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Abstract

This paper explores the shock of school closures caused by the COVID-19 pandemic to study

the effect of domestic responsibilities on analyst forecasts. School closures significantly reduce the

forecast timeliness of female analysts rather than that of male analysts. With manually collected

data, I show that mothers are 20% less likely to issue timely forecasts after school closures.

Female analysts’ forecasts are also less accurate after school closures, but the negative effect

only exists among forecasts for firms with relatively low institutional ownership. Even though

female analysts are more likely to get distracted from work by domestic duties, they strategically

allocate their limited attention to forecasts that are more important for their careers.
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1 Introduction

Despite the rise in women’s labor market participation over the past decades, women are still un-

derrepresented in many competitive industries. Among financial analysts in the U.S., only around

10% are female in 2020.1 Female analysts self-select into this competitive and lucrative industry

(Kumar (2010)) and have similar backgrounds to male analysts (Fang and Huang (2017)). It is

unlikely that there are significant gender differences among financial analysts in preferences for

competition or risks comparable to those found in the general population (Niederle and Vester-

lund (2007) and Dwyer et al. (2002)). What could be the reason that prevents professional women

from being equally successful in competitive industries?

Among studies explaining the gender gap, Becker (1985) models the allocation of human capital

between domestic and market work. The model indicates that women spend more time and effort

in domestic work and have less time and effort per unit of time for market work, leading to the

gender pay gap and occupational gender segregation. Are female analysts more likely to suffer from

limited attention when faced with domestic responsibilities?2 Moreover, how do female analysts

who have survived in this competitive industry minimize the influence of limited attention on their

careers?

In this paper, I take advantage of a quasi-natural experiment in which schools are exogenously

closed by states during the COVID-19 pandemic to study whether female analysts are more likely

to be influenced by an increase in domestic responsibilities. In addition, female analysts’ allocation

of attention after the school closures sheds light on how successful professional women survive in

competitive industries.
1The fraction of female analysts is based on the 2020 sample in this paper. The percentage of female analysts

fluctuates between 10% and 14% from 1993 to 2009, with an average of 12% in the sample of Fang and Huang (2017).
2I do not distinguish the definition of attention and effort in this paper, as common in the psychology literature

(e.g., Kahneman (1973)). Attention and effort both refer to limited human resources at a given time in this paper.
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The school closures caused by the COVID-19 pandemic in 2020 affected more than 55.1 million

students in 124,000 schools in the U.S.3 The large-scale and unexpected school closures led to a

significant increase in the childcare demand at home (e.g., Power (2020)). Each state decided on

school closures independently after the pandemic started. Hence, the school closures can be viewed

as exogenous to people’s labor market activities and provide a unique opportunity to study how

domestic duties influence attention at work of professional men and women differently.

The profession of sell-side equity analysts is a good setting to study the effect of domestic burdens

on attention at work. First, sell-side analysts usually work for a long time and are required to have

high attention to process new information and give timely responses (Bradshaw (2011), Bradshaw

et al. (2017), and Brown et al. (2015)). Therefore, it is possible to capture and quantify the influence

of limited attention on analysts’ forecasts when they are overburdened by household responsibilities.

Second, the profession is highly competitive. People who self-select into this industry are likely to be

homogeneous in many aspects, such as education, risk aversion, and preference for competitiveness.

Hence, it is implausible that observed differences in forecasting activities are from gender differences

in preference or abilities. Male analysts constitute a valid control group in the investigation of

the effect of an increase in domestic responsibilities on female analysts’ forecast activities. Last,

corporate earnings announcements and analysts’ forecast releases have detailed timestamps in the

data, making it possible to observe the change in forecasting behavior in the short window around

the COVID-19 school closures.

Limited attention of analysts is most likely to have a negative impact on forecast timeliness.

Driskill et al. (2020) find that limited attention caused by multiple simultaneous earnings announce-

ments negatively influences analysts’ forecast timeliness. They do not conduct analyses on forecast

accuracy because analysts can improve accuracy by delaying forecasts (Cooper et al. (2001) and
3Statistics from Map: Coronavirus and School Closures (2020, March 6), Education Week, Retrieved May 2020,

see https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html.
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Clement and Tse (2003)).4 In this paper, I first analyze in depth whether distractions of domestic

responsibilities lead to less timely forecasts among female analysts because forecast timeliness is a

perspective of forecast quality that is inevitably influenced by limited attention.

I conduct a difference-in-differences estimation by running a regression of the analyst forecast

timeliness on a female dummy, a school closure dummy, and their interactions for a sample of

earnings forecasts around the school closures caused by the COVID-19 pandemic, controlling for

various firm and analyst characteristics, firm, broker and state (or analyst), and time fixed effects.

Including analyst fixed effects helps rule out time-invariant analysts’ characteristics such as their

general capability and habits on forecast releases.

After the school closures, the probability of female analysts’ issuing timely forecasts within one

day after earnings announcements decreases at a much larger magnitude than that of male analysts’

in the first two quarters of 2020: the coefficient estimate of the interaction term between the female

dummy and the school closure dummy is 6.7 percentage points (pp) and is statistically significant

at the 1% level. The effect exists even after controlling for firm × quarter fixed effects, which

effectively compares within analyst forecasts after the same firm’s same earnings announcement.

School closures do not have a significantly negative effect on male analysts’ forecast timeliness when

analyst fixed effects are controlled for.

Exploring the staggered beginning of school closures across states by using a sample of earnings

forecasts in a shorter time window of March 2020, I find that female analysts are 12.2 pp less likely

to issue timely forecasts after school closures, which accounts for 16.5% of the average probability

to issue a timely forecast in the sample. Moreover, to rule out the influence of seasonality (e.g.,

Lo and Wu (2018)), I compare the timeliness of earnings forecasts issued after all states decided

to close schools, i.e., from March 23rd, 2020 to the end of the sample in August 2020, with the
4Driskill et al. (2020) also mention that they do not examine forecast accuracy because they would like to avoid

using benchmarks before earnings announcements when defining relative measures of forecast accuracy.
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timeliness of earnings forecasts issued in the same time period in 2019. I find similar results: female

analysts’ forecast timeliness decreases by 4.8 pp after school closures in 2020.

If the unequal division of labor between sexes in domestic work leads to the observed different

effects of school closures on forecast timeliness between male and female analysts, I expect the phe-

nomenon to be more salient in states with conservative gender attitudes because the gender imbal-

ance in the allocation of housework is more salient in these states (Ruppanner and Maume (2016)),

and financial analysts may conform to expectations of their social environment. I use the U.S.

2017 wave of the World Value Survey to calculate a measure of gender attitudes and divide states

into liberal- or conservative- gender-attitude states with this measure. The results show that the

negative effect of COVID-19 school closures on female analysts’ forecast timeliness in states with

conservative gender attitudes is about twice as large as that in states with liberal gender attitudes.

Since the time of COVID-19 school closures overlaps with a financial crash, I conduct a placebo

test on whether there is any gender difference in analysts’ forecast timeliness during financial crises.

I find no robust gender difference in forecast timeliness during the 2001 or 2008 financial crises.

Furthermore, I explore another school closure event during the 2009 H1N1 pandemic and find a

significant reduction in female analysts’ forecast timeliness after that school closure as well.

Analyses comparing the effects of school closures on forecast timeliness between male and female

analysts estimate the average effect among all analysts with or without children. To better attribute

the effect of school closures on forecast timeliness to an increase in childcare responsibilities, I

manually collect information on whether analysts have children by checking their Facebook pages.

With this novel data, I use triple difference estimation to identify that the increase in domestic

responsibilities after school closures reduces the forecast timeliness of mothers by 15% to 20%. The

finding rules out potential explanations of gender differences in risk aversion or overconfidence,
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because female analysts without non-adult children are not more influenced by the COVID-19

school closures, compared with male analysts.

In the next step, I examine how school closures influence female analysts’ forecast accuracy

with the same difference-in-difference estimation. School closures may have a significant negative

effect on forecast accuracy as they do on forecast timeliness. However, it is possible for analysts

to guarantee forecast accuracy by delaying the forecasts (Cooper et al. (2001) and Clement and

Tse (2003)) or strategically allocate their efforts (Harford et al. (2019) and Chiu et al. (2021)).

Forecast accuracy is the dominate trait of forecast quality that has a large impact on analysts’

career (e.g., Mikhail et al. (1999), Bradshaw et al. (2017), and Brown et al. (2015)). It is plausible

to infer that female analysts strive to issue accurate forecasts even when they are distracted by the

abnormally high amount of domestic work.

The results show that school closures deteriorate forecast accuracy of female analysts but the

effect is only statistically significant at the 10% level in the model controlling for firm × time fixed

effects. If forecast accuracy is not compared within the same firm-quarter, the average effect of

school closures on female analysts’ forecast accuracy is not statistically significant. Hence, I take

one step further and investigate how female analysts allocate their attention in the face of domestic

responsibilities. Consistent with findings that analysts strategically allocate their efforts to firms

that are more important to their careers (Harford et al. (2019) and Chiu et al. (2021)), female

analysts allocate more effects to portfolio firms with relatively high institutional ownership and

are able to mitigate the negative effect of school closures on forecast accuracy for these firms.

More specifically, for firms without high institutional ownership, the forecast accuracy of female

analysts decreases by 5.8 pp to 8.7 pp after school closures, compared to that of male analysts.

Nevertheless, female analysts’ forecasts on firms with high institutional ownership are 9 pp to 9.6

pp more accurate than those on firms with low institutional ownership.
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In addition to forecast timeliness and accuracy, the pressure of domestic burdens after the

COVID-19 school closures may also change the time of day when female analysts work. The

literature has examined the seasonality of analysts’ forecasts (Lo and Wu (2018) and Chang et

al. (2017)), but little is known about factors that influence the exact time of day analysts issue

earnings forecasts. I find that female analysts are more than 9 pp less likely to release forecasts

during housework-intensive hours after the COVID-19 school closures while male analysts barely

change their forecast release time. This analysis provides direct evidence that COVID-19-induced

domestic responsibilities have more impact on professional women because the change of working

time is unlikely to be caused by gender differences.

At last, I study the effect of the school closures on some other perspectives of analysts’ forecasts

and activities. Regarding forecast boldness, there is some evidence that female analysts’ forecasts

deviate more from the consensus of available analysts’ forecasts after school closures, probably

because they do not pay as much attention to the available forecasts as they did before the school

closures. The effect of the school closures on the deviation from the analysts’ own previous forecast

is statistically insignificant and economically small. I also find some evidence that after school

closures, female analysts are less likely to ask questions at conference calls that are held early in

the morning or at noon. In addition, female analysts tend to ask shorter and fewer questions at

earnings conference calls after the school closures.

This paper is the first to establish a causal link between the distraction of domestic burdens and

financial markets and career outcomes in the financial industry. Previous literature documents that

investors suffer from limited attention in the face of extraneous events (Hirshleifer et al. (2009)).5

Even professional market participants such as fund managers and financial analysts fail to timely

respond to new information when distracted (e.g., Kempf et al. (2017), and Schmidt (2019)). This
5Some other studies show that investors suffer from limited attention on Fridays (DellaVigna and Pollet (2009)

and Louis and Sun (2010)) and when they are distracted by sensational news (Peress and Schmidt (2020)) or lottery
events (Huang et al. (2019)).
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paper explores an exogenous increase in the childcare demand to show that domestic responsibilities

distract female analysts from issuing timely forecasts. It is important to understand how distractions

of domestic work influence the forecast timeliness of financial analysts because analysts’ timely

reactions to new information have important implications for financial markets and analysts’ career

outcomes (Zhang (2008) and Chiu et al. (2021)).6

The paper closely relates to the literature on the gender gap in the finance industry and top

positions in firms (e.g., Kumar (2010), Huang and Kisgen (2013), Fang and Huang (2017), and

Niessen-Ruenzi and Ruenzi (2019)) and in labor markets in general (e.g., Niederle and Vester-

lund (2007), Goldin (2014))). It provides empirical evidence for the sexual division of labor theory

in Becker (1985) in the setting of sell-side equity analysts: female analysts suffer more from lim-

ited attention and have to reduce labor force supply when facing an increase in domestic burdens.

Furthermore, it sheds light on how professional women survive in competitive industries. When

distracted by domestic responsibilities, female analysts allocate efforts to firms that weigh more

in their careers and issue more accurate forecasts for these firms. This empirical finding provides

a good example of how successful professional women mitigate the negative effect of domestic

distractions.

Finally, this paper relates to the growing literature on the effect of COVID-19 on financial

markets (e.g., Ding et al. (2020) and Baker et al. (2020)) and on social inequality (e.g., Alon et

al. (2020), Brown and Ravallion (2020), Barber et al. (2020), and Collins et al. (2021)). Even though

female analysts are skilled and competitive, they are still more likely to be influenced by domestic

burdens after school closures than male analysts. It should be noted that lock-down measures

unequally influence different groups.
6Chen et al. (2010), Livnat and Zhang (2012), and Huang et al. (2018) study analysts’ roles of information

interpretation or information discovery by investigating timely forecasts.
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2 Data and summary statistics

2.1 Sample construction

The earnings announcements and individual analysts’ earnings forecasts are from the I/B/E/S

database. The timestamps of earnings announcements and analyst forecasts must be available in

order to measure the timeliness of forecasts. Therefore, the sample period starts from January

1999 when timestamps become widely covered in the I/B/E/S database, and ends in August 2020.

Following Driskill et al. (2020) and Zhang (2008), I use the sample of the first forecast by each

analyst for a firm’s earnings in quarter t+1 issued after the firm’s quarter t earnings announcement

but before one day prior to its quarter t+1 earnings announcement. To be included in the sample,

the earnings announcement dates for both quarter t and t+1 must be available. I merge the I/B/E/S

data with CRSP and Compustat databases to obtain stock price and accounting information of the

firm as of quarter t.

Following previous literature (e.g., DeHaan et al. (2015)), I exclude earnings announcements if

the announcement date is more than 90 days after the fiscal quarter-end. I drop penny stocks with

the stock price below $1 as of the fiscal end of quarter t. In addition, the first and the last coverage

of an analyst following a firm and firms with fewer than two following analysts in the quarter

are excluded from the sample. After these screening procedures, the sample includes 1,205,409

firm-quarter-analyst observations.

The main sample finally includes earnings announcements of the first two quarters in 2020

because primary analyses are around the COVID-19 school closures which started in March 2020.

In this way, I construct a roughly symmetric window around the school closure events. This is

sensible because a larger time window may include confounding events that influence the demand

for domestic work and the gender difference in forecast timeliness.
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A potential problem of the sample could be that for a given earnings announcement, analyst

forecasts before school closures systematically proceed analyst forecasts after school closures. Earlier

forecasts are, by definition, more timely and may tend to be more accurate (Keskek et al. (2014)).

To avoid capturing this systematic effect of school closures on analyst forecasts, I exclude earnings

announcements from the sample if earnings announcements happened before school closures in a

state, and a forecast of an analyst in that state was issued after school closures.

Figure 1 gives examples to demonstrate the exclusion of these observations. In Scenario 1,

Firm A had an earnings announcement before Analyst 1’s school closure date, and Analyst 1’s

forecast for Firm A was released after the school closure. This earnings announcement was also

before Analyst 2’s earnings forecast, but Analyst 2 issued a forecast before the school closure. If

the analyst forecasts for Firm A were not excluded from the sample, Analyst 1’s forecast would

be regarded as an after-school-closure forecast while Analyst 2’s forecast would be regarded as a

before-school-closure forecast. In this case, before-school-closure forecasts are systematically more

timely than after-school-closure forecasts. By contrast, the case demonstrated in Scenario 2 does

not need to be excluded from the sample: both Firm B’s earnings announcements and Analyst 3’s

forecast happened after Analyst 3’s school closures, and both Firm B’s earnings announcements and

Analyst 4’s forecast happened before Analyst 4’s school closures. In this case, there is no systematic

effect of school closures on forecast timeliness, and the staggered beginning of school closing across

states creates the variation in the definition of the school closure indicator for each analyst forecast.

I exclude the 11,247 observations involving earnings announcements before the school closures of a

state and an analyst in that state issued forecasts after the school closures.7

7Note that the exclusion of these observations aims to sensibly estimate the school closure effects. The main focus
is the gender difference in the school closure effects, which should not be biased by including these observations.
Table IA1 in the Internet Appendix shows that including observations with earnings announcements demonstrated in
Figure 1 Scenario 1 does not influence the main results. However, the effect of school closures on forecast timeliness
is significantly biased upward: the coefficient estimate of School closure is exaggerated to -20 pp, and the bias is even
larger after controlling for time fixed effects.
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The main sample includes 18,750 firm-quarter-analyst observations, with 2,201 firms and 1,880

analysts, out of which 201 are female analysts. Thereafter, summary statistics and discussions refer

to the sample from January 2020 to August 2020 after the screening procedures as described above

in this section, unless otherwise pointed out.

To measure forecast timeliness, I calculate the number of trading days between the earnings

announcement date of firm i for quarter t and the date when analyst j releases earnings forecast

for quarter t+1 of firm i in this sample. Following previous literature on analyst forecast timeliness

(Zhang (2008), Driskill et al. (2020) and Chiu et al. (2021)), I define a dummy variable Timelyi,j,t,

which is equal to one if analyst j issues the earnings forecast for quarter t+1 within one trading

day (day 0 or day1) after the firm i’s quarter t earnings announcement date, and zero otherwise.8

2.2 School closure

Data on the school closure time are manually collected online. The start of school closures is

based on the timestamps of the media coverage on school closure decisions of the state or official

documents issued by the governors because first, people started to arrange their work and life to

adapt to the coming school closure at the time of announcement of school closures; second, many

schools started to shorten the teaching time or close after the state announced the school closure

decision and before the required latest closure dates. The map in Appendix A contains manually

collected school closure dates, which range from March 7th to March 23rd. The darker the color of

the state is, the earlier school closures started. California and Kentucky are among the first states

to announce school closure decisions.
8The forecast timeliness is measured by a dummy variable to minimize the influence of extreme values because

the distribution of the number of days between earnings announcements and analyst forecasts is highly skewed
(Zhang (2008)). In my sample, the number of days between earnings announcements and analyst forecasts has a
mean of 3.75, a median of 1, and a standard deviation of 10. Even the log form of the measure is highly positive-
skewed. Table IA2 in the Internet Appendix shows baseline results using the log form of this continuous measure as
a dependent variable. The gender difference in the effect of school closures on forecast timeliness is still economically
large, i.e., 6.7% to 8.9%.
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School closurei,j,t is defined as a dummy variable equal to one, if schools are closed in the state

where analyst j is located at the time of firm i’s earnings announcement for quarter t, and zero

otherwise.

2.3 Analysts’ gender, location and family conditions

I/B/E/S only provides analysts’ last names and the initial of their first names. In order to identify

the gender of the analysts, I manually collect the full name and identify their gender based on

their Linkedin profiles, official websites of the brokers, or media coverage. If I cannot identify the

gender from the information online including their photos and the third-person pronoun “he” or

“she” in the media coverage, I infer the gender from the analyst’s first name. Analyst location data

are obtained from the BrokerCheck website by FINRA.9 I can determine the gender of analysts for

97.7% of the sample and the location for 91.7% of the sample.

Furthermore, I collect data on whether analysts have non-adult children by checking each an-

alyst’s Facebook page. Internet Appendix I describes the procedure of finding analysts’ Facebook

pages, checking whether they have children, and estimating the ages of their children. I find Face-

book pages for 680 analysts. 262 of these analysts have children under 18 based on their Facebook.

All variables are defined in Appendix B.

2.4 Summary statistics

Table 1 reports statistics on variables used in the main analyses. Panel A shows that in the sample,

10% of the analysts are female and 64% of the earnings forecasts were released after the COVID-19

school closures. On average, an analyst follows around 18 firms in the quarter, works in a brokerage

with 45 analysts, and has 23 quarters of firm-specific experience. No. of followed firm’s EA is a
9https://brokercheck.finra.org/. The website provides a time series of firms and locations where an analyst

registers.
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factor that influences the level of an analyst’s distraction (Driskill et al. (2020)): on average, an

analyst has 0.82 additional firms that announce earnings forecasts on the earnings announcement

date of firm i. 10

Panel B of Table 1 shows the difference between female analysts and male analysts in the main

sample of 2020. t-statistics are based on univariate regressions of the variables on the female dummy

and standard errors are clustered by analyst and firm. For most variables, the difference between

male and female analysts is economically small and statistically insignificant. The modest difference

between gender is expected, given that only competitive women self-select into and survive in the

financial analyst industry. Female analysts tend to issue slightly more timely forecasts than male

analysts. On the contrary, male analysts issue more accurate forecasts than female analysts in the

sample.11 In addition, female analysts work in larger brokerage firms than male analysts, which is

consistent with summary statistics in Fang and Huang (2017). I carefully control for these variables

that are expected to affect analyst forecast performance in the analyses.

Figure 2 plots the probability of issuing timely forecasts among male and female analysts over

a 9-week event window surrounding the exogenous shock in childcare demands. It shows that the

forecast timeliness is trending closely in parallel for male and female analysts in the 4 weeks before

the school closures. Female analysts issue more timely forecasts than male analysts before school

closures. School closures decrease forecast timeliness of both male and female analysts right in the

week of school closure announcements, but the negative effect is visually larger for female analysts.

Extending the sample to previous years, Internet Appendix Table IA1 plots the evolution of

forecast timeliness from 1999 to 2020. Male analysts are more likely to issue timely forecasts than

female analysts before 2009, but female analysts’ forecasts have become more timely than male
10Table IA3 in Internet Appendix presents correlations between the variables used in the analysis. They show that

multicollinearity should not be an issue in the regressions.
11There are mixed findings on the gender difference in forecast accuracy in the previous literature: Kumar (2010)

shows that female analysts issue more accurate forecasts than male analysts while Fang and Huang (2017) find that
connected male analysts issue more accurate forecasts than female analysts.
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analysts’ forecasts since 2010. The significant change in the gender difference in forecast timeliness

over time justifies the choice of a short time window when I analyze the effect of COVID-19 school

closures.

3 Domestic distractions and analyst forecast timeliness

3.1 Forecast timeliness after the COVID-19 school closures

Forecast timeliness is an important perspective to assess the quality of analyst earnings forecasts.

Investors care about the timeliness of analysts’ forecasts, and timely earnings forecasts have a

more significant price impact than delayed ones (Cooper et al. (2001)). Timely forecasts also play

an important role in improving market efficiency, in the sense that they facilitate price discovery

(Zhang (2008)). Forecast timeliness influences analysts’ career outcomes as well: Chiu et al. (2021)

find that analysts producing timely forecasts are more likely to be voted as an all-star analyst and

less likely to be demoted to a smaller brokerage firm.

When financial analysts have limited attention, it is more difficult for them to issue timely

forecasts because they cannot respond fast to new information. Driskill et al. (2020) show that

analysts with limited attention issue less timely forecasts by studying the effect of concurrent firms’

earnings announcements in the analysts’ coverage portfolio on forecast timeliness. In this study,

the increase in the childcare demand during school closures is an exogenous distraction for analysts

and may reduce the timeliness of their forecasts.

Women spend more time on parenting and other domestic tasks than men (e.g., Bertrand et

al. (2010)). According to Becker (1985), the optimal amount of effort allocated to an hour of activity

is proportional to the effort intensity of the activity. The allocation of time that does not change

effort intensities changes the effort per hour in all activities. When women spend more time on
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energy-consuming domestic activities such as childcare, they have not only less time left for market

work but also less energy for each hour of market work. Therefore, I expect the exogenous increase

in domestic work after COVID-19 school closures are more likely to distract female analysts rather

than male analysts and decrease their forecast timeliness.

I test the effect of domestic responsibilities on the timeliness of analyst forecasts by exploring

the exogenous school closure decisions during the COVID-19 pandemic in the following difference-

in-differences model:

(1)
Timelyi,j,t =α+ β1Femalej × School closurei,j,t + β2Femalej + β3School closurei,j,t

+ Controls+ ui + vj + zt + εi,j,t,

where Femalej is a dummy variable equal to one if the analyst is a female, and zero otherwise;

School closurei,j,t indicates whether school closures start when analyst j issues earnings forecasts

for firm i after the earnings announcement as of quarter t. The regression includes firm fixed effects,

analyst fixed effects, and time fixed effects to control for time-invariant characteristics of firms and

analysts, and the time trend.12 Including analyst fixed effects takes care of any general capability,

work habits, attitudes, education, and personality traits, etc. that may impact the likelihood to

issue timely or non-timely forecasts. Standard errors clustered by analyst and firm.

Table 2 contains the regression results. In Column (1), the model compares the forecast time-

liness of analysts after controlling for firm, broker, state, and time fixed effects. Female analysts’

forecast timeliness decreases at a 4.3 pp larger magnitude than that of male analysts, and the gen-

der difference is statistically significant at the 10% level. The COVID-19 school closures decrease

forecast timeliness of male analysts by 6.4 percentage points (pp) and the effect is statistically sig-

nificant at the 5% level. When schools are not closed in 2020, female analysts are 4.9 pp more likely
12Time fixed effects control for the earnings announcement date of firm i in quarter t. Therefore, any calendar

time effect such as the day of a week is controlled for.
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to issue timely forecasts, compared with male analysts. Adding to the findings in Kumar (2010)

that female analysts issue more accurate and bolder forecasts than male analysts, I show that they

issue more timely forecasts in 2020 when schools are not closed.

The model in Column (2) additionally controls for analyst fixed effects and compares the forecast

timeliness within an analyst. After controlling for time-invariant characteristics of analysts, the

coefficient estimate of the interaction term of Female and School closure goes up to 6.7 pp, which is

statistically significant at the 1% level. The difference is economically significant as well, given that

it accounts for 9.05% of the average forecast timeliness in the sample (Table 1). On the contrary,

the negative effect of the COVID-19 school closures on forecast timeliness among male analysts

decreases to half of the effect in the model without analyst fixed effects in Column (1) and becomes

statistically insignificant.

The model in Column (3) controls for firm × quarter fixed effects. The model is very strict

because it effectively compares within analyst forecasts after the same firm’s same earnings an-

nouncement. The sample allows this comparison since there are earnings announcements and ana-

lysts’ forecasts both happening before the school closure in one state and both happening after the

school closure in another state (Scenario 2 demonstrated in Figure 1). Again, the negative effect

of school closures on forecast timeliness is 6.2 pp larger among female analysts than male analysts

within the same firm-quarter, which is statistically significant at the 1% level.

Several control variables significantly influence forecast timeliness. Consistent with the findings

in Driskill et al. (2020), the number of followed firms’ earnings announcements has a negative effect

on forecast timeliness. Specifically, when the number of earnings announcements in the analysts’

coverage portfolio increases by one unit, the probability to issue a timely forecast decreases by 1.7

pp. Analysts are more likely to issue timely forecasts for firms with higher institutional ownership,

which means they cater to institutional clients and immediately respond to earnings announcements
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of firms with higher institutional ownership. When the analysts follow more firms or have more

experience in issuing forecasts for the firm, they are more likely to issue timely forecasts.

By studying the effect within analysts and within firm-quarter, the above baseline analysis

provides strong evidence that female analysts’ forecast timeliness is significantly influenced by

the increase in domestic burdens caused by the COVID-19 school closures. To further check the

robustness of the results, I define the counterfactuals in different ways.

To start with, I use a shorter time window in March 2020 and conduct similar analyses. In this

way, the model emphasizes the staggered feature in school closure decisions across states in March

2020. The number of observations in this sample significantly drops to 1698. Columns (1) and

(2) in Table 3 contain the regression results. In line with previous findings, school closure reduces

female analysts’ forecast more than that of male analysts: the around 10 pp difference, which is

statistically significant at the 10% level, accounts for 13.5% of the average probability to issue a

timely forecast in the sample (Table 1). The effect of school closures on the forecast timeliness

among male analysts (6.3 pp in Column (2) of Table 3) is not statistically significant at the 10%

level. The estimated gender difference in this sample is larger than that in the sample from January

2020 to August 2020. The attenuation in the economic size of the school closure effect may be due

to potential confounding factors in a larger time window. It is also possible that analysts are able

to deploy strategies to deal with the increase in childcare demand over time, and therefore, the

effect of school closures on forecast timeliness in March is mitigated in an extended window.

Analysts’ forecasts before and after school closures are issued at different times of the year.

Lo and Wu (2018) and Chang et al. (2017) find that analysts’ forecasts are influenced by the

seasonality. To take out the seasonality of the analysts’ forecasts, I compare the earnings forecasts

after the earnings announcements from March 23rd to August 31st in 2020 when most schools in

all states are closed during the COVID-19 pandemic with those in the same time period in the
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previous year 2019. In other words, the sample is from March 23rd to August 31st in 2019 and

2020, and School closure is defined as equal to one if the earnings forecast is issued in the year 2020,

and zero otherwise. Results in columns (3) and (4) of Table 3 confirm that school closures have a

negative effect on female analysts’ forecast timeliness.

3.2 The impact of gender attitude

The observed gender difference in the effect of the COVID-19 school closures on forecast timeliness

may be due to reasons other than the gender inequality in housework allocation. For example, if

female analysts spend a longer time in analyzing information to issue earnings forecasts during a

pandemic or a recession caused by the pandemic because women are more risk-averse (e.g., Powell

and Ansic (1997)) and less overconfident (e.g., Lenney (1977) and Barber and Odean (2001)), the

findings in the previous section may be explained by the nature of gender differences rather than

the unequal division of domestic work. However, the channel of gender differences in response to

pandemics is not likely to exist because female analysts are more competitive and better educated

than male analysts (Kumar (2010) and Fang and Huang (2017)). Studies have found that gender

differences in risk aversion and overconfidence are much smaller after controlling for knowledge and

self-selection (Dwyer et al. (2002) and Hardies et al. (2013)).

To further confirm the explanation of distractions of the childcare demand, I explore the cross-

sectional difference in the division of household responsibilities across states. Social environment

shapes people’s values, beliefs, and behavior (e.g., Kumar et al. (2011)). The sexual division of labor

at home is likely to be more imbalanced in states with conservative gender attitudes (Ruppanner

and Maume (2016)), and analysts may conform to expectations of the local social environment.13

13Previous studies have used firms’ local social environment as a proxy to examine CEOs’ behavior, see, e.g.,
Hilary and Hui (2009) and Focke et al. (2017).
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Therefore, I expect the observed gender difference in the effects of the COVID-19 school closures

on forecast timeliness is larger among states with conservative gender attitudes.

I use the U.S. 2017 wave of the World Value Survey to calculate a gender attitude index for each

state as the average of three measures on gender attitude from questions about opinions on women

in jobs, political positions, and education for all respondents from each state, following the way

the World Value Survey calculates the gender attitude index for each country.14 Internet Appendix

Figure IA2 shows the cross-sectional variation of gender attitude across states in the U.S. I divide

states into liberal- or conservative- gender-attitude states with this measure. Liberalj is a dummy

variable equal to one, if the gender attitude index is larger or equal to the median in the sample,

i.e., the gender attitude index of New York at 0.724, and zero otherwise. Table 1 shows that 82%

of the analysts in the sample are located in states with liberal gender attitudes because more than

half of the analysts are located in New York, where the gender attitude is relatively liberal.

Table 4 presents the regression results in sub-samples of states with liberal or conservative gender

attitudes. The coefficient estimate of the interaction term between Female and School closure is

statistically insignificant in states with liberal gender attitudes but is statistically significant at the

10% level and economically large (13 pp) in states with conservative gender attitudes in the model

with firm, broker, state, and time fixed effects (columns (1) and (2)). In the model controlling for

analyst, firm, and time fixed effects (columns (3) and (4)), the gender difference in the effect of the

school closures on the forecast timeliness increases to 6 pp and becomes statistically significant at

the 5% level in states with liberal gender attitudes. The gender difference is much larger at 11.5 pp

in states with conservative gender attitudes, which is statistically significant at the 10% level.

Indeed, school closures influence female analysts more in states with conservative gender at-

titudes. The results further confirm that the gender difference in the effect of school closures on
14I use the arithmetic mean of the measures across all respondents from the same states. Using weighted means

with the sample weight from the survey does not materially change the state-level measure.
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forecast timeliness comes from the unequal allocation of domestic work between gender. Other

channels such as gender differences in risk-aversion cannot explain the different findings in liberal

and conservative states in terms of gender attitudes.

3.3 Placebo tests using financial crises

The time of COVID-19 school closures overlaps with a financial crash. Is it possible that female

analysts’ forecast timeliness is negatively influenced by the financial crash? As discussed previously,

it is possible that female analysts are more risk-averse and less overconfident and thus, may be more

likely to postpone the forecast release during financial crises. In this section, I conduct a placebo

test on the gender difference in forecast timeliness during financial crises.

Based on the NBER definition of the financial crisis, there are two financial crises from 1999

to 2020 (restricted by the I/B/E/S sample): one from March 2001 to November 2001 and the

other from December 2007 to June 2009. To have an approximately symmetric window around

each financial crisis, I use the sample period from 2000 to 2002 and the sample period from 2007

to 2010, respectively. Table 5 presents the results. The financial crisis in 2001 does not have a

significant effect on forecast timeliness while the more severe financial crisis in 2008 decreases the

likelihood to issue timely forecasts by more than 20 pp. In contrast to the gender difference in the

negative effect of the school closures on forecast timeliness, the negative effect of the 2008 financial

crisis is not more salient among female analysts. If there is anything in gender difference, female

analysts are even 1.8 pp more likely to issue timely forecasts during the 2008 financial crisis, but

the effect becomes insignificant once the firm-quarter fixed effects and analyst fixed effects are

controlled for.
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3.4 Evidence from H1N1 school closures

Another massive school closure event in the U.S. happened during the H1N1 pandemic, commonly

referred to as “swine flu”, in 2009. However, it is hard to capture the effect of the school closure

event in 2009 because the decisions on school closures were inconsistent and dispersed (Klaiman et

al. (2011)), unlike the school closure decisions during the COVID-19 pandemic.15 I try to capture

the effect of school closures in two ways. First, I compare the forecast timeliness in 2009 with

that in the previous and subsequent years 2008 and 2010. H1N1-related school closures happened

at different times across the year 2009, i.e., both in spring when the pandemic started and in

fall during the second wave. Therefore, comparing the forecast timeliness in 2009 with that in

2008 and 2010 may capture the aggregated effect of school closures in 2009, given that there is

no massive school closure event in 2008 and 2010. In addition, I take advantage of the fact that

New York continued school closures even after the CDC ceased recommending school closures, and

other states opened schools (Klaiman et al. (2011)), comparing the difference in forecast timeliness

between New York analysts and non-New York analysts in May and June 2009.

Table 6 contain the regression results. Female analysts are 2 pp less likely to issue timely forecasts

in 2009 when school closures happened, compared with the forecasts in 2008 and 2010. In May and

June 2009, in New York where many schools were still closed, the gender difference in the probability

to issue timely forecast is 6.9 pp lower than that in states where schools were not ordered to close.

The effect is statistically significant at the 5% level without control variables in the model (Column

(3)) and is economically significant, amounting to 88% of the gender difference in forecast timeliness

of analysts in states other than New York. The effect becomes statistically significant at the 10%

level when control variables are added, but the economic level remains similar (Column (4)).
15The U.S. Centers for Disease Control and Prevention (CDC) recommended school closures on May 1st, 2009 but

quickly revised its recommendation on May 5th, 2009 to not closing the school but keeping ill children home.
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To summarize, female analysts are less likely to issue timely forecasts after unexpected school

closures caused by pandemics, but there is no significant gender difference in forecast timeliness

during financial crises. School closures increase the demand for domestic work and childcare, leading

to less timely forecasts of female analysts. According to previous literature (Cooper et al. (2001),

Zhang (2008), Chiu et al. (2021)), less timely forecasts are associated with smaller market im-

pact and less favorable career outcomes, making it harder for female analysts to succeed in this

competitive industry.

3.5 Child-rearing and effect of school closures on forecast timeliness

The analyses so far compare the effect of the COVID-19 school closures on the forecast timeliness

of male and female analysts, independently of whether they have children or not.16 The comparison

of forecast timeliness in the sample pooling analysts with and without children may underestimate

the treatment effect, potentially giving rise to attenuation bias, because child-rearing duties are

critical for the effect.

To further attribute the effect of the COVID-19 school closures on forecast timeliness to the

distractions caused by school closures, I collect data on family conditions of analysts by checking

their Facebook page. Internet Appendix I describes the detailed process of the data collection. I find

Facebook pages for 680 analysts and 290 of these pages contain photos of the analysts’ children.17

I then estimate the children’s ages based on the photos and the time of the posts. 262 out of the

290 analysts who have posted photos of their children have at least one child under 18. Analysts

whose children are all adults, whose Facebook posts do not have photos of their children, or whose

Facebook pages cannot be found, are used as the control group. Note that it is possible that some
16Analysts are likely to be in the prime years of child-rearing, given that average age in the financial analyst

industry is around 40 years old. See https://datausa.io/profile/soc/financial-analysts.
17I identify whether the children in the photos are children of the analysts or, e.g., children of their friends

or siblings, based on the texts and comments in the posts. Potential misattribution may add noise to the data,
underestimating the treatment effect.
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analysts who have children do not post them on Facebook. This adds noise in the measure and

may even underestimate the treatment effect because some analysts in the control group may have

children as well.

Figure 3 compares the coefficient estimates of School closure in the regression of Timely on School

closure in sub-samples of male analysts with children, female analysts with children, and other male

and female analysts, respectively. All regressions control for analyst fixed effects, and standard

errors are clustered by analyst and firm. School closures have a negative impact on the forecast

timeliness of all analysts, but the magnitude of the effect substantially differs across different groups

of analysts. School closures decrease the forecast timeliness of female analysts with children by 14

pp and that of male analysts with children by only 2 pp. The effects of school closures on the

forecast timeliness of other analysts in the sample have a modest gender difference, i.e., 4 pp for

male analysts and 5 pp for female analysts. The decrease in forecast timeliness of female analysts

with children amounts to 7 times the decrease in forecast timeliness of male analysts with children

and around 3 times of the decrease in forecast timeliness of other male and female analysts.

Information on whether an analyst has a non-adult child refines the definition of the treatment

and control groups. Analysts with children are in the treatment group whereas other analysts are

in the control group. Moreover, analysts are subdivided based on their gender within each group

because domestic burdens increased by school closures are expected to have a larger impact on

female analysts.

To start with, I compare female analysts with children with other female analysts by running a

regression of Timely on School closure, Having children, and their interaction term. Having children

is a dummy variable equal to one if an analyst’s Facebook page contains photos of her non-adult

children, and zero otherwise. This sample consists of female analysts only, ruling out other expla-

nations related to gender differences. Panel A of Table 7 contains the regression results. Column
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(1) presents the model controlling for analyst fixed effects. The result shows that the around 9

pp difference in the effects of school closures on female analysts with children and other female

analysts is statistically significant at the 10% level. After including control variables and analyst,

firm, and time fixed effects (Column (2)), female analysts with children are 13.1 pp less likely to

issue timely forecasts after school closures than other female analysts, and the result is statistically

significant at the 5% level. By contrast, in columns (3) and (4), I compare the forecast timeliness of

male analysts with children and that of other male analysts but do not find any significant result.

The comparison within female analysts would be invalid to establish causality if there is a

contemporaneous shock at the state-level, other than the COVID-19 school closures, that affects

all analysts with children. To address this issue, another option to establish a counterfactual is

to compare the gender difference within analysts with children. Panel B of Table 7 contains the

regression results of Timely on School closure, Female, and their interaction term in the sub-samples

of analysts with children or other analysts. The results show that the forecast timeliness of mothers

decreases by 12.3 pp or 22.8 pp more after school closures, compared with that of fathers (columns

(1) and (2)). By contrast, there is no gender difference in the effect of school closures on forecast

timeliness in the sample of analysts who do not have non-adult children based on the Facebook

data (columns (3) and (4)).

Finally, the setting allows conducting a triple difference or difference-in-difference-in-differences

(DDD) analysis (e.g., Gruber (1994)), which uses higher-order contrast to draw causal inference

(Angrist and Pischke (2008)). I conduct the triple difference estimation by adding interaction terms

among School closure, Having children, and Female in the model of Equation 1. Panel C of Table 7

shows the results. The distraction of domestic burdens caused by school closures decreases mother

analysts’ forecast timeliness by 11.0–14.9 pp, which accounts for up to 20% of the average forecast
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timeliness in the sample. This effect estimated by the coefficient estimates of the triple interaction

term is statistically significant at the 5% level in all model specifications.

Information from analysts’ Facebook pages further confirms that analysts distracted by domes-

tic burdens are less likely to issue timely forecasts. The data collected from Facebook may have

limitations because it solely relies on public posts by analysts. Male analysts may be less likely to

have Facebook pages or less likely to post photos of their children, compared with female analysts.18

This would bias the results if male analysts who have posted photos of their children are less likely

to be influenced by school closures than male analysts who have children but do not post them on

Facebook. However, this is implausible because people who spend time taking care of their children

are expected to be more likely to post photos of children on social web pages.

4 Domestic distractions, analyst forecast accuracy, and effort al-

location

The findings presented in Section 3 suggest that analysts distracted by domestic work decrease

forecast timeliness. Do domestic distractions influence forecast accuracy as well? Widely studied

by the previous literature, forecast accuracy is the first-order concern in terms of forecast quality.

However, compared with the effect of limited attention on forecast timeliness, whether and how

school closures influence forecast accuracy are less clear. On the one hand, forecast accuracy may

deteriorate when analysts suffer from limited attention after the school closures. On the other hand,

forecast accuracy may represent analysts’ capability to gather and interpret information and thus,

is not influenced by limited attention to as large an extent as forecast timeliness. When distracted

by household responsibilities, analysts have to delay the issuance of forecasts because they have
18Table 2 shows that slightly more female analysts are identified as having children. The reason is that more female

analysts’ Facebook pages are found (see Internet Appendix I for more details).
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less time for work, but they may not issue a forecast unless they think it is accurate enough. In

this section, I empirically investigate whether and how forecast accuracy is influenced by school

closures.

To measure forecast accuracy, I first calculate the forecast error as the absolute value of the

difference between the analyst earnings forecast and the actual earnings announced by the firm.

The larger the forecast error is, the less accurate the forecast is. Following Clement and Tse (2005),

I define Forecast accuracy as:

(2) Forecast accuracyi,j,t = Forecast errorMaxi,t − Forecast errori,j,t

Forecast errorMaxi,t − Forecast errorMini,t
,

where Forecast errorMini,t and Forecast errorMaxi,t are the minimum and maximum of the

forecast errors (an absolute value) for all analysts following firm i in quarter t issued in the same

calendar month. Forecast accuracyi,j,t varies from 0 to 1, and the larger the value is, the more

accurate the analyst’s forecast is, comparing within the forecasts for the same firm-quarter issued

in the same month.

I run a regression of Forecast accuracy on the dummy variables Female, School Closure, and

their interaction terms, controlling for firm and analyst characteristics and various fixed effects as

in Table 2. Standard errors are clustered by analyst and firm.

Table 8 contains the regression results. I find some evidence that female analysts issue less

accurate forecasts after school closures. The COVID-19 school closures decrease the relative measure

of forecast accuracy by 2.2 pp to 5.1 pp, depending on the model specifications. The economic

magnitude corresponds to 4% to 9% of the average forecast accuracy in the sample (0.54 pp in

Table 1). However, the effect is only marginally statistically significant at the 10% level if firm ×

quarter fixed effects are controlled for.
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Furthermore, if I compare forecast accuracy before and after school closures in March 2020 or

that in 2019 and 2020 as in Table 3, Table IA4 in the Internet Appendix shows that the results are

not statistically significant at the conventional level, either. Therefore, there is no strong and robust

evidence that female analysts issue less accurate forecasts after the COVID-19 school closures.

In the next step, I explore how female analysts managed to mitigate the negative impact of

domestic work on forecast accuracy. Harford et al. (2019) find that analysts strategically allocate

more effort to firms that are important for their careers, e.g., firms with relatively large institutional

ownership in their coverage portfolio. Hence, it is possible that after the COVID-19 school closures,

female analysts allocate more efforts to issue a forecast for these firms to at least maintain the

forecast accuracy of these forecasts. As a result, on average, school closures do not significantly

deteriorate the forecast accuracy of female analysts.

To test the hypothesis of effort allocation under the pressure from domestic work, I measure

the importance of a firm in an analyst portfolio based on its institutional ownership because firms

with higher institutional ownership deliver more lucrative commission revenue for the broker firm

(Frankel et al. (2006)). Moreover, analysts are dependent on institutional investors for performance

ratings (Ljungqvist et al. (2007)), e.g., all-star analyst nomination. For each analyst-earnings an-

nouncement date, I rank the institutional ownership of firms and define a dummy variable High

institutional ownership equal to one if the firm is in the top quartile of portfolio firms issuing fore-

casts on the same day in terms of institutional ownership, and zero otherwise.19 I run a regression

of Forecast accuracy on the dummy variables Female, School Closure, High institutional ownership,

and their interaction terms with control variables and fixed effects as in Table 8.

Table 9 presents the regression results. The coefficients estimates of the interaction term between

the female dummy and school closure dummy are negative and statistically significant in all model
19The quartile cut-off follows Harford et al. (2019), and results remain similar if High institutional ownership is

defined as in the top tertile or quantile.
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specifications. It means that for firms that are relatively less important for the analysts’ career,

female analysts’ forecast accuracy reduces by 5.8 pp to 8.7 pp, i.e., more than 10% of the average

forecast accuracy in the sample, after the school closures. By contrast, high institutional ownership

mitigates the negative effect of school closures on female analysts’ forecast accuracy by 9 pp to

9.6 pp. The effect is statistically significant at the 10% level in all models. The findings indicate

that female analysts allocate more efforts to firms with higher institutional ownership after school

closures, and therefore, guarantee forecast accuracy for these firms that are important for their

careers.20

Another possibility is that analysts choose to delay the forecast releases in order to guarantee

the forecast accuracy (Clement and Tse (2003), Guttman (2010), and Shroff et al. (2014)). If so,

timely forecasts of female analysts are expected to be less accurate. However, regressions results of

Forecast accuracy on a triple interaction term among Female, School Closure, Timely in Table IA5

do not support this conjecture.

To summarize, there is only weak and unrobust evidence that female analysts, on average,

decrease forecast accuracy after the COVID-19 school closures since they strategically allocate

their efforts and manage to maintain forecast accuracy for firms that are important for their career.

5 Domestic distraction and forecast release time

If female analysts get distracted by the increase in domestic burdens after the COVID-19 school

closures, the time of day to release forecasts may be significantly influenced. For example, analysts

may need to take care of the children and cook meals during the daytime and therefore, have to

issue forecasts at night when the children go to sleep. Analysts have busy daily schedules (Bradshaw
20Similar analysis on forecast timeliness also find that the decrease in female analysts’ forecast timeliness after

school closures is smaller for firms with high institutional ownership (see Internet Appendix Table IA6), but the
mitigating effect is not statistically significant at the conventional level.
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et al. (2017)) and may strategically choose the time of day when they release earnings forecasts.

However, very little is known about what influences the time of day when analysts issue forecasts.

This section investigates the effect of the COVID-19 school closures on the forecast release time.

The forecast release time is obtained from the I/B/E/S database.21 I transfer the data based on

Eastern Standard Time zone to local time based on the state where the analyst locates.22

Figure 4 plots the distribution of the forecast release time of the day, separately, for male and

female analysts before and after the school closures. The bright histogram draws the distribution

of forecast release time before school closures whereas the dark histogram draws the distribution

of forecast release time after the school closures. As expected, after school closures, the fraction of

forecasts released by female analysts increases during most hour intervals at night (from 21:00 to

4:00 of the next day) but decreases during the day and in the evening. By contrast, the change in

the forecast release time for male analysts after school closures is visually smaller, even though there

is a similar pattern that more forecast releases happen at night rather than during the daytime.

In the next step, I formally test whether female analysts are less likely to release forecasts during

the periods of a day when housework is intensive in regressions with control variables and fixed

effects. I define Housework-intensive time as a dummy variable equal to one if analyst j releases

the earnings forecast for firm i during the time period of a day when housework demands such as

cooking and childcare are high, i.e., in the morning from 7:00 to 9:00, at noon from 12:00 to 14:00,

and from 17:00 to 21:00 in the evening, and zero otherwise.
21Based on the interpretation by the data provider, the variable announcement time (ANNTIMS) from IBES

Detail History file is the time when a broker’s estimate is being released to I/B/E/S. It may be obtained via research
reports or via earnings feeds. The timestamp “00:00:00” may be missing values, so I exclude the observations (only
133) from the sample.

22I refer to Wikipedia page on the U.S. time zone: https://simple.wikipedia.org/wiki/List_of_U.S._states_
and_territories_by_time_zone. Some states have more than one time zones and the time zone of the largest part
of the territory in the state is used. For example, some counties near the southwestern and northwestern border of
Indiana use Central Standard Time but I assume Indiana uses the Eastern Standard Time.
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Based on the summary statistics in Table 1, 34% of the analyst forecasts in the sample are

released during the housework-intensive. I run a regression of Housework-intensive on Female,

School closure, and their interaction term, controlling for firm, broker and state (or analyst), and

time fixed effects. I include analyst characteristics, the number of firms in the coverage, broker size,

and analysts’ experience in the firm, because these characteristics may influence the time of day

an analyst releases forecasts. Table 10 contains the regression results. After school closures, female

analysts are 9 pp less likely to release forecasts during housework-intensive hours. On the contrary,

male analysts do not significantly shift the time of day when they release forecasts.

To have a closer look at how analysts shift their forecast releasing time, I run regressions of

dummy variables indicating whether the forecast is released during the hour of the day on the

school closure dummy in the sample of male analysts’ forecasts and female analysts’ forecasts,

separately. The regressions control for analyst fixed effects to focus the within-analyst change in

the forecast time, and the standard errors are clustered by analyst. Figure 5 contains the coefficient

estimates of the school closure dummy for each time interval. The confidence intervals of coefficient

estimates plotted are at the 90% level. Female analysts are less likely to release forecasts at noon

from 12:00-14:00 and are more likely to release forecasts from 21:00-22:00 after school closures. By

contrast, the change of likelihood to release forecasts during these time intervals for male analysts

does not differ from zero. In general, I observe the pattern that the change in the release time for

female analysts is economically larger than that for male analysts. However, the gender difference

may not be statistically significant at the conventional level. The small number of female analysts

leads to a large standard deviation of the coefficient estimates while the standard deviation of the

coefficient estimates in the sample of male analysts is much smaller.

Taking advantage of the detailed time stamp of analysts’ forecasts, I show that female analysts

shift the forecast releases to hours when childcare activities and housework demand are less in-
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tensive. This result provides additional evidence that the COVID-19 school closures have a larger

impact on female analysts’ attention at work because women take more responsibilities for childcare.

6 Additional analyses

6.1 Forecast boldness

Forecast boldness is another important perspective of the quality of analyst earnings forecasts.

In this section, I investigate whether and how the forecast boldness is influenced by the school

closures. It is possible that when distracted by domestic burdens, analysts may be more likely to

herd and issue a forecast similar to that of other analysts or their previous forecasts. However, it is

also possible that analysts may be less likely to pay attention to all available information including

the forecasts by other analysts and issue a forecast deviating more from the consensus after school

closures.

To define measures of forecast boldness, I first calculate the distance between a given forecast

and the consensus of all forecasts for the firm-quarter (measured as the average of all available

analyst earnings forecast values for the same firm-quarter) at the time of the analyst forecast

release. Another measure is the distance between a given forecast and the previous forecast of

the analyst for the firm-quarter. To get the consensus of the forecast and the analyst’s previous

forecast, I use a sample of all earnings forecasts 360 days before a firm’s earnings announcement

dates. I calculate variables Distance from consensus and Distance from previous with the following

equation (Clement and Tse (2005)):

(3) Distancei,j,t = Absolute distancei,j,t −Absolute distanceMini,t

Absolute distanceMaxi,t −Absolute distanceMini,t
,
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where Absolute distancei,j,t is the absolute value of the difference between the analyst forecast

value and the consensus of analyst forecasts or the previous forecast issued by the same ana-

lysts; Absolute distanceMini,t and Absolute distanceMaxi,t are the minimum and the maximum

of Absolute distancei,j,t for firm i in quarter t. The boldness measures vary from 0 to 1, and the

higher the score is, the bolder the analyst’s forecast is, comparing within the forecasts for the same

firm-quarter.

I run the same regressions as in the baseline analysis of Table 2 and present the result in the

internet appendix Table IA7. Female analysts’ forecasts deviate more from the consensus forecasts

after school closures. The effect amounts to 4.9 pp-6.8 pp, which is statistically significant at the

5% level. Female analysts’ forecasts deviate slightly more from their own previous forecasts as well,

but the effect is not statistically significant. Female analysts issue forecasts that deviate more from

the consensus but do not deviate more from their own previous forecasts, so a potential explanation

could be that they do not pay as much attention to available forecasts by other analysts as they

did before school closures.

6.2 Analysts’ activities at earnings conference calls

At last, I investigate analysts’ activities at earnings conference calls. If analysts are distracted by

the COVID-19 school closures, their activities at the conference call may also be influenced and

the effect is expected to be larger among female analysts. I conjecture that female analysts may

be less likely to ask questions in conference calls after school closures. In addition, female analysts

who participate in earnings conference calls may ask shorter and fewer questions.

I construct a sample consisting of conference call transcripts for earnings conference calls from

January 2020 to August 2020. The conference call transcripts are obtained from Seeking Alpha.

I extract the analysts’ names from the transcripts and match them with the analysts that issue
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forecasts for the firm in the quarter based on the I/B/E/S database. Internet Appendix Section II

contains the analyses and results in details.

I do not find a significant effect of the COVID-19 school closures on the participation of con-

ference calls for either male or female analysts. Nevertheless, female analysts are less likely to ask

questions during some time of the day after the COVID-19 school closures, more specifically, from

5:00 to 6:00 in the morning and from 11:00 to 12:00 at noon (Internet Appendix Figure IA3).

Furthermore, conditional on participating in the conference, female analysts ask shorter and fewer

questions after the COVID-19 school closures (Internet Appendix Table IA9).

7 Conclusion

In this paper, I find strong and robust evidence that the COVID-19 school closures negatively

influence the forecast timeliness of female analysts, especially in states where the general gender

attitudes are conservative. Conducting a triple difference analysis with manually collected data,

I estimate a 15 pp decrease in mother’s forecast timeliness after the COVID-19 school closures.

Female analysts shift the forecast release time to hours without intensive housework after the

school closures. In addition, female analysts allocate their limited attention to firms that are more

important for their careers and maintain forecast accuracy for these firms.

Even though female analysts are competitive women who choose and survive in this male-

dominated industry, they are still more likely to be influenced by domestic responsibilities when

the demand for childcare unexpectedly increases after the COVID-19 school closures. Consistent

with the sexual division of labor theory by Becker (1985), the gender imbalance in childcare duties

and domestic tasks may at least partially explain the notable unrepresentativeness of women. On

the bright side, the findings imply that the gender gap in the job market may be able to get closed by

alleviating the imbalance in housework allocation between gender or by providing better external
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childcare services. In addition, it is worth learning from female analysts’ strategically allocating

efforts in the face of domestic distractions.

To my knowledge, this paper is the first to link distractions of domestic work to analysts’ forecasts

and the labor market of the financial analyst industry. Even professional analysts are influenced

by distractions of housework. It is likely that other financial market participants also suffer from

limited attention due to distractions of domestic burdens, and the effect may have a large impact

on financial markets. This study serves as a starting point for future research to quantify and

investigate the effect of domestic duties on financial markets.

The findings also add to the increasing understanding of the social effects of the COVID-19 pan-

demic. COVID-19-induced measures such as school closures decrease forecast timeliness of female

analysts, which influence information processing efficiency in financial markets. More importantly,

it should be brought to the attention of policymakers that these measures influence different groups

in an unequal way. As found in this paper, even women in a competitive profession are more vul-

nerable to the COVID-19-related social effects.

33



References
Alon, Titan M, Matthias Doepke, Jane Olmstead-Rumsey, and Michele Tertilt (2020). “The impact

of COVID-19 on gender equality”. National Bureau of Economic Research.
Angrist, Joshua D and Jörn-Steffen Pischke (2008). Mostly harmless econometrics: An empiricist’s

companion. Princeton university press.
Baker, Scott R, Nicholas Bloom, Steven J Davis, Kyle J Kost, Marco C Sammon, and Tasaneeya

Viratyosin (2020). “The unprecedented stock market impact of COVID-19”. National Bureau of
Economic Research.

Barber, Brad M, Wei Jiang, Adair Morse, Manju Puri, Heather Tookes, and Ingrid M Werner
(2020). “What Explains Differences in Finance Research Productivity During the Pandemic?”
Fisher College of Business Working Paper.

Barber, Brad M and Terrance Odean (2001). “Boys will be boys: Gender, overconfidence, and
common stock investment”. In: Quarterly Journal of Economics 116(1), pp. 261–292.

Becker, Gary S (1985). “Human capital, effort, and the sexual division of labor”. In: Journal of
Labor Economics 3(1), pp. 33–58.

Bertrand, Marianne, Claudia Goldin, and Lawrence F Katz (2010). “Dynamics of the gender gap
for young professionals in the financial and corporate sectors”. In: American Economic Journal:
Applied Economics 2(3), pp. 228–55.

Bradshaw, Mark T (2011). “Analysts’ forecasts: what do we know after decades of work?” Available
at SSRN 1880339.

Bradshaw, Mark T, Yonca Ertimur, and Patricia C O’Brien (2017). “Financial analysts and their
contribution to well-functioning capital markets”. In: Foundations and Trends in Accounting
11(3), pp. 119–191.

Brown, Caitlin S and Martin Ravallion (2020). “Inequality and the Coronavirus: Socioeconomic
Covariates of Behavioral Responses and Viral Outcomes Across US Counties”. National Bureau
of Economic Research.

Brown, Lawrence D, Andrew C Call, Michael B Clement, and Nathan Y Sharp (2015). “Inside the
“black box” of sell-side financial analysts”. In: Journal of Accounting Research 53(1), pp. 1–47.

Chang, Tom Y, Samuel M Hartzmark, David H Solomon, and Eugene F Soltes (2017). “Being
surprised by the unsurprising: Earnings seasonality and stock returns”. In: Review of Financial
Studies 30(1), pp. 281–323.

Chen, Xia, Qiang Cheng, and Kin Lo (2010). “On the relationship between analyst reports and cor-
porate disclosures: Exploring the roles of information discovery and interpretation”. In: Journal
of Accounting and Economics 49(3), pp. 206–226.

Chiu, Peng-Chia, Ben Lourie, Alexander Nekrasov, and Siew Hong Teoh (2021). “Cater to thy
client: Analyst responsiveness to institutional investor attention”. In: Management Science.

Clement, Michael B and Senyo Y Tse (2003). “Do investors respond to analysts’ forecast revisions
as if forecast accuracy is all that matters?” In: The Accounting Review 78(1), pp. 227–249.

Clement, Michael B and Senyo Y Tse (2005). “Financial analyst characteristics and herding behavior
in forecasting”. In: Journal of Finance 60(1), pp. 307–341.

34



Collins, Caitlyn, Liana Christin Landivar, Leah Ruppanner, and William J Scarborough (2021).
“COVID-19 and the gender gap in work hours”. In: Gender, Work & Organization.

Cooper, Rick A, Theodore E Day, and Craig M Lewis (2001). “Following the leader: a study of
individual analysts’ earnings forecasts”. In: Journal of Financial Economics 61(3), pp. 383–416.

DeHaan, Ed, Terry Shevlin, and Jacob Thornock (2015). “Market (in) attention and the strategic
scheduling and timing of earnings announcements”. In: Journal of Accounting and Economics
60(1), pp. 36–55.

DellaVigna, Stefano and Joshua M Pollet (2009). “Investor inattention and Friday earnings an-
nouncements”. In: Journal of Finance 64(2), pp. 709–749.

Ding, Wenzhi, Ross Levine, Chen Lin, and Wensi Xie (2020). “Corporate immunity to the COVID-
19 pandemic”. In: Journal of Financial Economics Forthcoming.

Driskill, Matthew, Marcus P Kirk, and Jennifer Wu Tucker (2020). “Concurrent Earnings An-
nouncements and Analysts’ Information Production”. In: The Accounting Review 95(1), pp. 165–
189.

Dwyer, Peggy D, James H Gilkeson, and John A List (2002). “Gender differences in revealed risk
taking: evidence from mutual fund investors”. In: Economics Letters 76(2), pp. 151–158.

Fang, Lily Hua and Sterling Huang (2017). “Gender and connections among Wall Street analysts”.
In: Review of Financial Studies 30(9), pp. 3305–3335.

Focke, Florens, Ernst Maug, and Alexandra Niessen-Ruenzi (2017). “The impact of firm prestige
on executive compensation”. In: Journal of Financial Economics 123(2), pp. 313–336.

Frankel, Richard, SP Kothari, and Joseph Weber (2006). “Determinants of the informativeness of
analyst research”. In: Journal of Accounting and Economics 41(1-2), pp. 29–54.

Goldin, Claudia (2014). “A grand gender convergence: Its last chapter”. In: American Economic
Review 104(4), pp. 1091–1119.

Gruber, Jonathan (1994). “The incidence of mandated maternity benefits”. In: American Economic
Review, pp. 622–641.

Guttman, Ilan (2010). “The timing of analysts’ earnings forecasts”. In: The Accounting Review
85(2), pp. 513–545.

Hardies, Kris, Diane Breesch, and Joël Branson (2013). “Gender differences in overconfidence and
risk taking: Do self-selection and socialization matter?” In: Economics Letters 118(3), pp. 442–
444.

Harford, Jarrad, Feng Jiang, Rong Wang, and Fei Xie (2019). “Analyst career concerns, effort
allocation, and firms’ information environment”. In: Review of Financial Studies 32(6), pp. 2179–
2224.

Hilary, Gilles and Kai Wai Hui (2009). “Does religion matter in corporate decision making in
America?” In: Journal of Financial Economics 93(3), pp. 455–473.

Hirshleifer, David, Sonya Seongyeon Lim, and Siew Hong Teoh (2009). “Driven to distraction:
Extraneous events and underreaction to earnings news”. In: Journal of Finance 64(5), pp. 2289–
2325.

35



Huang, Allen H, Reuven Lehavy, Amy Y Zang, and Rong Zheng (2018). “Analyst information
discovery and interpretation roles: A topic modeling approach”. In: Management Science 64(6),
pp. 2833–2855.

Huang, Jiekun and Darren J Kisgen (2013). “Gender and corporate finance: Are male executives
overconfident relative to female executives?” In: Journal of Financial Economics 108(3), pp. 822–
839.

Huang, Shiyang, Yulin Huang, and Tse-Chun Lin (2019). “Attention allocation and return co-
movement: Evidence from repeated natural experiments”. In: Journal of Financial Economics
132(2), pp. 369–383.

Kahneman, Daniel (1973). Attention and effort. Vol. 1063. Citeseer.
Kempf, Elisabeth, Alberto Manconi, and Oliver Spalt (2017). “Distracted shareholders and corpo-

rate actions”. In: Review of Financial Studies 30(5), pp. 1660–1695.
Keskek, Sami, Senyo Tse, and Jennifer Wu Tucker (2014). “Analyst information production and

the timing of annual earnings forecasts”. In: Review of Accounting Studies 19(4), pp. 1504–1531.
Klaiman, Tamar, John D Kraemer, and Michael A Stoto (2011). “Variability in school closure

decisions in response to 2009 H1N1: a qualitative systems improvement analysis”. In: BMC
Public Health 11(1), p. 73.

Kumar, Alok (2010). “Self-selection and the forecasting abilities of female equity analysts”. In:
Journal of Accounting Research 48(2), pp. 393–435.

Kumar, Alok, Jeremy K Page, and Oliver G Spalt (2011). “Religious beliefs, gambling attitudes,
and financial market outcomes”. In: Journal of Financial Economics 102(3), pp. 671–708.

Lenney, Ellen (1977). “Women’s self-confidence in achievement settings.” In: Psychological Bulletin
84(1), p. 1.

Livnat, Joshua and Yuan Zhang (2012). “Information interpretation or information discovery: which
role of analysts do investors value more?” In: Review of Accounting Studies 17(3), pp. 612–641.

Ljungqvist, Alexander, Felicia Marston, Laura T Starks, Kelsey D Wei, and Hong Yan (2007).
“Conflicts of interest in sell-side research and the moderating role of institutional investors”. In:
Journal of Financial Economics 85(2), pp. 420–456.

Lo, Kin and Serena Shuo Wu (2018). “The impact of seasonal affective disorder on financial ana-
lysts”. In: The Accounting Review 93(4), pp. 309–333.

Louis, Henock and Amy Sun (2010). “Investor inattention and the market reaction to merger
announcements”. In: Management Science 56(10), pp. 1781–1793.

Mikhail, Michael B, Beverly R Walther, and Richard H Willis (1999). “Does forecast accuracy
matter to security analysts?” In: The Accounting Review 74(2), pp. 185–200.

Niederle, Muriel and Lise Vesterlund (2007). “Do women shy away from competition? Do men
compete too much?” In: Quarterly Journal of Economics 122(3), pp. 1067–1101.

Niessen-Ruenzi, Alexandra and Stefan Ruenzi (2019). “Sex matters: Gender bias in the mutual
fund industry”. In: Management Science 65(7), pp. 3001–3025.

Peress, Joel and Daniel Schmidt (2020). “Glued to the TV: Distracted noise traders and stock
market liquidity”. In: Journal of Finance 75(2), pp. 1083–1133.

36



Powell, Melanie and David Ansic (1997). “Gender differences in risk behaviour in financial decision-
making: An experimental analysis”. In: Journal of Economic Psychology 18(6), pp. 605–628.

Power, Kate (2020). “The COVID-19 pandemic has increased the care burden of women and fam-
ilies”. In: Sustainability: Science, Practice and Policy 16(1), pp. 67–73.

Ruppanner, Leah and David J Maume (2016). “The state of domestic affairs: Housework, gender
and state-level institutional logics”. In: Social Science Research 60, pp. 15–28.

Schmidt, Daniel (2019). “Distracted institutional investors”. In: Journal of Financial and Quanti-
tative Analysis 54(6), pp. 2453–2491.

Shroff, Pervin K, Ramgopal Venkataraman, and Baohua Xin (2014). “Timeliness of analysts’ fore-
casts: The information content of delayed forecasts”. In: Contemporary Accounting Research
31(1), pp. 202–229.

Zhang, Yuan (2008). “Analyst responsiveness and the post-earnings-announcement drift”. In: Jour-
nal of Accounting and Economics 46(1), pp. 201–215.

37



Figure 1: Demonstration of the sample construction

This figure demonstrates the sample construction. Scenario 1 demonstrates earnings announcements
excluded from the sample where earnings announcements happened before school closures in a state, and
a forecast of an analyst in that state was issued after school closures. Scenario 2 demonstrates earnings
announcements not excluded from the sample where both earnings announcements and analyst’s forecasts
happened before or after the school closure.

Firm A, Analyst 1

Earnings announcement Analyst forecast

School closure

Firm A, Analyst 2

Earnings announcement
Analyst forecast

School closure

Scenario 1

Firm B, Analyst 3

Earnings announcement
Analyst forecast

School closure

Firm B, Analyst 4

Earnings announcement
Analyst forecast

School closure

Scenario 2
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Figure 2: Forecast timeliness of male and female analysts’ earnings forecasts around
the COVID-19 school closures

This figure plots the average probability to issue timely forecasts among male analysts and female analysts
four weeks before and four weeks after the COVID-19 school closures.
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Figure 3: School closures effects on forecast timeliness among analysts

This figure plots the coefficient estimates of School closure in the regression of Timely on School closure
in sub-samples of male analysts and female analysts with children based on the information from their
Facebook, and male analysts and female analysts in the rest of the sample. The models control for analyst
fixed effects. Standard errors are clustered by analyst and firm. The confidence intervals of the coefficient
estimates are at the 90% level.
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Figure 4: COVID-19 school closures and distribution of forecast release time

This figure plots the fraction of earnings forecasts released by male and female analysts during each
time period of the day before and after the COVID-19 school closures. The bright histogram draws the
distribution of forecast release time before school closures, and the dark histogram draws the distribution
of forecast release time after school closures.
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Figure 5: Effect of school closures on forecast release time among male and female
analysts

This figure plots the coefficient estimates of School closure in the regressions of dummy variables indi-
cating whether the forecast is released during the hour of the day on the dummy variable School closure
in the sub-samples of male analysts’ forecasts and female analysts’ forecasts. The regressions control for
analyst fixed effects, and the standard errors are clustered by analyst. The confidence intervals of the
coefficient estimates are at the 90% level.
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Table 1: Summary statistics

This table contains summary statistics. Panel A contains the number of observations (Obs), mean,
standard deviation (Std. Dev.), 25% percentile (P25), median, and 75% percentile (P75), for a sample
of the first forecast by each analyst for a firm’s earnings in quarter t+1 issued after the firm’s quarter t
earnings announcement but before one day prior to quarter t+1 earnings announcement from January
2020 to August 2020. Earnings announcements are excluded from the sample if earnings announcements
happened before school closures in a state, and a forecast of an analyst in that state was issued after
school closures. Panel B contains the difference in the value of main variables and control variables for
male and female analysts. t-statistics are based on univariate regressions of the variables on the female
dummy, and standard errors are clustered by analyst and firm. All variables are defined in Appendix B.

Panel A: Summary statistics of main variables
Variable Obs Mean Std. Dev. P25 Median P75

Female 18701 0.10 0.30 0.00 0.00 0.00
School closed 18172 0.64 0.48 0.00 1.00 1.00
Timely 18701 0.74 0.44 0.00 1.00 1.00
Liberal 18701 0.82 0.38 0.00 1.00 1.00
Having children 18701 0.17 0.37 0.00 0.00 0.00
Forecast accuracy 15491 0.54 0.37 0.19 0.59 0.91
Housework-intensive time 18064 0.34 0.47 0.00 0.00 1.00
Distance from consensus 17853 0.45 0.35 0.12 0.40 0.77
Distance from previous 16156 0.46 0.36 0.14 0.42 0.78
No. of followed firms’ EA 18701 0.82 1.21 0.00 0.00 1.00
No. of firms followed 18292 18.28 7.93 13.00 18.00 23.00
Broker size 18292 45.55 31.69 19.00 41.00 63.00
Experience in the firm 18584 22.85 23.28 6.00 15.00 33.00
Firm size 17389 14.72 2.70 13.44 14.98 16.52
Institutional ownership 18322 0.69 0.26 0.54 0.76 0.89
Book to market 16345 0.55 0.48 0.21 0.42 0.77
Bad earning news 18634 0.35 0.48 0.00 0.00 1.00
Special items 16384 0.65 0.48 0.00 1.00 1.00
Log number of following analysts 18641 2.54 0.60 2.08 2.56 3.00
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Table 1: Summary statistics (continued)

Panel B: Comparison of main variables between gender
Male Female

Mean Std. Dev. Mean Std. Dev. Diff t-statistics

Timely 0.735 0.441 0.773 0.419 -0.038 -1.64
Liberal 0.824 0.381 0.877 0.328 -0.054 -1.45
Having children 0.158 0.365 0.229 0.421 -0.071 1.58
Housework-intensive time 0.334 0.472 0.363 0.481 -0.029 -1.53
Distance from consensus 0.451 0.354 0.467 0.361 -0.016 -1.29
Distance from previous 0.463 0.356 0.476 0.361 -0.013 -1.03
Forecast accuracy 0.545 0.371 0.515 0.374 0.030 2.37
No. of followed firms’ EA 0.813 1.200 0.856 1.286 -0.043 -0.40
No. of companies followed 18.337 7.966 17.815 7.621 0.522 0.68
Broker size 44.854 31.334 51.702 34.019 -6.848 -2.11
Experience in the firm 22.993 23.360 21.632 22.546 1.360 0.88
Firm size 14.712 2.713 14.769 2.627 -0.057 -0.50
Institutional ownership 0.694 0.258 0.683 0.255 0.011 -0.08
Book to market 0.546 0.483 0.559 0.473 -0.013 -0.44
Bad earning news 0.343 0.475 0.362 0.481 -0.019 -1.02
Special items 0.658 0.474 0.596 0.491 0.062 3.19
Log number of following analysts 2.536 0.597 2.532 0.578 0.004 0.09
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Table 2: Effect of COVID-19 school closures on forecast timeliness

This table contains the regression results of Timely on Female, School closure and their interaction term.
Timely is a dummy variable equal to one, if the analyst issues an earnings forecast for quarter t+1
within one trading day (day 0 or day 1) after the firm’s quarter t earnings announcement date, and zero
otherwise. All variables are defined in Appendix B. Standard errors are clustered by analyst and firm.
t-statistics are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%,
and 10% levels, respectively.

Dependent variable: Timely
(1) (2) (3)

Female × School closure -0.043∗ -0.067∗∗∗ -0.062∗∗∗

(-1.67) (-2.66) (-2.59)
School closure -0.064∗∗ -0.031 -0.036

(-2.31) (-1.01) (-1.15)
Female 0.049∗∗

(2.11)
No. of followed firms’ EA -0.017∗∗∗ -0.017∗∗∗ -0.016∗∗∗

(-3.48) (-4.11) (-3.84)
Firm size 0.012 0.012∗

(1.60) (1.89)
Institutional ownership 0.043∗ 0.046∗∗

(1.75) (2.04)
Book to market 0.013 0.019

(0.41) (0.66)
Bad earning news -0.010 -0.011

(-0.60) (-0.73)
Special items 0.019 0.007

(0.34) (0.13)
Log number of following analysts 0.074 0.032

(0.91) (0.40)
No. of firms followed 0.004∗∗∗ 0.003 0.003

(5.57) (1.07) (1.00)
Broker size 0.001 -0.001 -0.000

(0.75) (-0.34) (-0.22)
Experience in the firm 0.0005∗∗ 0.0004∗ 0.0004∗

(2.33) (1.78) (1.74)
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 15208 15378 15347
Adjusted R2 0.292 0.428 0.429
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Table 3: Effect of COVID-19 school closures on forecast timeliness – Other counter-
factuals

This table contains the regression results of Timely on Female, School closure and their interaction term.
Columns (1) and (2) run regressions in the sample of March 2020 and School closure is equal to one, if
the state where the analyst is located has closed schools, and zero otherwise. Columns (3) and (4) run
regressions in the sample from March 23rd to August 31st in 2019 and 2020 and School closure is equal to
one, if the earnings forecast is issued in year 2020, and zero otherwise. Timely is a dummy variable equal
to one, if the analyst issues an earnings forecast for quarter t+1 within one trading day (day 0 or day
1) after the firm’s quarter t earnings announcement date, and zero otherwise. Control variables include
No. of followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special
items, Log number of following analysts, No. of firms followed, Broker size, and Experience in the firm.
All variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics
are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent variable: Timely
(1) (2) (3) (4)

Counterfactual: Across states in March 2020 2019 vs 2020

Female × School closure -0.093∗ -0.122∗ -0.039∗ -0.048∗∗

(-1.86) (-1.92) (-1.67) (-2.29)
School closure -0.066∗ -0.063

(-1.86) (-1.26)
Female 0.033 0.036∗∗

(1.08) (2.15)
Control variables Yes Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm, Broker,
State, Time

Firm, Analyst,
Time

Observations 1698 1337 42675 43613
Adjusted R2 0.357 0.398 0.282 0.418
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Table 4: Gender attitudes and the effect of school closures on forecast timeliness

This table contains the regression results of Timely on Female, School closure and their interaction
term in separate samples of states with conservative or liberal gender attitudes measured by the US
2017 wave of the World Value Survey. Timely is a dummy variable equal to one, if the analyst issues
an earnings forecast for quarter t+1 within one trading day (day 0 or day 1) after the firm’s quarter
t earnings announcement date, and zero otherwise. Control variables include No. of followed firms’
EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special items, Log number
of following analysts, No. of firms followed, Broker size, and Experience in the firm. All variables are
defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics are provided in
parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable: Timely
(1) (2) (3) (4)

Gender attitudes: Liberal Conservative Liberal Conservative

Female × School closure -0.028 -0.130∗ -0.060∗∗ -0.115∗

(-1.02) (-1.85) (-2.12) (-1.67)
School closure -0.031 0.000 0.019

(-1.07) (0.00) (0.61)
Female 0.037 0.081

(1.54) (1.30)
Control variables Yes Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Broker,
State, Time

Firm, Analyst,
Time

Firm, Analyst,
Time

Observations 12244 2448 12142 2418
Adjusted R2 0.287 0.367 0.421 0.424
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Table 5: Effect of financial crises on the forecast timeliness – a placebo test

This table contains the regression results of Timely on Female, Financial crisis and their interaction
term. Columns (1) and (2) run regressions in the sample from 2000 to 2002 and Financial crisis is equal
to one if the earnings forecast is issued from March 2001 to November 2001 based on the NBER financial
crisis definition, and zero otherwise. Columns (3) and (4) run regressions in the sample from 2007 to 2010
and Financial crisis is equal to one if the earnings forecast is issued from December 2007 to June 2009
based on the NBER financial crisis definition, and zero otherwise. Timely is a dummy variable equal
to one if the analyst issues an earnings forecast for quarter t+1 within one trading day (day 0 or day
1) after the firm’s quarter t earnings announcement date, and zero otherwise. Control variables include
No. of followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special
items, Log number of following analysts, No. of firms followed, Broker size, and Experience in the firm.
All variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics
are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent variable: Timely
(1) (2) (3) (4)

Financial crisis: 2001 2007-2009

Female × Financial crisis 0.007 0.008 0.018∗∗ 0.013
(0.64) (0.71) (2.22) (1.54)

Financial crisis -0.023 -0.011 -0.277∗∗∗ -0.229∗∗∗

(-1.64) (-0.75) (-13.69) (-12.72)
Female 0.005 -0.007

(0.61) (-0.66)
Control variables Yes Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm-quarter,
Analyst, Time

Firm, Broker,
State, Time

Firm-quarter,
Analyst, Time

Observations 127681 152609 255772 288442
Adjusted R2 0.198 0.308 0.243 0.331
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Table 6: Effect of H1N1 school closures on the forecast timeliness

This table contains the regression results of Timely on Female, H1N1 school closure and their interaction
term. Columns (1) and (2) run regressions in the sample from 2008 to 2010 and School closure is equal
to one if the earnings forecast is issued in year 2020, and zero otherwise. Columns (3) and (4) run
regressions in the sample of May and June 2020 and School closure is equal to one if the state where
the analyst is located is New York, and zero otherwise. Timely is a dummy variable equal to one if
the analyst issues an earnings forecast for quarter t+1 within one trading day (day 0 or day 1) after
the firm’s quarter t earnings announcement date, and zero otherwise. Control variables include No. of
followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special items,
Log number of following analysts, No. of firms followed, Broker size, and Experience in the firm. All
variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics are
provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels,
respectively.

Dependent variable: Timely
(1) (2) (3) (4)

Counterfactual: 2009 vs 2008 and 2010 New York vs other states
in May and June 2009

Female × H1N1 school closure -0.021∗∗ -0.020∗∗ -0.069∗∗ -0.066∗

(-2.20) (-2.15) (-2.08) (-1.95)
H1N1 school closure 0.079∗∗∗ 0.055∗∗∗

(3.83) (2.91)
Female 0.008 0.078∗∗∗ 0.077∗∗∗

(0.72) (2.84) (2.76)
Control variables Yes Yes No Yes
Fixed effects Firm, Broker,

State, Time
Firm-quarter,
Analyst, Time

Firm, Broker,
State, Time

Firm, Broker,
State, Time

Observations 190147 199488 8085 7563
Adjusted R2 0.252 0.334 0.432 0.415
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Table 7: Effect of COVID-19 school closures on parents’ forecast timeliness

This table contains the regression results of Timely on School closure, Female, Having Children and their
interaction terms. The information on whether an analyst has a non-adult child is manually collect from
their Facebook pages. Timely is a dummy variable equal to one, if the analyst issues an earnings forecast
for quarter t+1 within one trading day (day 0 or day 1) after the firm’s quarter t earnings announcement
date, and zero otherwise. Control variables include No. of followed firms’ EA, Firm size, Institutional
ownership, Book to market, Bad earning news, Special items, Log number of following analysts, No. of
firms followed, Broker size, and Experience in the firm. All variables are defined in Appendix B. Standard
errors are clustered by analyst and firm. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%,
and 10% levels, respectively.

Dependent variable: Timely

Panel A: Parent effect among female or male analysts
(1) (2) (3) (4)

Female Male

School closure × Having children -0.087∗ -0.131∗∗ 0.023 0.018
(-1.78) (-2.34) (1.27) (0.89)

School closure -0.053∗∗ -0.012 -0.041∗∗∗ -0.062∗

(-2.32) (-0.13) (-4.55) (-1.86)
Control variables No Yes No Yes
Fixed effects Analyst Firm, Analyst,

Time
Analyst Firm, Analyst,

Time

Observations 1832 1240 16199 13969
Adjusted R2 0.351 0.384 0.361 0.430

Panel B: Gender effect among parents or non-parents
(1) (2) (3) (4)

Parents Other analysts

School closure × Female -0.123∗∗∗ -0.228∗∗∗ -0.013 -0.014
(-2.61) (-3.32) (-0.53) (-0.52)

School closure -0.018 -0.132 -0.041∗∗∗ -0.069∗

(-1.04) (-1.41) (-4.55) (-1.90)
Control variables No Yes No Yes
Fixed effects Analyst Firm, Analyst,

Time
Analyst Firm, Analyst,

Time

Observations 3077 2254 14954 12913
Adjusted R2 0.291 0.416 0.370 0.435
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Table 7: Effect of COVID-19 school closures on parents’ forecast timeliness (continued)

Panel C: Triple difference analysis
(1) (2) (3) (4)

School closure × Female Dummy ×
Having children -0.110∗∗ -0.138∗∗ -0.149∗∗ -0.133∗∗

(-2.08) (-2.23) (-2.47) (-2.36)
School closure × Having children 0.023 0.025 0.021 0.022

(1.27) (1.32) (1.06) (1.24)
School closure × Female Dummy -0.013 -0.000 -0.020 -0.003

(-0.53) (-0.01) (-0.75) (-0.14)
Female Dummy × Having children 0.064 0.000 0.000

(1.18) (0.00) (0.00)
School closure -0.041∗∗∗ -0.087∗∗∗ -0.043 -0.061∗∗

(-4.55) (-3.05) (-1.45) (-2.05)
Having children -0.007

(-0.41)
Female Dummy 0.022

(0.82)
Control variables No Yes Yes Yes
Fixed effects Analyst Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 18031 15341 15609 17935
Adjusted R2 0.360 0.294 0.429 0.446
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Table 8: Effect of COVID-19 school closures on forecast accuracy

This table contains the regression results of Forecast accuracy on Female, School closure and their in-
teraction term. Forecast accuracy measures the forecast accuracy of the forecast compared within all
analysts forecasts issued in the same month for the same firm-quarter. Control variables include No. of
followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special items,
Log number of following analysts, No. of firms followed, Broker size, and Experience in the firm. All
variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics are
provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels,
respectively.

Dependent variable: Forecast accuracy
(1) (2) (3)

Female Dummy× School closure -0.022 -0.034 -0.051∗

(-0.84) (-1.25) (-1.85)
School closure 0.083 0.098 0.095

(1.33) (1.40) (1.40)
Female Dummy -0.002

(-0.08)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 14135 14217 15042
Adjusted R2 0.020 0.043 0.028
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Table 9: Forecast accuracy and effort allocation

This table contains the regression results of Forecast accuracy on Female, School closure, High institutional
ownership and their interaction term. Forecast accuracy measures the forecast accuracy of the forecast
compared within all analysts forecasts issued in the same month for the same firm-quarter. Control
variables include No. of followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad
earning news, Special items, Log number of following analysts, No. of firms followed, Broker size, and
Experience in the firm. All variables are defined in Appendix B. Standard errors are clustered by analyst
and firm. t-statistics are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the
1%, 5%, and 10% levels, respectively.

Dependent variable: Forecast accuracy
(1) (2) (3)

Female Dummy × School closure -0.058∗ -0.069∗∗ -0.087∗∗∗

(-1.81) (-2.05) (-2.67)
Female Dummy × School closure ×
High inst. Ownership 0.090∗ 0.092∗ 0.096∗

(1.82) (1.86) (1.95)
School closure × High inst. Ownership -0.034∗ -0.029 -0.030

(-1.80) (-1.52) (-1.33)
Female Dummy × High inst. Ownership -0.062 -0.061 -0.063

(-1.50) (-1.45) (-1.50)
High inst. Ownership 0.034∗∗ 0.033∗∗ 0.038∗∗

(2.18) (2.09) (2.01)
Female Dummy 0.019

(0.70)
School closure 0.096 0.110 0.109

(1.53) (1.57) (1.59)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 14135 14217 15031
Adjusted R2 0.021 0.043 0.028
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Table 10: Effect of COVID-19 school closures on the forecast release time

This table contains the regression results of Housework-intensive time on Female, School closure and
their interaction term. Housework-intensive time is a dummy variable equal to one if housework demand
is usually high during the hour intervals (in the mornings, at lunch, or in the evening), and zero otherwise.
All variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics
are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent variable: Housework-intensive time
(1) (2) (3)

Female × School closure -0.090∗∗∗ -0.096∗∗∗ -0.099∗∗∗

(-3.32) (-3.49) (-3.57)
School closure -0.054 0.014 0.007

(-0.97) (0.27) (0.14)
Female 0.085∗∗∗

(3.32)
No. of firms followed -0.000

(-0.14)
Broker size 0.001

(0.64)
Experience in the firm -0.000∗

(-1.65)
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm, Analyst,

Time

Observations 17998 17858 17396
Adjusted R2 0.113 0.196 0.195
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Appendix

A School closure start dates in each state in the U.S. during the COVID-19 Pandemic

This map contains the school closure dates manually collected based on the timestamps of the media coverage on school closure decisions across
the states and official documents issued by the governors. The darker the color of the state is, the earlier school closures caused by the COVID-19
pandemic started.
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B Variable description

This table describes all variables used in the empirical analyses. Data sources are as follows:

1. IBES: I/B/E/S database

2. Online: Manually collected online

3. CRSP: CRSP stock price data

4. Compustat: Compustat quarterly financial statement data

5. Facebook: Manually collected from analysts’ Facebook pages

6. TR: Thomson Reuters Institutional (13f) Holdings

7. WVS: U.S. 2017 wave of the World Value Survey

8. Call: Earnings conference transcripts from Seeking Alpha

9. MC: Manually constructed

Variable name Description Data Source

Bad earning newsi,t Dummy variable equal to one, if firm i’s realized earnings
for quarter t are less than the analyst forecast consensus
(the average of all available analyst earnings forecast val-
ues for the same firm-quarter) before quarter t’s earnings
announcement, and zero otherwise.

IBES, MC

Book to marketi,t Firm i’s book to market ratio at the fiscal end of quarter t CRSP, Compustat
Broker sizej,t The number of analysts working at the broker where ana-

lyst j works as of quarter t.
IBES, MC

Distance from consensusi,j,t The distance between the analyst forecast value and the
consensus of analyst forecasts (the average of all available
analyst earnings forecast values for the same firm-quarter).
The measure is in relative term adjusted as in Equation 3.

IBES, MC

Distance from previousi,j,t The distance between the analyst j’s forecast value and
the previous forecast issued by analyst j. The measure is
in relative term adjusted as in Equation 3.

IBES, MC

Femalej Dummy variable equal to one, if the analyst is female, and
zero otherwise.

IBES, Online, MC

Financial crisisi,j,t Dummy variable equal to one, if there is a financial crisis
following the NBER definition when analyst j issues earn-
ings forecast for firm i after its earnings announcement for
quarter t, and zero otherwise.

MC

Firm sizei,t Log of firm i’s market value (in thousand dollars) at the
fiscal end of quarter t.

CRSP, MC
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Variable name Description Data Source

Forecast accuracyi,j,t Relative measure of the forecast accuracy calculated as in
Equation 2.

IBES, MC

Forecast errori,j,t The absolute value of the difference between the analyst
earnings forecast and the actual earning announced by the
firm.

IBES, MC

Forecast revisioni,j,t The difference between the analyst j’s current forecast and
his or her previous forecast on stock i.

IBES, MC

H1N1 school closurei,j,t Dummy variable equal to one, if schools in the state where
analyst j is located are assumed to be closed when she issues
earnings forecast for firm i after its earnings announcement
of quarter t. The H1N1 school closures are captured by
either comparing 2009 with the previous and subsequent
years or comparing New York analysts with non-New York
analysts in May and June 2009.

Online, MC

Having childrenj,t Dummy variable equal to one if analyst j’s Facebook page
contains photos of her non-adult children, and zero other-
wise.

Facebook, MC

High institutional ownership Dummy variable equal to one if the firm is in the top quar-
tile of portfolio firms issuing forecasts on the same day in
terms of institutional ownership, and zero otherwise.

IBES, TR, MC

Housework-intensive timei,j,t Dummy variable equal to one, if analyst j releases the earn-
ings forecast for firm i during the time period of a day when
housework demand is high, i.e., in the morning from 7:00
to 9:00, at noon from 12:00 to 14:00, and from 17:00 to
21:00 in the evening, and zero otherwise.

IBES, MC

Institutional ownershipi,t Firm i’s institutional ownership in the percentage of total
market value at the fiscal end of quarter t.

TR

Log number of following
analystsi,t

Log of the number of analysts who follow firm i as of the
earnings announcement for quarter t.

IBES, MC

Liberalj,t Dummy variable equal to one, if the gender attitude in-
dex is larger or equal to the median in the sample, i.e.,
the gender attitude index of New York at 0.724, and zero
otherwise.

WVS, MC

No. of firms followedi,j,t The number of firms for which analyst j issues an earnings
forecast in quarter t.

IBES, MC

No. of industries followedj,t The number of industries analyst j covers in year t. IBES, MC
No. of followed firms’ EAi,j,t The number of followed firms’ earnings announcements on

the day when analyst j issues earnings forecast for firm i
after its earnings announcement of quarter t.

IBES, MC

Participatei,j,t Dummy variable equal to one, if the analyst appears in
conference call transcripts and the I/B/E/S database, and
zero if analysts only appear in the I/B/E/S database.

IBES,Call, MC

Question counti,j,t The number of questions asked by analyst j at the firm i’s
conference call of quarter t.

Call, MC
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Variable name Description Data Source

School closurei,j,t Dummy variable equal to one, if schools are closed in the
state where analyst j is located at the time of firm i’s earn-
ings announcement for quarter t, and zero otherwise.

IBES, Online, MC

Sentence counti,j,t The number of sentences in the speech of analyst j at the
firm i’s conference call of quarter t.

Call, MC

Special itemsi,t Dummy variable equal to one, if the special items reported
by firm i are positive in quarter t, and zero otherwise.

Compustat

Timelyi,j,t Dummy variable equal to one, if analyst j issues the earn-
ings forecast for quarter t+1 within one trading day (day 0
or day 1) after the firm i’s quarter t earnings announcement
date.

IBES, MC

Word counti,j,t The number of words in the speech of analyst j at the firm
i’s conference call of quarter t.

Call, MC
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I Facebook data collection process

This Internet Appendix section describes the details on how the analysts’ Facebook pages are

searched for and how the information on whether an analyst has children is collected.

To find an analyst’s Facebook page, we follow the steps as follows:

1. Search for the analyst on LinkedIn or TipRanks based on the analysts’ full name, company

name, and the city where she works to get a photo of the analyst;

2. If her photo is not available on the above two websites, google the analyst’s the analysts’ full

name and company name for a photo of the person (e.g., a photo at an interview on TV);

3. Search for the analyst’s full name on Facebook and compare photos of the analysts with the

same name against the profile photos on LinkedIn or TipRanks or photos from Step 2;

4. If there is no match of photos, google “Facebook”+“analyst full name”+“analyst location”

and check whether there is a matched Facebook page;

5. If there is no match, google “Facebook”+“analyst full name”+“the company the analyst

currently works in (from LinkedIn)” and check whether there is a matched Facebook page

6. If there is no match, google “Facebook”+“analyst full name”+“the universities the analyst

attended (from LinkedIn)” and check whether there is a matched Facebook page;

7. If there is still no match, assume there is no public Facebook page of the analyst;

8. To ensure the accuracy of photo matching, two individuals independently collect analysts’

Facebook pages following the above steps. If there is any inconsistency, i.e., one person finds

the link while the other does not (around 10% of links collected in the first round) or different

Facebook links are collected (only less than 1% of links collected in the first round), a third

person makes the judgment on whether the Facebook page (or which Facebook page) should

be used.

After getting an analyst’s Facebook page, we check the posted photos to identify whether she

has children. The children in the photo may not be the person’s children but e.g., her nephews or

nieces. The identity of the children is distinguished based on the texts and comments in the posts.

If the analyst has children, we also estimate the children’s ages. If the analyst has posted photos

of the children’s birth or birthday celebrations, it is possible to accurately identify the children’s
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age. Otherwise, we estimate whether a child’s age is among the following age groups: younger than

3, 3 to 5, 5 to 10, 10 to 15, 15 to 18, or older than 18, based on the photos of the children and the

time when these photos were posted.

As shown in the table below, we finally find Facebook pages for 682 analysts, 262 out of which

have non-adult children.

No Facebook Facebook found % Facebook found Have children % Children Non-adult children % Non-adult children

Male 1,089 590 35.14% 255 43.22% 228 38.64%
Female 109 92 45.77% 35 38.04% 34 36.96%
Total 1,198 682 36.28% 290 42.52% 262 38.42%

Previous studies show that in the general population, women are more likely to use Facebook

(Acquisti and Gross (2006)) and share personal topics such as families (Wang et al. (2013)). Among

financial analysts, women are also more likely to have Facebook pages than men (45.77% vs 35.14%).

However, women are not more likely to post photos of their children (38.04% vs 43.22%). It is also

possible that female analysts are less likely to have children, compared with male analysts because

this is a very competitive profession, and having a child is more costly for women.
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II Analysts’ activities at earnings conference calls

In this Internet Appendix section, I present the detailed analyses and results on analysts’ activities

at earnings conference calls.

I construct a sample consisting of conference call transcripts for earnings conference calls from

January 2020 to August 2020. The conference call transcripts are obtained from Seeking Alpha.

I extract the analysts’ names from the transcripts and match them with the analysts that issue

forecasts for the firm in the quarter based on the I/B/E/S database. The sample uses 7,064 confer-

ence transcripts and contains 29,369 observations on firm-analyst-call date level with 3174 distinct

firms, 1701 analysts of which 186 are female. Panel A in Table IA8 contains the summary statistics

of variables in the sample. Similar to the main sample, 10% of analysts who participate in the

conference calls are female. On average, an analyst who participates in a conference call asks 2.68

questions, using 163.35 words and 12.58 sentences.

Table IA9 contains the regression results of the question length or the question number in earn-

ings conference calls on Female, School closure and their interaction terms. All regressions control

for No. of followed firms’ EA to measure the distraction of concurrent earnings announcements

(Driskill et al. (2020)), Forecast revision from consensus (Mayew (2008)), and firm and analyst

characteristics. The COVID-19 school closures have negative effects on the question length and the

question number of female analysts at the earnings conference calls while the effect on those of

male analysts is not significant. Female analysts use 9 fewer words (5.5% of the sample average in

Table IA8), 0.648 fewer sentences (5.15% of the sample average in Table IA8), and ask 0.150 fewer

questions (5.6% of the sample average in Table IA8) at earning conference calls after the COVID-

19 school closures. The effect is statistically significant at the 1% level in models controlling for

firm, broker, state, and time fixed effects (Column (1), Column (3), and Column (5) ) and is still

statistically significant at the at least 10% after controlling for analyst fixed effects (Column (2),

Column (4), and Column (6)).

Furthermore, taking one step back and considering the probability to participate in earnings

conference calls, I expect female analysts are less likely to ask questions after the school closure. In

a similar vein, Driskill et al. (2020) finds that analysts distracted by multiple concurrent earnings

announcements in their coverage portfolio are less likely to ask questions at earnings conference

calls. In order to determine the probability of participating in an earnings conference call, I make

assumptions on the analysts that potentially participate in the earnings conference call. Following
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Mayew (2008), I define a pool of analysts that potentially ask questions at conference calls as

analysts that issue a forecast for the firm in the quarter in the I/B/E/S database. Participate is

a dummy variable equal to one if analysts appear in conference call transcripts and the I/B/E/S

database, and zero if analysts only appear in the I/B/E/S database. As shown in Panel B of Table

IA8, 46% of analysts who follow a firm in the quarter participate in the firm’s earnings conference

call, asking questions and therefore, appearing in the respective conference transcript.

At the aggregated level in the whole sample, I do not find a significant effect of the COVID-19

school closures on the participation of conference calls. I conjecture that the effect may vary for

conference calls happening at different times of the day. I extract the time of the conference call

from conference transcripts and transfer the time to the local time of the state where the analyst is

located. I obtain the time of the conference calls for 76% of the sample. Based on the local time, I

define a dummy variable for each hour interval. Then I run regressions of Participate on a dummy

variable indicating whether the earnings conference call is held during the hour of the day, the female

dummy, the school closure dummy, and their interaction terms, controlling for analyst and time

(earnings conference call date) fixed effects and clustering the standard errors by analyst. Figure

IA3 plots the coefficient estimates of the interaction terms between the hour interval, Female, and

School closure for each hour intervals. It seems that the COVID-19 school closures have a larger

negative effect on the probability for a female analyst to participate in earnings conference calls

during most times of the day. However, the effect is only statically significant at the 10% level for

conferences held in the morning from 5:00 to 6:00 or at noon from 11:00 to 12:00.
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Figure IA1: Timeliness of male and female analysts’ earnings forecasts from 1999 to
2020

This figure plots the average of the dummy variable Timely among male analysts and female analysts
over the years from 1999 to 2020.
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Figure IA2: Gender equality index for each state from the World Value Survey

This map contains the gender attitude index for each state from the U.S. 2017 wave of the World Value Survey. The survey asks about respondents’
gender attitudes on women regarding jobs, political positions, and education. The gender attitude index for each state is calculated by taking the
average of these three measures among respondents from the state. The darker the color of the state is, the more conservative gender attitudes in
the state are.

Internet
A
ppendix

page
7



Figure IA3: Effect of school closures on forecast issue time among male and female
analysts

This figure plots the coefficient estimates of the triple-interaction terms in the regressions of Participate
on a dummy variable indicating whether the earnings conference call is held during the hour of the
day, the dummy variable Female, the dummy variable School closure, and their interaction terms. The
regressions control for analyst and time (earnings conference call date) fixed effects, and the standard
errors are clustered by analyst. The confidence intervals of the coefficient estimates are at the 90% level.
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Table IA1: Robustness check in the sample not excluding earnings announcements
before school closures with analysts’ forecasts after school closures

This table contains the regression results of Timely on Female, Financial crisis and their interaction term
in the sample of earnings announcements from January 2020 to August 2020. Earnings announcements
are not excluded from the sample if earnings announcements happened before school closures in a state,
and a forecast of an analyst in that state was issued after school closures. Timely is a dummy variable
equal to one, if the analyst issues an earnings forecast for quarter t+1 within one trading day (day 0
or day 1) after the firm’s quarter t earnings announcement date, and zero otherwise. Control variables
include No. of followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news,
Special items, Log number of following analysts, No. of firms followed, Broker size, and Experience in
the firm. All variables are defined in Appendix B. Standard errors are clustered by analyst and firm.
t-statistics are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%,
and 10% levels, respectively.

Dependent variable: Timely
(1) (2) (3) (4)

Female × School closure -0.070∗∗∗ -0.053∗∗∗ -0.059∗∗∗ -0.054∗∗∗

(-3.07) (-2.61) (-2.95) (-2.71)
School closure -0.221∗∗∗ -0.179∗∗∗ -0.653∗∗∗ -0.593∗∗∗

(-18.87) (-17.29) (-41.14) (-34.78)
Female 0.064∗∗∗ 0.062∗∗∗

(3.46) (3.57)
Control variables Yes Yes Yes Yes
Fixed effects Firm, Broker,

State
Firm, Analyst Firm, Broker,

State, Time
Firm, Analyst,

Time

Observations 24858 25370 24858 25370
Adjusted R2 0.312 0.435 0.392 0.499
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Table IA2: Continuous measure of forecast timeliness

This table contains the regression results of the continuous measure of forecast timeliness on Female,
School closure and their interaction term. The continuous measure of forecast timeliness is the Log form
of the number of days between earnings announcements and analyst forecasts. Control variables include
No. of followed firms’ EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special
items, Log number of following analysts, No. of firms followed, Broker size, and Experience in the firm.
All variables are defined in Appendix B. Standard errors are clustered by analyst and firm. t-statistics
are provided in parentheses. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent variable: Timely
(1) (2) (3)

Female × School closure 0.067 0.089∗ 0.081∗

(1.28) (1.82) (1.65)
School closure 0.129∗∗ 0.096 0.109∗

(2.49) (1.53) (1.71)
Female -0.076∗∗

(-1.99)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 15208 15378 15347
Adjusted R2 0.292 0.428 0.429
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Table IA3: Correlations

This table shows pairwise correlation coefficients between all variables used in the analysis. A detailed description of all variables is provided in
Appendix B. ∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

(1) Female Dummy 1.000
(2) School close 0.010 1.000
(3) Timely 0.026∗∗∗ -0.119∗∗∗ 1.000
(4) Distance from consensus 0.013∗ 0.003 0.054∗∗∗ 1.000
(5) Distance from previous 0.011 0.022∗∗∗ -0.022∗∗∗ 0.482∗∗∗ 1.000
(6) Forecast accuracy -0.024∗∗∗ 0.039∗∗∗ -0.001 -0.197∗∗∗ -0.100∗∗∗ 1.000
(7) No. of followed firms’ EA 0.011 -0.004 -0.080∗∗∗ -0.013∗ 0.016∗∗ -0.018∗∗ 1.000
(8) No. of firms followed -0.020∗∗∗ 0.019∗∗ 0.064∗∗∗ 0.012 0.010 -0.014∗ 0.324∗∗∗ 1.000
(9) Broker size 0.065∗∗∗ 0.044∗∗∗ 0.062∗∗∗ 0.027∗∗∗ -0.003 -0.002 0.017∗∗ 0.146∗∗∗ 1.000
(10) Experience in the firm -0.018∗∗ 0.050∗∗∗ 0.030∗∗∗ -0.007 0.004 0.017∗∗ 0.068∗∗∗ 0.082∗∗∗ 0.045∗∗∗ 1.000
(11) Firm size 0.006 -0.037∗∗∗ 0.081∗∗∗ -0.001 -0.003 0.038∗∗∗ -0.021∗∗∗ -0.034∗∗∗ 0.104∗∗∗ 0.145∗∗∗ 1.000
(12) Institutional ownership 0.001 0.184∗∗∗ -0.076∗∗∗ -0.016∗∗ -0.012 -0.013∗ -0.021∗∗∗ 0.006 -0.011 -0.022∗∗∗ -0.769∗∗∗ 1.000
(13) Book to market 0.008 0.051∗∗∗ -0.127∗∗∗ -0.014∗ 0.002 0.010 0.140∗∗∗ 0.069∗∗∗ -0.004 0.031∗∗∗ -0.107∗∗∗ 0.115∗∗∗ 1.000
(14) Bad earning news 0.012∗ 0.024∗∗∗ -0.054∗∗∗ 0.013∗ 0.009 0.009 0.061∗∗∗ 0.015∗∗ -0.045∗∗∗ -0.036∗∗∗ -0.052∗∗∗ 0.024∗∗∗ 0.080∗∗∗ 1.000
(15) Special items -0.040∗∗∗ -0.044∗∗∗ -0.003 -0.004 -0.007 -0.005 -0.076∗∗∗ -0.029∗∗∗ 0.036∗∗∗ 0.060∗∗∗ -0.024∗∗∗ 0.031∗∗∗ -0.060∗∗∗ -0.115∗∗∗ 1.000
(16) Log number of following analysts -0.002 0.121∗∗∗ 0.081∗∗∗ -0.043∗∗∗ -0.024∗∗∗ 0.029∗∗∗ -0.057∗∗∗ 0.004 0.146∗∗∗ 0.178∗∗∗ 0.398∗∗∗ -0.043∗∗∗ -0.091∗∗∗ -0.098∗∗∗ 0.040∗∗∗ 1.000
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Table IA4: Effect of COVID-19 school closures on forecast accuracy – Other counter-
factuals

This table contains the regression results of Forecast accuracy on Female, School closure and their inter-
action term. Columns (1) and (2) run regressions in the sample of March 2020 and School closure is equal
to one, if the state where the analyst is located has closed schools, and zero otherwise. Columns (3) and
(4) run regressions in the sample from March 23rd to August 31st in 2019 and 2020 and School closure
is equal to one, if the earnings forecast is issued in year 2020, and zero otherwise. Forecast accuracy
measures the forecast accuracy of the forecast compared within all analysts forecasts issued in the same
month for the same firm-quarter. Control variables include No. of followed firms’ EA, Firm size, Insti-
tutional ownership, Book to market, Bad earning news, Special items, Log number of following analysts,
No. of firms followed, Broker size, and Experience in the firm. All variables are defined in Appendix B.
Standard errors are clustered by analyst and firm. t-statistics are provided in parentheses. ∗ ∗ ∗, ∗∗, and
∗ represent statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable: Forecast accuracy
(1) (2) (3) (4)

Counterfactual: Across states in March 2020 2019 vs 2020

Female Dummy × School closure -0.054 -0.044 -0.019 -0.012
(-0.63) (-0.45) (-0.97) (-0.60)

School closure 0.155∗∗ 0.190∗∗

(2.18) (2.00)
Female Dummy 0.015 -0.021∗∗

(0.21) (-2.14)
Control variables Yes Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm, Broker,
State, Time

Firm, Analyst,
Time

Observations 1577 1199 31280 31765

Internet Appendix page 12



Table IA5: Trade-off between forecast accuracy and timeliness

This table contains the regression results of Forecast accuracy on Timely Female, School closure and their
interaction terms. Control variables include No. of followed firms’ EA, Firm size, Institutional ownership,
Book to market, Bad earning news, Special items, Log number of following analysts, No. of firms followed,
Broker size, and Experience in the firm. All variables are defined in Appendix B. Standard errors are
clustered by analyst and firm. t-statistics are provided in parentheses. ∗∗∗, ∗∗, and ∗ represent statistical
significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable: Timely
(1) (2) (3)

Female Dummy × School closure ×
Timely 0.030 0.054 0.055

(0.40) (0.67) (0.69)
Female Dummy × School closure -0.052 -0.079 -0.098

(-0.69) (-0.98) (-1.23)
School closure 0.091 0.109 0.111

(1.37) (1.49) (1.55)
Female Dummy 0.032

(0.45)
Timely 0.016 0.014 0.018

(0.88) (0.67) (0.86)
Female Dummy × Timely -0.042 -0.021 -0.026

(-0.60) (-0.29) (-0.37)
School closure × Timely -0.007 -0.012 -0.018

(-0.31) (-0.53) (-0.74)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 14135 14217 15042
Adjusted R2 0.020 0.043 0.027
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Table IA6: Forecast timeliness and effort allocation

This table contains the regression results of Timely on Female, School closure, High institutional own-
ership and their interaction term. Timely is a dummy variable equal to one, if the analyst issues an
earnings forecast for quarter t+1 within one trading day (day 0 or day 1) after the firm’s quarter t
earnings announcement date, and zero otherwise. Control variables include No. of followed firms’ EA,
Firm size, Institutional ownership, Book to market, Bad earning news, Special items, Log number of fol-
lowing analysts, No. of firms followed, Broker size, and Experience in the firm. All variables are defined in
Appendix B. Standard errors are clustered by analyst and firm. t-statistics are provided in parentheses.
∗ ∗ ∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable: Timely
(1) (2) (3)

Female Dummy × School closure -0.052∗ -0.082∗∗∗ -0.082∗∗∗

(-1.77) (-2.89) (-3.07)
Female Dummy × School closure ×
High inst. Ownership 0.019 0.032 0.049

(0.48) (0.86) (1.27)
School closure × High inst. Ownership 0.004 0.009 0.010

(0.27) (0.62) (0.56)
Female Dummy × High inst. Ownership -0.061∗∗ -0.073∗∗∗ -0.081∗∗∗

(-2.03) (-2.68) (-2.89)
High inst. Ownership 0.034∗∗ 0.033∗∗ 0.038∗∗

(2.18) (2.09) (2.01)
Female Dummy 0.073∗∗∗

(2.77)
School closure -0.066∗∗ -0.035 -0.041

(-2.32) (-1.12) (-1.24)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 15208 15378 15347
Adjusted R2 0.292 0.428 0.429
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Table IA7: Effect of COVID-19 school closures on the forecast boldness

This table contains the regression results of forecast boldness measures on Female, School closure and
their interaction term. Distance from consensus measures the deviation of the forecast from the consensus
of analyst forecasts. Distance from previous measures the deviation of the forecast from the same analyst’s
previous forecast. Control variables include No. of followed firms’ EA, Firm size, Institutional ownership,
Book to market, Bad earning news, Special items, Log number of following analysts, No. of firms followed,
Broker size, and Experience in the firm. All variables are defined in Appendix B. Standard errors are
clustered by analyst and firm. t-statistics are provided in parentheses. ∗∗∗, ∗∗, and ∗ represent statistical
significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Boldness measured by distance from consensus forecast
Dependent variable: Distance from consensus

(1) (2) (3)

Female Dummy × School closure 0.049∗ 0.065∗∗ 0.068∗∗∗

(1.95) (2.47) (2.72)
School closure 0.029 0.032 0.038

(0.51) (0.53) (0.64)
Female Dummy -0.025

(-1.28)
Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 14876 15009 17114
Adjusted R2 0.041 0.105 0.086

Panel B: Boldness measured by distance from previous forecast
Dependent variable: Distance from previous

(1) (2) (3)

Female Dummy × School closure 0.036 0.023 0.012
(1.40) (0.85) (0.46)

School closure -0.011 0.045 0.017
(-0.15) (0.56) (0.23)

Female Dummy -0.011
(-0.47)

Control variables Yes Yes Yes
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm-quarter,
Analyst, Time

Observations 13535 13603 15485
Adjusted R2 0.024 0.100 0.075
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Table IA8: Summary statistics for the sample of earnings conference calls

This table contains summary statistics, including the number of observations (Obs), mean, standard de-
viation (Std. Dev.), 25% percentile (P25), median, and 75% percentile (P75), for the earnings conference
calls from January 2020 to August 2020. Panel A contains summary statistics for the sample of I/B/E/S
analysts participating in the earnings conference calls and Panel B contains summary statistics for the
sample of I/B/E/S analysts following the firms in the quarter of the earnings conference call, i.e., analysts
participating or potentially participating in the conference call. All variables are defined in Appendix B.

Variable Obs Mean Std. Dev. P25 Median P75
Panel A: Analysts participating the conference call

Word count 29369 163.35 98.06 100.00 146.00 203.00
Sentence count 29369 12.58 7.38 8.00 11.00 16.00
Question count 29369 2.68 1.74 2.00 2.00 3.00
Female Dummy 29369 0.10 0.30 0.00 0.00 0.00
School closure 29369 0.52 0.50 0.00 1.00 1.00
No. of followed firms’ EA 29314 0.91 1.38 0.00 0.00 1.00
Forecast revision from consensus 28044 -0.04 0.29 -0.08 -0.01 0.03
No. of firms followed 29238 17.50 7.64 13.00 17.00 22.00
Broker size 29360 48.78 32.53 21.00 49.00 68.00
Experience in the firm 29255 22.24 22.24 6.00 15.00 32.00
Firm size 29223 15.18 1.89 13.98 15.20 16.41
Institutional ownership 29205 0.09 0.09 0.05 0.06 0.10
Book to market 28871 0.61 0.87 0.15 0.33 0.69
Bad earning news 29077 0.34 0.48 0.00 0.00 1.00
Special items 28866 0.66 0.47 0.00 1.00 1.00
Log number of following analysts 29099 2.48 0.59 2.08 2.56 2.89

Panel B: Analysts participating or potentially participating the conference call
Participate 63396 0.46 0.50 0.00 0.00 1.00
Female Dummy 63396 0.10 0.30 0.00 0.00 0.00
School closure 63396 0.54 0.50 0.00 1.00 1.00
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Table IA9: Effect of COVID-19 school closures on analysts’ activities at the earnings
conference calls

This table contains the regression results of question length or question numbers in earnings conference
calls on Female, School closure and their interaction terms in the sample of I/B/E/S analysts participating
in the earnings conference calls from January 2020 to August 2020. Control variables include No. of
followed firms’ EA, Forecast revision from consensus, Firm size, Institutional ownership, Book to market,
Bad earning news, Special items, Log number of following analysts, No. of firms followed, Broker size,
and Experience in the firm. All variables are defined in Appendix B. Standard errors are clustered by
analyst and firm. t-statistics are provided in parentheses. ∗∗∗, ∗∗, and ∗ represent statistical significance
at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6)
Dependent variable: Word count Sentence count Question count

Female Dummy × School closure -9.154∗∗∗ -6.614∗∗ -0.648∗∗∗ -0.410∗ -0.150∗∗∗ -0.105∗∗

(-2.92) (-2.27) (-2.66) (-1.84) (-2.79) (-2.13)
School closure 8.822 -1.429 0.168 -0.224 0.114 0.036

(0.88) (-0.16) (0.20) (-0.30) (0.56) (0.20)
Female Dummy -5.928 -0.261 0.049

(-1.38) (-0.88) (0.69)
Control variables Yes Yes Yes Yes Yes Yes
Fixed effects Firm,

Broker,
State,
Time

Firm,
Analyst,
Time

Firm,
Broker,
State,
Time

Firm,
Analyst,
Time

Firm,
Broker,
State,
Time

Firm,
Analyst,
Time

Observations 27275 27183 27275 27183 27275 27183
Adjusted R2 0.390 0.581 0.421 0.562 0.481 0.580
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