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ABSTRACT

This Ph.D. dissertation consists of three chapters in behavioral finance, financial interme-

diation, and labor and finance. The first chapter explores the shock of school closures

caused by the COVID-19 pandemic to study the effect of domestic responsibilities on

analyst forecasts and identifies the negative effect of unequal division of housework be-

tween gender on female analysts’ work. The second chapter uses hand-collected data

from Gallup surveys that cover more than 50 years to create a direct measure of counter-

stereotypical female role models and shows that admiring counter-stereotypical female

role models is associated with better career outcomes in terms of labor market partici-

pation and occupational choices. The third chapter analyzes how mutual funds’ trading

experiences bias their future repurchasing decisions and finds that mutual funds are less

likely to repurchase a stock if they previously sold the stock for a loss rather than for a

gain. We also find evidence that female fund managers are slightly less likely to suffer

from this repurchasing bias.
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EXECUTIVE SUMMARY

An increasing number of policies, e.g., mandatory gender quotas, are introduced to in-

crease women’s representation in competitive industries and high-level positions. How-

ever, people have limited time to work and limited capacity to process information. Help-

ing women enter women-underrepresented professions may not help them perform well in

these industries. The first chapter in the dissertation shows that even female analysts who

self-select and survive in a competitive industry respond slower to new information from

earnings announcements after the COVID-19 school closures. The chapter also finds that

female analysts allocate more effort to firms that are more important for their careers. It is

worth learning from female analysts’ strategically allocating efforts in the face of domestic

distractions. The findings also indicate that the gender gap in the labor market may be able

to get closed by alleviating the imbalance in housework allocation between gender or by

providing better external childcare services.

Despite this “grand convergence”, women are still underrepresented in lucrative and

competitive professions, such as STEM and finance. A lack of appropriate female role

models that would otherwise nudge women into more lucrative occupations may enlarge

the gender gap in competitive industries. The second chapter creates a systematic measure

of counter-stereotypical female role models and shows that admiring counter-stereotypical

female role models is associated with more women participating in the labor market, work-

ing in male-dominated and STEM industries, and taking managerial positions, which even-

tually alleviates the gender pay gap.

Fund managers have more expertise and experience than retail investors and more

opportunities to learn about and correct trading biases. The third chapter examines whether

their trading behavior is influenced by psychological biases. We show that fund managers

are less likely to repurchase stocks that they have previously sold for a loss and that this

trading pattern does not enhance performance. We also find evidence that female fund

managers are slightly less likely to suffer from the repurchasing bias. Mutual fund trading

behavior deserves scrutiny because it has a significant impact on investor welfare and the

capital markets.
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Introduction

This Ph.D. dissertation consists of three chapters in behavioral �nance, �nancial interme-

diation, and labor and �nance. The common theme that runs through the three essays in

this dissertation is to identify and quantify the effect of psychological and social factors

on economic decision-making. People's economic decisions are subject to their cognitive

constraints and are shaped by their past experiences and social environment, which makes

the behavior of market participants deviate from the traditional framework in �nance that

assumes rational beliefs and decision making based on expected-utility preferences. The

studies aim to understand how cognitive constraints in�uence economic decisions and

gender inequality.

Chapter 1 aims to understand whether high-achieving women are still more likely to

suffer from limited attention when faced with domestic responsibilities. Moreover, how

do they minimize the in�uence of limited attention on their careers? I explore the shock

of school closures due to the COVID-19 pandemic to study the effect of domestic respon-

sibilities on analysts' forecasts. I �nd that school closures signi�cantly reduce the forecast

timeliness of female analysts rather than that of male analysts. School closures also nega-

tively in�uence the forecast accuracy of female analysts, but the effect is only signi�cant

for forecasts on �rms with relatively low institutional ownership. Analysts are dependent

on institutional investors for performance ratings and commission revenues to the broker

�rms so forecasts for �rms with high institutional ownership are more important for their

careers. Hence, the negative effect of school closures on female analysts' forecast accuracy

of �rms with relatively high institutional ownership is mitigated. The �ndings indicate that
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female analysts are more likely to get distracted from work by domestic duties, but they

strategically allocate their efforts to forecasts that are more important for their careers.

Chapter 2 creates a systematic measure of counter-stereotypical female role models

based on a long time series of public opinion surveys and investigates its relation to oc-

cupational choices, fertility choices, and labor market outcomes for women in the US.

We �nd that admiring counter-stereotypical female role models is associated with more

women seeking full-time employment, working in male-dominated occupations such as

STEM, and taking over managerial positions. Women in states with higher popularity of

counter-stereotypical female role models are also more likely to seek higher education and

to have their �rst child later in life. Moreover, the gender pay gap is smaller in these states.

Chapter 3 examines how personal trading experiences on a certain stock in�uence

mutual fund managers' future trading decisions. We conjecture that even professional

investors such as fund managers are inevitably in�uenced by emotions generated from

their trading experiences. We �nd that mutual funds are more likely to repurchase stocks

that they previously sold for a gain. We �nd some evidence that female fund managers

are slightly less likely to suffer from the repurchasing bias. After switching to managing a

different fund, fund managers still avoid repurchasing stocks they sold for a loss at a past

fund. We do not �nd that mutual fund managers are biased against repurchasing past loser

stocks because of superior information. Though less likely to be repurchased, repurchased

losers outperform repurchased winners–and the fund itself–in the subsequent quarter.
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CHAPTER 1

Locked-in at Home: Female Analysts' Attention at Work during the COVID-19

Pandemic

1.1 Introduction of Chapter 1

Despite the rise in women's labor market participation over the past decades, women are

still underrepresented in competitive industries and high-level positions. Accordingly,

policies are introduced to promote gender equality. For example, following Norway's

lead in 2003, many European countries including Belgium, France, Germany, Iceland,

Italy, and Portugal have adopted mandatory board quotas. Are policies helping women

gain representation in top positions suf�cient to alleviate the gender gap? Are there other

obstacles that prevent professional women from being equally successful?

Among studies explaining the gender gap, Becker (1985) models the allocation of hu-

man 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

high-achieving women still more likely to suffer from limited attention when faced with

domestic responsibilities?1 Moreover, how do they minimize the in�uence of limited at-

tention on their careers?

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

1I do not distinguish the de�nition 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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exogenously closed by states during the COVID-19 pandemic to study whether female an-

alysts are more likely to be in�uenced by an increase in domestic responsibilities. Among

�nancial analysts in the U.S., only around 10% are female in 2020.2 On the one hand,

female analysts may not spend more time on childcare than male analysts because they se-

lect a competitive industry and survive (Kumar (2010)). It is plausible to infer that female

analysts are not like women in the general population regarding the effort on childcare.

On the other hand, it is possible that female analysts spend more time and effort on child-

care, even though they are successful in their careers. A nationwide survey in Hewlett

(2002) suggests that high-achieving women also spend more time and effort on domes-

tic responsibilities. In addition, studies �nd gender differences in childcare in competitive

professions such as �nance researchers (Barber et al. (2020)) or STEM scientists (Cui et al.

(2021)). Therefore, it is interesting to empirically study whether female analysts are more

likely to get distracted by domestic responsibilities compared to male analysts. It is also

worth examining how female analysts allocate labor when facing an increase in domestic

responsibilities.

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 signi�cant 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

2The fraction of female analysts is based on the 2020 sample in this paper. The percentage of female
analysts �uctuates between 10% and 14% from 1993 to 2009, with an average of 12% in the sample of Fang
and Huang (2017).

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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and provide a unique opportunity to study how domestic duties in�uence 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 do-

mestic 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 re-

sponses (Bradshaw (2011), Bradshaw et al. (2017), and Brown et al. (2015)). Therefore,

it is possible to capture and quantify the in�uence of limited attention on analysts' fore-

casts 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 gen-

der 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 an-

alysts' 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 time-

liness. Driskill et al. (2020) �nd that limited attention caused by multiple simultaneous

earnings announcements negatively in�uences analysts' forecast timeliness. They do not

conduct analyses on forecast accuracy because analysts can improve accuracy by delaying

forecasts (Cooper et al. (2001) and Clement and Tse (2003)).4 In this paper, I �rst ana-

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 de�ning relative measures of forecast
accuracy.
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lyze 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 in�uenced 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 �rm and analyst characteristics, �rm, broker and state

(or analyst), and time �xed effects. Including analyst �xed 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 �rst two quarters of 2020: the coef�cient estimate of the

interaction term between the female dummy and the school closure dummy is 6.7 per-

centage points (pp) and is statistically signi�cant at the 1% level. The effect exists even

after controlling for �rm � quarter �xed effects, which effectively compares within an-

alyst forecasts after the same �rm's same earnings announcement. School closures do

not have a signi�cantly negative effect on male analysts' forecast timeliness when analyst

�xed 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 �nd 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
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rule out the in�uence 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 timeliness of earnings forecasts

issued in the same time period in 2019. I �nd 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 ana-

lysts, I expect the phenomenon to be more salient in states with conservative gender atti-

tudes because the gender imbalance in the allocation of housework is more salient in these

states (Ruppanner and Maume (2016)), and �nancial analysts may conform to expectations

of their social environment. I use the U.S. 2017 wave of the World Value Survey to calcu-

late 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 �nancial crash, I conduct

a placebo test on whether there is any gender difference in analysts' forecast timeliness

during �nancial crises. I �nd no robust gender difference in forecast timeliness during the

2001 or 2008 �nancial crises. Furthermore, I explore another school closure event during

the 2009 H1N1 pandemic and �nd a signi�cant 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 chil-
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dren. 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 chil-

dren by checking their Facebook pages. With this novel data, I use triple difference estima-

tion to identify that the increase in domestic responsibilities after school closures reduces

the forecast timeliness of mothers by 15% to 20%. The �nding rules out potential expla-

nations of gender differences in risk aversion or overcon�dence, because female analysts

without non-adult children are not more in�uenced by the COVID-19 school closures,

compared with male analysts.

In the next step, I examine how school closures in�uence female analysts' forecast

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

signi�cant 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 signi�cant at the 10% level in the model controlling for

�rm � time �xed effects. If forecast accuracy is not compared within the same �rm-

quarter, the average effect of school closures on female analysts' forecast accuracy is not

statistically signi�cant. Hence, I take one step further and investigate how female analysts
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allocate their attention in the face of domestic responsibilities. Consistent with �ndings

that analysts strategically allocate their efforts to �rms that are more important to their

careers (Harford et al. (2019) and Chiu et al. (2021)), female analysts allocate more effects

to portfolio �rms with relatively high institutional ownership and are able to mitigate the

negative effect of school closures on forecast accuracy for these �rms. More speci�cally,

for �rms 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 �rms with high institutional ownership are 9

pp to 9.6 pp more accurate than those on �rms with low institutional ownership.

In addition to forecast timeliness and accuracy, the pressure of domestic burdens af-

ter 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 in�uence the exact time of

day analysts issue earnings forecasts. I �nd 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 pro-

vides 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 af-

ter school closures, probably because they do not pay as much attention to the available
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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 insigni�cant and eco-

nomically small. I also �nd 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 �rst to establish a causal link between the distraction of domestic bur-

dens and �nancial markets and career outcomes in the �nancial industry. Previous litera-

ture 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 �nancial analysts fail to timely respond to new information when distracted (e.g.,

Kempf et al. (2017), and Schmidt (2019)). This 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

in�uence the forecast timeliness of �nancial analysts because analysts' timely reactions

to new information have important implications for �nancial 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 �nance industry and

top positions in �rms (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.,

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)).

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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Niederle and Vesterlund (2007), Goldin (2014a))). It provides empirical evidence for the

sexual division of labor theory in Becker (1985) in the setting of sell-side equity ana-

lysts: female analysts suffer more from limited 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 re-

sponsibilities, female analysts allocate efforts to �rms that weigh more in their careers

and issue more accurate forecasts for these �rms. This empirical �nding 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 �-

nancial 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 in�uenced by domestic burdens after school closures than male analysts. It

should be noted that lock-down measures unequally in�uence different groups.

1.2 Data and summary statistics of Chapter 1

1.2.1 Sample construction of Chapter 1

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 pe-

riod 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),
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I use the sample of the �rst forecast by each analyst for a �rm's earnings in quarter t+1

issued after the �rm's quarter t earnings announcement but before one day prior to its quar-

ter 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 �rm as

of quarter t.

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

nouncements if the announcement date is more than 90 days after the �scal quarter-end. I

drop penny stocks with the stock price below $1 as of the �scal end of quarter t. In addi-

tion, the �rst and the last coverage of an analyst following a �rm and �rms with fewer than

two following analysts in the quarter are excluded from the sample. After these screening

procedures, the sample includes 1,205,409 �rm-quarter-analyst observations.

The main sample �nally includes earnings announcements of the �rst 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 in�uence the demand for domestic work and the gender difference in forecast

timeliness.

A potential problem of the sample could be that for a given earnings announcement, an-

alyst forecasts before school closures systematically proceed analyst forecasts after school

closures. Earlier forecasts are, by de�nition, more timely and may tend to be more accu-

rate (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 an-
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nouncements happened before school closures in a state, and a forecast of an analyst in

that state was issued after school closures.

Figure 1.1 gives examples to demonstrate the exclusion of these observations. In Sce-

nario 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 an-

nouncement 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 hap-

pened 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 de�nition 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

The main sample includes 18,750 �rm-quarter-analyst observations, with 2,201 �rms

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 SA1 in the Supplementary Appendix shows that including observations with earn-
ings announcements demonstrated in Figure 1.1 Scenario 1 does not in�uence the main results. However,
the effect of school closures on forecast timeliness is signi�cantly biased upward: the coef�cient estimate of
School closureis exaggerated to -20 pp, and the bias is even larger after controlling for time �xed effects.
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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 �rm i for quarter t and the date when analyst j releases

earnings forecast for quarter t+1 of �rm i in this sample. Following previous literature on

analyst forecast timeliness (Zhang (2008), Driskill et al. (2020) and Chiu et al. (2021)), I

de�ne a dummy variableTimelyi; 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 �rm i's quarter t

earnings announcement date, and zero otherwise.8

1.2.2 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 of�cial documents issued by the governors because �rst, 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 1.7 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

8The forecast timeliness is measured by a dummy variable to minimize the in�uence 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 SA2 in the Supplementary 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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started. California and Kentucky are among the �rst states to announce school closure

decisions.

School closurei; j ;t is de�ned as a dummy variable equal to one, if schools are closed

in the state where analyst j is located at the time of �rm i's earnings announcement for

quarter t, and zero otherwise.

1.2.3 Analysts' gender, location and family conditions

I/B/E/S only provides analysts' last names and the initial of their �rst names. In order

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

gender based on their Linkedin pro�les, of�cial 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 �rst 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 analyst's Facebook page. Supplementary Appendix 3.6 describes the procedure of

�nding analysts' Facebook pages, checking whether they have children, and estimating

the ages of their children. I �nd Facebook pages for 680 analysts. 262 of these analysts

have children under 18 based on their Facebook. All variables are de�ned in Appendix

1.7.
9https://brokercheck.�nra.org/. The website provides a time series of �rms and locations where an analyst

registers.
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1.2.4 Summary statistics of Chapter 1

Table 1.1 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 �rms in

the quarter, works in a brokerage with 45 analysts, and has 23 quarters of �rm-speci�c

experience.No. of followed �rm's EAis a factor that in�uences the level of an analyst's

distraction (Driskill et al. (2020)): on average, an analyst has 0.82 additional �rms that

announce earnings forecasts on the earnings announcement date of �rm i.10

Panel B of Table 1.1 shows the difference between female analysts and male analysts

in the main sample of 2020.t-statistics are based on univariate regressions of the vari-

ables on the female dummy and standard errors are clustered by analyst and �rm. For

most variables, the difference between male and female analysts is economically small

and statistically insigni�cant. The modest difference between gender is expected, given

that only competitive women self-select into and survive in the �nancial 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 �rms 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 1.2 plots the probability of issuing timely forecasts among male and female ana-

10Table SA3 in Supplementary 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 �ndings 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) �nd that connected male analysts issue more accurate forecasts than female analysts.
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lysts 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 announce-

ments, but the negative effect is visually larger for female analysts.

Extending the sample to previous years, Supplementary Appendix Table SA1 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 analysts' forecasts since 2010. The signi�cant change

in the gender difference in forecast timeliness over time justi�es the choice of a short time

window when I analyze the effect of COVID-19 school closures.

1.3 Domestic distractions and analyst forecast timeliness

1.3.1 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 signi�cant price impact than delayed ones (Cooper et al. (2001)).

Timely forecasts also play an important role in improving market ef�ciency, in the sense

that they facilitate price discovery (Zhang (2008)). Forecast timeliness in�uences analysts'

career outcomes as well: Chiu et al. (2021) �nd 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 �rm.

17



When �nancial analysts have limited attention, it is more dif�cult 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 �rms' earnings announcements in the analysts' coverage portfolio on fore-

cast 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 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 mar-

ket 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:

Timelyi; j ;t = a + b1Femalej � School closurei; j ;t + b2Femalej + b3School closurei; j ;t

+ Controls+ ui + v j + zt + ei; j ;t ;
(1.1)

whereFemalej is a dummy variable equal to one if the analyst is a female, and zero oth-

erwise; School closurei; j ;t indicates whether school closures start when analyst j issues
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earnings forecasts for �rm i after the earnings announcement as of quarter t. The regres-

sion includes �rm �xed effects, analyst �xed effects, and time �xed effects to control for

time-invariant characteristics of �rms and analysts, and the time trend.12 Including an-

alyst �xed 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 �rm.

Table 1.2 contains the regression results. In Column (1), the model compares the fore-

cast timeliness of analysts after controlling for �rm, broker, state, and time �xed effects.

Female analysts' forecast timeliness decreases at a 4.3 pp larger magnitude than that of

male analysts, and the gender difference is statistically signi�cant 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 signi�cant at the 5% level. When schools are not

closed in 2020, female analysts are 4.9 pp more likely to issue timely forecasts, compared

with male analysts. Adding to the �ndings 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 �xed effects and compares

the forecast timeliness within an analyst. After controlling for time-invariant character-

istics of analysts, the coef�cient estimate of the interaction term ofFemaleandSchool

closuregoes up to 6.7 pp, which is statistically signi�cant at the 1% level. The difference

is economically signi�cant as well, given that it accounts for 9.05% of the average forecast

timeliness in the sample (Table 1.1). On the contrary, the negative effect of the COVID-

12Time �xed effects control for the earnings announcement date of �rm i in quarter t. Therefore, any
calendar time effect such as the day of a week is controlled for.
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19 school closures on forecast timeliness among male analysts decreases to half of the

effect in the model without analyst �xed effects in Column (1) and becomes statistically

insigni�cant.

The model in Column (3) controls for �rm� quarter �xed effects. The model is

very strict because it effectively compares within analyst forecasts after the same �rm's

same earnings announcement. The sample allows this comparison since there are earnings

announcements and analysts' 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 1.1). Again, the negative effect of school closures on forecast timeliness is 6.2

pp larger among female analysts than male analysts within the same �rm-quarter, which is

statistically signi�cant at the 1% level.

Several control variables signi�cantly in�uence forecast timeliness. Consistent with

the �ndings in Driskill et al. (2020), the number of followed �rms' earnings announce-

ments has a negative effect on forecast timeliness. Speci�cally, when the number of earn-

ings announcements in the analysts' coverage portfolio increases by one unit, the probabil-

ity to issue a timely forecast decreases by 1.7 pp. Analysts are more likely to issue timely

forecasts for �rms with higher institutional ownership, which means they cater to insti-

tutional clients and immediately respond to earnings announcements of �rms with higher

institutional ownership. When the analysts follow more �rms or have more experience in

issuing forecasts for the �rm, they are more likely to issue timely forecasts.

By studying the effect within analysts and within �rm-quarter, the above baseline anal-

ysis provides strong evidence that female analysts' forecast timeliness is signi�cantly in-

�uenced by the increase in domestic burdens caused by the COVID-19 school closures. To
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further check the robustness of the results, I de�ne 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 signi�cantly drops to

1698. Columns (1) and (2) in Table 1.3 contain the regression results. In line with previous

�ndings, school closure reduces female analysts' forecast more than that of male analysts:

the around 10 pp difference, which is statistically signi�cant at the 10% level, accounts

for 13.5% of the average probability to issue a timely forecast in the sample (Table 1.1).

The effect of school closures on the forecast timeliness among male analysts (6.3 pp in

Column (2) of Table 1.3) is not statistically signi�cant 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) �nd that analysts' forecasts are in�uenced

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 previous year 2019. In other words, the sample is

from March 23rd to August 31st in 2019 and 2020, andSchool closureis de�ned as equal
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to one if the earnings forecast is issued in the year 2020, and zero otherwise. Results in

columns (3) and (4) of Table 1.3 con�rm that school closures have a negative effect on

female analysts' forecast timeliness.

1.3.2 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 alloca-

tion. 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 overcon�dent (e.g.,

Lenney (1977) and Barber and Odean (2001)), the �ndings 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 overcon�dence are much smaller after controlling for knowledge and

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

To further con�rm the explanation of distractions of the childcare demand, I explore the

cross-sectional difference in the division of household responsibilities across states. So-

cial 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 con-

servative gender attitudes (Ruppanner and Maume (2016)), and analysts may conform to
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expectations of the local social environment.13 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 Supplementary Appendix Figure SA2 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.Liberal j 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 1.1 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 1.4 presents the regression results in sub-samples of states with liberal or conser-

vative gender attitudes. The coef�cient estimate of the interaction term betweenFemale

andSchool closureis statistically insigni�cant in states with liberal gender attitudes but

is statistically signi�cant at the 10% level and economically large (13 pp) in states with

conservative gender attitudes in the model with �rm, broker, state, and time �xed effects

(columns (1) and (2)). In the model controlling for analyst, �rm, and time �xed effects

(columns (3) and (4)), the gender difference in the effect of the school closures on the

13Previous studies have used �rms' local social environment as a proxy to examine CEOs' behavior, see,
e.g., Hilary and Hui (2009) and Focke et al. (2017).

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.

23



forecast timeliness increases to 6 pp and becomes statistically signi�cant 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 signi�cant at the 10% level.

Indeed, school closures in�uence female analysts more in states with conservative gen-

der attitudes. The results further con�rm that the gender difference in the effect of school

closures on forecast timeliness comes from the unequal allocation of domestic work be-

tween gender. Other channels such as gender differences in risk-aversion cannot explain

the different �ndings in liberal and conservative states in terms of gender attitudes.

1.3.3 Placebo tests using �nancial crises

The time of COVID-19 school closures overlaps with a �nancial crash. Is it possible

that female analysts' forecast timeliness is negatively in�uenced by the �nancial crash?

As discussed previously, it is possible that female analysts are more risk-averse and less

overcon�dent and thus, may be more likely to postpone the forecast release during �nan-

cial crises. In this section, I conduct a placebo test on the gender difference in forecast

timeliness during �nancial crises.

Based on the NBER de�nition of the �nancial crisis, there are two �nancial 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 �nancial crisis, I use the sample period from 2000 to 2002 and the

sample period from 2007 to 2010, respectively. Table 1.5 presents the results. The �nancial

crisis in 2001 does not have a signi�cant effect on forecast timeliness while the more

severe �nancial crisis in 2008 decreases the likelihood to issue timely forecasts by more
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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 �nancial 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 �nancial crisis, but the

effect becomes insigni�cant once the �rm-quarter �xed effects and analyst �xed effects

are controlled for.

1.3.4 Evidence from H1N1 school closures

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

commonly referred to as “swine �u”, in 2009. However, it is hard to capture the effect of

the school closure event in 2009 because the decisions on school closures were inconsis-

tent 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 cap-

ture 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.

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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Table 1.6 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 signi�cant

at the 5% level without control variables in the model (Column (3)) and is economically

signi�cant, amounting to 88% of the gender difference in forecast timeliness of analysts

in states other than New York. The effect becomes statistically signi�cant at the 10% level

when control variables are added, but the economic level remains similar (Column (4)).

To summarize, female analysts are less likely to issue timely forecasts after unexpected

school closures caused by pandemics, but there is no signi�cant gender difference in fore-

cast timeliness during �nancial crises. School closures increase the demand for domestic

work and childcare, leading to less timely forecasts of female analysts. According to previ-

ous literature (Cooper et al. (2001), Zhang (2008), Chiu et al. (2021)), less timely forecasts

are associated with smaller market impact and less favorable career outcomes, making it

harder for female analysts to succeed in this competitive industry.

1.3.5 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 attenu-

16Analysts are likely to be in the prime years of child-rearing, given that average age in the �nancial
analyst industry is around 40 years old. See https://datausa.io/pro�le/soc/�nancial-analysts.
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ation 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. Supplementary Appendix 3.6 describes the detailed

process of the data collection. I �nd 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 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 1.3 compares the coef�cient estimates ofSchool closurein the regression of

Timelyon School closurein sub-samples of male analysts with children, female analysts

with children, and other male and female analysts, respectively. All regressions control for

analyst �xed effects, and standard errors are clustered by analyst and �rm. 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

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 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 re�nes the de�nition 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 ex-

pected 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 ofTimelyon School closure, Having children, and their interaction

term. Having childrenis 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 explanations related to gender differences. Panel A

of Table 1.7 contains the regression results. Column (1) presents the model controlling

for analyst �xed 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 statisti-

cally signi�cant at the 10% level. After including control variables and analyst, �rm, and

time �xed 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 signi�cant 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 �nd any signi�cant result.
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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 1.7 contains the regression results ofTimelyonSchool 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 esti-

mation by adding interaction terms amongSchool closure, Having children, andFemalein

the model of Equation 1.1. Panel C of Table 1.7 shows the results. The distraction of do-

mestic 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 timeliness in the

sample. This effect estimated by the coef�cient estimates of the triple interaction term is

statistically signi�cant at the 5% level in all model speci�cations.

Information from analysts' Facebook pages further con�rms that analysts distracted

by domestic 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
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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 in�uenced 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.

1.4 Domestic distractions, analyst forecast accuracy, and effort allocation

The �ndings presented in Section 1.3 suggest that analysts distracted by domestic work de-

crease forecast timeliness. Do domestic distractions in�uence forecast accuracy as well?

Widely studied by the previous literature, forecast accuracy is the �rst-order concern in

terms of forecast quality. However, compared with the effect of limited attention on fore-

cast timeliness, whether and how school closures in�uence forecast accuracy are less clear.

On the one hand, forecast accuracy may deteriorate when analysts suffer from limited at-

tention after the school closures. On the other hand, forecast accuracy may represent

analysts' capability to gather and interpret information and thus, is not in�uenced by lim-

ited 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 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 in�uenced by

school closures.

To measure forecast accuracy, I �rst calculate the forecast error as the absolute value

18Table 2 shows that slightly more female analysts are identi�ed as having children. The reason is that
more female analysts' Facebook pages are found (see Supplementary Appendix 3.6 for more details).
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of the difference between the analyst earnings forecast and the actual earnings announced

by the �rm. The larger the forecast error is, the less accurate the forecast is. Following

Clement and Tse (2005), I de�neForecast accuracyas:

Forecast accuracyi; j ;t =
Forecast errorMaxi;t � Forecast errori; j ;t

Forecast errorMaxi;t � Forecast errorMini;t
; (1.2)

whereForecast errorMini;t andForecast errorMaxi;t are the minimum and maximum of

the forecast errors (an absolute value) for all analysts following �rm 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 �rm-quarter issued in the same month.

I run a regression ofForecast accuracyon the dummy variablesFemale, School Clo-

sure, and their interaction terms, controlling for �rm and analyst characteristics and vari-

ous �xed effects as in Table 1.2. Standard errors are clustered by analyst and �rm.

Table 1.8 contains the regression results. I �nd some evidence that female analysts is-

sue 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

speci�cations. The economic magnitude corresponds to 4% to 9% of the average fore-

cast accuracy in the sample (0.54 pp in Table 1.1). However, the effect is only marginally

statistically signi�cant at the 10% level if �rm� quarter �xed effects are controlled for.

Furthermore, if I compare forecast accuracy before and after school closures in March

2020 or that in 2019 and 2020 as in Table 1.3, Table SA4 in the Supplementary Ap-

pendix shows that the results are not statistically signi�cant at the conventional level,

either. Therefore, there is no strong and robust evidence that female analysts issue less
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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) �nd that analysts strategically

allocate more effort to �rms that are important for their careers, e.g., �rms 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 �rms to at least maintain the forecast accuracy of these forecasts. As a result, on

average, school closures do not signi�cantly 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 �rm in an analyst portfolio based on its institutional owner-

ship because �rms with higher institutional ownership deliver more lucrative commission

revenue for the broker �rm (Frankel et al. (2006)). Moreover, analysts are dependent on

institutional investors for performance ratings (Ljungqvist et al. (2007)), e.g., all-star an-

alyst nomination. For each analyst-earnings announcement date, I rank the institutional

ownership of �rms and de�ne a dummy variableHigh institutional ownershipequal to

one if the �rm is in the top quartile of portfolio �rms issuing forecasts on the same day

in terms of institutional ownership, and zero otherwise.19 I run a regression ofForecast

accuracyon the dummy variablesFemale, School Closure, High institutional ownership,

and their interaction terms with control variables and �xed effects as in Table 1.8.

Table 1.9 presents the regression results. The coef�cients estimates of the interaction

term between the female dummy and school closure dummy are negative and statistically

19The quartile cut-off follows Harford et al. (2019), and results remain similar ifHigh institutional own-
ershipis de�ned as in the top tertile or quantile.
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signi�cant in all model speci�cations. It means that for �rms that are relatively less im-

portant 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

signi�cant at the 10% level in all models. The �ndings indicate that female analysts al-

locate more efforts to �rms with higher institutional ownership after school closures, and

therefore, guarantee forecast accuracy for these �rms 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 ofForecast accuracyon a triple interaction term amongFe-

male, School Closure, Timelyin Table SA5 do not support this conjecture.

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

erage, decrease forecast accuracy after the COVID-19 school closures since they strate-

gically allocate their efforts and manage to maintain forecast accuracy for �rms that are

important for their career.

1.5 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 signi�cantly in�uenced. For

example, analysts may need to take care of the children and cook meals during the daytime

20Similar analysis on forecast timeliness also �nd that the decrease in female analysts' forecast timeliness
after school closures is smaller for �rms with high institutional ownership (see Supplementary Appendix
Table SA6), but the mitigating effect is not statistically signi�cant at the conventional level.
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and therefore, have to issue forecasts at night when the children go to sleep. Analysts have

busy daily schedules (Bradshaw et al. (2017)) and may strategically choose the time of day

when they release earnings forecasts. However, very little is known about what in�uences

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 1.4 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 fore-

casts during the periods of a day when housework is intensive in regressions with control

21Based on the interpretation by the data provider, the variable announcement time (ANNTIMS) from
IBES Detail History �le 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/Listof U.S. states
and territoriesby 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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variables and �xed effects. I de�neHousework-intensive timeas a dummy variable equal

to one if analyst j releases the earnings forecast for �rm 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.

Based on the summary statistics in Table 1.1, 34% of the analyst forecasts in the sample

are released during the housework-intensive. I run a regression ofHousework-intensive

on Female, School closure, and their interaction term, controlling for �rm, broker and

state (or analyst), and time �xed effects. I include analyst characteristics, the number

of �rms in the coverage, broker size, and analysts' experience in the �rm, because these

characteristics may in�uence the time of day an analyst releases forecasts. Table 1.10

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 signi�cantly shift the time of day when they release forecasts.

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

sions 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 fe-

male analysts' forecasts, separately. The regressions control for analyst �xed effects to

focus the within-analyst change in the forecast time, and the standard errors are clustered

by analyst. Figure 1.5 contains the coef�cient estimates of the school closure dummy for

each time interval. The con�dence intervals of coef�cient 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,
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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 signi�cant at the conventional level. The small

number of female analysts leads to a large standard deviation of the coef�cient estimates

while the standard deviation of the coef�cient estimates in the sample of male analysts is

much smaller.

Taking advantage of the detailed time stamp of analysts' forecasts, I show that fe-

male analysts shift the forecast releases to hours when childcare activities and housework

demand are less intensive. 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.

1.6 Additional analyses of Chapter 1

1.6.1 Forecast boldness

Forecast boldness is another important perspective of the quality of analyst earnings fore-

casts. In this section, I investigate whether and how the forecast boldness is in�uenced 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 previ-

ous 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 de�ne measures of forecast boldness, I �rst calculate the distance between a given
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forecast and the consensus of all forecasts for the �rm-quarter (measured as the average of

all available analyst earnings forecast values for the same �rm-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 �rm-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 �rm's earnings announcement dates. I calculate variablesDistance from consensusand

Distance from previouswith the following equation (Clement and Tse (2005)):

Distancei; j ;t =
Absolutedistancei; j ;t � AbsolutedistanceMini;t

AbsolutedistanceMaxi;t � AbsolutedistanceMini;t
; (1.3)

whereAbsolutedistancei; 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 analysts;AbsolutedistanceMini;t andAbsolutedistanceMaxi;t are the minimum

and the maximum ofAbsolutedistancei; j ;t for �rm 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 �rm-quarter.

I run the same regressions as in the baseline analysis of Table 1.2 and present the result

in the Supplementary Appendix Table SA7. 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 signi�cant at the 5% level. Female analysts' forecasts deviate slightly more

from their own previous forecasts as well, but the effect is not statistically signi�cant.

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
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closures.

1.6.2 Analysts' activities at earnings conference calls

At last, I investigate analysts' activities at earnings conference calls. If analysts are dis-

tracted by the COVID-19 school closures, their activities at the conference call may also

be in�uenced 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 forecasts for the �rm in the quarter based on the I/B/E/S database.

Supplementary Appendix Section 3.6 contains the analyses and results in details.

I do not �nd a signi�cant effect of the COVID-19 school closures on the participation

of conference 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 clo-

sures, more speci�cally, from 5:00 to 6:00 in the morning and from 11:00 to 12:00 at noon

(Supplementary Appendix Figure SA3). Furthermore, conditional on participating in the

conference, female analysts ask shorter and fewer questions after the COVID-19 school

closures (Supplementary Appendix Table SA9).
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1.7 Conclusion of Chapter 1

In this paper, I �nd strong and robust evidence that the COVID-19 school closures nega-

tively in�uence 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 allo-

cate their limited attention to �rms that are more important for their careers and maintain

forecast accuracy for these �rms.

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

male-dominated industry, they are still more likely to be in�uenced by domestic responsi-

bilities 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 �ndings imply that the gender gap

in the job market may be able to get closed by alleviating the imbalance in housework allo-

cation between gender or by providing better external 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 �rst to link distractions of domestic work to ana-

lysts' forecasts and the labor market of the �nancial analyst industry. Even professional

analysts are in�uenced by distractions of housework. It is likely that other �nancial mar-

ket participants also suffer from limited attention due to distractions of domestic burdens,
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and the effect may have a large impact on �nancial markets. This study serves as a start-

ing point for future research to quantify and investigate the effect of domestic duties on

�nancial markets.

The �ndings also add to the increasing understanding of the social effects of the

COVID-19 pandemic. COVID-19-induced measures such as school closures decrease

forecast timeliness of female analysts, which in�uence information processing ef�ciency

in �nancial markets. More importantly, it should be brought to the attention of policy-

makers that these measures in�uence different groups in an unequal way. As found in this

paper, even women in a competitive profession are more vulnerable to the COVID-19-

related social effects.
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Figure 1.1: Demonstration of the sample construction

This �gure demonstrates the sample construction. Scenario 1 demonstrates earnings announce-
ments excluded from the sample where earnings announcements happened before school clo-
sures 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 1.2: Forecast timeliness of male and female analysts' earnings forecasts
around the COVID-19 school closures

This �gure 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 1.3: School closures effects on forecast timeliness among analysts

This �gure plots the coef�cient estimates ofSchool closurein the regression ofTimely on
School closurein 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 �xed effects. Standard errors are clustered by analyst
and �rm. The con�dence intervals of the coef�cient estimates are at the 90% level.
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Figure 1.4: COVID-19 school closures and distribution of forecast release time

This �gure plots the fraction of earnings forecasts released by male and female analysts dur-
ing 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 1.5: Effect of school closures on forecast release time among male and female
analysts

This �gure plots the coef�cient estimates ofSchool closurein the regressions of dummy vari-
ables indicating whether the forecast is released during the hour of the day on the dummy
variableSchool closurein the sub-samples of male analysts' forecasts and female analysts'
forecasts. The regressions control for analyst �xed effects, and the standard errors are clus-
tered by analyst. The con�dence intervals of the coef�cient estimates are at the 90% level.
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Table 1.1: Summary statistics of Chapter 1

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 �rst forecast by each analyst for a �rm's earnings in quarter t+1 issued after
the �rm'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 �rm. Further variable de�nitions can be found in 1.7.

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 �rms' EA 18701 0.82 1.21 0.00 0.00 1.00
No. of �rms 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 �rm 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 1.1: Summary statistics of Chapter 1 (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 �rms' 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 �rm 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 1.2: Effect of COVID-19 school closures on forecast timeliness

This table contains the regression results ofTimelyon Female, School closureand their in-
teraction 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 �rm's quarter t earn-
ings announcement date, and zero otherwise. Further variable de�nitions can be found in 1.7.
Standard errors are clustered by analyst and �rm.t-statistics are provided in parentheses.� � � ,
�� , and� represent statistical signi�cance 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 �rms' 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 �rms 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 �rm 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
AdjustedR2 0.292 0.428 0.429
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Table 1.3: Effect of COVID-19 school closures on forecast timeliness – Other coun-
terfactuals

This table contains the regression results ofTimelyonFemale, School closureand their interac-
tion term. Columns (1) and (2) run regressions in the sample of March 2020 andSchool 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 andSchool closureis equal to one, if the earnings forecast is issued in year 2020,
and zero otherwise.Timelyis 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 �rm's quarter t earn-
ings announcement date, and zero otherwise. Control variables includeNo. of followed �rms'
EA, Firm size, Institutional ownership, Book to market, Bad earning news, Special items, Log
number of following analysts, No. of �rms followed, Broker size, andExperience in the �rm.
Further variable de�nitions can be found in 1.7. Standard errors are clustered by analyst and
�rm. t-statistics are provided in parentheses.� � � , �� , and� represent statistical signi�cance
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
AdjustedR2 0.357 0.398 0.282 0.418

49



Table 1.4: Gender attitudes and the effect of school closures on forecast timeliness

This table contains the regression results ofTimelyon Female, School closureand their inter-
action term in separate samples of states with conservative or liberal gender attitudes measured
by the US 2017 wave of the World Value Survey.Timelyis 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 �rm's quarter t earnings announcement date, and zero otherwise. Control variables
includeNo. of followed �rms' EA, Firm size, Institutional ownership, Book to market, Bad
earning news, Special items, Log number of following analysts, No. of �rms followed, Broker
size, andExperience in the �rm. Further variable de�nitions can be found in 1.7. Standard
errors are clustered by analyst and �rm.t-statistics are provided in parentheses.� � � , �� , and
� represent statistical signi�cance 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
AdjustedR2 0.287 0.367 0.421 0.424
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Table 1.5: Effect of �nancial crises on the forecast timeliness – a placebo test

This table contains the regression results ofTimelyon Female, Financial crisisand their in-
teraction term. Columns (1) and (2) run regressions in the sample from 2000 to 2002 and
Financial crisisis equal to one if the earnings forecast is issued from March 2001 to Novem-
ber 2001 based on the NBER �nancial crisis de�nition, and zero otherwise. Columns (3) and
(4) run regressions in the sample from 2007 to 2010 andFinancial crisisis equal to one if the
earnings forecast is issued from December 2007 to June 2009 based on the NBER �nancial
crisis de�nition, and zero otherwise.Timelyis 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
�rm's quarter t earnings announcement date, and zero otherwise. Control variables include
No. of followed �rms' EA, Firm size, Institutional ownership, Book to market, Bad earning
news, Special items, Log number of following analysts, No. of �rms followed, Broker size, and
Experience in the �rm. Further variable de�nitions can be found in 1.7. Standard errors are
clustered by analyst and �rm.t-statistics are provided in parentheses.� � � , �� , and� represent
statistical signi�cance 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
AdjustedR2 0.198 0.308 0.243 0.331
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Table 1.6: Effect of H1N1 school closures on the forecast timeliness

This table contains the regression results ofTimelyon Female, H1N1 school closureand their
interaction term. Columns (1) and (2) run regressions in the sample from 2008 to 2010 and
School closureis 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 andSchool closure
is equal to one if the state where the analyst is located is New York, and zero otherwise.
Timelyis 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 �rm's quarter t earnings announcement
date, and zero otherwise. Control variables includeNo. of followed �rms' EA, Firm size,
Institutional ownership, Book to market, Bad earning news, Special items, Log number of
following analysts, No. of �rms followed, Broker size, andExperience in the �rm. Further
variable de�nitions can be found in 1.7. Standard errors are clustered by analyst and �rm.
t-statistics are provided in parentheses.� � � , �� , and� represent statistical signi�cance 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
AdjustedR2 0.252 0.334 0.432 0.415
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Table 1.7: Effect of COVID-19 school closures on parents' forecast timeliness

This table contains the regression results ofTimelyonSchool 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.Timelyis 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 �rm's quarter t earnings announcement date, and zero otherwise. Control variables include
No. of followed �rms' EA, Firm size, Institutional ownership, Book to market, Bad earning
news, Special items, Log number of following analysts, No. of �rms followed, Broker size, and
Experience in the �rm. Further variable de�nitions can be found in 1.7. Standard errors are
clustered by analyst and �rm.� � � , �� , and� represent statistical signi�cance 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
AdjustedR2 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
AdjustedR2 0.291 0.416 0.370 0.435
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Table 1.7: Effect of COVID-19 school closures on parents' forecast timeliness (con-
tinued)

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 chil-
dren

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
AdjustedR2 0.360 0.294 0.429 0.446
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Table 1.8: Effect of COVID-19 school closures on forecast accuracy

This table contains the regression results ofForecast accuracyon Female, School closureand
their interaction term.Forecast accuracymeasures the forecast accuracy of the forecast com-
pared within all analysts forecasts issued in the same month for the same �rm-quarter. Control
variables includeNo. of followed �rms' EA, Firm size, Institutional ownership, Book to mar-
ket, Bad earning news, Special items, Log number of following analysts, No. of �rms followed,
Broker size, andExperience in the �rm. Further variable de�nitions can be found in 1.7. Stan-
dard errors are clustered by analyst and �rm.t-statistics are provided in parentheses.� � � , �� ,
and� represent statistical signi�cance 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
AdjustedR2 0.020 0.043 0.028
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Table 1.9: Forecast accuracy and effort allocation

This table contains the regression results ofForecast accuracyonFemale, School closure, High
institutional ownershipand their interaction term.Forecast accuracymeasures the forecast ac-
curacy of the forecast compared within all analysts forecasts issued in the same month for the
same �rm-quarter. Control variables includeNo. of followed �rms' EA, Firm size, Institutional
ownership, Book to market, Bad earning news, Special items, Log number of following ana-
lysts, No. of �rms followed, Broker size, andExperience in the �rm. Further variable de�nitions
can be found in 1.7. Standard errors are clustered by analyst and �rm.t-statistics are provided
in parentheses.� � � , �� , and� represent statistical signi�cance 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. Owner-
ship

-0.034� -0.029 -0.030

(-1.80) (-1.52) (-1.33)
Female Dummy� High inst. Own-
ership

-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
AdjustedR2 0.021 0.043 0.028
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Table 1.10: Effect of COVID-19 school closures on the forecast release time

This table contains the regression results ofHousework-intensive timeon Female, School clo-
sureand their interaction term.Housework-intensive timeis 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. Further variable de�nitions can be found in 1.7. Standard
errors are clustered by analyst and �rm.t-statistics are provided in parentheses.� � � , �� , and
� represent statistical signi�cance 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 �rms followed -0.000

(-0.14)
Broker size 0.001

(0.64)
Experience in the �rm -0.000�

(-1.65)
Fixed effects Firm, Broker,

State, Time
Firm, Analyst,

Time
Firm, Analyst,

Time

Observations 17998 17858 17396
AdjustedR2 0.113 0.196 0.195
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