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Abstract 

The first chapter examines how Ban-the-box policies affect employment 

outcome of females. While the previous literature finds that minority males are 

hurt by Ban-the-box policies, no one has focused on females. I fill this gap by 

using individual level employment status data to examine the influence of Ban-

the-box policies on females by initial employment status. I find that relative to 

non-Hispanic white females, Hispanic females who started outside the labor force 

experience a lower probability of being employed or entering the labor force after 

pubic bans. 

The second chapter examines whether changes in temperature affects 

gender differentials in time allocation and the potential mechanisms through 

which this response might operate. Based on data from the American Time Use 

Survey (ATUS), we find that, relative to men, women decrease their labor supply 

by approximately one hour during days with temperatures of 100 degrees 

Fahrenheit or higher, despite having fewer working hours than men over the 

entire distribution of temperature. However, the differences in the time allocated 

to housework and leisure between men and women vary little with temperature. 

Our further investigation suggests that a substantial part of the gender gap in 

response to temperature is attributed to family status and fertility status. 

The third chapter investigates whether higher housing prices cause parents 

to be less willing to have boys. Over the past two decades, Chinese males have 

been competing in marriage markets by offering to purchase homes when getting 

7 



8 

married. The rise in housing prices has made this practice increasingly expensive, 

and may help explain why the sex ratio of new-born babies in China has declined 

since 2008. Using aggregated data at the city level, I find that higher housing price 

are associated with lower male-to-female ratio of new-born babies, confirming 

that higher housing price do weaken Chinese parents’ son preference. The 

mechanism is that higher housing price combined with the custom for the bride 

to provide a house significantly increases the cost of nurturing a son while the 

return does not increase much. So parents are less willing to having a son 

compared with having a daughter. 



Chapter 1
Does Ban-the-Box Policies In luence Female Employment?
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1 Introduction

There has been a clear expansion in the number of jurisdictions with “ban-the-box" policies

that requires employers to remove the “box” where applicants check criminal history from job

application forms. The initiative aims to provide ex-offenders a fair chance at employment. Thirty-

five states, the District of Columbia and over 150 cities and counties have adopted ban-the-box laws

that remove the question from applications for public agencies and government jobs Table ?? shows

the states that adopted ban-the-box. Over three-fourths of the U.S. population live in a jurisdiction

with some form of ban-the-box rules. Thirteen states and 18 cities have extended their ban-the-

box practices to private employers (Avery and Hernandez, 2018). In addition to removing the

conviction history questions from job applications, the laws also delay the background check until

later in the hiring process–during the interview or at the release of the conditional offer (Avery and

Hernandez, 2018). To date there have been no published studies of how ban-the-box affects labor

market outcomes of ex-offenders, probably due to a lack of data. Yet the intended and unintended

effects of ban-the-box have both theoretical and empirical significance. The goal of this paper is

to examine whether and how ban-the-box affects employment for different demographic groups

among females, and more importantly, whether the effects are causal and what the mechanism

might be.

When ban-the-box removes information about conviction history, it does not necessarily remove

employers’ concerns about hiring ex-offenders. Based on a survey of employers in the Los Angeles

metropolitan area, Holzer, Raphael and Stoll (2007) conclude that most employers are not likely to

hire ex-offenders. Baert and Verhofstadt (2015) find that applicants who disclose a history of juve-

nile delinquency get 22% fewer callbacks. Employers might respond to ban-the-box by inferring

conviction history using other observables, such as gender, race, and educational attainment. The

mechanism is what is called “statistical discrimination”. The previous literature provides plenty

of evidence that statistical discrimination is more severe when information about applicants is

less precise. Autor and Scarborough (2008) detect the effects of job testing on the employment of

minorities. They find that testing has no measurable impact on minority hiring and that testing

improves productivity uniformly among minority and non-minority hires. Although minorities

are typically perceived to perform poorly on job testing, employers hire those with good enough

performance when this information is available. Wozniak (2015) finds that the adoption of drug

testing increases black employment in the testing sector by 7% to 30%. Bartik and Nelson (2016)
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find that credit check bans reduce job-finding rates for blacks. Agan and Starr (2017) document

that the black-white racial gap is wider among employers who do not have a conviction history

check “box” than those that included “boxes" prior to ban-the-box. These papers confirm that

statistical discrimination is relieved to some extent by disclosing more accurate information about

applicants.

This paper follows the literature that studies the effects of ban-the-box on labor market out-

comes. Agan and Starr (2017) conduct a field experiment that investigates the effects of ban-the-box

on callback rates. They find that ban-the-box increases the racial gap in callback rates. Before and

after ban-the-box, Agan and Starr (2017) sent employers pairs of fictitious resumes in New Jersey

and New York City, each of which had a distinctively black and a distinctively white name, but

that otherwise had similar characteristics. They find the black-white gap in callback rate grew

dramatically after ban-the-box laws. Exploiting variation in timing of ban-the-box laws in different

jurisdictions, Doleac and Hansen (2020) find ban-the-box policies decrease the probability of being

employed by 3.4 percentage points (5.1%) for young, low-skilled black men, and by 2.3 percentage

points (2.9%) for young, low-skilled Hispanic men1. They focus on low-skilled young men because

this group commits more crimes than other demographic groups. They include three groups in the

analysis: non-Hispanic Whites, Non-Hispanic Blacks, Hispanics, to see how Ban-the-box affects

race and ethnicity disparities in labor market. These two papers tell the same story: non-Hispanic

blacks and Hispanics experienced lower probabilities in employment after ban-the-box due to more

severe statistical discrimination. When conviction history is hidden due to ban-the-box, employers

use race and educational attainment as a proxy to infer the criminal history of applicants. Because

low-educated non-Hispanic blacks and Hispanics are perceived to have higher crime rates, they

were more negatively affected by discrimination after ban-the-box. A main goal of our paper is

to investigate how“ban-the-box" affect females’ employment outcomes. Shoag and Veuger (2016)

studies the effects of ban-the-box on employment to determine whether the practice achieved

the intended goal. Comparing employment in high-crime areas and low-crime tracks, Shoag and

Veuger (2016) find that ban-the-box increased employment among residents in high-crime areas by

4%. Shoag and Veuger (2016) also detect the effects on employment outcomes of females, finding

that employment for females decreased after ban-the-box. They propose that ban-the-box hurt

females because of the improved skill requirement it induced. But they did not study how females

of different race-ethnicity females are affected because they did not segregate by race or ethnicity.

1Low-skilled is defined to be having no college degree, “young” refers to age between 25 to 34.
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Following the same logic of how minority males are hurt by ban-the-box, I expect the group with

lower crime rates likely experiences better employment outcomes (higher employment probability,

higher wages) after ban-the-box. The crime rates for females are significantly lower than males

(Crime in the United States Publication, 2018). For some kind of jobs, both men and women can

complete the work with similar efficiency. After the adoption of ban-the-box, employers may

tend to hire more females for jobs that both females and males can accomplish. The employment

probability of females may be increased by ban-the-box. Furthermore, I expect Non-Hispanic

white females will benefit more because they have lower crime rates than other females. Thus, I

classify females into three categories: Non-Hispanic Whites, Non-Hispanic Blacks, and Hispanics

in this paper to detect the effects of ban-the-box laws on females’ employment. The results show

that the effects on females are pretty similar to the effects on males, which is not my expectation

and suggests that females are hurt by the same kind of statistical discrimination after ban-the-box.

Other papers examine the effects of ban-the-box on additional outcomes. Sabia et al. (2018)

examine the effects of ban-the-box on crimes. They find that ban-the-box is associated with higher

rates of property crime among working-age Hispanic men, but why the effects are not found for

non-Hispanic blacks is not clear. Doleac and Hansen (2017) investigate the effects of ban-the-box on

the demographic composition of cities and migration behavior. They find no evidence of association

between ban-the-box and demographic shifts or migration behavior.

This paper adds to the growing literature that studies how ban-the-box affects employment

among different demographic groups. Agan and Starr (2017) control for individual characteristics

and firm types by conducting a field experiment. To support the causal argument, they provide a

triple difference estimator, which compares temporal changes in racial gaps between employers

who used the box before the effective date of ban-the-box laws and employers without the box.

Their findings focus on callback rates rather than final employment decision and use fictitious

people who are not actually applying for the jobs. Our paper focuses on the final employment

outcome, extending the analysis area to the whole nation and covers a longer time period from

May 2004 to December 2017.

Doleac and Hansen (2020) find that young, non-Hispanic black males experienced lower

employment probability in ban-the-box areas using CPS data. I follow the method used in Doleac

and Hansen (2020) but focus on females rather than males. Doleac and Hansen (2020) assign

ban-the-box treatment status at the Metropolitan Statistical Area (MSA) level. For example, as

long as one city or county in the MSA adopts ban-the-box, all individuals living in this MSA are
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considered treated by ban-the-box. For people living outside of MSA, the state level policy decides

the treatment status. In contrast to their assignment method, I use fractional treatment, i.e. I

calculate the probability of being treated (The specific method is described in Section IV).

Shoag and Veuger (2016) supplement their main analysis by conducting difference-in-difference

analysis using annual American Community Survey data for the whole working-age population

segregated by race and gender. They find that ban-the-box increased employment for black men

by 3.3 ppts and lowered employment for females by 0.3 ppts. But they did not segregate by

educational attainment. And their data can only allow the ban-the-box treatment status to vary at

the year level by state. This paper conducts an analysis of females with more precise timing that

controls for educational attainment and segregates by race and ethnicity.

This paper is most related to Doleac and Hansen (2020). They focus on young (25-34), low-

skilled (with no college degree) males and group them into 3 race-ethnicity groups: non-Hispanic

whites, non-Hispanic blacks and Hispanics. Yet, people who are aged 35 to 49 years old account for

a large share of work force and also are involved in crime. Further, females in this age group are

involved in employment and in crime. Our paper examines the broader effects of ban-the-box on

different demographic groups that constitute the working-age (25-49) female population.

This paper makes several distinct contributions to the literature. First, this study examines the

broader effects of ban-the-box on females rather than males or all people. The main analyses are

conducted for working-age females (25-49) with no college degree segregated into three groups:

non-Hispanic whites, non-Hispanic blacks, Hispanics. The main estimates suggest that minority

females also experienced worse employment outcomes when ban-the-box laws are enacted. Second,

I am more careful in assigning treatments by assigning fractional probabilities in MSAs where

only part of the MSA has a ban-the-box law. Doleac and Hansen (2020) consider the whole MSA

to be treated as long as one city or county within the MSA adopted ban-the-box policy. This

is not accurate because some cities or counties that adopted ban-the-box policy only account

for a small population share within MSA. For example, Warren only accounts for 7.4% of the

Youngstown-Warren-Boardman metropolitan area in Ohio. It is not reasonable to consider the

whole Youngstown-Warren-Boardman metropolitan area to be treated when only Warren city

adopted ban-the-box. Third, I focus on the change in employment status. While Doleac and

Hansen (2020) ’s main analysis treats the observation of the same person as different individuals,

I focus on the changes in employment outcome from 1st interview to final interview.2 I detect

2I use CPS data thus correspondents are in the sample for four consecutive months, then out of sample for eight
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how ban-the-box policies influence the probability of being employed from being unemployed, the

probability of being employed from being not in the labor force and the probability of entering the

labor force respectively. Usually, we would not expect employers to fire their current workers due

to some changes on the application forms. Therefore, employed individuals (employed in the first

interview) are not in our sample. And the definition of being employed are different from previous

literature.3 Forth, I drop all individuals whose residence area adopted ban-the-box before the 1st

interview started. The control group in the paper are individuals whose residence area has not

adopted ban-the-box until the end of final interview. The treated group are individuals who have

positive possibility of experiencing ban-the-box between interviews. Fifth, I interact the treatment

dummy with both demographic group dummies and a dummy for being in a high-crime area in

the regression. If the estimates find that minorities in high-crime rate areas experienced a larger

decrease in employment, it suggests that statistical discrimination in high-crime areas is more

severe after enactment of ban-the-box, providing more confidence to support that ban-the-box

causes worse employment outcomes of minorities by statistical discrimination.4 The analysis

estimates how ban-the-box laws influence the probability of employment in later interviews in

the CPS for women who were unemployed in the first CPS interview. The longest gap between

interviews is 15 months. The results show that the probability of women who were initially

unemployed of finding employment after the introduction of public only ban-the-box laws was

lower. For women who were out of the labor force in the initial interview, there was no the effect of

introducing a public ban-the-box law for white non-Hispanics on their later entry into the labor

force, but there was a negative effect for Hispanics.

The remainder of the paper proceeds as follows. Section II provides the background of ban-the-

box. Section III introduces the data while section IV illustrates the empirical strategy. Section V

presents main results when regressing the dummy for being employed on treatment probability for

working age females with no college degree. Section VI detects differentiated effects by crime rate.

Section VII examines the influence of ban-the-box on females with bachelor degree as falsification

test. Section VIII investigates the effects on earnings and hourly wage. Section IX concludes the

paper.

consecutive months and then in the sample for four months.
3The details of definition of employment status are introduced in the data section.
4I also check the effects of ban-the-box policies in Loose and Tight labor markets by interacting treatment probability

with state unemployment rate. Results are shown in the Appendix Section 8. Only two significant coefficients are found.
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2 Background on Ban-the-box

To avoid hiring ex-offenders, employers tend to ask “Have you ever been convicted of a criminal

offense? Yes or No" on their application forms. Almost three quarters (70 percent) of 80 large,

national employers asked about criminal records on their application forms.Of those, 80 per cent

provided no guidance to applicants on when a conviction becomes irrelevant.5 Although this

question can not replace background check and applicants can still lie about this question, they

know that employers might still conduct background check before making the decision to hire.

Then lying is not a good option. Many applicants reluctantly check “yes,” knowing that it often

means the end of the application process for them. Not surprisingly, those with a criminal past face

high unemployment rates. Studies have shown that lack of employment leads to high recidivism

rates.

To help Americans who are not security risks and are in need of employment opportunities,

the Ban the Box movement calls for the removal of questions about arrests and convictions from

job applications. Thus, ban-the-box laws have popped up across the country. It typically prohibit

employers asking about applicants’ criminal history on application forms. As of 2020, 36 states and

Washington DC have ban-the-box laws in place. Over 150 cities and counties have also adopted

Ban-the-box. All “Ban-the-box” policies require employers to remove the box that applicants

check when they have a criminal history from job application forms. The goal of the policy is for

employers to consider a job candidate’s qualifications first without the stigma of a conviction or

arrest record (Avery and Hernandez, 2018). While all ban-the-box laws prohibit employers from

asking applicants about criminal history on an initial job application, some go further, requiring

employers to wait until after they have conducted an interview or made a conditional offer of

employment before asking about criminal history. An example is Arizona’s Ban-the-box policy,

which was adopted on Nov 6, 2017. Governor Doug Ducey (R) issued Executive Order 2017-07,

which prohibits certain state agencies from inquiring into an applicant’s conviction or arrest history

until after submission of a job application and an initial interview.

A few laws also impose additional requirements. For example, in California, employers must

engage in a multi-factored individual analysis of whether the criminal record justifies denying

employment. And, if the employer decides to deny employment based on a criminal record, it must

5One in five employers ‘break the law when asking candidates about criminal records’,

https://www.peoplemanagement.co.uk/news/articles/one-in-five-employers-break-law-asking-about-criminal-

record,Accessed: 2020-10-04.
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provide the applicant with notice and an opportunity to provide mitigating evidence that lessens

the impact of the conviction. Most ban-the-box laws contain exemptions for security-related jobs

and those that require working with children, vulnerable adults, and the elderly.

To make sure that the ban-the-box policy was actually followed, employers may face fines or

other consequences when violating it. In Washington DC, If a Ban the Box charge is not settled,

a DC employer can be fined up to $5,000. For example New York State Attorney General Eric T.

Schneiderman has announced settlements totaling $195,000 with two major national retailers –

Big Lots Stores and Marshalls – over violations of a Ban the Box law in 2016.

The Ban-the-box Fair Chance State and Local Guide (Avery and Hernandez, 2018) lists all Ban-

the-box & Fair Chance Laws and Policies adopted in the US by April 2018. Some ban-the-box

policies were adopted by the state executive branch or passed as a state law. Some were adopted

by counties or cities. Classified by employers to whom the policy applies, there are four kinds of

Ban-the-box policies: (1) policies that only apply to state agencies, (2) policies that apply to all

public sectors (including county and city public sectors), (3) policies that also restrict government

contractors, (4) policies that also apply to all private employers. In the following sections, I focus

on the policies that restrict to all public sectors and the policies that apply to all employers. The

policies that only restrict the policies to state agencies or the policy that extended ban-the-box

to government vendors are not considered because only a tiny portion of population are affected.

Government contractors also account for a very small portion of labor force, so this kind of policy

is seen as the same kind of policy that applies to only public sectors. Ban-the-box laws that restrict

all employers will influence all individuals in the labor force. As of September 2020, 14 states and

20 cities and counties had extended their ban-the-box laws to private employment.

The policies that only apply to public sectors are referred to as “Pubonly" in the paper and the

policies that apply to all employers are referred to as “All". I include both the treatment probability

of experiencing public ban-the-box and ban-the-box restricting all employers at the same time in

the regression. This practice is different from what prior researchers have done. It allows me to

detect different effects of the policy that have different scope of application. Ban-the-box policies

were typically implemented due to public campaigns aimed at convincing employers to give ex-

offenders a second chance (Doleac and Hansen, 2020). So when public sectors adopted ban-the-box,

there is anecdotal evidence that these policies combining with public pressures can push private

firms to adopt ban-the-box even before it was required of them. National employers like Walmart,

Target, Home Depot, Koch Industries removed the criminal history questions from application
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forms nationwide. And even before ban-the-box took effect, some employers in the nation did not

have a conviction check “box” on application forms Agan and Starr (2017). Considering spillover

effects of public “bans”, we should not interpret the estimates of public ban-the-box as the effects on

public sectors only. Figure 1 shows how the number of the jurisdictions that adopted ban-the-box

has expanded since 2005.

As a winning signal of the public campaign to give ex-offenders better chances at employment,

the adoption of ban-the-box policies may not be random. The public campaign could arise as a

result of greater difficulty for ex-offenders to obtain jobs. The pass or adoption of ban-the-box

could be a response to unemployment rate. For example, if ex-offenders find it more difficult to find

jobs, the public campaign may get stronger support. Because ex-offenders are disproportionately

represented among the black population, then the adoption of ban-the-box may appear to be a

response to the higher unemployment rate among blacks. Doleac and Hansen (2020) examine the

effects of pre-period (2000) state characteristics on the likelihood of at least one jurisdiction in

that state adopting a BTB policy by December 2014. They find that a higher urban ratio, higher

black population share, higher median earnings, and a higher population share with bachelor’s

degree can all predict a higher likelihood of adopting a ban-the-box policy. When regressing the

treatment variable on these factors simultaneously, only the black population share is statistically

significant. And the higher black population share has the strongest effect on the likelihood of

adopting ban-the-box.

To examine whether ban-the-box is a response to certain group’s share among population, I plot

the timing of treatment status (adopting of public bans by year) and the share of hispanic/black

population (by year) by state along the month in Figure 2 and Figure 3. Only states that enact

ban-the-box during sample period are plotted. For most states, the population share of Hispanics

or blacks did not change much during the sample period–2010 to 2017. And there is no signal

indicating that adoption of BTB is a response to changes in Hispanics’ population share or blacks’

population share. To examine whether ban-the-box is a response to changes in unemployment rate,

I plot the timing of treatment status and the state’s unemployment rate in Figure 4. There is no

clear pattern in the Figure shows that adoption of BTB is a response to changes in unemployment

rate. To examine this issue in more detail, I regress the dummy for whether a state has active

ban-the-box on the Hispanics’ population share, blacks’ population share, unemployment rate

or violent crime rates and property crime rates via linear probability model. Observation is at

state-year level. Results are shown in Table 1. Column (1) shows that public bans are associated
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with lower Hispanic share and drop in unemployment rate. The second column shows that private

bans are also associated with lower Hispanic population share and drop in unemployment rate.

Since all states that has private bans also restrict public employers, I regress dummy for private

bans on these characteristics conditional on adopting public bans. It was shown that lower black’s

population share could predict the pass of private bans.

3 Data

My primary data source for the analyses is the Current Population Survey data from the Integrated

Public Use Microdata Series(Flood et al., 2018) (May 2004 to December 2017). It contains individual

level data on employment status, demographics and residence information. The Current Population

Survey asks the employment status of each household member older than 15 in the sample as of the

calendar week containing the 12th day of the month. The survey uses a probability selected sample

of about 60,000 occupied households (Frequently Asked Questions for CPS Survey Participants

(2018)).

I exclude people who are in the armed forces. The employment status for civilian population

are categorized to 7 groups: At work, Has job-did not work last week, Unemployed-experienced

worker, Unemployed-new worker, Not in labor force-unable to work, Not in labor force-other,

Not in labor force-retired. The individuals in the first two groups-at work and has job but did

not work last week are defined to be employed. The individuals that fall into the third and forth

categories are defined to be unemployed. Individuals who are not in the labor force because they

are unable to work or retired are not likely to enter into labor force again. Naturally, they should

not be influenced by ban-the-box. Thus, they are excluded from the sample because they are not

relevant here. Whether the individual is employed or unemployed, I defined him or her to be in

the labor force. People who are not in the labor force for other reasons are included in the sample

because this group include “discouraged" workers who give up looking for jobs due to failures in

finding jobs. They are likely to be affected by ban-the-box. For example, ex-offenders in this group

may start to look for jobs after a ban-the-box policy is adopted. In this paper, I define 4 dummies

related to employment status: employed, unemployed, in the labor force, not in the labor force. I

detect how ban-the-box affect the probability of being employed for those who are unemployed

initially, the probability of being employed for those who are not in the labor force initially and the

probability of entering into labor force for those who are initially not in the labor force respectively.
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The paper mainly focuses on females who are 25 to 49 years old. They are the main working-age

population. The older age group is less likely to commit crimes than the 25-49 age group, so they

are excluded from the primary sample. According to the 2016 Uniform Crime Report and Census

Data, while persons who are older than 64 account for 15.24% of the population, they only account

for 1.1% of the crimes reported (Arrests by Age: 2016, National Population by Characteristics:

2010-2016). Persons who are in the 50-64 age group account for 19.59% of the population, account

for 10.6% of the crimes reported. As a comparison, 55.8% of the crimes reported in 2016 are

committed by the 25-49 age group, which only accounts for 32.83% of the population.

The main regression focuses on the 25-49 age group with no college degree because people

without college degrees are more likely to commit crimes (Gentry, Mokkapati and Rampersad,

2016). Respondents with no high school degree, with high school degree or equivalent, and who

went to college but earned no degree are included. The results for females with bachelor degree are

shown as falsification tests.

The control variables in the basic analysis include metropolitan status, age, age-squared,

educational attainment, marital status, number of children, the size of the metropolitan statistical

area in which the individual lives, if the person has disability conditions, if the person is a veteran,

if the person is enrolled at school.

The information on the timing, locations, types and other details of ban-the-box comes from the

Ban-the-box Fair Chance State and Local Guide (Avery and Hernandez, 2018). It lists all Ban-the-box

& Fair Chance Laws and Policies adopted in the US by April 2018. As the CPS collects employment

status of the week that includes the 12th of the month, I consider the policy to be effective in that

month if it is effective before the 5th of the month to allow for 7 days for ban-the-box to influence

the employment status. I drop individuals where the locale had adopted ban-the-box before the

1st interview begins. So the paper only compares individuals in locations where ban-the-box was

introduced between interviews with individuals in locations that had never had a ban-the-box

policy prior to the final interview.

Ban-the-box policies are adopted at different jurisdictions. I use the residence information to

assign the treatment status. In the CPS, all the individuals’ residence can be identified at the state

level, about 73% of the individuals’ residence can be identified at the metropolitan statistical area

(MSA) level, and about 40% of the individuals’ residence can be identified at the county level. With

regard to the city, the CPS only identifies the largest cities in some MSAs or other cities that meet

certain criterion. Only about 9% of the individuals can be identified at the city level.
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Avery and Hernandez (2018) lists the county, city or the state that adopted ban-the-box. But the

CPS cannot identify the residence of every individual in detail, so I need to assign the treatment

status by the most detailed residence information. Doleac and Hansen (2020) assigns treatment

status by metropolitan statistical area, and they consider an individual to be treated as long as one

city or county adopted ban-the-box in the metropolitan statistical area where he lives. However,

some counties or cities that adopted ban-the-box only account for a small portion of the total

population in the MSA. For example, Warren only accounts for 7.4% of the Youngstown-Warren-

Boardman metropolitan area in Ohio. It is not reasonable to consider the whole Youngstown-

Warren-Boardman metropolitan area to be treated when only Warren city adopted ban-the-box.

In contrast, I use a fractional treatment method for people in locations where only some of the

people are subject to ban-the-box policies. The method to assign the treatment status is illustrated

in Section 4. I focus on the probability of experiencing policies that only applies to public sectors

and policies that applies to all employers.

Ban-the-box policies remove the criminal record check “box” from application forms. So it is

reasonable to check if the crime rates in different areas might also affect the effects of the policy

on employment status. To detect the mechanism driving the results, crime rates of each MSA in

each year between 2004 to 2016 are collected from Crime in the United States Publication from the

Uniform Crime Report system. I then classify metropolitan areas into high crime rate areas and low

crime rate areas according to the MSA’s average crime rate from 2004 to 2016. Seven categories of

crimes are reported: murder, rape, robbery, aggravated assault, burglary, larceny/theft, and motor

vehicle theft. The first four categories are classified as violent crimes, the others are classified as

property crimes. The regression add the interactions of treatment probabilities and dummy for

living in high crime rate areas.

A key focus of the paper is to detect the influence of ban-the-box policies on the probability of

being employed for females. Table 2 summarizes the means of employment rate or probability of

being in the labor force by treatment status, initial employment status, and race-ethnicity group

(Observation is at individual level). It shows that non-Hispanic black women who are initially

unemployed experience lower employment probability, Hispanic females who are initially not in

the labor force experience decrease in employment probability and are less likely to enter into

labor force.
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4 Specification

Our goal is to detect whether ban-the-box policies affect the employment status for different female

demographic groups who were unemployed or out of labor force just before the ban-the-box policy

was instituted.

Doleac and Hansen (2020) regress employment of individual i in month t on the probability

of being treated by public bans and neglect the panel feature of the CPS data, treating the same

person observed at different month as different observations. In contrast to main specification in

Doleac and Hansen (2020), I exploit the panel feature of the CPS data. The same person in the CPS

is considered the same individual here. Specifically, I regress the employment outcome dummies of

the 8th interview (the final interview of each individual in CPS) on the probability of being treated

based on the initial employment status in the first interview. The paper examines how ban-the-box

influence the probability of being employed for individuals who are unemployed initially (during

the 1st interview), the probability of being employed for individuals who are not in the labor force

initially and the probability of entering into labor force for individuals who are not in the labor

force respectively. The left-hand side variables in different specifications are dummies for employed

or not, in the labor force or not. The right-hand side variables, P ubonlyi,between and Alli,between are

the treatment measures show whether the specific ban-the-box policy was introduced between

interviews. The equation is estimated separately for three different initial employment status:

employed, unemployed, and not in the labor force.

Employedi,f inal =β1P ubonlyi,between + β2NHBlackiP ubonlyi,between + β3HispaniciP ubonlyi,between

+ β4Alli,between + β5NHBlackiAlli,between + β6HispaniciAlli,between

+αZi + δMSA +γregion×month + ζMSAf (t) + εi

(1)

Equation (1) illustrates the main specification of the paper. P ubonlyi,between is the possibility of

individual i being treated by public Ban-the-box only (it turns to zero when public bans expand

to private employers) during the sample period, which is calculated by the possibility that this

person lives in treated area. I consider the individual to be treated if the possibility of having

active ban-the-box is positive. Since no jurisdictions repeal ban-the-box, as long as ban-the-box was

adopted between the 1st and 8th (final) interview, I define this individual to be treated. NBlacki is

an dummy for being an non-Hispanic black, Hispani is an dummy for being an Hispanic. Thus,

β1, β2, β3 denotes the baseline effects of public ban-the-box on all groups, the different effects
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between non-Hispanic black females and the baseline, the difference in the effects between Hispanic

females and baseline, respectively6. Alli,between is the possibility of individual i being treated by

bans that applies to all employers in the area during the sample period, which is also calculated

by the possibility that this person lives in treated area. Zi are individual level control variables

including metropolitan status, age, age-squared, education attainment, marital status, number of

children, the size of the metropolitan statistical area the individual lives, if the person has disability

conditions, if the person is a veteran, if the person enrolled at school. Because the demand and

supply in the local labor market are important factors influencing the individual employment

status, the MSA fixed effects (δMSA) and region-by-month fixed effects (γregion×month) are included.

Furthermore, different labor markets might have their own time trends. To control for this local

time trends, the MSA specific linear trends are included (f (t) includes the linear terms of the

month).

To get a clear picture of the effects of ban-the-box, I exclude people who are located in areas

with ban-the-box before the sample period begins. All places that adopted ban-the-box before May,

2004 are dropped. So the control group in the analysis contains individuals whose residence has

not passed ban-the-box until all the interviews ends. The treatment group include individuals

whose residence has positive probability to adopt ban-the-box during the interview cycle.

The coefficient for P ubonlyi,between should be interpreted as the effects of public ban-the-box

policies, the coefficient for Alli,between estimates the effects of ban-the-box policies that apply to

all employers. The variables P ubonlyi,between and Alli,between are assigned based on geographic

area and the timing of ban-the-box policies. The CPS data hides some respondents’ detailed

residence information for confidential reasons, so the fractional treatment is assigned when the

exact area of the local ban-the-box policy cannot be identified for the individual. Specifically, for

all the respondents living in non-metro areas or living in metro areas where the MSA cannot be

identified, only state level policies matter. When the policy is adopted at the state level during

the 1st and 8th interview, all individuals living in this state are assigned P ubonlyi,between = 1 or

Alli,between = 1. Individuals whose residence place has ban-the-box before the 1st interview are

6The individuals are categorized into three race-ethnicity groups: non-Hispanic white, non- Hispanic black, and

Hispanics. Other race or ethnicity groups are dropped because they constitute a small portion of population. The

employers can identify the applicants’ race and ethnicity just according to the application form because they often have

distinctive names. The Hispanic names are usually distinctive to non-Hispanic names. And the frequency of the same

name is different between blacks and whites (Bertrand and Mullainathan, 2004). So employers can conduct statistical

discrimination even if they only have application forms.
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excluded from the sample to simplify the analysis. When the county adopted ban-the-box between

the 1st interview and the 8th interview and the county can be identified, all individuals living

in this county are considered treated ( P ubonlyi,between = 1 or Alli,between = 1). When the county

adopted ban-the-box but the county cannot be identified, the residence information at the MSA

level is exploited. Specifically, I calculate the population share of this county among all counties

within this MSA that are not identified and assign this share as the value of the fractional treatment

for all people living in not identified counties within this MSA. When the city adopted ban-the-box

between the 1st interview and the 8th interview and the city can be identified, then all respondents

living in this city are considered to be treated ( P ubonlyi,between = 1 or Allmi,between = 1). If the city

is not identified, the residence information at the county or MSA level is used. If the county is

identified, then the population portion of this city in this county’s not identified areas is calculated

and assigned to all individuals living in this county’s not identified areas. If the county is not

identified, the population portion of this city in all non-identified areas in the MSA is calculated

and assigned to all individuals living in this MSA’s not identified areas. The fractional treatment

represents the probability that the person was treated. P ubonlyi,between is the largest fraction of

treated population during the sample period. Similarly, Alli is the largest fraction of treated

population during the interview, representing the probability of experiencing overall bans.

This assignment method differs from methods used by other scholars in the literature. Doleac

and Hansen (2020) assigns treatment status at the MSA level. If any county or city in the MSA

is restricted by any type of ban-the-box, all individuals living in this MSA are considered to be

treated. They argue that counties or cities in the same MSA are economically connected. However,

some counties or cities that adopted ban-the-box only account for a small portion of the total

population in the MSA. For example, Warren only accounts for 7.4% of the Youngstown-Warren-

Boardman metropolitan area in Ohio. It is not reasonable to consider the whole Youngstown-

Warren-Boardman metropolitan area to be treated when only Warren city adopted ban-the-box.

So Doleac and Hansen (2020) assignment is not accurate enough. Shoag and Veuger (2016) can

identify the location of the affected individuals accurately as they can identify the census tract

where the individual works. Sabia et al. (2018) assign the treatment status at the county level as

they can identify which county the crime report agency locates. The fractional treatment used in

the paper is the best compromise to the shortcoming of the inaccurate residence information. Our

method has the advantage of allowing for within-MSA variation of treatment.

The individuals are categorized into three race-ethnicity groups: non-Hispanic white, non-
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Hispanic black, and Hispanics. Other race or ethnicity groups are dropped because they constitute

a small portion of population. The employers can identify the applicants’ race and ethnicity just

according to the application form because they often have distinctive names. The Hispanic names

are usually distinctive to non-Hispanic names. And the frequency of the same name is different

between blacks and whites (Bertrand and Mullainathan, 2004). So employers can conduct statistical

dis discrimination even if they only have application forms.

Equation (1) is conducted for individuals who are unemployed during the first interview

and examines how ban-the-box influences the probability of being employed for those who are

unemployed before ban-the-box. The results are denoted in columns under “Unemployed to

Employed". Then equation (1) is estimated for individuals who are not in the labor force for reasons

other than retirement and being unable to work to detect how ban-the-box affect the probability of

being employed for those who are not in the labor force initially. The results are shown in columns

under “NILF to Employed". Inspired by ban-the-box, disappointed workers who have criminal

history may start looking for jobs, thus ban-the-box may also affect the probability of entering into

labor force. To study how ban-the-box affect the probability of entering into labor force, I replace

the left-hand side variable in equation (1) with the dummy for being in the labor force during final

interview and conduct the new equation for individuals who are not in the labor force for reasons

other than retirement and being unable to work. The results are presented in columns under “NILF

to In the Labor Force".7

There might be problems with omitted variable bias in the policy coefficients if some omitted

factors that influence the employment probabilities for different gender-by-race groups correlate

with the introduction of ban-the-box policies. These factors might include sudden shocks to the

racial composition of the work force, plant closings or openings that affect the demand for labor,

or shocks to the crime rate. Since migration is costly, sudden shocks to the racial composition

of the workforce seem unlikely. If other factors are con-current with the adoption of ban-the-

box, the results may be biased. If race composition affect the adoption of ban-the-box as well

as the employment outcome, for example, more and more blacks move to some areas, which

pushes the adoption of ban-the-box, and the current industry cannot accommodate so many black

workers which results in a decrease in employment probability. Our specification cannot exclude

such situations or control for migration. But we cover a long time period from May 2004 to

December 2017 and include region-month fixed effects, location fixed effects and MSA specific

7In these regressions, 5% to 10% of observations give predicted possibility out of range [0,1].
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linear time trends which can relieve such concerns. If the opening or shutdown of some major

plants happen with the same time when ban-the-box was adopted, our estimates will not reflect a

causal relationship, but the long time period and nationwide observations should ease this concern,

too. Industry composition transformation cannot complete in a short time, the inclusion of MSA

specific time trends should take care of this industry transformation. Finally, if the changes in

crime rate affect the employment outcome as well as the adoption of crime rate, adding crime rate

as controls should solve the problem. These factors are addressed in the following sections when

presenting results.

5 Main Results

I focus on the effects of ban-the-box on females. The results are shown in Table 3. Individual

demographics, MSA fixed effects, Month-region fixed effects and MSA specific linear trends are

included. Column (1) to (3) in Table 3 show the effects of ban-the-box on the final employment

status of individuals who are unemployed during the first interview. The dependent variable is a

dummy for being employed or not. The sample include individuals who are unemployed during

the first interview and did not experience ban-the-box before the first interview. The initial aim

of ban-the-box was to help ex-offenders who have difficulty finding jobs. So I expect the policy

will most likely affect people who are unemployed. The results in Column (1) to (3) in Table 3

show that the public bans made it more difficult for females to find jobs by the time of the last

interview (15 months after the first interview), indicating that the policy may not achieve the

desired effects. The probability that white non-Hispanic females find employment was 10.4 percent

lower in areas with only public bans but the coefficient was not statistically significant. There was

no statistically significant differences in the size of the effects between non-Hispanic black females

and non-Hispanic whites and in the size of the effects between non-Hispanic black females and

non-Hispanic whites and in the size of the effects between Hispanic and non-Hispanic whites.

Column (4) to (6) in Table 3 show the effects of ban-the-box on the final employment outcome

of individuals who were not in the labor force during the first interview. The dependent variable is

the dummy for being employed or not. The sample includes individuals who are not in the labor

force for reasons other than being unable to work or retirement during the first interview and were

not in the areas with ban-the-box laws at the time of the first interview. Generally, I also expect

those individuals might be affected by ban-the-box policies if they were “discouraged" workers
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who start looking for jobs and end up with finding a job inspired by ban-the-box policies. The only

coefficient that is statistically significant at the 10 percent level is the one for Hispanics who are not

in the labor force initially. They are 6.3 percent less likely than non-Hispanic whites to find jobs in

areas with only public bans. Non-Hispanic blacks were 11.6 percent less likely than non-Hispanic

whites to obtain jobs in areas with public bans, but the coefficient is statistically significant at only

the 15-percent level.

Column (7) to (9) in Table 3 presents the effects of ban-the-box on the probability of entering

the labor force of individuals who were not in the labor force during the first interview. The

dependent variable is the dummy for being in the labor force or not during the final interview. The

sample includes individuals who are not in the labor force for reasons other than being unable

to work or retirement during the first interview and did not live in a ban-the-box location at the

time of the first interview. The baseline coefficient shows that non-Hispanic white females are 4.1

percent more likely to enter the labor force in areas with public only ban-the-box policies and

0.6 percent more likely to enter the labor force in areas with all ban-the-box policies but only the

public the coefficient is statistically significant at the 15-percent level. Relative to white females,

Hispanic females’ probability of entering the labor force was lowered by 8.2 percentage point in

areas where public only ban-the-box policies were introduced. The full effect for Hispanic females

is -4.1 percentage points. Still no significant effects are found on non-Hispanic blacks.

In summary, the results from Table 3 shows that the the introduction of ban-the-box policies

for public agencies only were associated with a statistically significant reduction in the probability

of being employed or entering the labor force for Hispanic females. And ban-the-box policies that

apply to all employers produce no statistically significant results. Since the statistically significant

results are found on people who started with being not in the labor force, ban-the-box policies are

most likely to affect “discouraged" workers.

6 Effects of Ban-the-box on Other Groups

While the group with perceived higher crime rate may experience difficulty in finding jobs, those

with lower probability of committing crimes may find it easier to get jobs. To check this possibility,

I estimated the same series of models as in Equation one and in Table 4 for females with bachelor

degrees. The results in Table 4 show that this group are generally not affected by ban-the-box

except that overall bans increase the probability of entering the labor force and being employed for
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Hispanic females who start outside the labor force.

Compared with results in Table 3 on females 25 to 49 with no college degree, Hispanic females

with bachelor degree who start outside the labor force with bachelor degree are helped by ban-

the-box. It might indicate that employers might substitute low-educated workers with higher

educated workers to avoid hiring ex-offenders. But considering that hiring higher educated workers

usually brings higher cost, and most jobs that only require high school degree do not need a college

graduate to do them, the most possible mechanism should not be substitution. The reasonable

explanation is that after ban-the-box, minority females with bachelor degrees who actually were

involved in criminal activities get more opportunities after ban-the-box because employers perceive

them to be unlikely to conduct crimes. This effects were only found on those who are not in the

labor force but not on those who are unemployed initially. The hypothesis is that incarcerated

people who are not in the labor force are encouraged by ban-the-box. More detailed information

on the definition of “Other" for this CPS category of reasons why the respondent is not in the labor

force is needed to better understand this process.

7 Robustness Check

To consider the robustness of results in Table 3, I estimated the model for females aged 25–49 with

no college degree with a variety of different specifications and report them in Table 5, Table 6,

and Table 7. The main results in Table 3 are in column 2 of each of the three tables. Column (1)

shows the effects of BTB in the full sample, controlling only for individual demo- graphics, MSA

fixed effects, month fixed effects and MSA specific linear time trends. Column (2) replace month

fixed effects with region-by-month (4 regions) fixed effects. Month refers to a specific month in

the sample period rather than month of the year. Column (3) only include individuals living in

metropolitan areas. MSAs with small population is likely to be not identified because of concerns

about privacy. Column (4) only keep individuals who live in identified metropolitan areas. Our

main analysis in Table 3 gives average treatment effects in all areas. One major concern is that the

pass of ban-the-box is not random. Non-BTB jurisdictions might be different to places that adopt

BTB. Previous analysis in this paper find that higher Hispanic share, higher/lower black share,

lower unemployment rate are associated with the adoption of ban-the-box. And Doleac and Hansen

(2020) find that non-BTB jurisdictions tend to be less urban and have smaller black populations

than places that adopt BTB. To ease this concern, column (5) restrict the sample to MSAs that have
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active ban-the-box policies. Column (6) restrict sample to people living in identified counties. CPS

identifies 40% respon- dents residence at county level. Column (7) restrict the sample to people

living in identified cities. CPS only identifies several large cities. Overall, only 10% of respondents

have residence information at city level.

Table 5 contains estimates of the probability that women who were unemployed in the initial

interview. No significant coefficients are obtained. This pattern does not change across different

specifications, confirming the robustness of this finding.

Table 6 contains estimates of the probability that women gain employment after starting out of

the labor force in the initial interviews. The results that public bans decrease the probability of

being employed remain across different specifications.

Table 7 contains estimates of the probability that women join the labor force after starting

outside the labor force. The results that public bans decrease the probability of entering the labor

force also remain across different specifications.

One major concern is that the pass of ban-the-box is not random. Non-BTB jurisdictions might

be different to places that adopt BTB. Previous analysis in this paper find that higher Hispanic

share, higher/lower black share, lower unemployment rate are associated with the adoption of

ban-the-box. And Doleac and Hansen (2020) find that non-BTB jurisdictions tend to be less urban

and have smaller black populations than places that adopt BTB. To ease this concern, column (5)

restrict the sample to MSAs that have active ban-the-box policies. Compared with results in column

(4), the difference between Hispanic females that are not in labor force and other groups that are

not in labor force becomes not statistically significant. And the negative effects of ban-the-box on

difference in the probability of entering into labor force between Hispanic females that are not

employed and other groups that are not employed decreased from -8.6 percentage points to -11.0

percentage points.

Column (6) restrict sample to people living in identified counties. CPS identifies 40% respon-

dents residence at county level. Column (7) restrict the sample to people living in identified

cities. CPS only identifies several large cities. Overall, only 10% of respondents have residence

information at city level. Column (6) and column (7) gives different estimations compared with

column (1) to (5), weakening the robustness of our estimations.

Overall, results in column (1) to column (5) are pretty robust. These results tell the same story:

Public bans decrease the employment probability of females that are initially unemployed and

decrease the probability of entering labor force for Hispanic females that are not in the labor
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force relative to other groups that are not in the labor force. It is reassuring to find similar effects

across different specifications and samples. In particular, the effects on difference in probability of

entering into labor force between Hispanic females and other groups are extremely similar across

specifications.

8 Conclusions

As an intention to provide applicants a fair chance at employment, ban-the-box policies expand

through the recent years. Previous literature documents suggestive evidence that ban-the-box has

unintended effects of lowering employment of African and Hispanic males who are perceived to be

more likely to involve in crime activities. However, it was not clear enough how broad the effects

are, whether this mechanism is solid. In particular, there is no strong literature studying whether

the same kind of effects happen to females.

In this paper we draw upon detailed information about ban-the-box policies to provide com-

prehensive examination of the effects of ban-the-box on the employment for different demographic

groups among females. Using individual level data from CPS, the results for most specifications

show that less educated non-Hispanic white females between 25 to 49 who initially unemployed

were about 38 percent less likely to become employed after the public ban-the-box policies were

introduced. The effects for Hispanics and non-Hispanic blacks were not statistically significantly

different from the results for non-Hispanic whites. For non-Hispanic white women who were

initially out of the labor force, the introduction of both types of ban-the-box policies had no

statistically significant effect on their likelihood of becoming employed or of joining the labor

force. However, the probabilities of joining the labor force for Hispanic women were statistically

significantly lower than for non-Hispanic whites after the introduction of the public only policies.

Simply put, the main finding of the paper is that females are also affected by ban-the-box, not

just males.
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Chapter 2

Widening the Gap? Temperature and Time Allocation between

Men and Women
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1 Introduction

While the literature documents gender differences in time use, the nature of the obstacles that prevent

women from providing more market work remains to be investigated further. Several constraints faced

by women have been examined, including the lack of flexible substitutes for household production

(Cortes and Tessada, 2011), social norms about women’s role in family and housework (Fortin, 2005;

Bertrand, Kamenica and Pan, 2015), and the glass ceiling faced by women in the workplace. The focus of

the previous literature on gender differences has, in general, been on the social environment, however,

social responses to the natural environment have received less attention. The present study fills the gap

by examining how changes in weather, in particular, temperature, affect gender differentials in time

allocation. Moreover, it attempts to seek potential explanations through which the responses might

operate.

Two research questions are analyzed in this paper. First, do men and women allocate their time

differently in response to changes in temperature? We assume that both men and women divide their

time into market work, recreational activities and home production activities. In general at nearly

every temperature, women spend more time doing housework and enjoy less leisure than men. To

capture the nonlinear relationship between temperature and an individual’s time allocation, we flexibly

include a series of indicators of 10-degree temperature bins in all specifications, with the lowest bin

for temperatures below 20◦F and the highest bin for temperatures above 100◦F. 1 Using data from the

2004-2017 American Time Use Survey (ATUS), we find that except for periods of extremely cold weather,

women usually spend less time on paid work than men. Notably, our results indicate a significant gender

difference in working hours on their jobs such that men and women react differently when coping with

high temperatures. On extremely hot days with high temperatures above 100◦F, women reduce their

working hours substantially more than men do, and the gender gap in the labor supply is nearly one

hour per day. However, the differences in time allocated to housework and leisure between men and

women do not vary much with temperature.

In the main analysis, we focus on how men and women respond to temporary changes in the

temperature. We also try to give some hints on how men and women adjust their time allocation

according to the next few days’ temperature in Section ??. But due to data restrictions, we cannot detect

how men and women vary their activity in response to permanent climate change. The dataset only

covers 14 years-which is too short a time frame to identify permanent changes in temperature patterns.

1Equivalently, the lowest temperature bin is −6.67◦C and the highest bin is 37.78◦C.
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Second, we are interested in what factors contribute to the gender differentials in allocating time to

different activities when the temperature changes. First, we divide the sample into outdoor and indoor

workers to test whether the variations are driven by gender differences in outdoor work where direct

exposure to weather conditions while working is greater. Men and women often choose different types of

jobs and occupational segregation by gender is well-documented (Richard, 1997). In the sample, the share

of male workers in outdoor occupations (such as fishing, construction, installation, and transportation) is

higher than that of female workers. Upon separating the sample into outdoor and indoor occupations,

we find that both indoor and outdoor female workers work less than their male counterparts during

extremely hot days. However, the gender difference for indoor workers is larger in magnitude-which

excludes the worries that observed gender difference is coming from outdoor workers or differences in

the occupation distribution.

We then explore the role of family status in shaping how men and women respond to changes in

temperature. Extreme weather could alter an individual’s preferences for work and leisure, and gender

preferences about time use may vary by family status. We examine the impact of both family status and

fertility status. Unmarried men and women respond in about the same way to temperature changes. For

the married group, the result is intriguing. Relative to their spouse, married women are more likely to

reduce working hours and increase leisure time on extremely hot days. Our results provide some evidence

that women may change their attitude to market work after marriage, either due to less economic burden

or more family responsibilities.

We also investigate the impact of fertility status. Married women with young children may seek to

spend more time with their children, doing housework, and providing care for children and elderly or

disabled family members. Heatwaves can trigger a variety of heat stress conditions, such as fatigue, heat

stroke, and even death, which could cause married women to spend more time taking care of sick family

members. We find that married women with young children spend more time taking care of family

members when temperatures reach above 100circF.

The present study contributes to the existing literature in three ways. First, it relates to the literature

on the sources of gender gap in earnings. Economists have explained gender gaps based on differences

in productivity, the portion of the service industry, societal demands, and historical path dependence.

However, little is known about the impact of natural environment on gender gap. This paper closes this

gap in the literature by investigating the impact of temperature on time allocation across gender.

Second, our paper complements studies of weather effects on individual time allocation. Connolly
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(2008) examines the impact of rainy days on individual time allocation and finds that a rainy day shifts

approximately half an hour from leisure and home production to work for men but has no impact on

women. In a more recent study based on the same data set, Graff Zivin and Neidell (2014) document

the impact of temperature changes on time allocation between work and leisure. The authors find that

temperature has no statistical impact on an individual’s time at work. However, the results suggest an

(inverted) U-shaped relationship between temperature and (indoor) outdoor leisure. On the basis of time

use data from Germany, Krüger and Neugart (2018) analyze the inter-day substitution between labor and

leisure in the presence of weather shocks. Based on a fixed-effect panel regression, they observe a large

substitution effect for women but not for men. Moreover, they find no evidence that the temperature

effect is driven by inflexible working contracts.

Third, our research sheds light on gender difference in adaption to climate change. Previous studies

investigate how men and women cope with hurricanes, floods, and other natural disasters, but most

focus on developing countries (Denton, 2002; Vincent, 2007). Gender differences in adaptive capacity to

temperature are under-researched, especially in developed countries. One reason is that women in more

industrialized countries are believed to have more resources to protect themselves from climate change

relative to women living in underdeveloped countries. Although different from women in agriculture-

based developing countries that are severely affected by high temperatures, we find that women in the

United States, a highly developed country, still work less hours than men under high temperatures. And

results in Section 6 shows women decreases work time more during periods of hot days or cold days,

implicating a lower adaptability to temperature change. In addition to people whose lives are largely

dependent on agriculture, our research calls for special attention to the impact of climate change on

women in industrialized countries.

The rest of this paper is organized as follows. We first introduce the data sets and describe the

methodology in Section 2. Section 3 discusses the main findings and is followed by a discussion of the

mechanisms behind the main findings in Section 4. Then we investigate how men and women adjust

their time allocation responding to hot duration, the previous days’ temperature and the next day’s

temperature in Section 5. We further discusses the adaptation to heatwaves from both the time and

space dimensions in Section 6. In Section 7, we test our main findings with alternative sub-samples,

specifications. Finally, in Section 8, we conclude the paper.
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2 Data and Methodology

2.1 Data

2.1.1 Time Use Data

The time allocation data used in this study come from the ATUS, a nationally representative time-use

survey sponsored by the Bureau of Labor Statistics (BLS). The ATUS measures the amount of time people

spend on various activities during a designated 24-hour period, classifies these activities based on content,

and provides the code book for all activities recorded in the data set. ATUS participants are randomly

drawn from households who have completed their eighth and final month of interviews for the Current

Population Survey (CPS). Survey participants must be older than 15 years of age.

ATUS is a continuous cross-section survey that started in 2003 and covers the period from 2004

to 2017.2 A possible concern arises from sample selection. Because not every household selected to

participate in the ATUS is included and may not be available on the designated interview date, the

sample might not be fully randomly selected. We check the distribution of respondents and separate

them by gender over weekdays and weekends. Although the response rates are higher during weekends,

the observations are evenly distributed across weekdays.3 Furthermore, Graff Zivin and Neidell (2014)

suggest that the sample is likely to be random based on their comparisons of the demographics of

respondents and non-respondents who participates in the ATUS survey.

To detect the mechanism that drives the gender difference in response to temperature changes, one

useful practice is to examine what activities individuals substitute and to what extent. We calculate time

allocated to work as a broad measure by including total time (in minutes) spent on all jobs and time

spent on other work-related activities.4 Our measurement of work time also includes the time spent on

traveling to work because the length of the commute represents an important opportunity cost of work.

Time spent on commuting is directly affected by weather conditions and may affect people’s decisions to

work on specific days, especially in extreme weather events. We classify personal shopping, eating and

drinking, socializing, relaxing and recreation (arts and entertainment, doing exercises, sports, reading,

etc.) as leisure activities. An individual’s time spent on home production includes the time spent on

2The reason for excluding the 2003 wave is that the code of the Metropolitan Statistical Area (MSA) was updated based on

the 2000 Census MSA definitions by the BLS. There is some incompatibility in MSA coding across 2003 and later waves.
3The sample distribution by day of week by gender can be found in Appendix Figure A1.
4Other work-related activities include rest periods, coffee and lunch breaks or transport during work activities. Full lists

with ATUS activity codes of work, leisure, and home production activities can be found in Appendix Table A1.
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household activities (cleaning, laundry, food and drink preparation, interior/exterior maintenance, lawn

and garden, caring for pets and animals, home management, etc. ), caring for and helping household

and non-household members, grocery shopping, household services, and telephone calls with household

service providers.

2.1.2 Weather Data

Our meteorological data include temperature, precipitation, wind speed, snow and snow depth and

come from the National Climatic Data Center (NCDC). To calculate the temperature, precipitation and

other climatic data for a given county on a specific day, we take the average of the valid measures from

all weather stations located in a county. For counties that do not have any weather stations and thus no

weather data, we use the observed data from the nearest weather station outside of the county border.

It is possible that the entry or exit of a station could make our measurements incomparable over time.

To circumvent this potential inconsistency, we include only the stations with annual observed weather

data covering the entire sample period. Following this measurement, we successfully collect data from

approximately 6,500 stations across the country.

Because our interest is in examining whether and how temperate changes an individual’s time

allocation, our primary weather element is daily maximum temperature. During the period of study,

cyclical changes in the annual temperature across the year are observed. Notably, temperature increases

substantially over the period and experiences fluctuations, reaches short term maximums in 2006, 2012

and 2016 and short term minimums in 2009 ans 2014.5 The cyclical pattern of temperature over the

sample period suggests that year fixed effects should be included in the specification. We also calculate the

average annual maximum temperature for each county over our sample period. The hottest temperatures

are in the Southwest and the coldest temperatures are in the Northeast 6 We further compare the sample

distribution of men and women at different temperatures and find that the survey response rate by

gender is roughly the same for different temperatures. 7 In addition to the maximum temperature, we

further control for other weather elements in all specifications, such as the minimum temperature within

a day, precipitation, and average wind speed.

Daylight is positively correlated with the maximum temperature during the day and may also affect

individuals’ labor supply and other related labor market activities (Graff Zivin and Neidell, 2014). As

5Figure A2 in the Appendix plots the annual average maximum temperature from 2004 to 2017 in the United States.
6Appendix Figure A3 illustrates our calculation of regional temperature in 2017.
7The sample distribution of temperature by gender can be found in Appendix Figure A4.
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a result, we include daylight in our estimation as a confounding factor. Our daylight data come from

Graff Zivin and Neidell (2014) and include the detailed daily sunrise time, sunset time and total daylight

hours for each county. The computation is based on the astronomical algorithms used in Meeus (1991),

which uses the latitude and longitude of the county centroid, adjusted for daylight saving time.

2.2 Matching Weather Data with Time Use Survey Data

To link the climatic information with ATUS data, the respondent’s residence must be identified. Although

ATUS records the state of residence of all observations, we only have partial information about MSAs

(15.02% unknown, 71.34% in the metropolitan area, 13.65% in non-metro area). For those who live in

a metropolitan area, 96.05% of their residences are reported with an exact MSA code: the remaining

3.95% report missing MSA information. For those whose residence can be identified at the MSA level,

56.75% have residence information at the county level, while the remaining 43.25% do not have accurate

residence information at the county level. For those who report living outside of a metropolitan area,

only 2.98% have residence information at the county level.

After identifying the residential location of all individuals included in our sample, three steps are

conducted to match the geographic location to the weather variables of an appropriate county. In the

first step, we drop observations whose residences are outside of metropolitan areas. We also exclude

those who reported living inside a metropolitan area but had no information about MSA codes. After the

first step, the sample size is reduced to 68.52% of the original, but we can fully identify the observation’s

residential location at the MSA level. In the second step, we match the weather data of an observation’s

residential county on the day when the observation’s residence information at the county level is recorded.

Approximately 56.75% of the observations whose residences are successfully identified at the MSA

level report their county information. In the third step, other individuals whose locations can only be

identified at the MSA and not the county level are assigned to the most populous county in the MSA in

which the individual lives.

2.2.1 Sample Restriction and Control Variables

To better serve the purpose of our paper, we restrict our sample to employed individuals between 15

and 65 years of age because they constitute the majority of the workforce. In addition, senior employees

may respond differently to temperature due to health issues, which is not the focus of this paper. We

further exclude individuals who are unpaid family workers, as they may have different patterns of time
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allocation compared with employees who work for pay.8 Individuals who are in the armed forces are also

excluded because their work time lacks flexibility in time allocation compared with the civilian labor

force.

To control for individual and family factors that may affect time allocation among different activities,

we include the following variables: age, age squared, race, educational attainment, marital status,

indicator of family income, number of household children under 18, spouse’s employment status, and

hourly pay of spouse. Marital status is either married, unmarried cohabitants, or single and others. ATUS

respondents report their household incomes in one of sixteen income categories ranging from $5,000

and below to $150,000 and above. We include all income categories in the regressions. We also include

individuals’ job-related characteristics such as job types, part-time employment indicators, and hourly

wage rate.9

2.2.2 Summary Statistics

After imposing the above restrictions and merging the sample with the weather data, our final sample

contains 70,534 observations, among which 49.5% are male and 50.5% are female workers. Approxi-

mately 60.6% of the sample report that they have spent at least one hour at work on the day the survey

was taken.

Table 1 details the summary statistics of time spent on market work, home production and leisure.

We divide the sample by gender and report the time allocation of men and women separately. The gender

gaps in time use for various activities across different groups are all statistically significant.

Panel A shows the time use according to job characteristics and individual and family attributes, and

Panel B presents the statistics of the weather variables. On average, an employed male worker spends

53.61 minutes more on market work, 39.02 minutes more on personal leisure, 55.84 fewer minutes to

domestic and home production per day than a female counterpart. Because many workers in our sample

report zero working hours, we exclude workers reporting zero working hours from our full sample and

run the regression for workers with working hours separately as a robustness check; the results are still

consistent with the full sample.10 Therefore, our main analysis focuses on the full sample, including

workers with both zero and positive working hours.

8Unpaid workers account for only 0.09% of employed workers.
9ATUS classifies jobs into the following types: federal government jobs, state government jobs, local government jobs,

for-profit private jobs, non-profit private jobs, incorporated self-employed, and unincorporated self-employed.
10The sample distribution and regression results of positive working hours are available upon request.
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In the top panel of Table 1, we first separate workers based on job flexibility into self-employed

and other employed workers. Gender differences in time allocation are notable across different groups

of workers. Self-employed men work the longest hours and spend the least time on both leisure and

housework activities. In contrast, self-employed women work the least hours and spend the most time on

housework. The gender gap in housework between self-employed men and women is 90 minutes per day.

We also classify workers based on their job content as outdoor and indoor workers. Both indoor male and

female workers spend more time on work and less time on leisure than their outdoor counterparts.

According to their family characteristics, we compare the time use for married, unmarried but

cohabitants, and single workers and for workers with and without young children (less than 6 years

old). Consistent with other findings (such as Blau and Kahn, 2007), a larger gender gap in hours worked

is observed in the married group. A married female worker works 71.18 minutes less than a married

male worker and 24.4 minutes less than a single female worker. However, a married female worker

spends 34.57 and 18.37 minutes less on leisure than a married male worker and a single female worker,

respectively. The forgone leisure and market work time are added to housework for married female

workers. Both parents with young children spend less time on work and leisure but more time on

housework. Mothers with young children spend substantially less time on less work and leisure but

significantly more time on housework. The family gap in time devoted to housework production between

mothers and fathers is 80.73 minutes per day.

In terms of gender differentials in time allocation by individual characteristics, the least educated

workers and those between 31 and 50 years of age have the largest gender gap in hours worked. Relative

to other races, the gender gap in labor supply is largest among whites. Surprisingly, the gender gap in

working hours is larger for lower income families, which indicates that either women in lower income

families choose not to work or cannot find a job in the labor market due to lower education.

Table A2 in the Appendix details the sample distribution across gender. The educational attainment

and race distributions are quite similar for male and female respondents. Men and women also have

similar age distributions. Men are more likely to work in outdoor occupations and be self-employed.

In terms of family characteristics, men have higher family income. Men are more likely to marry than

women and have a lower rate of single status. Finally, the rate of parenthood status is similar between

men and women.
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2.3 Econometric Specification

According to Gronau (1977), people adjust their time allocated to different activities in response to

temperature changes to maximize utility. The utility of work relative to the utility of leisure and other

activities changes in the presence of weather shocks. People choose their working hours based mainly on

the marginal substitution rate between market work and other activities, which include leisure and child

care and home work activities. 11.

In light of the framework of Gronau (1977), we assume that the impact of temperature on time

allocation differs between men and women because they have different preference functions for different

activities due to differences in the marginal wage loss of reducing work time (e.g., more flexible jobs

allow a temporary work time decrease without affecting wage), marginal gains from leisure and other

activities, and tolerance to levels of discomfort caused by extreme weather. In particular, they compare

the marginal loss from the forgone wage of not working and the marginal gain from not working under

unpleasant weather conditions. To evaluate the impact of temperature on the gender differences in time

use in different activities, we construct the following specification:

Yict = β1

>100∑
<=20

Femalei × T empbinct + β2

>100∑
<=20

T empbinct +γZct +αc + Tt + ηss +κom + εit . (1)

Where the outcome variable Yict denotes the time allocation of individual i residing in county c at

date t to market work, leisure and home production. We estimate separate regressions for three outcome

variables: market work, leisure and home production. The coefficients of interest are the interaction

terms between the female dummy Femalei and the temperature bins. The coefficients measure the extent

to which females differ from males in their response to temperature change. To capture the nonlinear

relationship between temperature and time allocation, we include ten daily maximum temperature

bins T empbinct ranging from lower than 20◦F to above 100◦F, with 10◦F in each bin. Because 75◦F is

considered to be the most comfortable temperature for human activity in the literature (Graff Zivin and

Neidell, 2014; Krüger and Neugart, 2018), we choose the 70− 80◦F temperature bin as the reference in

all specifications. The individual and family characteristics listed in Table 1 are included in the vector

Xi . We also include other weather variables in vector Zct.12 All weather elements are aggregated at the

county level.

To take into account the regional and time variation of temperature, our specification also controls

for county fixed effects (αc), year and month fixed effects (included in Tt) and state-season fixed effects

11Generalized leisure rather than specific leisure activities defined in the paper.
12Including minimum temperature, length of daylight, average wind speed, and precipitation.
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(ηss) to allow for weather changes within a year across regions13. The time allocation may vary between

workdays and weekends and holiday seasons; therefore, day-of-week fixed effects and holiday fixed effects

(included in Tt) are included. Different occupations may have their own distribution of work time during

different months. For example, auditors will be busy during the annual report season. Workers in the

tourism industry will be busy during summer and winter vocations. So we also add occupation-month

and industry-month fixed effects (κom). Standard errors are clustered at the state level. With these

control variables in the specification, what estimated is their response to a temporary change in that day’s

weather.

3 Empirical Findings

3.1 Main Effects

Figure 1 shows how women’s time allocation varies with temperature. The [70◦F,80◦F) temperature bin

is used as baseline, therefore, there is no coefficient for this temperature bin, and we set the value to zero.

Women significantly decrease their work time when the temperature exceeds 100◦F. And their leisure

time shows a U-shaped pattern, which means they increase time on leisure as the temperature moves in

either direction away from the [70◦F,80◦F). Our leisure time measure includes time spent on eating and

drinking, socializing, sports, shopping. When temperature is not so comfortable, females tend to spend

more time on these non-production activities. Another finding is that women’s housework time does not

vary much with temperature.

Figure 2 shows how men’s time allocation varies with temperature. The [70◦F,80◦F) temperature bin

is still used as baseline. The time allocation pattern of males relative to the time worked at [70◦F,80◦F)

is roughly similar to that of females except at extreme temperatures. In contrast to women, men tend

to reduce their time worked more as the temperature falls below 70-80 degrees. Women reduce work

time much more than do men above 100 degrees. The similarity in time allocation pattern compared to

[70◦F,80◦F) between males and females does not mean there is no gender gap in time allocation.

Figure 3 depicts our baseline results for gender differences. The dots represent the point estimates

of the gender differences (female relative to male) in time allocation to market work, leisure and home

production for each temperature bin. The vertical lines show the 95 percent confidence interval around

13We group December, January, and February as winter; March, April, and May as spring; June, July, and August as summer;

and September, October, and November as fall.
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the point estimates. Women tend to perform about 50 more minutes of housework than men at every

temperature. They also enjoy about 40 fewer minutes of leisure then males at almost all temperatures.

This confirms the fact that women shoulder more family responsibility than women and most of the

housework and leisure activities are not weather sensitive.

Women work fewer hours than men at every temperature. The differences are statistically significant,

except at temperatures below 20◦. At most temperatures women tend to work 20 to 40 fewer minutes

than men. The difference is largest on extremely hot days with temperatures exceeding 100 degrees

when they tend to work 58 fewer minutes. These results are similar when we exclude people who have

zero hours of market work from the sample. This finding calls for further investigation into why women

reduce their labor supply substantially during heatwaves, which is important for assessing the potential

impacts of climate change and especially for predicting gender differences in the future.

ATUS includes a question about why a person is absent from work, and the responses include

vacation, illness, childcare, family obligation, training, and military duty. We can use this information in

conjunction with the temperature information to examine how the temperature influences the reasons for

working fewer hours. We aggregate the reasons for being absent from work into three categories: personal

absence, absence due to family reason, and other.14 The results indicate that the primary reasons for both

men and women to take leave in extremely hot weather are personal absences. Over 50 percent refer to

taking vacation time, which is consistent with our main results that both men and women significantly

increase their leisure time on days with an unpleasant temperature. The second most common reason for

not going to work when temperature is high for both men and women is illness (approximately 20%),

which also supports the findings in the existing literature that heatwaves have a considerable impact on

health-related incidents (Giorgini et al., 2017; Patz et al., 2005). Finally, women are three times more

likely then men to report a work absence to care for children or other family members on extremely hot

days. Although the sample size is too small to conduct a regression estimate, we believe that this simple

statistic highlights the importance of the gender division in family responsibility as a possible source of

the gender difference in time allocation. In the next section, we will discuss the underlying mechanisms.

4 Tests of Mechanisms

As illustrated in Section 3, we observe substantial male-female differences in time allocation at different

temperature levels. In this section, we investigate several possible explanations for why men and women

14Family-related reasons include taking care of household and non-household family members and providing childcare. 
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have differences the market hours they work at different temperatures., including differences in the

extent of outside work, family status, and child-bearing.

4.1 Occupational Exposure to Temperature

One possible cause for the gender difference in labor supply is that men and women sort themselves

into occupations with differences in climatic and heat exposure. Figure 4 shows clear differences in the

occupational distribution of male and female workers. Male workers are more likely to be employed in

construction and other sectors in which they are more directly exposed to weather. We expect that the

labor supply decisions of outdoor workers will be more sensitive to temperature. By contrast, women

are more likely to work in sales and administrative assistant positions, which are generally less affected

by weather conditions. It is possible that women are more sensitive to hot weather than men if both are

working outdoor. If the gender difference in response to temperatures are mostly driven by choices by

women working outdoors, we would expect to observe a larger gender gap for outdoor occupations and

small and statistically insignificant gender difference in indoor occupations.

We classify all jobs into indoor or outdoor based on work environment. The determination of

indoor and outdoor work conditions uses the occupational outlook handbook of the BLS.15 The outdoor

occupations include farming, fishing, and forestry, construction and extraction, installation, maintenance,

and repair, production, transportation, and material moving. The indoor occupations are management,

business and financial operations, sales, office and administrative support, legal, education, training and

entertainment, healthcare practitioner and healthcare support, food preparation and serving, personal

care and others. Approximately one-fifth of male workers in our sample work outdoors compared with

only 4% for female workers.

The female/temperature interaction coefficients from separate regressions for indoor and outdoor

workers are shown in Figure 5. At temperatures below 30 degrees, women outdoors work more than men

outdoors but the differences are not statistically significant. At higher temperatures women outdoors

work 30 to 40 fewer minutes than men outdoors. The differences are statistically significant between 40

and 90 degrees but not at the temperatures over 90 degrees. Among indoor workers the pattern looks

very similar to the pattern for all workers, and all of the coefficients of the female interactions with

temperature are statistically significant except for the coefficients for below 20◦F. The largest difference

occurs when the temperature exceeds 100◦F. and the difference of 70 minutes is larger than the results

15The reference of our classification can be found at https://www.bls.gov/ooh/.
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for all workers in Figure 3.

These results need to be interpreted with caution because of selection problems. The relatively low

share of female outdoor workers indicates their unwillingness to accept this type of work probably due to

an unpleasant work environment, lack of flexibility, or longer working hours. Thus, women who choose

outdoor occupations may also differ from women who work indoors in their tolerance to temperature.

If that were the case, our estimates inn the left panel underestimate the true effect of temperature on

average women’s labor supply. Therefore, our results for outdoor workers would be considered as the

upper bound.

4.2 Family Status

Family status also likely affects gender differentials in time allocations. Prevalent social norms influence

how women and men perceive issues of balancing paid work and family differently. Many American

social norms still suggest that married women are expected to accept more responsibility for child

care and work in the household, despite the increase in the last 50 years in women’s human capital

accumulation, labor market participation, and presence in civil and political activities. Hersch (2009)

reports that working wives perform approximately two thirds of total housework, i.e., 20-30 hours

per week, while working husbands spend, on average, 6-14 hours per week. Although husbands have

increased their participation in housework, gender segregation in family responsibilities remains, and

the ultimate responsibility for homemaking continues to be shouldered by women (see Anxo and Floodk,

2011; Bianchi, 2011).

To examine this issue, we run separate regressions for married and unmarried individuals.16 The

red line coefficients in Figure 6 come from the regression for married males and females and show the

female/male gender difference for the married group. The left column shows that the gender difference

is more negative for married adults than single adults when the temperature exceeds 100◦F. The middle

column shows that at most temperature bins, the gender differences in leisure time are more negative for

married people than single people. In line with our expectations, married females devote substantially

more time relative to males to housework than do unmarried females. Such differences can be caused by

changes after marriage in females’ or males’ time allocation change. To examine the mechanism behind

gender differences, we compare married individuals to unmarried individuals by gender respectively.

16There are three states related to marriage status: live with a spouse, live with unmarried partner, no spouse or unmarried

partner live together. We classify the first category to married group. The results when classifying the first two states to married

group are similar.

43



Figure 7 shows how married women allocate their time relative to single women. The regression is

conducted for all females in our sample. The red dots depict coefficients for interaction terms between

the married dummy and the temperature bins and show the married/single difference in responses.

Compared with single females, married females tend to enjoy less leisure time during extremely hot and

cold days, but they have spend more time on housework at most temperature bins. Figure 8 shows how

married males allocate their time relative to their single counterparts. The regression is conducted for

all males in our sample and the blue dots plot coefficients for interactions terms of the married dummy

with the temperature bins. Compared with single males, married males allocate more time to market

work at all temperature bins, especially during hot days when temperature exceeds 100◦F. The middle

panel shows that married males allocate statistically significantly much less time on leisure time than

single males when the temperature exceeds 100◦F. The right panel shows that married males devote

statistically significantly less time to housework than single males at nearly all temperatures.

By combining results in Figure 6, Figure 7 and Figure 8, we can get a picture of the mechanism

behind the gender differences. Figure 6 tells us that most of the gender differences occur among the

married group rather than the unmarried group. These include the statistically significant and negative

gender differences in work time when the temperature exceeds 100◦F and the greater time spent on

housework by women. The reason behind the negative difference in work time at extremely hot days is

that married males significantly increase their work time more than their single counterparts do. And

the reason behind the statistically significant higher amount of housework time of females arises after

marriage. Females increase their time allocated to housework after marriage while males decrease theirs

after marriage. The pattern is consistent with the traditional roles in which married men do more paid

market work while married women perform more housework. These results tell us that the main driver

of gender difference is division of roles by gender.

When the temperature exceeds the uncomfortable temperature of 100◦F, single males tend to allocate

more time to leisure while married males tend to work more. Outdoor activities are not suitable so

they choose to work indoor. But both single and married females will decrease their work time when

the temperature is above 100◦F, the differences in work time for married and single females when the

temperature exceeds 100◦F are not statistically significant. At all temperatures except below 20◦F,

females spend more time on housework. But after marriage, the gender difference becomes larger.

Considering that married males decrease their time allocated to housework at almost all temperature

bins, the explanation for gender difference in housework time is that wives take more responsibilities in
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housework while husbands take less after marriage.

In brief, marital status plays an important role in determining how men and women allocate their

time, especially when the temperature is high. As illustrated, the gender gap between unmarried men

and women is not statistically significant in Figure 6. However, married men are more likely to increase

their time at work substantially on extremely hot days compared with single men. And married women

devote more time on housework compared with married men, both of these difference are statistically

significant.

4.3 Young Children in the Household

Another important life event is the birth of children. Parenthood often reinforces the traditional gender

roles, with an increase in female time devoted to childcare as well as a decrease in leisure time (Lundberg

and Rose, 2002). Working mothers who work both at home and in the labor market face a dual burden

that men typically do not experience. In fact, having children can seriously jeopardize women’s job

opportunities and careers (Mincer and Polachek, 1974). Gender roles in family responsibilities may

also cause men and women to behave differently under different weather conditions. For example,

during extreme weather events, children (especially young children) are at greater risk of getting sick

(Bunyavanich et al., 2003; Knowlton et al., 2008), and school may be temporally suspended due to severe

weather conditions. In such cases, female household members usually provide childcare by decreasing

their work time (Checkley et al., 2000).

To show the impact of the presence of children on responses to temperature, we divide the married

sample into people with a child under the age of six years and those that do not have a child under 6

or have no child at all. We run and run the regressions for each group.17 We run a regression for the

group with a child under 6 and plot the coefficients for gender differences using red dots in Figure 9. We

also run a regression for the group with no children or no children under 6 and plot the coefficients for

gender differences using grey dots in Figure 9. The gender gaps for housework in Figure 9 are larger and

more positive for individuals with children under 6 than for households with no young children. The

market work gender gaps tend to be negative and similar for households with and without children. At

most temperatures the leisure time gender gap for households with children tend to be more negative for

individuals with young children than for those without, except for at temperatures of more than 100◦F.

The cause for the difference at the highest temperatures might be based on requirements for increased

17All individuals with no child or with children older than 6 years old are grouped to the group “With No child under 6".
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care of household members during hot days. Heatwaves increase the likelihood of fatigue and other

health issues for younger children. The red line in the left panel of Figure 10 shows the gender gaps in

caring time for married group with a child under 6 years old and the grey line shows the gender gap for

married people without a child under 6. The results confirm that mothers spend more time caring for

family members at all temperatures. The right panel of Figure 10 shows the coefficients of temperature

bins of men for two groups: married men with young children (blue dots) and married men with no

young children (grey dots). In both cases the comparison is to the baseline time spent caring when the

temperature bin is [70◦F,80◦F). Married men with young children respond to temperature differences in

very similar ways to married men without young children.

Figure 9 shows larger gender difference in housework time for the group with a child under 6 than

the group with no child under 6. To find the explanation behind this, we restrict the sample to married

females and compare the time allocations of women with a child under 6 and women without a child

under 6 in Figure 11. Figure 12 shows the coefficients from a regression restricted to married males and

compares the men with a child under 6 to the men without a child under 6. While having a child makes

both females and males decrease their work time at all temperatures in similar magnitude, it makes

females decrease their leisure time by more and increase their work time and housework time by more.

Figure 11 shows that having a child under 6 increase females’ time allocated to housework by about

150 minutes while it only increase males’ time allocated to housework by about 80 minutes. Thus, it is

women who take the main responsibility of taking care of young children in the family.

When we compare actual time spent on domestic work between men and women in the sample,

women spend 6.5 more hours per week caring for family members and doing family chores than their

male counterparts. Our statistics are in line with the study of Bianchi (2000), who show that employed

mothers spend at least twice as much time as employed fathers with their children. Although the gender

gap in family chores has decreased, a large gap remains in the time allocations of men and women in terms

of family responsibility. Our results provide evidence that the gender division in family responsibility is

another important determinant of time allocation choices, especially when the temperature is exceedingly

high.

Results from an analysis of reasons for missing work are consistent with this finding. ATUS asks why

a person was absent from work the previous week, and the responses include vacation, illness, childcare,

family obligation, training, and military duty. We combine this question with the maximum temperature

of the preceding week that the interview was conducted. We then classify the reasons for being absent

46



from work into three categories: personal related absence, absence due to family reason and others.18

We find that the primary reasons for both men and women taking leave in extremely hot weather are

related to taking a vacation (over 50%), which is consistent with our baseline results shown in Figure

1 and 3 that both men and women significantly increase their leisure time on days with an unpleasant

temperature. The secondary reason for both men and women for not going to work is illness (around

20%), which also supports the findings in the existing literature that heat waves have a considerable

impact on human health ((Giorgini et al., 2017; Patz et al., 2005)). Last, the probability of women being

absent from work due to taking care of family members and providing childcare on extremely hot days is

three times higher than that for men. We believe that this simple statistic highlights the importance of

the gender division in family responsibility as a possible source of the gender gap in time allocation.

5 Hot duration, Same-day Response and Inter-day Response

People have the ability to adapt to high and low temperature if they experience them for an extended

period of time. They might respond differently to a 100 degree day in a consecutive period of hot

days compared with an abrupt 100 degree day. To detect this adaptive behavior by gender, we run a

regression that is restricted to days when the high was greater than 100 degrees. We define a dummy

to denote whether temperature of all three days previous were above 100◦F and then add a Female

dummy and interact the Female dummy with the dummy for three prior consecutive days of 100 degrees.

No constant is included in the regression such that the coefficient for higher than 100 degree dummy

denotes how much time is allocated to working, leisure and housework. Similar to our baseline results

in Figure 3, the coefficients in the second row for work time confirms that women reduce their work

time substantially more than men when the temperature exceeds 100◦F. Meanwhile, females adapted

differently to the consecutive run of high temperatures by raising their work time and reducing their

leisure time substantially more than men do.

Because our main specification only include the temperature bin of the day, we are only estimating

same-day response to temperature. But inter-day response are also very important. For example, if

the previous day is too cold or hot to work, people may increase today’s work time. And people can

plan their activities according to weather forecasting, the next several days’ temperature could also

influence this day’s time allocation. As we mainly focus on extremely hot weather, we add dummies

for extreme hot temperature on up to one-day lag and one-day lead. In table 3, lag1(> 100) equals to 1

18Family-related reasons include taking care of household and non-household family members and providing childcare. 
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if the yesterday’s temperature is larger than 100◦F, similarly, lead1(> 100) equals to 1 if the next day’s

maximum temperature exceeds 100◦F. The first two columns show coefficients for interaction terms

which represents gender difference, the last two columns show coefficients for temperature bins which

represents males’ response. The results in Table 3 show that current day’s extreme high temperature’s

actual influence is to make men increase their work time by 37.6 minutes. If they correctly predict that

the next day’s temperature exceeds 100◦F, males decrease their work time by 36 minutes on the current

day. If the previous day’s temperature was over 100 degrees, they reduce their current day work time by

35.7 minutes. If the current day is in the middle of a 3-day period with temperatures over 100 degrees,

then on the current day the men will work 32.03 Minutes less.

Female responses to 100 degree days differs markedly from men’s responses. In column 2 of Table 3,

when the current day’s temperature exceeds 100 degrees, women work 109.4 fewer minutes than men on

that day. If the prior day was over 100, they work 13.4 more minutes than men on the current day. If they

correctly predict that the following day’s temperature will be over 100, they work 59 more minutes than

men on the current day. If the current day is in the midst of a three day period over 100 degrees, women

work (-109+13+59= -37 fewer minutes on the current day.

Table 3 also sheds light on the ex-ante response. People can get information about the next few days’

weather from weather forecasting, thus they can plan their activities according to weather. With weather

forecast data and weather forecast listening data, we can identify who listen to weather forecast and then

estimate average ex-ante response by regress on weather forecast data.

6 Variation in Adaptation by Gender

Our analysis suggests that family status and fertility status are important sources of the observed gender

differences in work time. We would like to know how well people adapt to heatwaves, considering the

global warming phenomenon. To do so, we compare the time allocation of people living in regions with

different temperatures and examine people’s responses to transitioning from cold to hot weather when

the temperature changes.

In this section, we focus on the differentials in working hours between men and women because

working hours are more sensitive to temperature than leisure and home hours. To preview our findings,

we first test the variation between hot/cold months and notice that the gender differentials are more

pronounced during hot days when the weather transitions from hot to cold. We then document gender

difference in working hours by region, and the patterns appear strikingly different for hot/cold regions.
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People living in different regions respond in different ways to changes in temperature. As we expect, the

gender difference is much smaller in hot regions, indicating that women in hotter areas have adapted to

high temperatures and thus do not respond as much to days over 100◦F.

6.1 By Month

Thus far, evidence for the adaptation of individuals to changes in temperature from literature are mixed,

and the existing literature has focused primarily on agriculture, health and human capital (Deschênes

and Greenstone, 2011; Bleakley and Hong, 2017; Graff Zivin, Hsiang and Neidell, 2018). In the present

study, we first examine how people adapt to temperature changes across different months.

We would like to know whether men and women adapt in different manners when transitioning

from cold seasons to seasons with high frequencies of heatwaves and from hot seasons to seasons when

heatwaves are surprise. Humans have a remarkable ability to adapt to heat stress given adequate water

and protection from the sun. Typically, adaptation occurs through morphological, chemical, functional,

and genetic adjustments that decrease physiological strain under stress (Bligh, 1973). Physiological

adaptation arises through numerous channels, including changes in skin blood flow, metabolic rate,

oxygen consumption, and core temperatures. The time period of the adaptation process varies depending

on the physical condition of the individual. Armstrong and Maresh (1991) suggests that it only takes

up to two weeks to adapt, with shorter periods for healthy individuals but longer periods for unhealthy

individuals or those experiencing passive exposure. Adaption to temperature changes may also vary by

gender. A recent study by Notley et al. (2017) documented that the heat response changes depending

on the ratio between body surface area and mass, which varies by gender. They also find evidence that

the “mass-specific surface, a significant determinant of vasomotor and sudomotor responses in men and

women”, could explain up to 48% of the individual thermoeffector variance. If men and women respond

in varied ways to heat due to biological and physical differences, we would expect time-use patterns to

vary across seasons, especially when transitioning from cool to hot seasons or hot to cool seasons.

We assess the short-run acclimatization by estimating separate temperature responses for June

through September. Figure 13 plots the distribution of maximum temperatures by month,19, and shows

that the probability that the temperature exceeds 100◦F is lower in June compared with July and august.

Since hot days are more unusual in June and July but quite common in August in most areas, a diminished

19We only keep June, July, August, September. And we do not plot the frequency of days when the maximum temperature is

below 60◦F because the frequency is too low.
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response to high temperatures are expected and should be viewed as evidence of acclimatization. And in

September, hot days become abnormal, larger response to hot days are expected.

Our specification includes both county and year fixed effects and therefore identifies the short-run

behavioral responses to temperature. The results of gender differentials in hours worked are presented

in Figure 14 and the results of men’s time allocation by month are presented in Figure 15. Combining

these two results together, we can investigate how men’s and women’s short-run acclimatization behavior

differs. In June, extreme hot days are less common, men do not adjust their work time during extreme

hot days, and gender difference is not significant. at this time, both women and men have not change

their behavior as temperature increases to a extreme high level. Then during July when hot days are

quite normal, men decrease their work time by about 40 minutes, and women decrease more, which

means both men and women start to adjust their behavior with larger adjustment from women. During

August when hot days are pretty common, men tend to increase their work time by about 40 minutes,

showing a different acclimatization behavior from July. However, for women, they work 70 minutes less

than men in August on 100 degree days compared with 40 minutes less than men on 100 degree days in

July. The largest difference occurs in September when women work more than 120 minutes fewer than

men on 100 degree days, likely because 100 degree days are so rare. The smallest difference is in June

when women work only 10 minutes fewer than men on 100 degree days.

Aggregating results for July, August and September, we conclude that compared with their male

counterparts, women are more sensitive to days with very high temperatures in months when such

temperatures are rare, as in September.

6.2 By Region

To classify regions according to their highest temperature, we first compute the number of days when the

temperature exceeds 95◦F for all states each year over the sample period of study and then classify them

into three categories according to their position in the hot day distribution. States in the top (bottom)

25 percentile are classified as hot (cold) regions, whereas states whose average number of days over 95

degrees is between the 25 percentile and 75 percentile are classified into the third category.

The results presented in Figure 16 are strikingly different across different regions. For cold regions

(the bottom 25 percentile), women work 100 hours less than men on 100 degree days, although the

difference in not statistically significant, likely because there are few days over 100 degrees in those

states. The difference is nearly as large in the medium temperature states, and the confidence interval is
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smaller. In high temperature states women still work 50 minutes less than men on 100 degree days, and

this difference is statistically significant.

The slopes of the gender gap curves with respect to temperature are also quite different in the

different average temperature regions. In the coldest areas, there is a negative slope with little difference

in female-male working time below 30 degrees and then women working much less than men at higher

temperatures. In the medium temperature states, the slope is pretty flat. In the high temperature states,

women work a lot fewer hours than men at the lowest temperatures and then the slope flattens out above

40 degrees. Overall, the results suggest that the gender gap in temperature responses at the extremes are

quite different in hot and cold climates.

One potential concern about the validity of our results arises from the threat that extreme weather

may cause migration across regions, which has been omitted in this paper. Using annual migration and

labor market data from the United States, Mullins and Bharadwaj (2015) find that extreme temperatures

in a given area are associated with small and moderate increases in out-migration from that area. We

cannot rule out the possibility that part of our results are driven by the fact that some people who cannot

tolerate hot weather migrate to cooler areas. Therefore, our results are downward biased. Because it

is not possible to differentiate climate migration from other types of migration, we exclude states with

massive migration over the period of study. Excluding states with historically large flows of migration

does not invalidate our previous results.20

7 Robustness Checks

In this section, we examine the sensitivity of our results by running several robustness checks. We first

use different sets of fixed effects to demonstrate the other possible channels that could influence the time

allocation decision when temperature changes. We then exclude self-employed workers because of their

flexible working schedules. Next, to ease concerns that the response to high temperature in working

hours is caused by commuting time, we drop commuting time. Finally, we drop those respondents with

no accurate county information to avoid county rough match.

20We exclude the following states with net migration of more than 10,000 between 2000 and 2017: Arizona, California,

Colorado, Connecticut, Florida, Georgia, Illinois, Massachusetts, Nevada, New York, New Jersey, North Carolina, Oregon,

South Carolina, Tennessee, Texas, and Washington and re-run our regression. The results change little compared with

our baseline. Source: U.S. Census Bureau. https://www.census.gov/data/tables/time-series/demo/geographic-mobility/

state-to-state-migration.html. The results are available upon request.
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The third column of table 4 displays the baseline results, which include year fixed effects, county

fixed effects, state-season fixed effects, indutry-month fixed effects and occupation-month fixed effects.

21 Most of the coefficients are statistically significant for various temperature bins, and females tend to

work much less than men in the highest temperature bin. In the fourth column, we add snow fall and

snow depth to exclude effects from snow because of its correlation with temperature. The decrease in

work time of females under extremely hot weather is even larger and still significant. In the fifth column,

we add Year-Month fixed effects, which allows each month in the sample period to have distinct fixed

effects. The results are still similar to results in the other specifications. In the sixth column, we add

state-linear time trends and our estimates change little. According to Table 4, out results survive a series

of stricter robustness checks, adding more confidence to our conclusions.

In our second experiment, we exclude self-employed workers from the sample because they have

more flexibility in deciding their working time. Additionally, the characteristics of self-employed workers

are gender-specific. Women who choose full-time self-employment may have personal characteristics

different from women who work full-time in wage-and-salary employment. Analyzing the industrial

distribution of self-employment by gender, we notice that self-employed men are more likely to be

involved in construction, manufacturing and other outdoor industries. In contrast, women are more

likely to be self-employed in personal care, education, and healthcare support. The extent of exposure to

weather indeed varies greatly between self-employed males and females. Therefore, we would expect

the magnitude of our baseline results to become smaller if we restrict our analysis to non-self-employed

workers. In Figure 17, we show the results from regression with the baseline specification for the workers

who are not self-employed. The graphs look very similar to the results we reported in Figure ?? and thus

the self-employed and wage and salary workers have similar responses to temperature.

It is possible that the responses to hot days in working hours are just caused by commuting time

rather than actual work time. When we drop commuting time from work time on the right side of Figure

18, the results are very similar to the results when we include commuting time on the left side. Thus, the

gender differences are based on differences in actual time at work.

Our final robustness check is to include only respondents who reside in counties where we had

temperature reports for that county. The results are shown in figure 19. Although the pattern changes a

little from the pattern seen in Figure 3, the estimates for hot temperature remain pretty similar.22

21The coefficients of the temperature effect for male workers (the reference group) are reported in A3.
22The results for men when matching weather data accurately are shown in Appendix figure A10.
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8 Conclusions

Gender gaps, the difference between the choices made by male and females and their treatment, are

important features of societies. We examine whether gender gaps in time allocation are influenced by

temperature. We build upon the previous literature that studies time-use diary data and provide evidence

of a gender gap in labor supply in response to exogenous temperature shocks in the United States. The

identification strategy is based on the plausibly exogenous nature of temperature changes in different

regions to identify time allocation adjustments at the individual level.

Our results are striking and show a large gender difference in time allocated to different activities,

especially hours worked. Even though both male and female workers reduce their labor supply when

the temperature increases, working hours decrease more for women. The gender gap in working hours

reaches approximately one hour when the temperature exceeds 100◦F. The results are not driven by the

gender division in occupations. Our further exploration shows that family status and the presence of

children are important determinants. The gender gap in time use when the temperature is extremely high

is even more pronounced for married couples and parents with younger children because unexpected

extreme weather reinforces the family roles of women. Next, we investigate the impact of hot duration,

intra-day substitution and ex-ante response. We find that women are more sensitive to abrupt change

in temperature while men adjust their behavior to hot duration. And women do plan their activity in

advance. Finally, we estimate the gender differences in coping with changes in temperature and find that

women have greater difficulty adapting to abrupt hot weather, because they are more sensitive in cold

regions and when heatwaves occur during cold seasons.

Given the climate change challenges that the world is facing, economists are studying how people,

businesses, and governments can cope with evolving climate risks. The accumulation of greenhouse

gases in Earth’s atmosphere is poised to raise global temperatures considerably in a relatively short

period of time. The results from the present study have several profound implications. The potential

effects of high temperatures on the gender differentials in the allocation of time and the underlying

mechanisms have important implications for preparing for climate change. As shown above, hot weather

impacts women’s lives differently than men’s lives. Consequently, adaptation policies and measures

must be gender-sensitive. Our results also lend some support to notion that people cope with increasing

temperature differently. If they can anticipate that future summers will be hotter, what steps can be

taken now to protect themselves (i.e., adapt)? Furthermore, what determines their adaptive capacity?

These fundamental questions are the focus of this paper; however, further investigations are required to
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examine the long-term impact of temperature change on individual time allocation.
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Chapter 3
Housing Price and Gender Preference in China
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1 Introduction

The literature on male-female sex ratios in China and elsewhere has focused on explaining

why the sex ratio has risen in many settings and the consequence of that rise. In China, for

example, the sex ratio at birth rose markedly from 1.07 to 1.18 between 1980 to 2010 as a

consequence of traditional male preference, the lack of old-age care, one-child policy and the

access to pre-natal sex selection technology such as B-ultrasound. Over the past 10 years,

however, the sex ratio in China appears to have fallen. In this paper I examine one potential

cause of the decline, a rise in housing prices combined with a new custom that husbands are

required to purchase a house for their bride. Thus, the cost of raising a male child has risen

for parents, causing them to reduce their preference for having a male child.

I collect national average housing price data (national gross billings divided by areas

of commodity housing sold) and the sex ratio (number of boys divided by number of girls

then multiplied by 100) of new born babies, of children 1 to 4 years old, 5 to 8 years old

respectively. Figure 1 shows that China’s housing price is soaring since 2000, and the sex

ratio of new born babies, 0 to 4 year-old babies, 5 to 8 year-old babies are decreasing. It

shows that there is negative correlation between sex ratio and housing price, which provides

evidence that soaring housing price may cause lower sex ratios.

Using fixed effects regressions of the variation in the housing price on the sex ratio of

new-borns in a panel data set for 330 cities from 3 years (2005, 2010, 2015), the results show

that in cities with higher housing price, the sex ratio at birth will be lower. The magnitude

of this effect is economically significant - a one thousand yuan (measured in 2019 yuan)

increase in housing price will cause 2.5 less boys born per 100 girls.1

This paper is related to three strands of literature. First, it relates to literature that

investigates the factors influencing parents’ gender preference. Qian (2008) finds that

mortality of female infants decreases and women’s education level increases when relative

return of having a daughter rises (due to the increase in tea price). Ebenstein and Leung (2010)

find that the sex ratio at birth increased more in counties with fewer villages participating in

the program. Both studies prove that gender preference of parents do respond to relative

1One thousand yuan is approximately 150 dollars, which is less than one tenth of average housing price in

2018. The average housing price is 50,000 yuan in Beijing in 2019.
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returns of having a son vs. daughter. This paper is closer related to Bhalotra, Chakravarty

and Gulesci (2020) which exploits variation in gold prices to investigate whether dowry is an

explanation of son preference in India. They do find that higher gold price - representing

higher cost of having a daughter, cause higher female mortality and higher sex ratio. I find

that sex ratio decreases in areas where housing prices are higher. Because the cost of buying a

house is the most important part of nurturing a son, findings of this paper also confirms that

Chinese parents’ gender preference could also be influenced by nurturing cost. Thus, the

achievement of gender equality in all perspectives and enough penalty on gender induced

abortions may be effective in altering distorted sex ratio.

Second, this paper also supplements the literature that studies the sex ratio in China.

Numerous paper document the unnatural sex ratio in Asian countries (Li, 2007; Zhu, Lu and

Hesketh, 2009) and tries to find the causes of it. Although a number studies have documented

the extreme high sex ratio in China from 1980s and have detected the reasons behind it, there

is little empirical work studying the recent decline in sex ratio of newborn since 2008 (The

sex ratio of newborns drops from 120 in 2008 to 113 in 2015). This is surprising considering

the negative influence of distorted sex ratio that cannot be ignored. What causes the drop

of sex ratio at births in China? Does that mean son preference are gradually diminishing in

China? Or there are some other short to medium term factors affect gender preference? Will

Chinese parents value sons and daughters more and more equivalent? If we want to achieve

natural balance ratio and balanced ratio, what measures should be adopted? This paper

explains drop in sex ratio by rise in housing price, which constitutes the most important

part of nurturing a son. And the findings implicate the inefficient competition on marriage

market caused by distorted sex ratio because families with a son fall in “Army race" through

buying a house. The paper cannot confirm whether son preference will continue diminish

gradually in the absence of increase in cost of nurturing a son. But it shows that Chinese

parents’ gender preference do respond to cost of nurturing. Policy makers could design

policies from this perspective.

Last, this paper illustrates the inefficient competition in marriage market to get a wife

caused by high sex ratio in China. Wei, Zhang and Liu (2017) find clear evidence that the

average home tends to be more expensive in regions with a more skewed sex ratio, beyond
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what can be explained by the local average household income and other characteristics of

the local population. They find an informative interactive effect: a combination of having

an unmarried son at home and living in a region with a high sex ratio raises the probability

of a household wanting to own an expensive home. This interaction term confirms that

higher housing price observed in areas with higher sex ratio are caused by more fierce

competition in marriage market. Then, this paper finds out that higher housing price

influenced parents’ sex ratio toward daughters, which reflected in lower sex ratio at births.

Linking two papers together, we can conclude that the more fierce competition on marriage

market cause inefficient rise in housing price which benefits no one. The inefficiency could

be erased by removing stubborn son preference in China.

The rest of the paper is organized as follows. Section 2 discusses the large literature on

the rise in sex ratios in China and other countries. Section 3 introduces China’s housing

market and marriage market. Section 4 introduces the data. Section 5 presents the empirical

strategy. Section 6 shows the empirical results. Section 7 discusses the results. Section 8

concludes the paper.

2 Literature

The Prior Literature on Sex Ratios Focuses on Its Rise

Starting from the mid-1980s, the male to female sex ratio in China rose until 2010. In 1980,

when the strict family planning policy was first introduced in China, the sex ratio at birth was

1.07 boys per girl, which was only slight;y similar to natural sex ratio of 1.04. The Chinese

sex ratio deteriorated steadily to 1.12 boys per girl in 1990, 1.18 in 2000 and 1.22 in 2007 (Li

and Zhang, 2007; Zhu, Lu and Hesketh, 2009). The rise occurred despite rapid GDP growth

after 1980, a rise that is typically associated with altering unhealthy gender preferences. The

long-term distorted sex ratio left China an estimated 25 million more males than females

under age 20 (Edlund et al., 2013). The missing women issues in China, as well as in other

Asian countries such as India, Pakistan, and South Korea, has become a major concern to

policy makers and scholars (Li and Zheng, 2009).

The reason behind the distorted sex ratio has been investigated by many researchers.
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The first step is to find the natural sex ratio under no interference. Fisher (1958) observes

that the human sex ratio is reasonably stable at about 1.04 men per women. Oster (2005)

attributed the slightly higher than 1 natural sex ratio to hepatitis B - a virus that could raise

female mortality rates in uterus. Thus, the rise in male to female sex ratio in China since

1980 was by no ways “natural". Researchers have studied the causes of the rise from different

perspectives.

The preference for sons is deeply rooted in traditional Chinese society. The desire to

have at least one son is strong for both cultural and economic reasons in Chinese history.

From a cultural perspective, a boy can carry on the family name, which is very important in

ancient culture. In many under-developed places, especially rural areas, households who do

not have a son are discriminated against by neighbors and relatives because the failure to

carry on the family name is considered a shame (Li and Zheng, 2009). Cultural motivations

are also rooted in the Confucian custom that only males can perform tasks such as ancestor

worship, acting as an government official, obtaining education, inheriting wealth and earning

a knighthood, and continuing the family line as patriarch (Milwertz, 1997; Ebenstein and

Leung, 2010). The economic root of these customs relates to the relative advantage of males

in ploughing and caring for parents’ health at old age. Sons are arguably more valuable as

farmers than daughters, because they provide higher labor income to the family through their

higher productivity in farming activities. And the traditional expectation is that sons care

for parents when they are no longer able to care for themselves. An important motivation for

having a son is to secure a viable source of support in old age (Milwertz, 1997; Ebenstein,

2010; Ebenstein and Leung, 2010).

However, historical son preference cannot explain the persistence of son preference in

modern society during periods of fast economic growth. The reasons for the distorted sex

ratio in modern China needs to be further investigated. Basically, higher sex ratio are results

of female infanticide, gender specific induced abortion, and under-reporting of births of

females (Banister, 1987; Yi et al., 1993; Hull, 1990; Johansson and Nygren, 1991). Aird (1990)

speculated that the high reported sex ratio at birth in China in the 1980s is mainly the result

of female infanticide. Banister (1987) also concludes that the primary cause is high and

rising excess female infant mortality because he believes the required medical technology
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was not widely available in China during the 1980s. Johansson and Nygren (1991) estimate

that adopted children whose birth was not reported account for about half of the “missing"

girls in China during the 1980s. Yi et al. (1993) also attribute the higher sex ratio in 1980s to

under-reporting of female births and the incidence of female infanticide. Researches need to

detect further what causes prenatal sex selection and female infanticide and abandonment to

explain the son preference. Scholars have exploited the causes from economic and policy

perspectives.

First, the tradition that sons are the main care providers when parents are old did not

change in the 1980s (Pasternak, 1985), although the tradition did evolve to the pattern that

sons and daughters evenly provide health care to their parents. Old-age pension programs

only covered a portion of population who have official jobs in China back in 1980s and

1990s, most of which were city populations. Then parents still needed to rely on children to

provide health care in many cities. The persistence of son preference, however, is thought

to be related in particular to the son’s role in providing support in old age (Das Gupta

et al., 2003; Greenhalgh and Winckler, 2005). Over half (51 percent) of respondents to a

fertility survey in Hubei province identified the primary motivation for having a son as the

desire for old-age support, while continuation of the family line (20 percent) placed a distant

second (Davin, 1985). Ebenstein and Leung (2010) exploit quasi-random variation in China’s

1991 introduction of voluntary old-age pension programs in hundreds of rural villages to

examine to what extent the female birth deficit is related to a missing market for social

insurance. They find that parents without sons are more likely to participate in voluntary

old-age pension programs and to have a higher amount of savings specifically intended for

old-age support than do parents who have a son. More importantly, they find that the sex

ratio at birth increased more in counties with fewer villages participating in the old-age

pension programs. The increase in the sex ratio at birth was 9 percent lower in counties that

adopted the program, indicating that the expansion of the social insurance system especially

the old-age pension can mitigate the distortion of sex ratio by increasing the willingness of

parents to terminate their childbearing without producing a son.

Given the traditional role of the son as caregiver, it is unsurprising that the forced

reduction in fertility is associated with an increase in the sex ratio at birth in rural areas. Many
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scholars find that the introduction of the one-child policy combined with the introduction of

ultrasound B machines manifest increase in sex ratio.

In 1979, China launched the so-called one-child policy, placing population control at

the center of a series of policies aimed at lifting the country out of poverty. Ultrasound

B machines for prenatal screening and induced abortions came to feature prominently in

the arsenal employed to reduce the number and “improve the quality” of births (Yi et al.,

1993). The policy also marked the start of steadily rising sex ratios (Yi et al., 1993; Chu, 2001;

Das Gupta, 2005; Yang and Chen, 2004). Sex-selective induced abortion became common in

the countryside (Yi et al., 1993; Chu, 2001), and the sharpest increases in this practice were

observed in areas with the strictest policy enforcement (Ebenstein, 2010).

Li, Yi and Zhang (2011) find that strict enforcement of the one-child policy led to 4.4

extra boys per 100 girls in the 1980s, 7.0 extra boys per 100 girls for the 1991–2005 birth

cohorts, accounting for about 94% of the total increase in sex ratios during 1980s, 57% of the

rise in 1991 to 2000 and 54% of the rise in 2001 to 2005. Bulte, Heerink and Zhang (2011)

also find that the one-child policy alone explains about half of the gender gap - or the fate

of some 15–20 million Chinese girls and women who are ‘missing’, and that the impact of

policy-induced preferences for boys was accentuated by prenatal screening advances.

The situation that decreased fertility causes increases in the sex ratio is not unique to

China. Jayachandran (2017) find that the desired sex ratio increases sharply as fertility

falls and that fertility decline explains one third to one half of India’s recent sex ratio

increase. They elicit sex composition preferences at different fertility levels by asking survey

respondents their preferred composition of boys and girls at different hypothetical fertility

levels. The mechanism can be explained mathematically: Suppose a couple wants at least

one son. If they give birth to six children, there is a 99 percent possibility at least one will

be a son, but if they want only two children, this chance falls to 76 percent. Because the

policy limits them to have only one child, the likelihood that they manipulate the sex of their

children (through sex-selective abortion, infanticide, or neglect) might increase.

The prenatal sex selection is completed by gender induced abortions, so the identification

of the gender of fetus and the availability of abortion surgery are necessary conditions. The

biased sex ratio have been linked to sex-selective abortions - a procedure that has become
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possible thanks to modern science (Banister, 2004; Chu, 2001; Miller, 2001). By exploiting

the differential introduction of diagnostic ultrasound in the country during the 1980s, which

significantly reduced the cost of prenatal sex selection, Chen, Li and Meng (2013) find that

the improved local access to ultrasound technology resulted in a substantial increase in sex

ratio at birth. Their estimates indicate that roughly 40 to 50 percent of the increase in sex

imbalance at birth can be explained by local access to ultrasound examinations. Similar

estimates are attained by Li and Zheng (2009) also.

In addition to lack of old-age pensions, the one-child policy, and the diffusion of ultra-

sound B machines, land reform could also explain part of the increase in male to female sex

ratio from 1980s to 2000s (Almond, Li and Zhang, 2019). China’s 1978-1984 land reform

in rural China unleashed rapid growth in farm output and household income. It is well

documented that land reform spurred remarkable growth in agricultural output and lifted

hundreds of millions of rural households out of poverty (Piazza et al., 2001). The reform

granted land use rights that previously belonged to the collective to individual households on

a long-term basis, while land ownership remained with the collective. Almond, Li and Zhang

(2019) find that sex ratios increased from 1.1 to 1.3 boys per girl in the 4 years following re-

form among second births that followed a firstborn girl. But the mechanism of land reform’s

effects on the sex ratio needs further investigation. Almond, Li and Zhang (2019) exclude the

mechanism that higher production of males in agricultural activities enables land reform to

cause a higher sex ratio. The possible mechanism could be bequest arrangements. All land in

China is formally owned by the state and because daughters traditionally join the husband’s

family upon marriage, a son affords his parents the opportunity to reap financial benefits

from their land through informal bequest arrangements.

Summarizing the above paragraphs, the higher return of having a son by obtaining health

care in old age explains the persistence of son preference in modern China where the cultural

roots of the son preference has diminished gradually. Combined with one-child policy which

increased the willingness of parents who desires to have a son to manipulate the gender

of child by gender induced abortion, and the diffusion of ultrasound B enabled parents to

conduct gender induced abortion in order to achieve prenatal sex selection. Given that the

son preference in modern Chinese society are partly explained by returns of having a son
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related to old-age care and land inheritance, returns and cost of nurturing a son vs. daughter

might have the potential to alter gender preference.

Qian (2008) explores whether changes in relative female income affected the relative

outcomes for boys and girls by exploiting the exogenous change in tea prices. Women have

a comparative advantage in producing tea, whereas men have a comparative advantage in

producing orchard fruits. Therefore, areas suitable for tea cultivation experienced an increase

in female-generated income, whereas areas suitable for orchard cultivation experienced an

increase in male-generated income. Qian (2008) use a differences-in-differences strategy to

identify the causal effect of an increase in sex-specific income on outcomes for boys and girls.

The results show that an increase in relative adult female income had an immediate and

positive effect on the survival rate of girls. In rural China, during the early 1980s,increasing

annual adult female income by US $7.70 (10% of average rural annual household income)

while holding adult male income constant increased the fraction of surviving girls by one

percentage point and improved educational attainment for both boys and girls by approxi-

mately 0.5 years. This paper suggests a profound impact of increases in the relative income

of women on reducing the preference for male children.

Similarly, the cost of nurturing a son/daughter could also influence parents’ gender

preference. Bhalotra, Chakravarty and Gulesci (2020) use variation in gold prices (Gold is an

integral part of dowry) to detect whether the dowry is an explanation of son preference in

India as adduced. They find that higher gold prices caused a higher female mortality rate

and a higher male to female sex ratio after the introduction of prenatal sex determination

technology in China in 1990s. Their findings constitutes the first evidence that dowry costs

lead parents to eliminate fetal and newborn girls, and on a scale much larger than “dowry

deaths” among married women, which have been the subject of public attention.

Issues Caused by Abnormally High Sex Ratios

Abnormally high male to female sex ratios can raise a number of issues, for example, human

rights issues related to “missing girls", the negative social impact of surplus men (higher

crime rates, the large number of unmarried men, inefficiency caused by more competitive

marriage markets), and larger gender gaps in education and labor market (Angrist, 2002;
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Lafortune, 2013).

Edlund et al. (2013) find that higher sex ratios can account for one-seventh of the rise

in criminality in China from 1988 to 2004. They assemble a province-year panel data set

covering the years 1988 to 2004 and focus on the male to female sex ratio in the 16-25 age

group. Edlund et al. (2013) estimate an elasticity of crime with respect to the 16–25 sex

ratio of 3.4. Over the study period, the 16–25 sex ratio rose by 4% and crime rates by 82.4%,

suggesting that higher sex ratios can account for one-seventh of the rise in crime rates.2 The

way they construct the sex ratio is exquisite. Considering the fact that males are compete on a

“local" (Local means where they were given birth) marriage market and conduct crimes where

they live, Edlund et al. (2013) use the weighted average sex ratio constructed by calculating

the average of sex ratios of birth province weighted by the population share of males who

were born in this province.

In addition to more criminal activities caused by “surplus men", higher sex ratio of those

eligible for marriage could also enlarge gender gaps by altering competitiveness of marriage

market for different genders. Grossbard-Shechtman (1984) presents a theory of interrelated

labor and marriage markets. The theory predicts that the labor force participation of married

women decreases with an increase in the male to female sex ratio of pre-marriage and

marriage age adults. Angrist (2002) documents that higher sex ratios have a large negative

effect on female labor market participation. The reason lies in the competitiveness of the

marriage market. An increase in the sex ratio makes the marriage market more competitive

for males. To strengthen their ability to compete they seek higher educational attainment,

more wealth, better appearance. An increase in the sex ratio may also increase female

bargaining power in the marriage market, so the share of women who marry will rise

as male to female sex ratio increases. Women who expect to marry need to worry less

about developing an independent means of support. The outcome is that females’ labor

participation drops. We need to be cautious here because evidence for linkage between

higher sex ratio and lower labor participation of women and larger gender gap in educational

attainment has only been documented in the United States by Lafortune (2013) but not in

China. So we cannot extrapolate the results here to situation in China.

23.4×4/82.4 of the rise in criminality are explained by increase in sex ratio.

64



High Sex Ratio Makes Home Ownership Important for Groom on Marriage Market

The fierce competition in marriage market for males caused by male to female sex ratio

forces parents with a son to bear higher nurturing cost. I need to illustrate here that most

Chinese parents will still help their children economically after 18 year old and most Chinese

parents wish their children to get married at a suitable age (usually under 30). This kind of

culture is different to situation in the US, which plays an important role in competition on

marriage market. In Chinese marriage market, it is a social norm that the family of a groom

is supposed to supply a house for the young couple before the marriage. But the soaring

housing price since 2000s put much more burden for groom’s family. It is becoming more

and more difficult for the young couples or their parents to buy a house in urban areas. So

the social norm changes to at least the groom and his family should pay the down payment

of a house, which is still a burden for ordinary families, especially in tier 1 and tier 2 cities.

As a consequence, cost of having a son are raised by dramatic increase in housing price. The

most trivial part of the cost of raising a son is exactly the cost of house the groom’s family was

supposed to offer.3 The other cost of raising a son is pretty similar to that of a girl. The cost

of food should be similar, even if boys eat more than girls, the cost of children’s food is only a

small portion of families’ expenditure.4 The cost of education constitutes a small portion

of nurturing cost compared with house for most families.5 And in modern China, parents

usually pay equal attention to girls’ education and boys’ education except for extreme poor

and traditional rural areas. But the cost of buying a house can spend almost all the savings

of a family. The housing-price-to-income ratio is 25 in Beijing and Shanghai, indicating

that on average a family (consists of two adults) need 12.5 years to buy a house without any

consumption.6 This ratio for 50 representative cities is 13.6, which also reflects that buying a

3For most families, housing is the single biggest part of family wealth, accounting for 70% of total family

wealth on average (Xie et al., 2014).
4The Engel coefficient of China in 2018 is 0.28.
5The education from elementary school to middle school is basically free because they are compulsory

education. The high school tuition is still very cheap or totally free according to conditions of economic

development in different regions. Even the annual tuition for university or college is only 700 dollars which is

two months’ average disposable income per capita for urban residents.
6Housing-price-to-income ratio = average commercial house’s price (yuan per square meter)× average

residential area per capita/per capita disposable income of urban residents.
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house in the city is a big burden.

Literature provide evidence of the advantage of owning a house on marriage market and

document competition among Chinese males on marriage market. Wei, Zhang and Liu (2017)

find that home tend to be more expensive in cities with a more skewed sex ratio. The higher

home value comes from a combination of people buying larger houses and paying a higher

price per square meter. Household level data delivers an important finding: a combination

of having an unmarried son at home and living in a region with a high sex ratio raises the

probability of a household wanting to own an expensive home. This finding confirms that

the higher home value is caused by more fierce competition on marriage market. To exclude

possible endogeneity,7 Wei, Zhang and Liu (2017) analyze a special subsample of childless

families. If the sex ratio effect on housing values reflects parental concerns for their children’s

marriage prospect, then the demand for housing by childless families should not be affected

by the sex ratio. Wei, Zhang and Liu (2017) find that childless families’ housing value,

housing space, and rent are not affected by local sex ratio. 8

To attain enough money to buy a house, the parents of an unmarried son needs to save

early. Du and Wei (2013) develop a model that explores the effect of a higher sex ratio

on the household savings rate. By incorporating matching in the marriage market, they

endogenously generate the result that savings is a sorting variable in the marriage market.

In addition to the necessity of buying a house, enhancing competiveness by improving

economic status is another drive for saving of men. Because the family wealth of a man is a

sorting variable for a man’s relative standing in the marriage market, then arise in the sex

ratio can inspire men and parents with a son to accumulate more wealth. Wei and Zhang

(2011a) find that when the sex ratio (the number of men per woman in the premarital cohort)

rises, families with sons compete with each other to raise their savings rate in response to

ever-rising pressure in the marriage market.

Besides saving, working harder or longer, and becoming more entrepreneurial are also

ways to achieve the objective of improving relative economic status. A higher sex ratio

makes men face a diminishing prospect of finding a wife, then parents of a son or the son

7For example,in rich regions, families can probably afford to pay the fines for violating the family planning

policy in order to have a son.
8The coefficients for sex ratio are not significant in all regressions.

66



himself are more eager to do something to improve his standing in the marriage market

relative to other men in the same cohort. Since wealth is a significant determinant of one’s

relative standing, parents with a son and men respond to a rise in the sex ratio by engaging

in more entrepreneurial activities, supplying more labor, and becoming more willing to take

unpleasant or dangerous jobs, all in pursuit of a higher expected pay. Wei and Zhang (2011b)

provide evidence that the high sex ratio may also stimulate economic growth by inducing

more entrepreneurship and hard work. There are three findings supporting that families

with a son have stronger motivation to improve income. First, new domestic private firms

– an important engine of growth – are more likely to emerge from regions with a higher

sex ratio imbalance. Second, the likelihood for parents with a son to be entrepreneurs rises

with the local sex ratio. Third, households with a son in regions with a more skewed sex

ratio demonstrate a greater willingness to accept relatively dangerous or unpleasant jobs and

supply more work days. In contrast, the labor supply pattern by households with a daughter

is unrelated to the sex ratio.

Findings of Wei and Zhang (2011b,a) and Wei, Zhang and Liu (2017) proves the necessity

to provide a house for grooms to win a wife. Combined with the custom for Chinese parents

to help their children to get married, cost of having a son is increasing dramatically as the

housing prices soar since the 21st century.

Thus, the biased sex ratio not only has profound ethical implications for women’s welfare

and gender inequality, but also influence the economy and society in many ways through

competition on the market. Measure to alter the abnormal male to female sex ratio have been

strongly considered to mitigate the negative effects caused by “surplus males". Some literature

studied the effectiveness of policies in altering sex ratios. Because the preference for sons is

partly due to the higher returns of having a son, and gender preference can be influenced by

relative returns and the cost of nurturing a son vs. daughter, we are interested in whether

financial incentives could resolve the fertility-sex ratio trade-off faced by countries with

persistent son preference, restrictions in fertility and easy access to sex-selection technology.

Anukriti (2018) finds that an Indian program, Devi Rupak, that seeks to lower fertility

and the sex ratio through limited financial incentives is unable to do so. Families that have

either one child or two daughters and no sons can get cash transfers from the government
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in this program. Although fertility decreases, the sex ratio at birth worsens as high son

preference families are unwilling to forgo a son despite substantially higher benefits for

a daughter. They conclude that financial incentives may only play a limited role in the

resolution of the fertility-sex ratio conflict. Measures changing the son preference culture

should also be adopted to effectively influence gender preference of parents.

The Limited Literature on Falling Sex Ratios

While there are plentiful literature studying the rise in male to female sex ratio in China, few

literature have investigated the decline in sex ratio in recent years. Figure 1 shows that sex

ratio of children under 9 years old started to decrease since 2008. Considering social issues

brought by unbalanced sex ratio, it is important to know the reasons behind this decline.

The outcomes could be meaningful to give advice how to alter the unhealthy sex ratio.

Given that gender preference responds to changes in the returns and costs of having a son

vs. daughter, it is reasonable to suspect that the high sex ratio in China circa 2010 could have

been reduced if there were higher costs of nurturing a son in China during recent years.9.

However, there are virtually no studies focusing on how the sex ratio at birth responds to

nurturing cost in China. My paper fills this gap by investigating whether higher cost of

nurturing a son brought by rising house price could change the gender preference of Chinese

parents and thus alter the distorted sex ratio.

Considering the spending on house is the main burden of nurturing a son, I detect

whether gender preference could be affected by nurturing cost using housing price as a proxy.

The change in gender preference could be reflected in sex ratio at births through prenatal

sex selection - sex induced abortions. In China, abortions are legal. Although regulations

forbidding doctors to tell the gender of fetus to parents do exist, the practice cannot be

forbidden thoroughly. It is difficult to actually know whether the doctor tells the gender of

fetus to parents. While the implementation in large cities are easier, the implementation

in small cities and rural areas are especially difficult due to “acquaintance" culture.10 And

literature do links high sex ratio in China since 1980s to prenatal sex selection through sex

9Hereinafter, “sex ratio" means male to female sex ratio
10People rely on acquaintance to conduct so many activities. For example, they can always find a doctor who

is their acquaintance to know the gender of fetus.
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induced abortions (Chu, 2001; Miller, 2001; Banister, 2004; Li and Zheng, 2009; Chen, Li

and Meng, 2013).

While the cost of having a son is increasing dramatically as the housing price soars, the

cost of having a girl does not change much. Parents may be more willing to have daughters

rather than sons to avoid the burden associated with providing a house. The assumption I

want to testify in the paper is that higher housing price will decrease sex ratio at births.

3 Background

3.1 The Chinese Housing Market

In the three decades before 1988, there was no housing market in the People‘s Republic

of China. In urban areas, every working person worked for either the government, a state-

owned entity, or a collectively owned entity.11 A typical household lived in an apartment

assigned to them by the work unit of one of the household members. They paid a nominal

rent and could keep the place virtually forever. There was no housing market in which they

could sell the existing home or to buy a new one. In rural areas, a typical household lived in

a house built by themselves or their extended family.

An amendment to China‘s constitution in 1988 formally laid the legal foundation for

private housing development. The restructuring of state-owned firms (including closures

or contractions) was one of the impetuses for housing reform. Some companies started to

hire employees without providing an apartment. New homes (apartments) started to be built

and sold on the market. While the state always retains the ownership of the land, home

buyers automatically acquire the right of land use, bundled together with the apartment, for

70 years. It is not clear what will happen when the 70-year term expires. In rural areas, a

majority of households still build their own homes. Because private housing development

was in a nascent stage, the secondary market for housing in rural areas was not very liquid in

the first ten years of the reform.

The Chinese State Council‘s 23rd Decree of 1998 formally mandated work units (em-

ployers broadly defined to include companies, non-profit organizations, and government

11Because there were no actual market economy in China then.
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agencies) to monetize all housing benefits (i.e., making them a part of wages and salaries)

rather than to provide employees with an apartment for life-time usage (Wei, Zhang and Liu

(2017)). The existing stock of housing units that were assigned to employees was asked to be

sold to their current occupants within some time frame. These measures were designed to

promote the development of the private housing market (called —the commodity housing

market), which in turn was expected to provide a key source of economic growth and fiscal

income for governments.12 This regulation marked the beginning of the modern Chinese

housing market (Wei, Zhang and Liu, 2017; Deng, Gyourko and Wu, 2012).

A housing construction boom followed. In 1998, 1,178 million square meters of residen-

tial housing space was constructed, a majority of which took place in rural areas, mostly

because that was where most people lived (773 million square meters in rural areas versus

406 million square meters in urban areas). Construction of new houses continued afterwards.

In 2008, 1,546 million square meters of new residential housing space was built. With the

faster rise in urban income, the pace of urban housing construction has almost caught up

with that of rural construction in spite of the former‘s smaller population (760 million square

meters of new housing space in urban areas versus 786 million square meters of new housing

in the rural areas (Chinese Statistical Yearbook, 2010)). With the rapid annual additions

to the housing stock, a striking feature of the Chinese urban housing market is that most

housing transactions (about 70%) involve newly built homes, even though the secondary

market for housing has also begun to be active and liquid.

Since 1998 when the housing market was actually born, the housing price has soared

dramatically. Taking the capital Beijing as a representative of tier 1 cities, the housing price

has increased more than 20 times from 2000 to 2020. For core districts,13 nominal price per

square meter increased from 4,300 yuan in 2000 to 55,000 yuan in 2010, and then increased

to 120,000 yuan in 2020.14 For districts that accumulate high quality schools, nominal price

per square meter increased from 4,000 in 2000 to 38,000 in 2020, and further increased to

12The government owns the land and can get revenues from selling of land.
13Core districts are center of city which have high-quality commercial facilities and closer to work areas,

containing 4 districts: Xicheng District, Dongcheng District, Xuanwu District and Chongwen District.
14The housing price data is from Anjuke.com - a housing transaction website tracing the housing price by

district.
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88,000 in 2020. Even the districts further from the city center have experienced higher than

a 20-fold increase in housing price. Tier 2 cities’ housing price did not increase so much as

tier 1 cities but still increased more than 10 times. Housing price of Zhengzhou, which is a

tier 2 city in the central of China, increased from 600 yuan in 2000 to 13,500 in 2020.

Meanwhile, annual incomes and salaries have increased much less. The disposable

income per capita for urban residents in nominal yuan increased from 6256 yuan in 2000 to

42359 in 2020 (National Statistics Bureau), which only increases 5 to 6 times. Nowadays, the

housing price to income ratio is 13.6 for largest 50 cities in China, which means an adult need

to work 13.6 years if without any consumption to buy a house keeping the housing price and

wage constant. This ratio was 6.9 in 2001 for the largest 35 cities in China. The time needed

will be longer than 13.6 years because no consumption is not realistic and increases in wages

will likely continue to be slower than the increase in housing prices. So houses have become

a heavier and heavier burden for young adults.

3.2 China’s Marriage Market

i. Home ownership is important on marriage market

China’s sex ratio for the pre-marital age is larger than 100 recently.15 Figure 2 shows that sex

ratio around the age of marriage has risen since 2007. Consequently, males face increasing

competition for wives in the marriage market. Economic status is an important factor in

marriage market. Providing a house has become a necessary condition for Chinese males to

get married. A survey of mothers with a daughter in eight major cities by China Economic

Daily in March 2010 reported that 80% of the respondents would object to their daughter

marrying a young man who can only rent rather than own a home. This prompts the

headline–it is fundamentally true that mothers-in-law (mothers of wives) are pushing up

the housing prices.16 Many mothers with a daughter express a willingness to help their

daughters’ fiance in the purchase of a home (Still, the majority of the funding has to come

from the groom’s family).

15The average age of the first marriage is approximately 26. Here the premarital age means 15 to 29.
16China Economic Daily, "It is fundamentally true that mothers in law are pushing up the housing prices; less

than 20% accept sons in law who can only rent," March 8, 2010
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According to the 2010 Marriage Market Survey in China, 71% of unmarried women

prefer that their future husbands own a home. This is consistent with the pattern reported

above. That is, the value of a home belonging to the family of a young man may be a key

determinant of how attractive he is in comparison with his competitors in the eyes of women.

Interestingly, 48% of unmarried men express a preference for their future wives to own a

home as well. In other words, a home-owning woman is considered more desirable in the

eyes of about half of the men.

In rural areas, a young couple after the marriage often lives in the same house built by the

parents of the groom.17 In contrast, in urban areas, while it is possible for the young couple

to live with the groom’s parents, a more common arrangement would be for the parents of

the groom to buy a home for the couple, or at least to pay for the down payment of the cost

of the new home.

Both academic evidence (Wei and Zhang, 2011b,a; Wei, Zhang and Liu, 2017) and surveys

confirm that parents of a son in China do need to help their sons to buy a house to enable

them to find a wife. And Chinese parents with an unmarried son do face higher economic

pressure from marriage market due to long-term distorted sex ratio.

ii. The abortion policies in China

The long-term rise in the sex ratio raised policy makers’ concerns about “surplus men", which

has caused more criminal activities and created some social unrest. To eliminate sex-induced

abortions, policy makers have adopted a series of active regulations and policies against

pre-natal sex determination and sex-selective abortion.

The earliest regulation on prenatal sex selection can be traced back to 1994. The Law of

the People’s Republic of China on Maternal and Infant Health Care prohibits identification

of fetal sex for non-medical purposes. Then in 2001, the Stipulation on Family Planning

Technical Services forbade sex-selective pregnancy termination for non-medical purposes.

In 2002 identification of fetal sex or sex-selective pregnancy termination for non-medical

service was pronounced illegal by the “Population and Family Planning Law of the People’s

17According to China Family Panel Studies survey in 2012, among age cohort 25–29, 76.7% of them live with

their parent(s) in rural areas, while the rate is 65.1% in cities. Parents often rely on their son’s family for elderly

care.
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Republic of China". In 2003 policy makers further define what kind of approvals were

needed to conduct sex-selective abortion. The “Stipulation on Forbidding Non-medical

Aimed Foetus Sex Determination and Sex-selective Abortion" regulates that no organization

or individual shall conduct an operation for fetal sex identification or sex-selective pregnancy

termination without approval from the authorities of health and family planning. So, since

1994, Non-medical sex identification and sex-selective abortion are strictly prohibited in

corresponding laws and regulations.

However, the implementation of these policies is difficult. In rural China, some families

with strong son preference have used illegal channels, such as visiting private clinics offering

ultrasound services, to identify a fetus’s sex, and have subsequently made efforts to abort a

female foetus in order to have a son (Li, 2007). In addition, some families with strong son

preference continue to commit female infanticide or abandonment. In small cities and towns,

some family can still find some acquaintance who are doctors to tell the gender of fetus and

conduct abortions.

In today’s China, sex-selective abortions still exist while infanticide and abandonment

has dropped, although the incidence varies with regions’ development levels and gender

preference. Previous literature provide evidence that sex-selective abortions (terminating

female fetus and keep male fetus) explains part of rise of sex ratio in China since 1980s (Chu,

2001; Miller, 2001; Banister, 2004; Chen, Li and Meng, 2013). As the cost of nurturing a son

rises due to rising housing prices, sex-selective abortions could also switch to terminating

male fetuses while keeping females. This is the mechanism this paper proposes to explain

how cost of nurturing a son affect sex ratio at births. Although I cannot directly test this

mechanism due to lack of abortion data, it is the most likely mechanism considering that

the fast growth economic development has greatly decreased infanticide. In addition, no

literature documents any natural environment changes in China or physiological changes of

Chinese that could induce more female fetus.

4 Data

The gender preference will be reflected in sex ratios through prenatal abortions. I plan to

detect the influence of housing price on sex ratios of new born babies to detect if there are
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changes in gender preference caused by housing price.

In addition to China’s State Council’s Census every ten years to collect demographic

information, the State Council and provincial governments conduct 1% population sample

survey every five years to supplement the Census, which gives us the sex ratio of new born

babies at prefecture level cities. The 1% population sample survey is conducted by provincial

statistics bureau or 1% Population Sample Survey Office in each province. The survey is

completed through household survey. Besides sex ratio of all new born babies, it also reveals

data by birth order. Because only a few families in each city will have more than two children,

we only focus on the sex ratio of all new born babies, the first-born babies and the second

born babies. I collect the sex ratio of new born babies of prefecture-level cities in 2005, 2010,

and 2015. In the regression, the sex ratio is calculated as the ratio of new born boys to girls

multiplied by one hundred. So 100 means 100 boys were born per 100 girls.

To detect the influence of housing prices on gender preference, we need to get housing

prices. The National Bureau of Statistics (NBS) in China publishes the average price per

squared meter of sold commodity housing in cities, which is calculated by dividing gross

billing of commodity housing by total areas of sold commodity housing. NBS get gross

billings and areas sold from local Real Estate Bureau. But missing data is common before

2005. For new babies born in current year before October, the conception happens in the

previous year. Considering that most abortions for sex choice happen during the first three

months of pregnancy, the sex ratio choice most happens in the previous year. After matching

sex ratio data with the previous year’s housing price, I get 475 observations for prefecture-

level cities. The sample loses some observations due to missing housing prices in 2004. I

conduct the main regression when matching current year’s new born sex ratio with previous

year’s housing price and use an alternative way of matching the current year’s new born sex

ratio with the current year’s housing price as a robustness check.

In addition to housing prices, there are many economic and social indicators that might

affect gender preferences of parents. I collect urbanization level, the portion of population

older than 60, the ratio of adult females that are employed, the ratio of migrants, the ratio

of population that owns a house, the ratio of older than 60 populations that mainly rely on

social support to live, the education level of child-bearing age males and females, and GDP
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per capita from provinces’ yearbooks and population census. Urbanization level is defined

as the portion of population that live in urban areas. The portion of population older than

60, the ratio of population that owns a house, the ratio of adult females that are employed,

the ratio of migrants, the ratio of older than 60s that mainly rely on social support to live

and education level are calculated from 1% population census. The GDP per capita are from

provinces’ yearbooks. Because Wei, Zhang and Liu (2017) find that local sex ratio of adults

around marriage age could affect local housing price through changing competitiveness

on marriage market, I also control for portion of males between 20 to 34 to avoid reverse

causality.

In the analysis, I regress the sex ratio of new born babies on the housing price of previous

year. Table 2 sums sex ratios, housing prices and control variables. The sex ratio is measured

in how many boys were born per 100 girls. The housing price is measured in thousand

yuan and adjusted by CPI to represent real housing price. Urbanization, portion of older

than 60 population, portion of employed females between age 20 to 34, portion of migrants,

portion of households that owns the house, portion of people older than 60 that rely on

social support, portion of males among adult between 20 to 34 are measured in the portion

multiplied by 100. The education level of males between age 20 to 34 and females between

age 20 to 34 are measured in years. GDP per capita are measured in real yuan (adjusted by

GDP deflator).

5 Specification

For babies born in 2019 previous to October, the conception usually happens in 2018, and

the artificial abortion usually happens during the first three months of pregnancy, so for

babies born before July, what affect their parents’ decision is the previous year’s housing

price. I regress sex ratio on housing price of the previous year:

Yit = βHPi,t−1 + δi + σt +γXit + εit

Yit is sex ratio of new born babies in city i in year t. HPi,t−1 is housing price of city i in year t-1.

δi represents city fixed effects while σt represents year fixed effects. Xit are control variables:

urbanization level, the portion of population older than 60, the ratio of adult females that
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are employed, the ratio of migrants, the ratio of population that owns a house, the ratio of

social support, education level of child-bearing age (20 to 34) males and females, the ratio of

married people between age 20 to 34, the portion of males among adults between 20 to 34,

GDP per capita.

One might be concerned that the housing price previous to the birth year is not a good

predictor of future’s housing price. What matters here is not a perfect predictor of housing

price in the future, but the information that can influence parents’ judgement of nurturing

cost. Ordinary parents are not scholars, they probably will not strategically think about

future’s housing price from the perspective of an economist. The current housing price is the

most likely factor that parents consider when estimating nurturing cost related to buying a

house. Certainly, parents may also use the rate of increase in housing price as predictor. I

investigate whether the price change during the five years before the child’s birth will affect

parents’ fertility decision about gender and find no significant effects.

One might also be concerned that local housing price might not represent cost of nurtur-

ing a son because of migration. While Chinese marriage market is basically local in the sense

that Chinese people usually marry to a partner from the same city, adults migrates to other

cities when grown up more and more often. In 2000, 62% of urban residents live in the same

city of birth. Now this ratio will be much smaller. But some of them still buy a house in the

city where they were born rather than where they live when they are young. The migration is

usually from less-developed cities to developed cities. But tier 1 and tier 2 cities in China

has strict home registration system which hinders migrants to be registered as a citizen. And

housing prices there are too high to afford for migrants. So the ratio of buying a house in

place where they live for migrants will be much lower than the ratio of migrants. Parents

may still plan to buy a house for their children where they live. When parents cannot predict

where their children will live in the future, the local housing price is still the most influential

information for them to estimate nurturing burden associated with a son.

With city fixed effects and year fixed effects in the regression, the variation used to identify

are changes over time within the same prefecture-level city after controlling for national wide

shocks and a variety of socioeconomic correlates. The coefficient of key regressor–housing

price represents how changes in housing price within the same city could affect sex ratio at
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birth.

I also investigate the influence of housing price conditional on birth order. Because most

Chinese will not have more than two children, I regress sex ratio of the first baby and second

baby on housing price of the previous year respectively. When studying the sex ratio of the

second baby, sex ratio of the first baby is controlled.

6 Main Results

I present results when regressing sex ratio of new born babies on housing price of previous

years in 3. Panel.A focus on the sex ratio of all new born babies. Column (1) to (3) show the

results on sex ratio in different cities, column (4) to (6) show the effects on sex ratio in urban

areas (cities and towns), column (7) to (9) show the effects on sex ratio in villages. Column

(1), column (4) and column (7) only include city fixed effects, year fixed effects, urbanization

rate, ratio of old age people (older than 60), ratio of employed females between 20 to 35

as controls. Other columns add controls gradually. Although not statistically significant,

Panel.A confirms that higher housing prices are associated with lower boy to girl ratios.

While the housing price of the previous year is measured in one thousand yuan (adjusted

to 2019 price level), the sex ratio is calculated by dividing the number of boys to girls and

then multiplied by 100. So the results should be interpreted as an one thousand yuan (2019’s

price level as a base) increase in housing price affect how many boys were born per 100

girls. Estimates in Panel.A show that per one thousand increase in housing price caused 0.6

to 0.9 fewer boys born per 100 girls born. A standard deviation increase in 2015 housing

price (nominal 2015 housing price) will cause 8.58 less boys born per 100 girls born. The

magnitude of this effects are larger in rural areas (column (7) to (9)).

Gender preferences may differ by birth order. For parents plan to have only one child

and have gender preference, they will decide to give up the child if the first baby’s gender

is not what they expect. For parents planning to have more than one child, they may not

choose to conduct sex selection of their first baby. So Panel.B and Panel.C show the effects

of the housing price on the sex ratio of the first baby and second baby respectively. I find

that higher housing price are associated with a lower sex ratio. And the effect is statistically

significant for the first baby in column (1) to column (3) which includes all areas and all of
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the control variables. If based on estimates in column (3), per one thousand yuan (measured

in 2019 yuan) increase in housing price would cause 2.5 less boys born per 100 girls born,

which is a significant drop in sex ratios. No consistent effects are found on the sex ratio of

the second babies. The reason might be that most parents plan to have only one child after

so many years of one child policy, thus sex selection happens on the first child.

For babies born in this year after July, the decision of abortion most happens in this year.

So, as a robustness check, I regress sex ratios of new born babies on the housing price of

the current year. Because year 2004 lacks a lot of housing price data, this sample contains

more observations. Specification in Table 4 shows one thousand yuan increase in the housing

price is associated with a statistically significant 1.3 decrease in the sex ratio of the first baby

born. Once additional correlates are added in specifications 2 and 3, however, the coefficient

implies that a one thousand yuan increase is associated with a 1.2 decrease in the sex ratio

that is statistically insignificant.

The rate of increase in housing price could also influence how parents estimate the

nurturing cost of having a son. They may feel higher pressure when housing prices increase

fast. To see if rate of housing price increase will influence sex ratio, I regress sex ratio of new

born babies on the price change during the previous 5 years. Results are shown in Table 5.

pincpct5 is defined to be price change in percentage from previous 5 years. For example, for

year 2010, pincpct5 = p2009−p2005
p2005 ×100 (All measure in 2019 yuan). No significant effects are

found, indicating that parents might not use this information when estimating the nurturing

cost.

Combining these results together, it gives suggestive evidence that financial burden

brought by housing price is associated with parents’ gender preference. Due to limited access

to census data which provide sufficient sample at individual level in prefecture level cities, I

can only use aggregated data at prefecture level cities. And due to limited housing price data

before 2005, I only have hundreds of observations to use. With such a small sample that only

contains 475 observations, the causal relationships are hard to detect. Future research could

exploit individual level data to give more hint on the topic.
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7 Discussion

The results above shows that per one thousand yuan increase in housing price will cause

2.5 less boys born per 100 girls born for the first baby. This could be an underestimate

of the influence of nurturing cost on parents’ gender preference for several reasons. First,

rather than a consumption good, house is considered a kind of asset. Although helping

their son to buy a house will consumes so much money, it could still provide high return

given that housing price in China continues increasing fast. This kind of “wealth effect" play

the opposite role. The more negative coefficient in villages for the first child supports this

assumption because commodity housing market does not exist there. Second, most parents

already have a house owned by them before their children’s births. Thus actually they bear

not so high pressure because their son could live with them as a last choice. Third, in tier

1 cities, which have the highest housing price, most residents who have children there are

local. They may own more than one house before the price soaring in 2000s. These houses

will get high compensation payments when new construction started. So parents in these

cities with highest housing price are actually not those bears highest pressure facing high sex

ratio on marriage market. Forth, strong son preference usually exist in more traditional and

less developed areas. Parents who abandon son preference are usually well educated and

have higher incomes. They may consider abortions as cruel such that even if nurturing a son

is expensive, they will not choose to terminate pregnancy of male fetus. Controlling average

education levels of males and females in the regression cannot exclude this influence. More

detailed data is needed.

The access to micro level data (such as household level data) will be more meaningful

in investigating this topic. First, it will allow us to detect the effects of housing price on the

probability of having a second baby and the sex ratio of the second baby conditional on the

gender of the first baby. Second, household level data with home ownership information

allow researchers to detect the influence of housing price by home ownership status. This

will be meaningful considering that the home ownership of parents would also affect the cost

of nurturing a son. Third, micro data enables researchers to exploit home value of households

rather than the average housing price. Fourth, micro level data contains the question to

reveal gender preference will enable researchers detect change in gender preference without
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conducting prenatal sex selection. Considering abortion is still considered cruel to parents,

magnitude of effects on gender preference will be underestimated if only investigating sex

ratio at birth. Future research could exploit micro level data to study this topic in detail.

Due to the lack of abortion data in different cities across years and by gender of fetus,

I am not able to test the mechanism how housing price change the gender preference of

parents through prenatal sex selection. With abortion data by gender, we could test whether

higher housing price induce more abortions of male fetus. Future research could detect

whether prenatal sex selection toward female fetus is an explanation of recent drop in sex

ratio at birth in China.

8 Conclusions

The results provide some evidence that higher cost of having a son caused by soaring housing

price might have contributed to a reduction in the male to female sex ratio in China in the

last 10 years. This relationship is only statistically significant when examining the sex ratio

of first-born children, but this might be expected given the long run effects of the one-child

policy in China. The estimates indicate that one thousand yuan (measured in 2019 yuan)

increase in housing price will cause 2.5 less boys born per 100 girls born, or one standard

deviation increase in 2015 housing price will cause 8.58 less boys born per 100 girls born.

Broadly speaking, this finding suggests that financial incentives do might have effects on

parents’ decision about children’s sex. After longtime cultural preference on boys, Chinese

parents started to value girls the same as boys since entering into a modern society. But as

the soaring housing price put heavier burden on parents with sons, some couples prefer to

have daughters rather than sons to avoid the responsibility of buying house for their son.
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Figure 2: States’ Hispanic Population Share and Timing of Ban-the-box
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Figure 3: States’ Black Population Share and Timing of Ban-the-box
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Figure 4: States’ Unemployment Rate and Timing of Ban-the-box
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Figure 9: The Impact of Temperature on the Gender Gap in Working Hours by Outdoor and Indoor Occupations.
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Figure 10: Temperature Effect of Gender Differentials in Time Allocation by Marital Status.
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Figure 12: Effect of Temperature on Males’ Time Allocation Among Work, Leisure, and Housework by Marital Status.
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Figure 13: Temperature Effect of Gender Differences in Time Allocation by the Presence of Young Children.
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Figure 18: The Effect of Temperature on the Gender Gap in Working Hours by June, July, August, and September.
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Figure 19: Effect of Temperature on Males’ Work Time by June, July, August, and September.
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Figure 20: The Effect of Temperature on the Gender Gap in Working Hours by Climatic Regions.
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Figure 21: The Effect of Temperature on Time Allocation between Non Self-Employed Males and Females.
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Figure 22: The Effect of Temperature on Time Allocation between Indoor Worked Males and Females.
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Figure 23: The Effect of Temperature on Time Allocation For Those Live in Identified Counties
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Table 1: The effects of state unemployment (not seasonally adjusted) on BTB adoption

Policy Response to Population Characteristic, Unemployment Rate and Crime Rates

UR and crime rates

(1) (2) (3)

VARIABLES statepub statepri statepri

Hispan_share -1.995*** -0.577* 1.509

(0.364) (0.304) (1.367)

Black_share -0.248 -0.051 -2.948**

(0.199) (0.166) (1.349)

Unemployment Rate -0.038*** -0.017** 0.033

(0.008) (0.007) (0.043)

Violent -0.000 -0.000 -0.000

(0.000) (0.000) (0.001)

Property 0.000 -0.000* -0.000**

(0.000) (0.000) (0.000)

Observations 400 400 58

R-squared 0.128 0.059 0.339

Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 2: Employment Rate in the Final Interview by Gender, Race-Ethnicity, Treatment Status and Employment Status in the Initial Interview.

Sample Unemployed Female NILF Female NILF Female

Probability Being Employed Being Employed In the Labor Force

untreated treated Difference untreated treated Difference untreated treated Difference

Non-Hispanic White 0.5787 0.4893 -0.0893 0.1844 0.1796 -0.0048 0.2183 0.2254 0.0071

Std.Err8 (0.4939) (0.5053) (0.0730) (0.3878) (0.3845) (0.0233) (0.4131) (0.4186) (0.0249)

N 1,728 47 10,011 284 10,011 284

Non-Hispanic Black 0.4493 0.2619 -0.1874** 0.2812 0.1923 -0.0889 0.3742 0.3077 -0.0666

Std.Err (0.4978) (0.4450) (0.0787) (0.4498) (0.3980) (0.0636) (0.4842) (0.4660) (0.0687)

N 661 42 1,042 52 1,042 52

Hispanic 0.4853 0.4600 -0.0253 0.1535 0.1178 -0.0357* 0.1918 0.1351 -0.0567***

Std.Err (0.5002) (0.5035) (0.0736) (0.3605) (0.3229) (0.0199) (0.3938) (0.3423) (0.0217)

N 614 50 4,802 348 4,802 348

*** p<0.01, ** p<0.05, * p<0.10, + p<0.1597



Table 3: Treatment Effects on Final Employment of Females 25-49 With No College Degree

Unemployed to Employed NILF to Employed NILF to ILF

Non-Hispanic Non-Hispanic Non-Hispanic

Baseline Blacks Hispanics Baseline Blacks Hispanics Baseline Blacks Hispanics

Pubonly between interviews -0.104 -0.072 0.074 0.037 -0.116+ -0.063** 0.041+ -0.069 -0.082***

(0.130) (0.142) (0.143) (0.031) (0.069) (0.031) (0.027) (0.081) (0.026)

All between interviews -0.002 -0.003 0.190 -0.020 0.083 0.102 0.006 -0.018 0.028

(0.207) (0.224) (0.208) (0.046) (0.121) (0.074) (0.052) (0.126) (0.075)

Observations 3,499 18,020 18,020

R-squared 0.384 0.109 0.116

Controls:

Demographics × × ×

MSA FEs × × ×

Month-region FEs × × ×

MSA specific trends × × ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 4: Treatment Effects on 25-49 Females with a Bachelor Degree

Unemployed to Employed NILF to Employed NILF to ILF

Non-Hispanic Non-Hispanic Non-Hispanic

Baseline Blacks Hispanics Baseline Blacks Hispanics Baseline Blacks Hispanics

Pubonly between interviews -0.094 0.227 0.462+ -0.030 -0.141 0.014 -0.035 -0.181 -0.001

(0.167) (0.318) (0.292) (0.026) (0.118) (0.068) (0.028) (0.129) (0.078)

All between interviews 0.096 0.324 0.264 0.003 -0.009 0.227* -0.003 -0.086 0.177*

(0.212) (0.442) (0.455) (0.052) (0.231) (0.102) (0.050) (0.232) (0.093)

Observations 1,367 8,996 8,996

R-squared 0.658 0.197 0.207

Controls:

Demographics × × ×

MSA FEs × × ×

Month-region FEs × × ×

MSA specific trends × × ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 5: Treatment Effects on Probability of Being Employed for Unemployed Females (25-49 with no college degree)

(1) (2) (3) (4) (5) (6) (7)

VARIABLES employed employed employed employed employed employed employed

Pubonly -0.099 -0.103 -0.214 -0.207 -0.223 -0.271+ -0.260

(0.105) (0.130) (0.170) (0.169) (0.165) (0.184) (1.303)

NHblack×Pubonly -0.054 -0.072 0.032 0.032 0.016 -0.026 -0.791

(0.108) (0.142) (0.188) (0.186) (0.169) (0.192) (0.959)

Hispanic×Pubonly 0.069 0.074 0.115 0.116 0.074 0.097 -0.703

(0.124) (0.143) (0.154) (0.150) (0.130) (0.169) (1.090)

All 0.030 -0.002 0.008 0.011 0.101 -0.160 2.026

(0.158) (0.207) (0.215) (0.231) (0.248) (0.297) (1.934)

NHblack×All -0.102 -0.003 0.012 0.013 0.018 -0.171 0.859

(0.169) (0.224) (0.214) (0.221) (0.244) (0.363) (5.392)

Hispanic×All 0.229 0.190 0.096 0.020 -0.250 -0.457 -0.700

(0.195) (0.208) (0.235) (0.264) (0.224) (0.382) (1.526)

Observations 3,499 3,499 2,799 2,650 1,720 1,531 433

R-squared 0.2605 0.3842 0.4530 0.4583 0.4496 0.6215 0.8591

Demographics × × × × × × ×

MSA FEs × × × × × × ×

Month FEs ×

Month-region FEs × × × × × ×

MSA Linear Time Trends × × × × × × ×

MSA only ×

Identified MSA only ×

Treated MSA only ×

Identified Counties ×

Identified Cities ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 6: Treatment Effects on Probability of Being Employed for Females Who are Initially Not In the Labor Force (25-49 with no college degree)

(1) (2) (3) (4) (5) (6) (7)

VARIABLES employed employed employed employed employed employed employed

Pubonly 0.046+ 0.037 0.038 0.037 0.031 0.056 0.071

(0.031) (0.031) (0.039) (0.038) (0.041) (0.059) (0.108)

NHblack×Pubonly -0.123* -0.116+ -0.126* -0.116* -0.071 -0.091 -0.151

(0.069) (0.069) (0.066) (0.059) (0.051) (0.076) (0.175)

Hispanic×Pubonly -0.066* -0.063** -0.076** -0.079** -0.086** -0.088* -0.198*

(0.033) (0.031) (0.032) (0.033) (0.038) (0.051) (0.111)

All -0.046 -0.020 0.008 0.010 -0.000 0.079 -0.015

(0.043) (0.046) (0.047) (0.050) (0.054) (0.086) (0.227)

NHblack×All 0.098 0.083 0.037 0.047 0.043 -0.141 0.145

(0.125) (0.121) (0.120) (0.117) (0.097) (0.129) (0.293)

Hispanic×All 0.122* 0.102 0.086 0.067 0.062 0.011 0.116

(0.073) (0.074) (0.075) (0.075) (0.079) (0.154) (0.271)

Observations 18,020 18,020 14,427 13,551 8,343 7,973 2,041

R-squared 0.082 0.109 0.128 0.128 0.134 0.181 0.351

Demographics × × × × × × ×

MSA FEs × × × × × × ×

Month FEs ×

Month-region FEs × × × × × ×

MSA Linear Time Trends × × × × × × ×

MSA only ×

Identified MSA only ×

Treated MSA only ×

Identified Counties ×

Identified Cities ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 7: Treatment Effects on Probability of Entering into Labor Force for Females Who are Initially Not In the Labor Force (25-49 with no college

degree)

(1) (2) (3) (4) (5) (6) (7)

VARIABLES employed employed employed employed employed employed employed

Pubonly 0.049* 0.041+ 0.044 0.045 0.043 0.074 0.005

(0.029) (0.027) (0.036) (0.036) (0.037) (0.051) (0.136)

NHblack×Pubonly -0.065 -0.069 -0.080 -0.073 -0.024 -0.038 -0.275+

(0.079) (0.081) (0.084) (0.085) (0.084) (0.124) (0.184)

Hispanic×Pubonly -0.090*** -0.082*** -0.094*** -0.099*** -0.116*** -0.135*** -0.172+

(0.029) (0.026) (0.030) (0.031) (0.037) (0.043) (0.102)

All -0.031 0.006 0.032 0.033 0.032 0.086 -0.234

(0.050) (0.052) (0.054) (0.057) (0.063) (0.076) (0.284)

NHblack×All 0.008 -0.018 -0.068 -0.061 -0.063 -0.261* -0.148

(0.132) (0.126) (0.130) (0.128) (0.118) (0.135) (0.393)

Hispanic×All 0.048 0.028 0.011 -0.010 -0.030 -0.044 0.197

(0.069) (0.075) (0.074) (0.077) (0.081) (0.154) (0.341)

Observations 18,020 18,020 14,427 13,551 8,343 7,973 2,041

R-squared 0.093 0.116 0.137 0.137 0.150 0.187 0.374

Demographics × × × × × × ×

MSA FEs × × × × × × ×

Month FEs ×

Month-region FEs × × × × × ×

MSA Linear Time Trends × × × × × × ×

MSA only ×

Identified MSA only ×

Treated MSA only ×

Identified Counties ×

Identified Cities ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 8: Summary Statistics
Panel A. Time use Mean (Work time) Mean (Leisure time) Mean (Housework time)

Male Female p (Difference) Male Female p (Difference) Male Female p (Difference)

A. Mean Value

312.72 259.11 0.00 392.13 353.11 0.00 140.26 196.10 0.00

B. By Job Characteristics

Self-employed workers 324.90 242.04 0.00 383.96 342.55 0.00 139.54 229.61 0.00

Non-self-employed workers 311.05 260.58 0.00 393.25 354.03 0.00 140.36 193.20 0.00

Outdoor workers 307.88 252.85 0.00 397.69 357.83 0.00 138.31 199.51 0.00

Indoor workers 314.67 259.37 0.00 389.20 352.95 0.00 142.00 195.87 0.00

C. By Family Characteristics

Marital status

Married 317.90 246.72 0.00 378.24 343.67 0.00 161.88 233.99 0.00

Unmarried but Cohabitants 315.26 268.69 0.00 404.10 363.20 0.00 134.37 184.58 0.00

Single and Others 304.11 271.12 0.00 413.11 362.04 0.00 106.17 157.82 0.00

Parenthood status

Having children<6 307.87 243.38 0.00 359.63 311.25 0.00 188.17 268.90 0.00

No children<6 314.54 264.41 0.00 404.29 367.22 0.00 122.34 171.57 0.00

D. By Individual Characteristics

Educational attainment

High school and below 304.59 250.12 0.00 398.90 355.80 0.00 123.36 186.00 0.00

Some college 320.30 260.10 0.00 390.09 352.60 0.00 138.78 191.75 0.00

College graduate and above 314.11 264.17 0.00 388.32 351.76 0.00 153.86 205.61 0.00

Race

Non-Hispanic White 310.98 252.83 0.00 392.90 361.05 0.00 151.32 206.21 0.00

All others 316.10 270.13 0.00 390.62 339.19 0.00 118.87 178.34 0.00

Age

Young (15-30) 292.28 252.33 0.00 405.19 358.08 0.00 99.79 151.75 0.00

Prime age (31-50) 319.40 256.89 0.00 380.43 340.12 0.00 155.94 222.48 0.00

Old (51-65) 315.67 270.19 0.00 407.23 374.51 0.00 137.20 178.62 0.00

Family income

Family income >= $75,000/yr 304.54 260.89 0.00 396.24 340.95 0.00 113.04 180.39 0.00

Family income < $75,000/yr 315.49 263.88 0.00 389.53 352.70 0.00 144.35 194.63 0.00

Panel B. Weather Mean Std.Dev. [Min, Max]

Max temperature (degrees Fahrenheit) 67.33 19.16 [-5.89, 113.24]

Min temperature (degrees Fahrenheit) 47.15 17.58 [-35.10, 88.99]

Precipitation (mm) 2.78 7.87 [0, 451.10]

Snow fall (mm) 1.96 14.35 [0, 493.67]

Snow depth (mm) 27.25 133.48 [0, 2464.00]

Daylight (h) 12.12 1.84 [6.58, 19.28]
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Table 9: The Effects of Consecutive Days of Higher than 100◦F and Other Days of Higher than 100◦F 

(only keep higher than 100 degree days)

(1) (2) (3)

VARIABLES worktime leisuretime hwprodtime

(>100) 162.1518 149.9443 199.9077

(948.1525) (554.8328) (366.5281)

Female×(>100) -84.2618+ 20.2253 13.8178

(51.7341) (50.8577) (28.3825)

1(previous3daysabove100degree)×(>100) -17.9282 28.8097 -3.9025

(47.3629) (35.7613) (30.2797)

Female×1(previous3daysabove100degree)×(>100) 57.9058+ -92.4481** 22.0388

(36.7044) (35.2178) (50.1662)

Observations 752 752 752

R-squared 0.8462 0.9260 0.8207

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 10: The Inter-day Response of Work Time to Temperature

Gender Difference Males

VARIABLES: Work Time (1) (2) (3) (4)

(≤20] -11.7427 -11.7470 -33.4438* -33.3401*

(22.6956) (22.6925) (18.3460) (18.3662)

(20,30] -21.3249** -21.3352** -23.7508** -23.6518**

(9.6886) (9.6849) (9.0041) (9.0148)

(30,40] -34.1776*** -34.1751*** -14.1875* -14.0975*

(7.4050) (7.4055) (8.1845) (8.1917)

(40,50] -27.4413*** -27.4265*** -9.9141+ -9.8450+

(4.4891) (4.4856) (6.3652) (6.3678)

(50,60] -23.5991*** -23.5994*** -9.5440+ -9.4841+

(4.6154) (4.6203) (6.2037) (6.2162)

(60,70] -28.4312*** -28.4217*** -4.9042 -4.8717

(4.7675) (4.7600) (4.1830) (4.1796)

(70,80] -37.3524*** -37.3264***

(4.1945) (4.1845)

(80,90] -34.8519*** -34.8671*** -2.3285 -2.4034

(3.3973) (3.4012) (3.6473) (3.6343)

(90,100] -23.0496*** -25.5890*** -13.8058** -12.2467**

(6.6304) (6.3100) (5.4738) (5.4346)

(>100) -56.2049*** -109.4417*** -9.3235 37.6053***

(10.1268) (25.8640) (8.7163) (13.5614)

Lag1 (>100) 13.4462 -33.9447**

(23.6848) (13.4820)

Lead1(>100) 59.0098*** -35.6860**

(16.5262) (13.1509)

Observations 70,038 70,038 70,038 70,038

R-squared 0.4179 0.4180 0.4179 0.4180

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 11: The Effects of Temperature on Gender Differences in Work Time

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

VARIABLES worktime worktime worktime worktime worktime worktime

(≤20] -15.6191 -15.5870 -14.5933 -10.1193 -14.7428 -14.6485

(21.7084) (21.7220) (22.5669) (23.0406) (22.1046) (22.3274)

(20,30] -19.0223** -18.9411** -20.3532** -20.3895** -20.2103** -20.3925**

(8.8216) (8.8124) (9.2745) (9.6589) (9.1751) (9.1094)

(30,40] -36.8533*** -36.8202*** -34.0243*** -34.3530*** -33.5985*** -33.3149***

(6.8367) (6.8432) (7.3919) (7.6394) (7.2629) (7.2703)

(40,50] -26.8873*** -26.8961*** -27.1348*** -27.3608*** -27.1541*** -27.1404***

(5.2420) (5.2496) (4.5189) (4.8299) (4.4964) (4.4946)

(50,60] -23.8546*** -23.8530*** -23.5895*** -24.4917*** -23.5531*** -23.5239***

(4.6065) (4.6139) (4.6658) (4.9491) (4.5863) (4.6042)

(60,70] -27.9241*** -27.9286*** -28.2059*** -27.1242*** -27.8460*** -27.6789***

(4.5172) (4.5124) (4.7398) (5.2579) (4.7447) (4.7129)

(70,80] -37.4320*** -37.4218*** -37.4323*** -37.5334*** -37.2243*** -37.1043***

(4.1178) (4.1234) (4.2377) (4.0874) (4.2684) (4.2672)

(80,90] -35.8033*** -35.8014*** -34.7975*** -34.0259*** -34.6611*** -34.6398***

(3.3779) (3.3730) (3.3411) (3.6388) (3.3847) (3.3738)

(90,100] -23.6681*** -23.6855*** -22.6607*** -22.6983*** -22.6389*** -22.9400***

(6.7194) (6.7173) (6.5905) (6.4850) (6.5918) (6.5524)

(>100) -58.1825*** -58.2745*** -54.1607*** -62.8171*** -53.2047*** -53.2264***

(8.6850) (8.6857) (10.2229) (10.2641) (10.6254) (10.6276)

Observations 70,389 70,389 70,389 64,214 70,389 70,389

R-squared 0.4033 0.4033 0.4179 0.4195 0.4191 0.4195

Year FE × × × × × ×

Month FE × × × × × ×

County FE × × × × × ×

State-Season FE × × × × × ×

Daylight × × × × ×

Industry-Month FE × × × ×

Occupation-Month FE × × × ×

Snowfall and

Snow Depth
×

Year-Month FE × ×

State Linear Trend ×

Robust standard errors in parentheses.

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 12: Sample When Regressing on Previous Year’s Housing Price

Laws Related Contents

Law of the People’s Republic of China

on Maternal and Infant Health Care (1994)

Use of techniques to identify foetal sex for non-medical

purposes is strictly prohibited.

Stipulations on Family Planning

Technical Services (2001)

No organization or individual shall conduct foetal sex

identification or sex-selective pregnancy termination

for non-medical purposes.

Population and Family Planning Law

of the People’s Republic of China (2002)

Use of ultra B or other techniques to identify foetal sex

for non-medical purposes is strictly prohibited.

Sex-selective pregnancy termination for non-medical

purposes is strictly prohibited.

Stipulation on Forbidding Non-medical

Aimed Foetus Sex Determination and

Sex-selective Abortion (2003)

Foetal sex identification and sex-selective pregnancy

termination for non-medical purposes are strictly

prohibited. Without the approval of authorities of

health and family planning, no organization or

individual shall conduct an operation for foetal sex

identification or sex-selective pregnancy termination.

Decision of the Central Committee of the

Communist Party of China and the State

Council on Fully Enhancing Population

and Family Planning Programme and

Comprehensively Addressing Population

Issues (2006)

Foetal sex identification and sex-selective pregnancy

termination for non-medical purposes is strictly

prohibited.
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Table 13: Sample When Regressing on Previous Year’s Housing Price

Variables Observations Mean Std Min Max

sex ratio (all) 721 119.09 18.79 66.04 325.00

sex ratio (first) 721 112.21 18.39 33.33 275.00

sex ratio (second) 721 131.69 43.05 33.33 700.00

plag1 476 3491.50 2427.47 898.00 24040.27

p0 671 3246.52 2631.28 125.00 33661.36

p2004 27 3005.04 1426.76 1534.00 6385.00

p2005 217 1771.20 1064.21 125.00 6996.28

p2009 298 2880.39 1827.60 898.00 14389.00

p2010 300 3449.07 2362.12 857.14 18953.6

p2014 150 4803.67 3038.45 2170.00 24040.27

p2015 153 4947.36 3439.27 1884.68 33661.36

urbanization 719 41.79 18.21 9.71 100.00

age60 719 13.30 3.14 2.31 28.26

female work 719 70.69 11.91 31.34 95.11

migrant 719 9.47 11.08 .27 86.28

ownrate 719 63.11 36.73 .57 98.22

social support 719 27.42 15.95 2.73 86.21

eduy female 719 9.78 1.51 2.11 14.05

eduy male 719 10.16 1.24 2.48 14.07

marriage 719 66.03 9.68 42.45 87.51

Ratio of Male 719 49.14 2.57 36.41 60.56

GDP per capita 719 16275.10 12073.62 2126.00 80658.35
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Table 14: The Effects of Previous Year’s Housing Price on Sex Ratio of Newborn (Adjusted by CPI)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

All New-born’s Sex Ratio

Panel.A

all all all city& town city& town city& town village village village

plag1 -0.596 -0.775 -0.857 0.066 -0.955 -1.026 -0.818 -1.437 -1.027

(1.063) (1.051) (1.117) (2.020) (2.124) (2.097) (2.488) (2.294) (2.072)

Observations 475 475 475 428 428 428 437 437 437

R-squared 0.695 0.709 0.709 0.609 0.641 0.641 0.704 0.725 0.729

First Babies’ Sex Ratio

Panel.B

all all all city& town city& town city& town village village village

plag1 -1.930* -2.614*** -2.488** -0.484 -1.957+ -2.013 -4.237 -7.170 -6.733

(1.008) (0.997) (1.049) (1.211) (1.351) (1.396) (3.651) (5.457) (5.507)

Observations 475 475 475 428 428 428 437 437 437

R-squared 0.681 0.694 0.694 0.624 0.645 0.646 0.525 0.568 0.569

Second Babies’ Sex Ratio

Panel.C

all all all city& town city& town city& town village village village

plag1 0.936 3.105 2.762 0.443 -0.095 -0.354 -1.003 2.894 1.776

(1.922) (2.273) (2.345) (4.275) (5.325) (5.525) (3.638) (4.528) (4.365)

Observations 475 475 475 423 423 423 434 434 434

R-squared 0.623 0.647 0.648 0.703 0.714 0.714 0.749 0.765 0.771

Year FE × × × × × × × × ×

City FE × × × × × × × × ×

urbanization × × × × × × × × ×

age60 × × × × × × × × ×

female work × × × × × × × × ×

migrant × × × × × ×

ownrate × × × × × ×

social support × × × × × ×

eduy female × × × × × ×

eduy male × × × × × ×

marriage × × × × × ×

sex ratio (adults) × × × × × ×

GDP per capita × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 15: The Effects of Current Housing Price on Sex Ratio of Newborn (Adjusted by CPI)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

All New-born’s Sex Ratio

Panel.A

all all all city& town city& town city& town village village village

p0 0.001 -0.324 -0.588 -0.068 -0.543 -1.255 -5.854 -7.316 -5.504

(0.606) (0.666) (0.676) (1.031) (1.293) (1.369) (4.643) (5.742) (4.887)

Observations 670 670 670 580 580 580 604 604 604

R-squared 0.639 0.646 0.647 0.469 0.487 0.492 0.484 0.494 0.507

First Babies’ Sex Ratio

Panel.B

all all all city& town city& town city& town village village village

p0 -1.267* -1.172+ -1.163+ -0.185 -0.778 -1.152 -6.467+ -7.632 -6.431

(0.678) (0.737) (0.784) (0.736) (1.073) (1.193) (4.416) (5.841) (5.509)

Observations 670 670 670 580 580 580 604 604 604

R-squared 0.510 0.519 0.519 0.486 0.495 0.497 0.483 0.503 0.505

Second Babies’ Sex Ratio

Panel.C

all all all city& town city& town city& town village village village

p0 -0.158 0.008 0.066 4.277 -1.922 -2.361 -3.402 -2.549 -2.512

(1.463) (1.825) (1.950) (3.170) (4.225) (4.212) (4.104) (5.037) (4.988)

Observations 669 669 669 557 557 557 595 595 595

R-squared 0.517 0.541 0.541 0.517 0.549 0.549 0.620 0.624 0.624

Year FE × × × × × × × × ×

City FE × × × × × × × × ×

urbanization × × × × × × × × ×

age60 × × × × × × × × ×

female work × × × × × × × × ×

migrant × × × × × ×

ownrate × × × × × ×

social support × × × × × ×

eduy female × × × × × ×

eduy male × × × × × ×

marriage × × × × × ×

sex ratio (adults) × × × × × ×

GDP per capita × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table 16: The Effects of Historical Housing Price Change on Sex Ratio of Newborn (Adjusted by CPI)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

All New-born’s Sex Ratio

all all all city& town city& town city& town village village village

pincpct_5 -0.002 0.007 0.010 -0.024 0.004 0.002 0.065 0.051 0.027

(0.036) (0.040) (0.038) (0.051) (0.056) (0.054) (0.059) (0.057) (0.055)

Observations 465 465 465 421 421 421 445 445 429

R-squared 0.702 0.714 0.715 0.613 0.642 0.642 0.719 0.734 0.741

First Babies’ Sex Ratio

all all all city& town city& town city& town village village village

pincpct_5 0.008 0.013 0.007 0.031 0.051 0.054 -0.248 -0.373 -0.406

(0.044) (0.045) (0.044) (0.046) (0.046) (0.046) (0.345) (0.422) (0.432)

Observations 465 465 465 421 421 421 429 429 429

R-squared 0.679 0.689 0.690 0.634 0.653 0.654 0.532 0.579 0.582

Second Babies’ Sex Ratio

all all all city& town city& town city& town village village village

pincpct_5 -0.054 -0.010 0.005 -0.083 -0.072 -0.058 0.027 0.041 0.092

(0.096) (0.113) (0.106) (0.145) (0.148) (0.146) (0.100) (0.108) (0.103)

Observations 465 465 465 416 416 416 426 426 426

R-squared 0.623 0.645 0.646 0.706 0.717 0.718 0.754 0.768 0.778

Year FE × × × × × × × × ×

City FE × × × × × × × × ×

urbanization × × × × × × × × ×

age60 × × × × × × × × ×

female work × × × × × × × × ×

migrant × × × × × ×

ownrate × × × × × ×

social support × × × × × ×

eduy female × × × × × ×

eduy male × × × × × ×

marriage × × × × × ×

sex ratio (adults) × × × × × ×

GDP per capita × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15

111



Appendix of Chapter 1

A. Assign by Fractional Treatment vs. Assign by MSA

Considering the drawback of assigning treatment status by MSA, I assign the treatment status

by calculating the probability of being treated. To see how these two methods differ, I also run

regressions when assigning by MSA – seeing a MSA to be treated as long as one city or county

in the MSA has active ban-the-box. The comparison between these two methods is presented in

Table A1. While assigning by fractional treatment find that ban-the-box decrease the employment

probability of those who are initially unemployed, assigning by MSA finds no statistically effects

on unemployed females. Both methods find no effects on those who are not in the labor force

initially. Comparing column (5) and column (6), the negative effects on Hispanic females becomes

less negative when assigning by MSA. Considering that assigning by MSA categories some non-BTB

areas to treated areas, this difference makes sense–the negative effects are mitigated after assigning

some non-BTB areas to treated group. Overall speaking, assigning by fractional treatment do

produce different estimations, indicating the necessity of more accurate assignment.

B. Results comparing to previous literature

Although not used as main analysis, Doleac and Hansen (2020) exploit the panel feature as

supplemental analysis. I present both the main analysis of this paper and results when detecting

how ban-the-box affect employment probability of males who are initially unemployed in Table

A2. Doleac and Hansen (2020) only considers public bans here. They find no significant effects on

those who are initially unemployed. I find that ban-the-box decrease the employment probability

of females who are initially not employed. However, this comparison cannot be interpreted as

the different effects between females and males since the specification still vary a lot. First, the

definition of being unemployed is different: Doleac and Hansen (2020) define a person to be

unemployed as long as the person is not employed. That is, “Has job-at work" and “has job- not

at work" are defined to be employed, “Not in labor force" and “Unemployed" are defined to be

unemployed. Second, Doleac and Hansen (2020) use the employment status in the 4th month to

determine the sample: those who are unemployed during the 4th interview is in the sample, this

paper uses the employment status during the 1st interview to determine the sample: those who

are unemployed during the 1st interview is in the sample. Third, I run a regression that contains
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non-Hispanic white females, non-Hispanic black females and Hispanic females that have no college

degree and between 25 to 49 years old to compare the difference between these groups. But Doleac

and Hansen (2020) run separate regressions for non-Hispanic white males, non-Hispanic black

males and Hispanic males to estimate the effects of ban-the-box. Forth, I detect both the effects

of public bans and overall bans while Doleac and Hansen (2020) defines a place to have active

ban-the-box as long as the place has public ban-the-box. Fifth, the specification differs a little.

while both control for individual demographics, MSA fixed effects and MSA specific linear trends.

Doleac and Hansen (2020) add individual fixed effects, this paper use month-by-region fixed effects

rather than month fixed effects.

C. Effects of ban-the-box in Tight and Loose Labor Markets

When the labor market is tight (unemployment rate is low), not much “surplus" workers are there

for employers to choose. Then we might expect employers care less about criminal record in

strong labor market. On the contrary, in weak labor markets (Demand for labor is weak relative to

labor supply), employers can be more picky. Thus, it is reasonable to expect ban-the-box produce

different effects in weak vs. strong labor markets. While it may help ex-offenders or minorities to

find jobs in strong market, it could cause statistical discrimination against minorities in weak labor

markets. To examine how the effects of ban-the-box differ by unemployment rate, I include the

interactions of treatment fractions and national unemployment rate in the regression. National

rather than local unemployment rate is used to avoid reverse causality. Ban-the-box could be

adopted at state/county/city level, thus, local unemployment rate at that month could already

be affected by ban-the-box. National unemployment rate by month could minimize this effects.

Equation (3) is used to examine the effects of ban-the-box by unemployment rate (URt in equation

represents national unemployment rate in month t). Unemployment rate is measured in percentage

point, i.e. value of 1 represents 1% unemployment rate. So the coefficient of interaction terms

could be interpreted as how 1 percentage change in unemployment rate could change the effects

of ban-the-box. During the sample period, the lowest national unemployment rate is 3.1%, the

highest national unemployment rate is 9.2%. The average national unemployment rate is 5.3%.
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Table A3 shows the results.

Employedi,f inal =β1P ubonlyi,between + β2NHBlackiP ubonlyi,between + β3HispaniciP ubonlyi,between

+ b1P ubonlyi,betweenURt + b2NHBlackiP ubonlyi,betweenURt

+ b3HispaniciP ubonlyi,betweenURt

+ β4Alli,between + β5NHBlackiAlli,between + β6HispaniciAlli,between

+ b4Alli,betweenURt + b5NHBlackiAlli,betweenURt

+ b6HispaniciAlli,betweenURt

+αZi + δMSA +γregion×month + ζMSAf (t) + εi

(2)

Column (1) to (3) in Table A3 considers the effect of ban-the-box on unemployed men (age 25 to

49) with no collage degree. The dependent variable is the probability of being employed. The effects

on the difference between Hispanic and other groups (baseline estimate) is 96 percentage points:

Public bans decrease the probability of being employed when being unemployed for non-Hispanic

blacks relative to baseline (all groups) by 96 percentage points. Since the Because we expect the

employers to be less picky on strong labor market (labor demand is strong and unemployment rate

is low), the coefficient of the interaction term between treatment probability and unemployment

rate is expected to be negative. This is true for baseline estimate (row 2 in column (1)). But the

effects on non-Hispanic black females (0.172∗∗∗) and Hispanic females (0.271∗∗∗) are not as expected.

Higher unemployment rate interacted with ban-the-box treatment actually increase the probability

of being employed finally for unemployed non-Hispanic black females and Hispanic females. The

indication might be that employers are actually less picky toward non-Hispanic black females and

Hispanic females on weak labor market, suggesting public bans may achieve the intended goal on

weak labor market. However, overall bans produce no statistically significant effects.

Column (4) to (6) in Table A3 show the effects on the probability of being employed for those

who are not in the labor force initially. Public bans increase the probability of being employed

for non-Hispanic black females by 47.8 percentage points. No statistically significant results

were found for Hispanic females. And consistent with our expectation, higher unemployment

rate combined with public bans decrease the probability of being employed for non-Hispanic

black females (row 2 in column (5)). In place with active public bans, one percentage increase

in unemployment rate decrease the employment probability for non-Hispanic black females

by 11.5 percentage points. Overall bans were found to have no statistically significant effects
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on employment probability, but unemployment rate interacted with overall bans influence the

employment probability. When the place has active overall ban-the-box, one percentage increase in

unemployment rate cause non-Hispanic black females’ employment probability decrease by 15.5

percentage points and cause Hispanic females’ employment probability by 8.4 percentage points.

The mechanisms remain to be investigated.

Column (7) to (9) in Table A3 present effects on the probability of entering into labor force

for those who are not in the labor force initially. Public bans produce no statistically significant

results, nor do the interaction terms with unemployment rate. Overall bans produce no statistically

significant effects. But unemployment rate do affect the effects of overall bans. One percentage

increase in unemployment rate cause Hispanic females who are initially not in the labor force

more likely to enter into labor force: the possibility increased by 11.5 percentage points. And after

entering into the labor force, some of them do find jobs: the probability of finding jobs increased by

8.4 percentage points (row 4 in column (6)). They are suggestive evidence that overall ban-the-box

helps Hispanic females who are not in labor force to improve their employment outcome.
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Table A1: Treatment Effects on Probability of Being Employed for Unemployed Females (25-49 with no

college degree)

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

VARIABLES Unemployed to Employed Unemployed to Employed Nilf to ILF

frac MSA frac MSA frac MSA

Pubonly -0.380* -0.001 0.054 -0.029 0.052 0.023

(0.194) (0.241) (0.043) (0.033) (0.036) (0.028)

NHblack×Pubonly 0.120 -0.208 -0.108+ -0.113+ -0.083 -0.099

(0.214) (0.242) (0.073) (0.074) (0.095) (0.072)

Hispanic×Pubonly 0.242 -0.099 -0.051 -0.029 -0.072** -0.055**

(0.214) (0.197) (0.039) (0.033) (0.030) (0.026)

All -0.231 -0.274 -0.033 0.127+ 0.015 -0.083

(0.224) (0.299) (0.063) (0.080) (0.064) (0.057)

NHblack×All -0.015 0.007 0.065 0.003 -0.018 0.065

(0.370) (0.386) (0.163) (0.129) (0.666) (0.098)

Hispanic×All 0.187 -0.570 0.104 -0.014 -0.011 0.068

(0.285) (0.393) (0.093) (0.065) (0.112) (0.080)

Observations 2,559 1,988 15,564 13,101 16,539 14,334

R-squared 0.351 0.403 0.109 0.131 0.119 0.120

Demographics × × × × × ×

MSA FEs × × × × × ×

Month-region FEs × × × × × ×

MSA Linear Time Trends × × × × × ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table A2: Treatment Effects on 25-49 Males with No College Degree–Comparison between this Paper and

Doleac and Hansen (2020)

This paper:

Baseline Non-Hispanic Black Hispanic

Pubonly between interviews -0.380* 0.120 0.242

(0.194) (0.214) (0.214)

All between interviews -0.231 -0.015 0.187

(0.224) (0.370) (0.285)

Observations 2,559

R-squared 0.351

Doleac and Hansen (2020)

White Black Hispanic

BTB -0.006 -0.108 -0.071

(0.040) (0.065) (0.111)

Observations 16,909 4,293 3,193

R-squared 0.430 0.269 0.388

Standard errors are all clustered at state level. Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table A3: Treatment Effects in Tight and Loose Labor Market

Unemployed to Employed NILF to Employed NILF to ILF

Non-Hispanic Non-Hispanic Non-Hispanic

Baseline Blacks Hispanics Baseline Blacks Hispanics Baseline Blacks Hispanics

Pubonly between interviews 0.910 -0.569 -1.61 -0.241+ 0.478** 0.070 -0.140 -0.117 0.075

(1.05) (1.27) (1.12) (0.148) (0.210) (0.207) (0.138) (0.317) (0.182)

Pubonly × UR -0.256 0.132 0.377 0.063** -0.115* -0.024 0.042+ 0.006 -0.030

(0.223) (0.251) (0.238) (0.030) (0.043) (0.042) (0.028) (0.063) (0.038)

All between interviews 0.241 -0.374 -1.503 0.073 0.840+ -0.293 0.136 0.685 -0.535

(0.904) (2.405) (2.802) (0.206) (0.502) (0.292) (0.239) (0.540) (0.391)

All × UR -0.092 0.062 0.229 -0.021 -0.155** 0.084* -0.026 -0.132+ 0.115*

(0.186) (0.402) (0.327) (0.040) (0.075) (0.046) (0.039) (0.088) (0.063)

Observations 2,399 15,557 15,847

R-squared 0.315 0.110 0.114

Controls:

Demographics × × ×

MSA FEs × × ×

Month-region FEs × × ×

MSA specific trends × × ×

Standard errors are clustered at state level.

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15

40
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Appendix of Chapter 2

A Main Results

While Figure 3 shows how females adjust their time responding to temperature, Figure 2 show how males 

allocates time on days with different temperature. While work time and time spent on housework change 

little as temperature changes, leisure time shows a U-shaped pattern, indicating that men spend more 

time on leisure when temperature exceeds 80◦F or drops below 80◦F which is not so comfortable.

B Mechanism

Figure A5 shows how outdoor male workers allocate their time differently compared with indoor male 

workers. Outdoor male workers do decrease work time more than their indoor counterparts when 

temperature is not so comfortable. Although estimations for outdoor workers are not statistically 

significant, we can still interpret them considering small sample size of outdoor workers. Indoor male 

workers’ work time change little on days with different temperatures, which is reasonable considering 

they work indoors.

C Hot Duration

To see how hot duration affect time allocation exactly, we define a dummy (Lag1-Lag3 (>100)) to represent 

a hot duration. The value of this dummy will be 1 if the maximum temperature of the previous three 

days all exceeds 100◦F, and 0 otherwise. We add this dummy to our baseline specification (include all 

temperature bins for the current day), the results are shown in Table A4 and A5. Comparing coefficients 

before and after adding hot duration dummy, we find that part of the gender difference is attributable 

to hot duration rather than the temporary change in one day’s temperature. Comparing coefficients 

of temperature bin higher than 100◦F in column 1 and 2 of Table A4, we find that females actually 

further decrease work time on abrupt hot days but gradually increase work time if every day is becoming 

hot. The change in coefficient of temperature bin higher than 100◦F for leisure time shows that females 

decrease time spent on leisure more when experiencing several extreme hot days in consequence. Based 

on coefficient of hot duration in column 2 of Table A5, consecutive days of extreme high temperature 

makes men increase their work time. And Males tend to increase time spent on leisure when experiencing 

consecutive hot days (column 4 in Table A5). The observed increase in leisure time of males are not
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response to only current day’s extreme high temperature but a response to several consecutive hot days.

Adding coefficients of hot duration in column 1 of Table A4 and column 1 of Table A5, we find that hot

duration only cause women to decrease their work time by about 6 minutes, suggesting that women are

less sensitive to consequent hot days than men. Results in table ?? support the behavior pattern observed

by comparing baseline results (Figure 3) and the results when dropping hot duration (Figure ??).

D Adaption-by region

Figure A6 shows how men in different regions (different in temperature distribution) allocate their time

as a response to temperature. We find that males living on cold areas (the number of days with maximum

temperature higher than 100◦F are below Bottom 25 percentile) do have stronger response to extreme

hot days. They decrease their work time by more than 100 minutes when maximum temperature exceeds

100◦F. But males living in other areas do not change their work time on extreme hot days. And males

living in hot regions () dramatically increase their work time when maximum temperature is below 20◦F

while males living in other regions are not responsive to extreme low temperature. The observed pattern

do show people’s adaptability by showing that people living in hot regions are not responsive to extreme

high temperature while people living in cold regions are not responsive to extreme low temperature.

We also run regression when using alternative measurement of climate regions defined by Karl and

Koss (1984), which classify the whole US to nine climate regions. The results are reported in Appendix

A7. Still pretty different patterns are shown, indicating the adaption behavior of people. Generally

speaking, people live in hot regions will be less insensitive to hot weather, which producing a smaller (in

magnitude) gender difference on extreme hot days. And people in cold regions are more sensitive to high

temperature, producing larger gender differences on hot days. The similar pattern is true for cold days

also.

E Robustness Check

Because self-employed workers enjoy much flexibility on time allocation, we drop self-employed males

from the sample as a robustness check. Comparing Figure 2 and Figure ??, we confirm that our results are

robust even if excluding self-employed males. So the observed behavior pattern is not form self-employed

workers.

To ease concerns that change in work time is actually change in commuting time, we compare results
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including commuting time and excluding commuting time. Figure A9 confirms that change in work time

is not caused by change in commuting time.

Last, because not all respondents in the sample can be identified at county level, we assume re-

spondents whose county residence cannot be identified live in the most populous county in a MSA

(metropolitan statistical area). This method are far from accurate. To exclude bias caused by rough

matching, we run regression only for respondents whose residence can be identified at county level.

Comparing Figure 2 and Figure A10, we can make sure that our matching method have little influence

on the estimation. So there is no need to worry that rough matching causes bias.
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Table A1: Categories of Activities.

Category Activity ATUS Code

Work

Working 050100

Work-related activities 0502XX

Travel related to work 1805XX

Leisure

Eating and drinking 11XXXX

Socializing, relaxing, and leisure 12XXXX

Sports, exercise, and recreation 13XXXX

Shopping, except groceries, food and gas 070104

Telephone calls to/from family members 160101

Telephone calls to/from friends, neighbors, or acquaintances 160102

Travel related to shopping (except grocery shopping) 180782

Travel related to eating and drinking 1811XX

Travel related to socializing, relaxing, and leisure 1812XX

Travel related to sports, exercise, and recreation 1813XX

Housework

Household activities 02XXXX

Caring for and helping household members 03XXXX

Caring for and helping nonhousehold members 04XXXX

Household services 09XXXX

Grocery shopping 070101

Telephone calls to/from education services providers 160103

Telephone calls to/from household services providers 160106

Telephone calls to/from paid child or adult care providers 160107

Travel related to grocery shopping 180701

Travel related to household activities 180280

Travel related to caring for and helping household members 1803XX

Travel related to caring for and helping nonhousehold members 1804XX

Travel related to using household services 1809XX
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Table A2: Sample Distribution.

Mean (include work time 0) Mean (drop work time 0)

Male Female p (Difference) Male Female p (Difference)

A. By Job Characteristics

Self-employed workers 0.12 0.08 0.00 0.14 0.09 0.00

Outdoor workers 0.19 0.04 0.00 0.18 0.04 0.00

B. By Family Characteristics

Marital status

Married 0.59 0.49 0.00 0.60 0.48 0.00

Unmarried but Cohabitants 0.04 0.04 0.80 0.04 0.04 0.94

Single and Others 0.37 0.47 0.00 0.36 0.48 0.00

Parenthood status

If there are children<18 0.45 0.47 0.00 0.46 0.47 0.05

Number of own children<18 0.85 0.83 0.01 0.87 0.82 0.00

C. By Individual Characteristics

Educational attainment

High school and below 0.32 0.27 0.00 0.30 0.26 0.00

Some college 0.26 0.30 0.00 0.26 0.29 0.00

College graduate and above 0.42 0.43 0.16 0.44 0.45 0.01

Race

Non-Hispanic White 0.66 0.64 0.00 0.67 0.64 0.00

All others 0.34 0.36 0.00 0.33 0.36 0.00

Age

Young (15-30) 0.19 0.20 0.00 0.18 0.20 0.00

Prime age (31-50) 0.55 0.53 0.00 0.56 0.53 0.00

Old (51-65) 0.25 0.26 0.00 0.26 0.27 0.01

Family income bins 6.59 6.21 0.00 6.63 6.27 0.00
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Table A3: Effects of Maximum Temperature on the Work Time of Males

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

VARIABLES worktime worktime worktime worktime worktime worktime

(≤20] -31.9592* -32.8134* -32.3258* -38.0314* -36.8056* -37.2336*

(16.6196) (16.9717) (19.1739) (20.8441) (18.6932) (18.6568)

(20,30] -26.6138*** -27.4052*** -25.9482*** -26.2510*** -28.8462*** -28.8457***

(8.6915) (8.7799) (8.7284) (9.2758) (8.9801) (8.9181)

(30,40] -13.1065* -13.8179* -15.0285* -16.6205* -15.9583* -16.1958*

(7.1715) (7.4576) (8.0281) (8.8078) (8.3108) (8.3367)

(40,50] -10.7697+ -11.3518* -10.7196* -12.5784* -9.7798+ -9.6701+

(6.6980) (6.5620) (6.3214) (7.1020) (6.1577) (6.1271)

(50,60] -9.7029+ -10.0277+ -10.1946+ -10.6060+ -9.3614+ -9.3911+

(6.2317) (6.2458) (6.2096) (6.6209) (6.0648) (6.0515)

(60,70] -5.2959 -5.4009 -4.7633 -5.8999 -4.5150 -4.6993

(4.1809) (4.2145) (4.1336) (4.6264) (4.1520) (4.1070)

(70,80] - - - - - -

(-) (-) (-) (-) (-) (-)

(80,90] -2.4451 -2.3901 -2.4017 -0.7661 -2.6657 -2.5642

(3.8336) (3.8398) (3.6645) (4.3485) (3.6160) (3.6125)

(90,100] -14.6624** -14.6016** -14.0514** -13.5349** -15.0062*** -14.6752**

(5.7962) (5.8281) (5.5446) (5.7375) (5.5137) (5.5333)

(>100) -12.9202+ -12.6256+ -11.4750 -2.1492 -14.9199* -14.6668*

(8.3111) (8.3850) (8.0307) (9.6850) (8.3529) (8.2325)

Observations 70,389 70,389 70,389 64,214 70,389 70,389

R-squared 0.4033 0.4033 0.4179 0.4195 0.4191 0.4195

Year FE × × × × × ×

Month FE × × × × × ×

County FE × × × × × ×

State-Season FE × × × × × ×

Daylight × × × × ×

Industry-Month FE × × × ×

Occupation-Month FE × × × ×

Snowfall and

Snow Depth
×

Year-Month FE × ×

State Linear Trend ×

Robust standard errors in parentheses.

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table A4: Effects of Maximum Temperature and Hot Duration on Gender Difference in Time Allocation

Work Time Leisure Time Housework Time

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

(≤20] -11.7427 -11.7350 -43.2747*** -43.2836*** 49.3478*** 49.3448***

(22.6956) (22.6928) (10.0597) (10.0605) (14.8216) (14.8213)

(20,30] -21.3249** -21.3286** -54.7771*** -54.7746*** 53.6450*** 53.6458***

(9.6886) (9.6876) (8.4195) (8.4194) (7.0255) (7.0256)

(30,40] -34.1776*** -34.1834*** -45.9156*** -45.9140*** 50.6422*** 50.6426***

(7.4050) (7.4052) (6.6412) (6.6391) (4.9907) (4.9909)

(40,50] -27.4413*** -27.4354*** -49.8377*** -49.8443*** 49.5625*** 49.5603***

(4.4891) (4.4890) (4.8550) (4.8551) (3.4310) (3.4305)

(50,60] -23.5991*** -23.5958*** -52.4789*** -52.4843*** 49.0279*** 49.0261***

(4.6154) (4.6163) (4.7600) (4.7608) (3.6481) (3.6489)

(60,70] -28.4312*** -28.4273*** -43.5202*** -43.5275*** 51.3177*** 51.3153***

(4.7675) (4.7679) (4.2482) (4.2504) (2.7442) (2.7440)

(70,80] -37.3524*** -37.3374*** -41.4089*** -41.4239*** 49.1563*** 49.1515***

(4.1945) (4.1954) (3.2843) (3.2835) (3.2231) (3.2248)

(80,90] -34.8519*** -34.8445*** -44.0234*** -44.0333*** 53.4594*** 53.4561***

(3.3973) (3.4066) (3.6239) (3.6245) (2.9789) (2.9795)

(90,100] -23.0496*** -23.5078*** -43.1035*** -42.9277*** 46.9067*** 46.9548***

(6.6304) (6.6769) (3.5256) (3.5352) (3.3228) (3.2881)

(>100) -56.2049*** -78.4995*** -43.8373*** -33.4229* 53.1153*** 56.1126***

(10.1268) (18.2973) (9.3483) (18.0369) (6.5125) (11.8107)

Lag1-Lag3 (>100) 41.8876** -18.1714 -5.1418

(17.9302) (22.6998) (21.7642)

Observations 70,038 70,038 70,038 70,038 70,038 70,038

R-squared 0.4179 0.4179 0.2483 0.2484 0.2146 0.2146

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Table A5: Effects of Maximum Temperature and Hot Duration on Males’ Time Allocation

Work Time Leisure Time Housework Time

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

(≤20] -33.4438* -33.4332* 22.9235+ 22.9110+ -3.2785 -3.2825

(18.3460) (18.3472) (13.7034) (13.7070) (12.1657) (12.1658)

(20,30] -23.7508** -23.7393** 32.3366*** 32.3221*** -9.7333 -9.7380

(9.0041) (8.9973) (11.0164) (11.0180) (8.9923) (8.9917)

(30,40] -14.1875* -14.1695* 16.4513* 16.4331* -1.2440 -1.2499

(8.1845) (8.1769) (9.1073) (9.1059) (6.3277) (6.3259)

(40,50] -9.9141+ -9.9041+ 12.5190** 12.5063** -2.9038 -2.9079

(6.3652) (6.3604) (5.4446) (5.4407) (4.9782) (4.9778)

(50,60] -9.5440+ -9.5382+ 11.0093** 11.0016** -3.3321 -3.3346

(6.2037) (6.1984) (4.3694) (4.3666) (3.4316) (3.4303)

(60,70] -4.9042 -4.9016 0.0647 0.0611 0.7151 0.7139

(4.1830) (4.1780) (3.8260) (3.8222) (3.0685) (3.0677)

(70,80] - - - - - -

(-) (-) (-) (-) (-) (-)

(80,90] -2.3285 -2.3743 5.3191 5.3581 0.4384 0.4507

(3.6473) (3.6468) (3.6958) (3.6954) (2.6707) (2.6727)

(90,100] -13.8058** -13.6927** 11.8414** 11.8681** 3.5622 3.5749

(5.4738) (5.5291) (4.8506) (4.8258) (3.1901) (3.1836)

(>100) -9.3235 12.4297 27.2072*** 12.3460 4.9125 0.3390

(8.7163) (9.3769) (7.5588) (9.9666) (8.5672) (8.4501)

Lag1-Lag3 (>100) -47.0349*** 33.8972** 10.5079

(8.0255) (12.7131) (10.2030)

Observations 70,038 70,038 70,038 70,038 70,038 70,038

R-squared 0.4179 0.4179 0.2483 0.2484 0.2146 0.2146

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.10, + p<0.15
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Figure A1: Sample Distribution by Gender and Day of Week.
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Figure A5: Effect of Temperature on Males’ Working Time by Outdoor or Indoor.
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Figure A7: Effect of Temperature on Work Time Differences between Males and Females by Region.
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