23)

The table presents additional analyses on the relationship between local outbreaks and forecast boldness. In all specifications, the dependent variable is Boldness
and the main regressor is the natural logarithm of (one plus) the monthly Covid-19 victims in the analyst’s region, measured on the day before the earnings
announcement. Column (1) includes earnings announcement fixed effects and controls for the natural logarithm of the local population. All other specifications
include both earnings announcement and analyst fixed effects. Columns (2) and (3) exclude analysts based in the state of New York and outside of the
US, respectively. Column (4) excludes observations for firms covered by less than 10 analysts. Column (5) excludes observations for announcements with
P ricej,d−1 < $3. Finally, Column (6) excludes observations for announcements with |Consensusj,d−1 | < $0.10. Heteroskedasticity robust t-statistics are in
parentheses and are two-way clustered at the announcement date and at the analyst region level.

Table A4: Local outbreaks and forecast boldness - Additional analyses

Table A5: Alternative definitions of dependent variables - Recent consensus
The table examines the relationship between local outbreaks and Boldness_recent (Panel A) or
Bias_recent (Panel B). The main regressor is the natural logarithm of (one plus) the monthly
Covid-19 victims in the analyst’s region, measured on the day before the earnings announcement.
In both Panels, Column (1) includes earnings announcement fixed effects; Column (2) includes
earnings announcement and analyst fixed effects; Column (3) includes earnings announcement and
analyst-firm fixed effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way
clustered at the announcement date and at the analyst region level.
Panel A - Dependent Variable: Boldness_recent
(1)
(2)
(3)
Ln Local Victims
-0.0131* -0.0114** -0.0102**
(-1.97)
(-2.20)
(-2.40)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
24,390
0.820

No
24,390
0.845

Yes
24,390
0.927

Analyst-Firm FE
Observations
R2

Panel B - Dependent Variable: Bias_recent
(1)
(2)
(3)
Ln Local Victims
0.0540
0.0559
0.0617*
(1.59)
(1.68)
(1.83)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
24,404
0.674

No
24,404
0.732

Yes
24,404
0.900

Analyst-Firm FE
Observations
R2
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Table A6: Alternative definitions of dependent variables - Non-fixed reference date
The table examines the relationship between local outbreaks and Boldness_alt (Panel A) or
Bias_alt (Panel B). The main regressor is the natural logarithm of (one plus) the monthly Covid19 victims in the analyst’s region, measured on the day before the earnings announcement. In both
Panels, Column (1) includes earnings announcement fixed effects; Column (2) includes earnings
announcement and analyst fixed effects; Column (3) includes earnings announcement and analystfirm fixed effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way clustered
at the announcement date and at the analyst region level.
Panel A - Dependent Variable: Boldness_alt
(1)
(2)
(3)
Ln Local Victims
-0.0150** -0.0172*** -0.0176***
(-2.54)
(-3.53)
(-4.12)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
28,981
0.753

No
28,981
0.784

Yes
28,981
0.895

Analyst-Firm FE
Observations
R2

Panel B - Dependent Variable: Bias_alt
(1)
(2)
Ln Local Victims
0.0382
0.0384
(1.13)
(1.16)

(3)
0.0482
(1.61)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
29,022
0.597

No
29,022
0.661

Yes
29,022
0.864

Analyst-Firm FE
Observations
R2
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Table A7: Alternative definitions of dependent variables - Other measures
The table examines the relationship between local outbreaks and Boldness_unit (Panel A) or
BiasStdDev (Panel B). The main regressor is the natural logarithm of (one plus) the monthly
Covid-19 victims in the analyst’s region, measured on the day before the earnings announcement.
In both Panels, Column (1) includes earnings announcement fixed effects; Column (2) includes
earnings announcement and analyst fixed effects; Column (3) includes earnings announcement and
analyst-firm fixed effects. Heteroskedasticity robust t-statistics are in parentheses and are two-way
clustered at the announcement date and at the analyst region level.
Panel A - Dependent Variable: Boldness_unit
(1)
(2)
(3)
Ln Local Victims
-0.0062** -0.0067** -0.0074***
(-2.34)
(-2.62)
(-2.74)
Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
28,030
0.094

No
28,030
0.180

Yes
28,030
0.584

Analyst-Firm FE
Observations
R2

Panel B - Dependent Variable: BiasStdDev
(1)
(2)
Ln Local Victims
2.1318*
0.4218
(1.90)
(0.42)

(3)
0.3580
(0.35)

Earnings Announcement FE

Yes

Yes

Yes

Analyst FE

No

Yes

No

No
29,017
0.864

No
29,017
0.881

Yes
29,017
0.952

Analyst-Firm FE
Observations
R2
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Table A8: Results using alternative measures of Covid-19 outbreaks
The table presents estimates from OLS regressions of either Boldness or Bias on alternative
measures of local Covid-19 outbreaks and mobility, measured on the day before the earnings
announcement. All specifications include earnings announcement and analyst fixed effects.
Heteroskedasticity robust t-statistics are in parentheses and are two-way clustered at the
announcement date and at the analyst region level.
Panel A - Dependent Variable: Boldness
(1)
(2)
Ln Local Cases
-0.0059
(-1.40)
0.2346∗∗
(2.25)

Ln WorkIndex

0.1303∗∗
(2.24)

Ln RetailIndex

Earnings Announcement FE
Analyst FE
Observations
R2

Yes

Yes

Yes

Yes
28,984
0.849

Yes
21,948
0.852

Yes
21,948
0.852

Panel B - Dependent Variable: Bias
(1)
(2)
Ln Local Cases
0.0213
(0.71)
Ln WorkIndex

(3)

0.1937
(0.38)

Ln RetailIndex

0.0498
(0.19)

Earnings Announcement FE
Analyst FE
Observations
R2

(3)

Yes

Yes

Yes

Yes
29,022
0.744

Yes
21,967
0.755

Yes
21,967
0.755
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B

Variable definitions

Variables related to analyst forecasts
Boldness: The analyst’s year-end EPS forecast on day d + 2, less the consensus
forecast value as of the day prior to the earnings announcement, scaled by the
consensus forecast value as of the day prior to the earnings announcement, in
absolute value. Consensus forecast is calculated as the median value of the latest
forecasts issued by analysts following firm j at the trading day before the
announcement, retaining only the most recent forecast per analyst. The variable is
winsorized at the top and bottom 1% of observations. The variable is defined only
if a forecast is made within days [0, 2] of firm j ’s quarterly earnings announcement
and the consensus forecast is different from zero. Larger values indicate larger
deviations from the consensus.
Downward Boldness: Boldness, if Bias < 0 (missing value otherwise).
Upward Boldness: Boldness, if Bias >= 0 (missing value otherwise).
Bias: The analyst’s year-end EPS forecast on day d + 2, less the consensus forecast
value as of the day prior to the earnings announcement, scaled by the stock price
as of the day prior to the earnings announcement, multiplied by 100. Consensus
forecast is calculated as the median value of the latest forecasts issued by analysts
following firm j at the trading day before the announcement, retaining only the most
recent forecast per analyst. The variable is winsorized at the top and bottom 1%
of observations. The variable is defined only if a forecast is made within days [0, 2]
of firm j’s quarterly earnings announcement. A positive (negative) value indicates
forecast optimism (pessimism).
Abs_Bias: The absolute value of Bias. Larger values indicate larger deviations
from the consensus.
MakeFcst: Indicator variable equal to one if the analyst issues an annual EPS
forecast within trading days [0, 2] of the earnings announcement, and zero otherwise.
Recent: Indicator variable equal to one if the analyst has issued an annual EPS
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forecast in the 30 calendar days prior to the earnings announcement, and zero
otherwise.
Relative importance: One minus a firm’s relative rank in an analyst’s portfolio
(scaled by the total number of firms within the portfolio), based on its market
capitalization as of the end of 2019. The variable is defined only for analysts who
cover four or more firms in the sample. It takes on values between [0,1), with higher
values indicating larger firms within an analyst’s portfolio.
BoldnessPlacebo: The analyst’s year-end EPS forecast on day d − 1, less the
consensus forecast value as of the day prior to the earnings announcement, scaled
by the consensus forecast value as of the day prior to the earnings announcement,
in absolute value. Consensus forecast is calculated as the median of all outstanding
EPS forecasts, retaining only the most recent forecast per analyst. The variable
is winsorized at the top and bottom 1% of observations. The variable is defined
only if there is an outstanding forecast on the day before firm j’s quarterly earnings
announcement and the denominator is different from zero.
BiasPlacebo: The analyst’s year-end EPS forecast on day d − 1, less the consensus
forecast value as of the day prior to the earnings announcement, scaled by the stock
price as of the day prior to the earnings announcement, multiplied by 100. Consensus
forecast is calculated as the median of all outstanding EPS forecasts, retaining only
the most recent forecast per analyst. The variable is winsorized at the top and
bottom 1% of observations. The variable is defined only if there is an outstanding
forecast on the day before firm j’s quarterly earnings announcement.
Boldness_recent: Defined similar to Boldness, but consensus is computed using
only earnings forecasts issued in the month before the earnings announcement.
Bias_recent: Defined similar to Bias, but consensus is computed using only
earnings forecasts issued in the month before the earnings announcement.
Boldness_alt: Defined similar to Boldness, but consensus is computed as of the
day before the forecast is issued.
Bias_alt: Defined similar to Bias, but consensus is computed as of the day before
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the forecast is issued.
Boldness_unit: For analyst i following firm j and issuing a forecast within [0,2]
trading days of the earnings announcement held on day d, Boldness_unit is
computed as the absolute distance between the forecast and consensus forecast on
d − 1 minus the minimum absolute distance for all analysts issuing a forecast, with
this difference scaled by the range in absolute distances for all analysts who issue a
forecast.

Consensus forecast is calculated as the median value of the latest

forecasts issued by analysts following firm j at the trading day before the
announcement, retaining only the most recent forecast per analyst. The variable is
defined only if a forecast is made within days [0, 2] of firm j ’s quarterly earnings
announcement and the denominator is different from zero.

Its values range

between 0 and 1, with 1 indicating that the forecast is the boldest, and 0
indicating that the forecast is the least bold among all analysts issuing a forecast
after the firm’s earnings announcement.
BiasStdDev : The analyst’s year-end EPS forecast on day d + 2, less the consensus
forecast value as of the day prior to the earnings announcement, scaled by the
standard deviation of all outstanding EPS forecasts reported on I/B/E/S as of the
day prior to the earnings announcement (retaining only the most recent forecast per
analyst). Consensus forecast is calculated as the median value of the latest forecasts
issued by analysts following firm j at the trading day before the announcement,
retaining only the most recent forecast per analyst. The variable is winsorized at
the top and bottom 1% of observations. The variable is defined only if a forecast
is made within days [0, 2] of firm j’s quarterly earnings announcement and the
denominator is different from zero. A positive (negative) value indicates forecast
optimism (pessimism).
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Variables related to Covid-19, local mobility, and other
variables
Ln Local Victims: The natural logarithm of the Covid-19 deaths reported by the
authorities in the 30 calendar days before the earnings announcement in the region
in which the analyst is located, plus one. If only the number of cases is available
at the regional level, I infer the number of victims in a region from the number of
cases in the region and the country’s mortality rate on that day.
Ln Local Cases: The natural logarithm of the Covid-19 cases reported by the
authorities in the 30 calendar days before the earnings announcement in the region
in which the analyst is located, plus one. If only the number of victims is available
at the regional level, I infer the number of cases in a region from the number of
victims in the region and the country’s mortality rate on that day.
RetailIndex : The average of the change versus a baseline in the mobility trends
for places of work reported in Google’s Covid-19 Community Mobility Reports in
the 7 calendar days before the earnings announcement in the region in which the
analyst is located, scaled so that a value of 100 represents the baseline. The baseline
is the median value, for the corresponding day of the week, during the 5-week period
between January 3 and February 6, 2020. Data starts in mid-February.
Ln RetailIndex : The natural logarithm of RetailIndex.
WorkIndex : The average of the change versus a baseline in the mobility trends
for places like restaurants, cafes, shopping centers, theme parks, museums, libraries,
and movie theaters reported in Google’s Covid-19 Community Mobility Reports in
the 7 calendar days before the earnings announcement in the region in which the
analyst is located, scaled so that a value of 100 represents the baseline. The baseline
is the median value, for the corresponding day of the week, during the 5-week period
between January 3 and February 6, 2020. Data starts in mid-February.
Ln WorkIndex : The natural logarithm of W orkIndex.
Ln Population: The natural logarithm of the estimated population in the region

56

in which the analyst is located.
Victims_rate: The number of Covid-19 deaths reported by the authorities in
the 30 calendar days before the earnings announcement in the region in which the
analyst is located, scaled by the local population (in million of inhabitants). If only
the number of cases is available at the regional level, I infer the number of victims
in a region from the number of cases in the region and the country’s mortality rate
on that day.
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C

authorities

JHU CSSE COVID-19 Data
Ministry of Health
JHU CSSE COVID-19 Data
Instituto Nacional de Salud
Santé Publique France (see also

Canada

Chile

China

Colombia

France

Prefectures)

Regional Health Agencies and

Ministry of Health

Brazil

Sciensano

Belgium

(accessed

JHU CSSE COVID-19 Data

through Wikipedia)

Local

Main data source(s)

Australia

Argentina

segment

Geographic

https://www.santepubliquefrance.fr/

https://www.ins.gov.co

https://github.com/CSSEGISandData/COVID-19

https://www.gob.cl/coronavirus/cifrasoficiales/

https://github.com/CSSEGISandData/COVID-19

https://covid.saude.gov.br/

epidemiologique

https://covid-19.sciensano.be/fr/covid-19-situation-

https://github.com/CSSEGISandData/COVID-19

19_pandemic_data/Argentina_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

Primary URL (last accessed in August 2020)

Covid-19 data sources by geographic segment
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authorities

authorities

South Africa

Russia
authorities

Institute

Communicable Diseases

National

through Wikipedia)

Local

for

(accessed

https://www.nicd.ac.za/media/alerts/

19_pandemic_data/Russia_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

diseases/coronavirus/daily-reports/daily-reports-COVID19/

Health

19_pandemic_data/Netherlands_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

https://coronavirus.gob.mx/datos/

19_pandemic_data/Italy_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

https://www.fhi.no/en/id/infectious-

(accessed

(accessed

https://www.hpsc.ie

https://www.mohfw.gov.in/

19_pandemic_data/Germany_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

Norwegian Institute of Public

through Wikipedia)

authorities

Local

Netherlands

through Wikipedia)

Local

Centre

Health Protection Surveillance

Welfare

Gobierno de Mexico

Norway

(accessed

Ministry of Health and Family

through Wikipedia)

Local

Mexico

Italy

Ireland

India

Germany

60

authorities

Wikipedia,

through

JHU CSSE COVID-19 Data

USA

see

also

(accessed

(accessed

UK Government

www.platz.se)

authorities

Local

through Wikipedia)

Local

UK

Sweden

South Korea

https://github.com/CSSEGISandData/COVID-19

https://coronavirus.data.gov.uk/

19_pandemic_data/Sweden_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-

19_pandemic_data/South_Korea_medical_cases

https://en.wikipedia.org/wiki/Template:COVID-
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