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THREE ESSAYS ON LABOR ECONOMICS 

 

Tapas Paul 

 

Dr. Peter Mueser, Dissertation Supervisor 

 

ABSTRACT 
 

This dissertation addresses labor market issues. The first two chapters deal with 

employment issues during the great recession using nationally representative data from 

the Survey of Income and Program Participation. The first chapter looks at the added 

worker effect in the great recession, the wife’s labor market response to a husband loss of 

job. The second chapter investigates the impact of a wife’s labor market participation on 

family poverty. The third chapter examines employment opportunities in the economics 

discipline using journal publication records from IDEAS/RePEc. It looks at the effect of 

new journal entry on the distribution of publications for universities of differing academic 

rank.
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CHAPTER 1: THE ADDED WORKER EFFECT DURING THE GREAT 
RECESSION 

 
Introduction 

An individual’s decision to participate in the labor market depends on her social 

and economic conditions, including her family characteristics, and the family’s social and 

physical environment. Traditionally, wives are responsible for household activities and 

child-rearing, and husbands are primarily responsible for providing financial support. A 

married woman’s choice of whether to work in the labor market is generally considered a 

joint decision of the family and, in many cases, to be a risk-sharing activity for the family. 

A married woman is often assumed to be more likely to work or to join the labor force if 

her husband becomes unemployed, depending on her prior labor force status (Cullen & 

Gruber, 2000). 

Woytinsky (1940) may be the first author referencing the “added worker effect” in 

the labor economics literature. For him, the idea of an added worker was identical with the 

term “forced entrant.” Additional workers were the persons who entered the labor market 

because the usual breadwinner in the family was unemployed; otherwise, the person would 

not look for a job. In this study, the added workers are defined as wives who enter the labor 

force due to their husbands’ job loss. The wife’s labor market entry may be for a short or a 

long period. A household may accommodate to loss of income in several ways, and the 

wife’s labor market entry is only one of them (Lundberg, 1985).  

 Historically, women’s labor force participation was relatively low. In 1940 it began 

a strong and steady increase (Blau & Winkler, 2017). Only 28% of women were in the 

labor force in 1940 and this rose to 57.5% by 1990. Many scholars report that in World 

War II women had to join the labor force to fill the vacant positions of men who left their 
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civilian jobs (Blau & Winkler, 2017). A shift in policy focusing on work requirements 

contributed to growing work motivation among welfare recipients in the 1970s and the 

1980s. Women’s labor force participation may have responded to two major legislative 

efforts in the 1990s (Cotter et al., 2004). First, the Family and Medical Leave Act of 1993 

allowed women to move temporarily out of the labor force for qualified family reasons and 

medical leave with a guarantee their job would remain available (Department of Labor, 

n.d.). Second, the Personal Opportunity and Work Reconciliation Act of 1996 mandated a 

set of rules for the welfare system that required work in exchange of limited-time assistance 

(Department of Health & Human Services, 2015). These policy initiatives were 

accompanied by other policy changes in the 1990s with an intention of enhancing 

employment opportunities and improving earning levels of welfare recipients and other 

disadvantaged people in the United States (Moffitt, 2002). In the appendix A, I discuss 

variation over time in female labor force participation and unemployment by age and race. 

 Among welfare programs, a few of them have direct or indirect labor supply effects. 

The Supplemental Nutrition Assistance Program (SNAP) is a food support program to 

maintain nutritious food for families. Studies of the effect of food stamp on labor supply 

have found mixed results; labor supply increased or decreased (Currie, 2003; Hoynes & 

Schanzenbach, 2012). To be eligible for SNAP benefits individuals must meet some work 

requirements that include registration for work, prohibition on job quits, requirements to 

take a job if offered, and participation in a job training program if offered (USDA-FNS, 

n.d.). However, the eligibility conditions vary depending on personal characteristics and 

the economic environment. For example, during the Great Recession period, the benefits 

of SNAP were raised and the eligibility conditions were relaxed (Moffitt, 2015). 
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 Most studies have found an added worker effect, although the magnitude of the 

effect varies greatly. Studies defined the added worker effect as occurring when wives 

entered into the labor force due to their husbands’ job loss (Cullen & Gruber, 2000; 

Fernandes & Felício, 2005). In the present paper, I examine the added worker effect during 

the Great Recession. While previous studies have investigated the labor supply of women 

responding to husbands’ job loss, few of them have looked at recessionary periods; only 

Mattingly & Smith (2010) looked at the Great Recession. Mattingly & Smith (2010) looked 

only at women’s employment changes over the two periods 2004-2005 and 2008-2009, 

and their study is hampered by the failure of the CPS to follow households that change 

address.  

 Using the Survey of Income and Program Participation (SIPP) data, the current 

analysis will give us the ability to look at monthly transitions of wives’ labor market 

participation using a representative sample that follows movers. Our analysis allows us to 

provide a valuable update and extension of our knowledge of the added worker effect 

during in the largest economic downturn of the early twenty-first century.  

  

Literature Review 

A large number of studies have analyzed the effects of different factors on women’s 

labor supply choice. Women’s choice to participate in the labor market depends on various 

factors, including family characteristics, her own background, economic environment, and 

social policies. Cullen and Gruber (2000) listed at least three reasons for wives to enter the 

labor market in a situation where husbands become unemployed. First, husbands and wives 

may substitute their leisure through home production. Second, families face liquidity 

constraints when husbands are jobless and need to maintain fixed consumption 



4 
 

commitments (Lundberg, 1985 and Mincer, 1962). Third, couples are responsive to 

unemployment and reemployment in the presence of perfect capital market. Their decisions 

are contingent to the lifetime prospects of these events in the life cycle model (Dynarski & 

Sheffrin, 1987). 

Estimates of the added worker effect vary greatly in prior studies. Generally, the 

estimates of added worker effect are higher for developing economies relative to developed 

economies. In the results section of this paper I discuss the variations of added worker 

effects and compare the estimates to this study findings. Two papers that used the 

recession-prosperity comparison made similar findings that the added worker effect is 

larger during economic downturns relative to economic prosperity (Mattingly & Smith, 

2010; Parker & Skoufias, 2004). The added worker effect survives during the economic 

slowdown: during a slowdown women were more responsive during a job loss of the male 

partner but less responsive to a reduction of his earnings (Ghignoni & Verashchagina, 

2016). Two papers also found added worker effect during a high unemployment period 

(Lundberg, 1985; Spletzer, 1997). 

Families can respond to the financial hardship in various ways and one of them is 

to increased labor supply by spouses. However, the magnitude of the added worker effect 

is related to the benefit and cost of alternative responses, such as husband undertaking an 

intensive job search or borrowing money from other sources (Lundberg, 1985). In a static 

model of household labor supply, the added worker effect occurs for two reasons: (a) an 

income effect where the income of the household declines due to husband’s job loss and 

(b) a cross-substitution effect where within household activities the husband’s time 
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replaces the wife’s time (Fernandes & Felício, 2005; Karaoglan & Okten, 2015; Lundberg, 

1985). 

The presence of young children is a strong negative predictor of wives’ labor 

supply. Wives’ labor market response following husbands unemployment is much larger 

for families with young children, as the wife is much less likely to be working. The standard 

models of allocation of time also shows that wives’ labor force participation is reduced by 

the presence of young children (Cullen & Gruber, 2000; Lundberg, 1985; Mankart & 

Oikonomou, 2016; Mattingly & Smith, 2010).  

Women endowed with higher human capital due to higher schooling levels will 

achieve higher earnings, and will therefore be more likely to work. In fact, labor supply 

increases with the education level of the wife (Cullen & Gruber, 2000; Mankart & 

Oikonomou, 2016; Mattingly & Smith, 2010; Smith & Mattingly, 2014; Spletzer, 1997). 

Greater wife’s education leads to a higher likelihood of transition from inactivity to activity 

(Fernandes & Felício, 2005). Smith and Mattingly (2014) found that in three different 

recessionary periods show the same direction of differences of wives’ likelihood of 

entering the labor force due to greater education. In many cases, the husband’s education 

is also a good predictor for wife’s choice of labor market participation. Wives’ of more 

educated husbands’ have higher labor market participation due to their marriage preference 

(Cullen & Gruber, 2000).  

The coefficients for age and age squared indicate a standard inverted U predicting 

the chance of wife’s transition from inactivity to activity with wife’s age (Cullen & Gruber, 

2000). Increasing age has a negative effect on wives’ likelihood of joining the labor force 

in response to husbands’ transition from employment to unemployment (Spletzer, 1997). 
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Parker and Skoufias (2004) findings didn’t support the standard inverted U for the 

probability of wives’ transition from inactivity to activity (age coefficient is negative and 

age-squared is positive). Mankart and Oikonomou (2016) found that wives’ age has a 

negative effect on the probability of joining the labor force.  

 Mankart and Oikonomou (2016) found that the likelihood of joining the labor force 

is higher for black wives than for white wives while measuring the added worker effect. 

Cullen and Gruber (2000) also found that white wives’ likelihood of labor market 

participation is lower relative to that of black wives. Compared to white wives, non-white 

wives have 5.3% higher chance of joining the labor force when a husband loses his job 

(Spletzer, 1997). Wives in black families were more likely to seek a job during the 

recession than white wives and it was difficult for black wives to get jobs during the Great 

Recession (Mattingly & Smith, 2010).  

While previous studies investigated the labor supply of women responding to 

husbands’ job loss, few of them explicitly looked at the recessionary periods. Within the 

papers that investigated recessions, they did not pay attention to monthly transitions (from 

not in labor force to labor force) of wives. The Survey of Income and Program Participation 

data will give us the ability to look at the monthly transitions of wives’ employment. To 

our knowledge, however, both the theoretical and empirical studies have ignored the 

potentially important role of an added worker effect during the Great Recession. The added 

worker effect during the Great Recession remains largely unstudied. By examining 

monthly data, it can be helpful in addressing the transitions of couples’ during the 

recessionary period and may help us to think about policy impacts in a period of economic 

slowdown (Spletzer, 1997). 
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Data and Descriptive Statistics 

The source of data used in this study is the 2008 Survey of Income and Program 

Participation conducted by the U.S. Census Bureau.1 SIPP is a household-based survey 

designed as a continuous series of national panels which provides interviews of the civilian 

noninstitutionalized population living in the United States since its inception in 1983 (US 

Census Bureau, n.d.). The SIPP is based on a nationally representative sample followed for 

approximately four years. It provides data on basic demographic and social characteristics 

for each member of the household during the survey period. These include age, sex, race, 

ethnic origin, marital status, relationship within the household, education, and veteran 

status. SIPP collects information for assistance received either directly as money or 

indirectly as in-kind benefits.  

The structure of the data file is “person-month” and makes available all the data on 

a monthly basis. Households and their characteristics are defined on a monthly basis. The 

current analysis considers wave 1 to wave 7 of the 2008 SIPP dataset. This paper addresses 

the time period of the Great Recession, which lasts eighteen months, from December 2007 

to May 2009 (NBER, 2010). However, the negative effects of the Great Recession also 

continue after its official end date. Keeping this fact, this study considers the time period 

for SIPP from May 2008 to August 2010.  

SIPP provides information on labor force status and allows us to track individuals’ 

monthly employment status. Although the SIPP is subject to differential attrition, using 

sample weights for the estimates reduces the bias that may arise from sample attrition 

 
1 This study downloaded 2008 SIPP data from the National Bureau of Economic Research (NBER) website 
where NBER provides STATA data definition files for the convenience of researchers. The NBER website 
is http://www.nber.org/data/survey-of-income-and-program-participation-sipp-data.html. 
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(Czajka et al., 2008). Additionally, SIPP oversampled low-income people, and using 

sample weights adjusts for this issue (SIPP 2008, n.d.). Sample weights must be used to 

produce a nationally representative sample (Cameron & Trivedi, 2010). In the current 

paper, I have used the household weights and all the analysis are based on weights. The 

household weights are important as my analysis is looking at the household level and 

particularly husband and wife, and any children. 

The benefits of using the SIPP data are many. First, it has a shorter recall period 

than the Current Population Survey (CPS). Households need to remember information in 

only the prior four months, whereas in the CPS it requires to remember 12 months 

information. Second, SIPP tracks movers and the CPS does not track movers (Mattingly & 

Smith, 2010). Third, SIPP has a sample that is representative of the U.S. population, but 

with households from high poverty areas oversampled, improving the power of analyses, 

like ours, that focus on the effects of unemployment. Fourth, the SIPP survey is particularly 

focused on obtaining information regarding receipt of government welfare programs. 

I have applied some restrictions on the data for my analysis. In the first step, I 

consider a sample in which husbands and wives were both between 25 and 54 years of age. 

This allows me to remove most students and people who are retired (Cullen & Gruber, 

2000).2 In the next step, I limit my sample to married couples who are living together. They 

are known as “family household married couple.”3 To define employment, unemployment 

 
2 There is no consensus about the age of couples for the added worker effect as studies use various age 
groups for their analyses. For couples, Fernandes and Felício (2005) use ages 25 to 60, Gong (2011) uses 
ages 22 to 59, Mattingly and Smith (2010) use ages 18 to 65, Parker and Skoufias (2004) use ages 20 to 65, 
Karaoglan and Okten (2015) use ages 20 to 54, Mankart and Oikonomou (2016) use ages 25 to 55. 
3 Possible household types in the SIPP dataset are family hh-married couple, family hh-male householder, 
family hh-female householder, nonfamily hh-male householder, nonfamily hh-female householder (SIPP 
2008, n.d.). 
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and labor force status, I use the definition used by the Survey of Income and Program 

Participation.  

In the case of wives, I define two broader classes of wives, those in the labor force 

and those not in the labor force. Wives who are in the labor force consist of both employed 

and unemployed wives. There is a small sample of unemployed wives, about 5% of the 

observation. The transition from not in the labor force to the labor force is central to my 

analysis. In addition to that, during the Great Recession and afterwards, it was hard to 

obtain a job when the economy was shrinking. In contrast, I retain three categories of 

employed, unemployed, and not in the labor force for husbands. This will allow me to look 

at wives’ choices conditional on whether their husbands are employed or unemployed.  

 

Table 1. Summary Statistics  

  Husband employed  
(1) 

Husband not employed  
(2) 

Wife in labor force 0.742 0.746 

Husband's age 41.9 
(8.1) 

41.3  
(7.7) 

Husband’s unemployment insurance 
Yes … 0.269 
No … 0.730 

Wife's characteristics 
Wife's education     

Less than high school 0.078 0.141 
High school graduate 0.199  0.262 
Some college 0.341  0.346  
Bachelor degree 0.257  0.167  
Masters or higher 0.126  0.082  

Wife's age 39.5  
(7.8) 

40.0  
(8.1) 

Wives' race and ethnicity 
White alone 0.847 0.790  
Black alone 0.069  0.111  
Asian alone 0.056  0.059  
Other races or more than one 0.027 0.039  

Family variables 
Number of children under 18 
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0 child 0.308  0.372  
1 child 0.245  0.237 
2 children 0.282 0.232  
3 or more children 0.163  0.158 

Residence 
Metro 0.808 0.787  
Not Metro 0.156 0.174 
Not Identified 0.035  0.038  

Ownership of the house 
Owned or being bought 0.787  0.633 
Rented 0.199  0.346 
Occupied without payment 0.013  0.020 

No. of observations  229,825 31,073 
Notes: The numbers are based on tabulations from wave 1 to wave 7 of 2008 SIPP panel. The 
first column presents the means for the employed spells that satisfy the sample restrictions (age, 
couple, and spouse present). The second column presents the means for not employed spells for 
comparison. Standard deviations are in the parenthesis. The analysis uses household weights. 

 

Table 1 presents summary statistics for the sample that satisfies the sample 

restrictions described above for the first seven waves of the 2008 SIPP. All the subsequent 

analyses in this paper uses household weights. There are two groups of wives, wives whose 

husbands are employed, in first column, and wives whose husbands are not employed, in 

second column. Husbands not employed include unemployed husbands and husbands not 

in the labor force. On average, wives of husbands who are not employed work in 74.6% of 

the months in the SIPP data. Wives of husbands who are employed work 74.2% of the 

months. Several other characteristics are similar for wives with employed husbands and 

husbands not employed. These include husband’s age, wife’s age, wife’s race and ethnicity, 

number of children under 18, residence and ownership of the house. 

 

Empirical Strategy 

Considering the availability of longitudinal data, I work with an identification 

strategy that will give me an opportunity to infer the causal effect of a husband’s 

unemployment on his wife’s labor force participation. The empirical analysis is based on 
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logistic regression using the sample of wives who were out of the labor force for at least 

one month (Parker & Skoufias, 2004). I use the following model: 

𝑦!"
# = 𝑓(𝛼 + 𝛽$𝑢!("&$)

( + 𝛽)𝑁𝐿𝐹!("&$)
( + 𝛿!𝑿!" + 𝜀!")………… (1) 

where the dependent variable 𝑦!"
# is the wife’s likelihood of being in the labor force at t 

(month). The independent variable 𝑢!("&$)(  is a binary variable set equal to 1 if the husband 

is unemployed at (t-1) and 0 if he is not. Another binary variable 𝑁𝐿𝐹!("&$)(  equals 1 if 

husband is not in the labor force at (t-1) and 0 otherwise. Here, husband’s labor force status 

is a categorical variable for the prior month (t-1) identifying whether the husband was 

employment (E), unemployment (U), or not in the labor force (NLF) in prior month. This 

is our key predictor in the analysis. I consider the category “husband is employed at prior 

month (t-1)” as a reference or base category. By definition, for an added worker effect we 

are interested in looking at wife’s labor force choice in the current month (t) as a result of 

her husband’s unemployment in the prior month (t-1).  

Wife’s choice of labor force participation also depends on other factors 

(covariates). 𝑿!" is a vector of individual and household characteristics. In this analysis, in 

some models, I also include husband’s unemployment for the prior two months (t-1) and 

(t-2). The vector 𝑿!" includes husband’s age and his highest level of schooling completed, 

wife’s years of schooling, her age and age squared, her race and ethnicity. Family variables 

are also included in the vector 𝑿!". This includes the number of children under 18 years of 

age, and whether the house is rented or owned. To represent local economic activity, I 

include the state unemployment rate.	𝜀!" is a random component summarizing the influence 

of unobservables, and 𝛼, 𝛽, and 𝛾 are parameters to be estimated. The parameter 𝛽$ is an 
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estimate of the added worker effect, identifying the effect of the husband’s unemployment 

on the labor force participation of his wife.  

The advantage of this logit specification is that it allows us to establish a causal 

relation of exact timing of the wife’s labor supply response to her husband’s labor market 

status. Logit estimates of the odds ratio or marginal effects allow us to measure wives’ 

likelihood of being in the labor force. In this paper, most of the results are presented in 

terms of odds ratios. I also present some results in terms of marginal effects for convenience 

in the appendix. 

In the regression exercise, using equation 1, I have five different models. In the first 

model, the wife is in the labor force in the prior month (t-1). Husband’s prior labor force 

status is represented by a categorical variable. The categorical variable has three different 

categories for the prior month (t-1): employed, unemployed and not in the labor force. I 

also include other covariates mentioned above. In the second model, wife is not in the labor 

force in the prior month (t-1), with the covariates the same as first model. The second model 

is particularly important in this research as it captures the essence of the added worker 

effect. In the third model, wife’s prior labor force status is not controlled. Here, I combine 

wives who are in the labor force and not in the labor force in prior month (t-1), providing 

an overall measure of wife’s decision without controlling wife’s prior labor force status. 

The third model has more observations than the others, and so provides more precise 

estimates. In the fourth model, the structure is the same as in model one (wife is in the labor 

force in the prior month) except that I have an additional control identifying if husbands 

are unemployed in both prior months (t-1) and (t-2). This will give us a sense whether 

duration of unemployment matters or not to wife. The fifth model is based on model four 
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with the only difference being that I consider wives who were not in the labor force in prior 

month (t-1). 

This paper analyzes the monthly survey data separately by year and with all years 

together. Using separate months will allow greater power in the combined regression 

exercise. We cluster errors by the individual. 

In this study, I also considered interaction terms of wife’s employment status and 

husband’s labor force status. The regression equation with interactions is written: 

𝑦!"
# = 𝑓(𝛼 + 𝛽$𝑢!("&$)

( + 𝛽)𝑁𝐿𝐹!("&$)
( + 𝛽*𝑦!("&$)

# + 𝛽+(𝑦!("&$)
# ∗ 𝑢!("&$)

( ) + 𝛽,(𝑦!("&$)
#

∗ 𝑁𝐿𝐹!("&$)
( ) + 𝛿!𝑿!" + 𝜀!")…………(2) 

In the above logit model, the dependent variable is the probability of a wife being 

in the labor force in the current month t. Wife’s employment status in the last period is 

defined by the 𝑦!("&$)
# . Within the same household, husbands’ labor force status 

(unemployed and not in the labor force defined by 𝑢!("&$)(  and 𝑁𝐿𝐹!("&$)( , respectively, for 

the prior month (t-1)) is also considered. As defined in the earlier equations X is a vector 

of individual and household characteristics.  

In the regression model of equation 2, we have main effects and interaction effect. 

We are considering the estimates in terms of odds ratios. The intercept term 𝛼 tells us that 

the odds of a wife being in the labor force in the current month for a husband who was 

employed in the prior month (t-1) when the wife was not in the labor force in the prior 

month (t-1). The intercept term captures excluded categories. The estimate of 𝑒𝑥𝑝(𝛽$ +

𝛽+) defines the odds of a wife’s entry into the labor force in the current month when the 

wife was in the labor force in the last month (t-1) and the husband was unemployed in the 

last month (t-1). The estimate of 𝑒𝑥𝑝(𝛽) + 𝛽,) shows the effect of the odds of a wife’s 
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entry into the labor force in the current month when the wife was not in the labor force in 

the last month and the husband was not in the labor force in last month. 

This paper also include a logistic regression that includes household fixed effects. 

The benefit of using a fixed effect model is to control for time-invariant unobservable 

factors that may bias the analysis. In our context, the household fixed effects capture all 

unobservable, time-constant factors that affect wife’s labor force status. For example, some 

wives may be highly motivated to get a job compared to other wives.  

𝑦!"
# = 𝑓(𝛼 + 𝛽$𝑢!("&$)

( + 𝛽)𝑁𝐿𝐹!("&$)
( + 𝑎! + 𝛿!𝑿!" + 𝜀!")…………(3) 

Here 𝑎! captures unobserved heterogeneity between households. The household fixed 

effects represents all factors affecting wife’s labor force status that do not change over time. 

The vector X include husband’s prior labor force status, wife’s age, age squared, and state 

unemployment. Other variables, like race or ownership status of house, are dropped as they 

display no or very little variation over time.  

 

Results 

The Added Worker Effect 

The added worker effect is addressed by looking at wife’s labor supply response to 

her husband’s unemployment. In the first step of my analysis, I construct monthly logistic 

analysis to address the added worker effect and wives’ labor supply. The odds ratios are 

predicting wives’ likelihood of labor force participation at time t as a function of husbands’ 

labor force status in the prior month (t-1). Essentially an odds ratio indicates that the 

predictor changes the probability that the dependent variable is equal to 1 by a factor of on 

odds ratio. An estimate of 1 indicates no effect. The analysis looks at wives’ prior labor 

force status for the last month, estimating the model on three samples: 1) wives who were 
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in the labor force at (t-1), 2) wives who were not in the labor force at (t-1), and 3) wives in 

either prior labor force status, but controlling for the direct effect of that status. For 

example, the analysis predicts wives’ likelihood of labor force participation in August 2008 

as a function of husbands’ labor force status in July 2008. The estimated odds ratios are in 

figure 1 (wife in the labor force in prior month) and figure 2 (wife not in the labor force in 

prior month) with the 95% confidence interval. Details of the results are presented at 

appendix B, tables A1 to A5.  

 

Figure 1. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status (unemployment) in prior month, (t-1): 2008-2010 
(wife in the labor force at (t-1)). 

 
Notes: Black solid line presents odds ratios indicating the change in wives’ odds of labor force participation 
in response to husbands’ unemployment. The dotted lines encompass the 95% confidence interval. Monthly 
estimates based on equation (1). Detailed regression results are in tables A1 to A5 of appendix B. 

 

In the monthly analysis I have results for twenty-five months based on surveys from 

August 2008 to August 2010. We have data starting from May 2008, but since we use data 

from prior months, the first month in which wife’s labor force status is predicted is shifted 

forward. In those analyses using information only from one prior month, the first month 
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for wife’s labor force is June 2008; where three prior months are used, the first month is 

August 2008. 

Figure 1 shows monthly odds ratios for wives likelihood of labor force participation 

in the current month (t) as function of whether their husbands were unemployed, out of the 

labor force, or employment in the prior month (t-1). Wives were in the labor force in the 

prior month (t-1). The graph shows the how wives’ entry into the labor force responds to 

their husbands’ unemployment. If the ratio is over 1, wives’ likelihood increases; if the 

ratio is under 1, wives’ likelihood decreases. 

 

Figure 2. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status (unemployment) in prior month, (t-1): 2008-2010 
(wife not in the labor force at (t-1)). 

 
Notes: Black solid line presents odds ratios indicating wives’ likelihood of labor force participation in 
response to husbands’ unemployment. The grey dotted lines encompass the 95% confidence interval. 
Monthly estimates based on equation (1). Detailed regression results are in tables A1 to A5 of appendix B. 

 

According to figure 2, for wives who were not in the labor force in the prior month 

(t-1), their likelihood of being in the labor force increases in the current month (t) if their 

husbands were unemployed. We find that the effect is statistically significant in four of the 
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months. Husbands’ job loss may be a key deciding factor for wives in deciding whether to 

join the labor force. However, we are not sure whether those wives obtained a job or not. 

They have a transition into the labor force from not in the labor force. Another possible 

scenario could be some wives may be fresh entrants, having joined the labor force for the 

first time, and some were in the labor force earlier. Those wives who were in the labor 

force before may have worked earlier and in response to husbands’ smooth income flow 

they quit the job and moved out of the labor force. 

Figure 1 and 2 allow comparison by the wife’s labor force status in the prior month 

(t-1). Figure 1 analyzes survey data where wives were in the labor force in the prior month 

(t-1), whereas figure 2 considers the case where wives were not in the labor force in the 

prior month (t-1). The size of estimates in figure 2 are generally greater than figure 1. This 

could be interpreted as indicating that wives are responding more when they were not in 

the labor force in the prior month. Change in husbands’ job status may lead wives to join 

the labor force or at least search for a job. For example, in figure 2 (table A3 of appendix 

B), the odds ratios for April 2009 is 3.3 and this is statistically significant at p<0.05. It 

mean that among wives not in the labor force in the prior month (t-1), the odds of being in 

the labor force in current month when the husband is unemployed are 3.3 times as great as 

those when the husband is employed.  

In these monthly results, the estimates are not very precise given that I have a small 

number of observations for each month. Number of observations will be increased if I work 

with annual data, combining months of the year. As a result, in the next step we move to 

the analysis based on annual data. 
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The annual analysis is based on equation 1, and I present results in table 2 for three 

different years, 2008, 2009 and 2010. In this analysis, data for all months are combined for 

each year. In 2008, we have eight months of data from May 2008 to December 2008. In 

2009, we have twelve months of data, and in 2010 we have eight months of data from 

January 2010 to August 2010. I present results for all three years separately. Detailed 

results are in the tables A6, A7, and A8 of appendix B. These analyses increase the 

precision of the estimates, reflected in smaller standard errors relative to the monthly 

analysis. In the combined analysis, we find a statistically significant added worker effect 

for 2009 but not 2008. In 2009, wives’ chances of being in the labor force respond more 

strongly to their husbands unemployment in month (t-1). Perhaps the fact that wives have 

observed the economy since the beginning of the Great Recession causes them to respond 

more aggressively in 2009. Also, we have more power, in terms of sample size, in 2009 

relative to the years 2008 and 2010, so estimates for 2008 and 2010 are less precise.  

 

Table 2. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status in prior month(s), 2008, 2009 & 2010. 

 (1) (2) (3) (4) (5) 
 wife in lf in 

(t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf in 
(t-1) 

wife not in 
lf in (t-1) 

2008 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) 0.891 0.968 1.085 0.905 1.190 

 (0.222) (0.212) (0.110) (0.406) (0.300) 
Husband not in labor force at (t-1) 0.953 1.077 0.843** 0.924 1.290 

 (0.250) (0.173) (0.067) (0.255) (0.222) 
Husband unemployed both in (t-1) & (t-2)    1.051 0.674 

    (0.523) (0.218) 
Observations 44,668 15,821 60,489 36,220 12,609 

2009 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) 0.762* 1.710*** 1.182** 0.674* 1.563** 

 (0.125) (0.261) (0.090) (0.152) (0.345) 
Husband not in labor force at (t-1) 1.211 1.364** 1.061 1.198 1.373** 

 (0.186) (0.202) (0.095) (0.184) (0.204) 
Husband unemployed both in (t-1) & (t-2)    1.168 1.093 

    (0.276) (0.257) 
Observations 87,457 29,282 116,739 86,877 29,083 

2010 
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Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.827 1.332 1.277*** 0.816 1.028 
 (0.148) (0.243) (0.114) (0.251) (0.310) 
Husband not in labor force at (t-1) 0.943 1.448** 0.994 0.933 1.460** 

 (0.171) (0.243) (0.093) (0.170) (0.247) 
Husband unemployed both in (t-1) & (t-2)    1.042 1.326 

    (0.355) (0.424) 
Observations 52,299 18,690 70,989 51,966 18,574 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
 

In the next step, I moved to the combined sample. This combines all available 

monthly data from May 2008 to August 2010. Combined monthly data allows us to get 

more precise estimates using equation 1 above. The results from combined data are in table 

3.4  

 

Table 3. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status in prior month(s), 2008 to 2010. 

 (1) (2) (3) (4) (5) 
 wife in lf in 

(t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.797** 1.421*** 1.190*** 0.743* 1.325* 
 (0.091) (0.155) (0.077) (0.128) (0.207) 
Husband not in labor force at (t-1) 1.066 1.311*** 0.982 1.050 1.385*** 

 (0.124) (0.135) (0.069) (0.124) (0.146) 
Husband unemployed both in (t-1) & (t-2)    1.106 1.068 

    (0.222) (0.180) 
Husband’s education (ref: some college)      

Less than high school 0.742*** 0.977 0.733*** 0.733*** 0.975 
 (0.074) (0.094) (0.058) (0.074) (0.097) 
High school graduate 0.951 1.100 1.083 0.958 1.102 
 (0.063) (0.089) (0.064) (0.064) (0.090) 
Bachelor degree 1.076 0.689*** 0.740*** 1.084 0.695*** 
 (0.080) (0.060) (0.046) (0.083) (0.061) 
Masters or higher 0.759*** 0.580*** 0.432*** 0.769** 0.594*** 

 (0.080) (0.061) (0.034) (0.081) (0.063) 
Husband's age 1.002 1.004 1.001 1.003 1.005 

 (0.006) (0.006) (0.004) (0.007) (0.006) 
Husband’s unemployment insurance (ref: no ins.) 1.129 0.925 1.041 1.123 0.943 

 (0.162) (0.120) (0.079) (0.163) (0.124) 
Wife’s characteristics      

Wife’s education (ref: some college)      
Less than high school 0.588*** 0.681*** 0.352*** 0.587*** 0.698*** 
 (0.055) (0.079) (0.031) (0.056) (0.083) 
High school graduate 0.826*** 0.825*** 0.584*** 0.817*** 0.835** 
 (0.050) (0.058) (0.030) (0.050) (0.060) 
Bachelor degree 1.255*** 1.297*** 1.343*** 1.255*** 1.271*** 
 (0.096) (0.106) (0.083) (0.098) (0.107) 
Masters or higher 1.964*** 1.604*** 2.623*** 1.957*** 1.569*** 

 (0.234) (0.187) (0.260) (0.234) (0.193) 
Wife's age 1.140*** 1.073* 1.184*** 1.138*** 1.075* 
 (0.038) (0.040) (0.038) (0.039) (0.040) 

 
4 I also looked at the average partial effect from the logistic regression for convenience (presented in table 
A10 of appendix B). I find statistically significant added worker effects in this model of combined data. 
This coefficient of average partial effect tells us that wife has 1.5% higher chance of joining in the labor 
force if her husband is unemployed in the prior month. 
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Wife's age square(a) 0.873*** 0.885** 0.815*** 0.875*** 0.882** 
 (0.036) (0.043) (0.033) (0.037) (0.043) 

Wife’s race & ethnicity (ref: White alone)       
Black  0.942 1.463*** 1.416*** 0.946 1.463*** 
 (0.100) (0.148) (0.121) (0.102) (0.154) 
Asian  0.796** 0.747*** 0.620*** 0.799** 0.778** 
 (0.088) (0.081) (0.057) (0.089) (0.084) 
Other races or more than one 0.754** 1.107 0.971 0.775* 1.104 

 (0.104) (0.161) (0.116) (0.107) (0.162) 
Family variables      

Number of children under 18 (ref: 2 children)      
0 child 1.126* 1.581*** 1.855*** 1.107 1.602*** 
 (0.076) (0.115) (0.110) (0.077) (0.119) 
1 child 0.955 1.217*** 1.237*** 0.939 1.209** 
 (0.062) (0.088) (0.063) (0.061) (0.090) 
3 or more children 0.796*** 0.886* 0.586*** 0.783*** 0.900 

 (0.060) (0.060) (0.033) (0.060) (0.061) 
Residence (ref: metro)      

Not metro 0.968 1.009 1.107 0.987 1.009 
 (0.065) (0.081) (0.078) (0.068) (0.080) 
Not Identified 1.059 1.090 1.235 1.057 1.038 

 (0.159) (0.160) (0.163) (0.160) (0.158) 
Unemployment (state) 0.951*** 0.962*** 0.978*** 0.965*** 0.953*** 
 (0.010) (0.010) (0.007) (0.011) (0.011) 
Constant 6.203*** 0.020*** 0.129*** 5.421*** 0.021*** 
 (3.785) (0.014) (0.079) (3.373) (0.015) 
Observations 184,424 63,793 248,217 175,063 60,266 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
                 (a)Wife’s age square is defined by age square divided by hundred. 

  

The combined results in table 3 show that, during the recession, the odds that a wife 

enters the labor force are 1.4 times greater if her husband is unemployment in prior month 

(t-1), which is statistically significant at p<0.01. On the other hand, wives who were in the 

labor force in the prior month are less likely to be in the labor force if their husbands were 

unemployed. If we don’t control wives’ prior labor force status then we find that the odds 

of wives being in the labor force are 1.2 times greater if their husbands are unemployment 

in the prior month. When we multiply the variable representing husband’s unemployed in 

both prior months we see that the odds ratio is increased by a multiple of 1.42 

(multiplication  of 1.325 and 1.068), given that the wife was not in the labor force in prior 

month. This is the effect of having an unemployed husband in month (t-1) and (t-2) (and 

possibly more, of course) on wife’s labor force participation. However, the increment 

associated with extended unemployment is not statistically significant. 
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The controls for the logistic regression include husband’s characteristics, wife’s 

characteristics, family variables, residential status and state unemployment. Husbands’ 

educational attainment has a significant effect on wives’ labor force entry decisions. 

Husbands’ higher educational attainments reduce the likelihood of wives’ entry into the 

labor market. Families may have savings or a higher and more reliable income flow if 

husbands are highly educated. Husband’s age does not affect wife’s labor force choice as 

we see it is not statistically significant in any model. Wife’s education plays an important 

role in her labor force entry choice. More educated wives are more likely to be in the labor 

force.  

Wife’s age has a significant effect to the labor force entry decision. The effect of 

wife’s age on entry is captured by a quadratic equation. Wife’s coefficient on age squared 

is negative, implying that the effect of age increases early on, reaching a peak, and then 

decline. The wife’s choice of labor force participation increases with age up until about age 

42, and then decreases. 

Race and ethnicity also influence wives’ labor force entry choice. If the wife is 

black, then the odds ratio of her entering the labor market is about 1.46 times greater 

compared to a white wife, when wife was not in the labor force in prior month. However, 

if the wife is an Asian, then she has lower probability of entering the labor force. In the 

second section of this paper, I also discussed the fact that Asians have relatively better 

positions in terms of job security and are less likely to be affected by the Great Recession. 

It could be the case that Asian wives come from more affluent families. 

Number of children plays an important role in wives’ labor market entry decisions. 

In this analysis, I consider children who are under 18 years old. This age group is important 
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as wives often take care of young children instead of engaging in labor force activities. The 

analysis shows that wives with more children are less likely to choose labor market entry. 

 Residence in a metropolitan area does not significantly influence the wife’s labor 

force participation. Local economic activity as defined by the state’s unemployment rate 

also plays an important role for wife’s labor supply. The higher the unemployment, the 

lower the wife’s likelihood of joining the labor force. During the Great Recession, job 

availability decreased particularly for low skilled workers, so getting a job was harder than 

in other periods. 

In the next step, I consider the fixed effects in the logistic regression using equation 

3. I combine all the observations from 2008 to 2010. This study uses husband’s labor force 

status, wife’s age, number of children under age 18 and state unemployment as predictors 

in the fixed effects model. I dropped variables from this fixed effects model if they had 

little or no change over time. There may be selection bias due to households’ unobserved 

characteristics (for instance, tastes for leisure, motivation, etc.) and the variables listed 

above may be unable to address the possible selection bias. This motivates me to use a 

fixed effects model. The results are presented in table 4. I grouped the data by household; 

the household fixed effects capture variation between households in labor force 

participation. In the table, coefficients are in terms of odds ratios.  

 
Table 4. Odds ratios from fixed effects logit predicting wives’ likelihood of labor force 
participation at t as function of husband’s labor force status in prior month(s), 2008 to 
2010. 

 (1) (2) (3) (4) (5) 
 wife in lf 

in (t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.907 1.142 1.183*** 0.912 1.030 
 (0.110) (0.153) (0.060) (0.163) (0.200) 
 [0.714     

1.150] 
[0.878     
1.484] 

[1.069    
1.308] 

[0.642    
1.296] 

[0.704     
1.507] 
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Husband not in labor force at (t-1) 1.187 1.040 0.730*** 1.222 1.188 
 (0.227) (0.206) (0.050) (0.240) (0.246) 
 [0.815      

1.727] 
[0.705     
1.532] 

[0.637     
0.835] 

[0.831     
1.794] 

[0.791     
1.782] 

Husband unemployed both in (t-1) & (t-2)    1.020 1.223 
    (0.200) (0.263) 
    [0.662     

0.733] 
[1.394     
1.564] 

Wife’s characteristics      
Wife's age 1.057 1.033 1.026 1.050 1.144 
 (0.186) (0.209) (0.068) (0.192) (0.238) 
Wife's age square(a) 0.898 0.948 0.946 0.903 0.840 
 (0.201) (0.248) (0.080) (0.209) (0.226) 
      

Unemployment (state) 0.681*** 1.529*** 1.023*** 0.697*** 1.477*** 
 (0.016) (0.042) (0.008) (0.018) (0.043) 

Observations 24,551 17,675 55,671 22,809 16,144 
Notes: Standard errors in parentheses. Confidence intervals (95%) are in square bracket.  
*** p<0.01, ** p<0.05, * p<0.1.  (a)Wife’s age square is defined by age square divided by hundred. 

 

The fixed effect model shows that the odds of being in the labor force for wives 

with unemployed husbands are 1.14 times as great as those with an employed husband. 

However, the findings of the added worker effect from fixed effects logit models are not 

statistically significant. These results in table 4 are comparable to table 3. In the logistic 

regression model presented in table 3, we get statistical significant added worker effects, 

but when we use a fixed effects logit model, we do not find statistically significant the 

added worker effects. 

Next, in the fixed effects model, I moved to annual analysis. Table 5 presents results 

from fixed effects for three different years of 2008, 2009 and 2010. These results are 

comparable to the annual results of table 2. We see an added worker effect in the earlier 

model. However, fixed effects models do not confirm the presence of an added worker 

effect corresponding to the prior estimates. Only 2009 shows a statistical significant added 

worker effect. 

 

 



24 
 

Table 5. Odds ratios for fixed effects logit predicting wives’ likelihood of labor force 
participation at t as function of husband’s labor force status in prior month(s), 2008, 2009 
& 2010. 

 (1) (2) (3) (4) (5) 
 wife in lf 

in (t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

2008 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) 0.624 0.221** 1.067 0.768 0.225* 
 (0.337) (0.145) (0.232) (0.519) (0.174) 
Husband not in labor force at (t-1) 0.172** 0.850 0.447*** 0.119** 0.916 

 (0.144) (0.689) (0.122) (0.129) (0.766) 
Husband unemployed both in (t-1) & (t-2)    1.179 0.777 

    (0.886) (0.942) 
Observations 1,398 2,048 4,783 1,027 1,400 

2009 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) 0.763 1.700** 1.249** 0.795 1.487 
 (0.148) (0.409) (0.121) (0.205) (0.455) 
Husband not in labor force at (t-1) 1.305 0.953 0.897 1.299 1.021 

 (0.452) (0.362) (0.119) (0.450) (0.398) 
Husband unemployed both in (t-1) & (t-2)    0.924 1.311 

    (0.259) (0.428) 
Observations 6,369 4,717 14,642 6,319 4,670 

2010 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) 1.960* 0.572 1.088 2.035 0.322* 
 (0.707) (0.249) (0.183) (0.958) (0.201) 
Husband not in labor force at (t-1) 2.102 0.670 0.662** 2.092 0.653 

 (1.182) (0.343) (0.135) (1.179) (0.362) 
Husband unemployed both in (t-1) & (t-2)    0.940 2.711 

    (0.438) (1.831) 
Observations 2,564 2,083 6,390 2,545 2,061 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
                 (a)Wife’s age square is defined by age square divided by hundred. 

 

Monthly dummies and their interactions with unemployed husbands are considered. 

In the table A9 of appendix B, we have results from two different models, first model 

includes month and interaction terms, and second model includes month and interaction 

terms and with other controls. The table allows us to determine the degree to which 

coefficient estimates are robust to alternative models. We can interpret the coefficient of 

interaction of the husband’s labor force status and the month dummies in columns (3) and 

(4). This tells us the odds ratios of a wife whose husband is employed of entering the labor 

force in August 2008 when the wife was in labor force in (t-1) is greater by a multiple of 
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1.487 than in December.5 The parameter associated with the interaction of August and 

husband unemployment is 0.759, meaning that, for those wives who are not in the labor 

force in the prior month (t-1), the odds of being in the labor force in the current month are 

0.759 times as great for a wife with an unemployed husband as for a wife with an employed 

husband.  

I also considered a model that looked at husbands’ duration of unemployment. I 

looked at wife’s likelihood of labor force participation as a function of the length of the 

husband’s unemployment. I considered unemployment duration for zero to seven months 

or more. These additional measures did not contribute to the explanation of wife’s labor 

force choice. The nature of the unemployment spells is that most are for short periods of 

time, so relatively few individuals were unemployed for six months or more. I couldn’t 

find significant results for any duration of months. Once we consider durations of 

unemployment for six months or more, we see very few observations remaining for 

analysis. In the aggregated data set for seven waves of SIPP 2008, unemployed husbands 

constitute only 6.32% of the observations, and only 5.70% of husbands are not in the labor 

force.   

 

Comparison of Study Estimates 

In this section, I make an effort to compare the added worker effect among studies. 

This will give us a precise idea of the outcome measures, and how the added worker effect 

varies across studies. Studies may not be directly comparable due to different periods, 

 
5 𝑙𝑜𝑔𝑖𝑡	𝑷(𝑌 = 1) = 𝛽! + 𝜷𝟏𝑚𝑜𝑛𝑡ℎ +	𝛽#ℎ𝑢𝑠𝑢𝑛𝑒𝑚𝑝 +	𝛽$𝑚𝑜𝑛𝑡ℎ ∗ ℎ𝑢𝑠𝑢𝑛𝑒𝑚𝑝 + 𝑋𝑏  

This happens when an observation corresponds to an employed husband, for then unemployed =0.   

Pr (wlf=1|month=aug2008, husband is unemployed=0) - Pr (wlf=1|month=dec2008, husband is unemployed=0)  = (a + 1.487+Xb) – (a + 0 + Xb)  = 1.487 

or, simply Pr (wlf=1|month=aug2008, husband is unemployed=0) = 1.487 (where, husband is employed) 
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datasets, methods of analysis, and various economic environments. However, this section 

puts every effort into making them comparable. 

 Mankart and Oikonomou (2016) find an increase in the likelihood that a wife enters 

the labor force of between 4.7 and 8.3 percentage points, depending on the period, for the 

1980s to 2000s, using a CPS data and a linear probability model. There is an ambiguity in 

the measurement of wife’s labor force entry and the primary explanatory variable of 

husband’s unemployment. Husband’s is identified as entering unemployment based on his 

labor force status between  months t and t+1, and it appears that the wife’s entry into the 

labor force is based on the same comparison. The added worker effect in their study that 

may corresponds to this current study is 7.8 percentage points for 2006-2009, and this is 

higher than what I find in my study of 1.5 percentage point for the Great Recession, 2008-

2010. There may be an error in their specification, as they did not allow wife’s entry to 

vary by time period, and as a result,  there is very likely an upward bias of the added worker 

effect.  

 Mattingly and Smith (2010) measure the principal independent variable as a 

husband who was employed at t, and became either unemployed or not in the labor force 

at t+1. Whereas, in the current study, I measure the husband’s labor force status by two 

different measures, those being unemployed at t-1, or not in the labor force at t-1. 

Regarding the wife’s labor force status, in their CPS dataset, 14.2% of wives who were not 

in the labor force entered into the labor force at time t. In this study, the SIPP data shows 

that only 5% of wives who was not in the labor force enter the labor force at time t. They 

find an odds ratio of 2 for the recessionary period, whereas the present study finds an odds 

ratio of 1.4.  
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  A classic study by Lundberg (1985) finds a small but significant added worker 

effect for white families. The study shows that a wife has a 1.8 percentage points higher 

chance of entering the labor force if her husband is unemployed relative to an employed 

husband which is equivalent to a 25% higher chance of entering the labor force in a month. 

The current study finds a wife has a 1.5 percentage point higher chance of entering the 

labor force at time t if her husband was unemployed at t-1, which is equivalent to about a 

40% higher chance (using table A11 of appendix B). The difference may emanate from the 

differences in the dataset. The present study uses a nationally representative sample from 

the SIPP, and, in her study, Lundberg uses survey data from the Seattle and Denver Income 

Maintenance Experiments (SIME/DIME). 

Spletzer (1997) estimates an added worker effect of 6 percentage points using CPS 

data for 1988 through 1991. Conversely, the current study estimates 1.5 percentage points 

for the Great Recession. Both of these studies use a similar definition of the added worker 

effect. However, we see a significant difference in the labor force characteristics of married 

wives. Spletzer’s CPS data show, among the married women who are not in the labor force, 

8% of them enter the labor force in the following months, whereas, in the SIPP data, only 

4% enter the labor force. 

 Starr (2014) examines the changes in added worker effect for the recessionary 

period of 2007-2009 using American Community Survey data. The probability of being 

employed in a given month for women increases by 4.4 percentage points from 2007 to 

2009 if her husband is not employed. Estimates are not directly comparable to this current 

study findings since the study does not give us the estimate for the added worker effect. 
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 Parker and Skoufias (2004) find that the probability that a wife enters the labor in 

a given quarter increases by 16.2 percentage points during the Mexican economic recession 

in the 1990s. Although we expect the estimate to be up to three times as great as a monthly 

estimates, like ours, even after making an adjustment, this estimate of the added worker 

effect is much higher than the current study. Studies that estimate the added worker effect 

outside the United States are generally much higher (Fernandes & Felício, 2005). Two facts 

can explain the overall high added worker effect in other countries. Liquidity constraints 

are substantially more important for households in these countries, and thus the 

responsiveness of wives' entry into the labor market to family income shocks is likely. 

Another explanation is that the husband's unemployment is primarily permanent, and as a 

result, wives act proactively to the husbands' job loss in these countries. 

Gong (2011) estimates that females increase their full-time employment in a given 

month by 4 percentage points after observing their partner's job loss, based on a period of 

a mild recession in Australia. However, the measure is not precise, and there is a potential 

bias in estimates of the added worker effect since the author measures the partner's job loss 

during the previous 12 months. On the other hand, the current study finds an immediate 

labor force response of a wife where her husband is unemployed in the immediate past 

month. 

Using a measure of wife’s participation based on monthly data, Fernandes and 

Felício (2005) estimate an added worker effect of 10 percentage points for Brazil, stronger 

than studies from the United States. The study measures wife’s transition probability from 

inactivity to activity, where inactivity includes wives who are both unemployed and not in 

the labor force. The economic structure of Brazil is different from that of the United States. 
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Wife's labor force participation in Brazil was about 40 percent, and in the United States, 

the wife’s labor force participation was 75 percent. As noted above, responses in less 

developed economies like Brazil may be stronger because workers face of greater capital 

constraints. 

 

Conclusion 

A married woman’s choice of labor supply is determined by a variety of factors. 

There are factors that arise from general economic conditions (economic recession or 

prosperity). Social policies (for example, the Supplemental Nutrition Assistance Program, 

Unemployment Insurance) also influence her choice of whether to work or not. Family or 

household characteristics also contribute to her labor supply choice. Analysis of the added 

worker effect is important as it provides family insurance along with other contributions to 

the economy.  

From the current analysis we observe that there are factors that contribute to wives’ 

choice of labor force participation and labor supply. Wives are more likely to participate 

in the labor force when their husbands suffer a job loss. A woman’s chance of participating 

in the labor force increases by 1.5 percentage points when her husband is unemployed. I 

also find significant contributions of husbands’ age and education, wives’ education, 

husbands’ and wives’ ages, and race and ethnicity in explaining wives’ labor supply. 

Number of children is also a good predictor of wives’ labor force participation. Local 

economic activity as measured by the state unemployment rate also contributes to wives’ 

labor force participation. 

The analysis based on SIPP gives us important findings as it tracks people on a 

monthly basis for a long period compared to other available national surveys. Due to its 
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four-month recall period, information on labor supply is more reliable than that available 

in other studies. A shorter recall period improves our analysis. SIPP is one of the few 

datasets with monthly data on a large sample. In the added worker literature, the present 

findings add up to a new line of research. Few studies have looked at the added worker 

effect during the Great Recession. This paper shows that the added worker effect exists in 

a month-by-month analysis, although it is of modest size, and may vary across months. It 

may be the case that getting a job is hard for some wives to enter the labor force when their 

husbands have recently lost a job, or that the wife doesn’t search for a job as the family has 

other income sources (Gong, 2011; Lundberg, 1985). Husband’s employment status does 

predict wife’s choice of labor force entry most clearly during the recession. Husband’s 

duration of unemployment is unable to predict wife’s labor force choice.  
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Appendix 
 

Appendix A 
 
Female labor force participation and unemployment 

Labor supply and work incentives have long been a central concern in economic 

research. Up through the middle of the 20th century, women were perceived as secondary 

earners within the family and mostly dependent on husbands’ earnings. Women were 

primarily responsible for household activities. A married woman’s choice of labor supply 

has attracted attention as their participation has been increasing and the gap between male 

and female labor force participation is decreasing (Blau & Winkler, 2017). Despite sharing 

other responsibilities, woman still bears a larger share of household and childcare 

responsibilities than a man does. Nonetheless, the labor supply elasticity of women has 

declined significantly and has approached that of men (Blau & Winkler, 2017).  

The rapid growth of women’s labor force participation is one of the most significant 

social and economic developments after the Second World War.6 At the beginning of the 

20th century, only 20 percent of women were in the labor force, whereas, by 2000, almost 

60 percent of all women were in the labor force. This dramatic shift can be explained by 

the underlying three facts (Blau & Winkler, 2017; Cahuc, Carcillo, & Zylberberg, 2014). 

First, the transformation of gender roles in society. Earlier, by tradition, women were 

engaged with household activities including raising children. As a result of 

industrialization, household activities become simple. Men are also increasingly 

participating in household activities. This gives wives more time to work outside the 

 
6 The labor force participation rate of a particular group, here 25-54 years, is defined by the number of its 
members who are in the labor force divided by the total number of the people in that group. This study 
deals with couple of 25 to 54 years and detail sample selection process are explained in section 6. 
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home. Second, families have started depending on female earnings, and we see an 

increasing number of female headed households also. Men as a single earner are no 

longer sufficient to meet the families’ perceived needs. Income source by husband and 

wife is crucial. Due to women’s increased labor force participation, the material well-

being of the families have increased significantly. Women’s labor force participation 

changed the usual family structure. Third, we see a decreasing fertility associated with 

industrialization, known as “fertility transition.” This results in smaller family size, and 

more room for wives to work outside.  

Cross-country studies identified factors that are responsible for the increased labor 

force participation for women in many countries. First, there are studies that show that 

there is an impact of children on the working decisions of women. Bloom et al. (2009) 

studied the effect of fertility on labor force participation by women, estimating that the 

birth of a baby reduces women’s labor supply in her reproductive age by 2 years. Second, 

female labor force participation is accelerated by the ability to control birth timing of 

couples. Bailey (2006) shows that access to birth control pills significantly decreases the 

probability of first birth by 14 to 18 percent and increases labor supply by females. Third, 

increased childcare facilities may motivated women to join the labor force. We see an 

increasing female employment in Scandinavian countries and Canada in response to the 

growth in the availability of child care. 

 

 

 

 



37 
 

Figure 1. Labor Force Participation Rates of Females and Males (age 25-54), 2000-2019 

(%) 

 
Source: Labor Force Statistics from the Current Population Survey available at www.bls.gov 
Note: Based on the civilian population age 25 to 54. 
 
 

Figure 1 shows the quarterly labor force participation in the U.S. from 2000 to 

2019 by gender for the age group 25 to 54.7 Over this period we see a decline in labor 

force participation for males. Female labor force participation remains relatively stable. 

In particular, during the Great Recession, we see a decline in labor force participation for 

males of about one percentage point between December 2007 and June 2009.8 However, 

the labor force participation rate for females remains at the same level over this period. 

Considering the overall trend, we can infer that due to the Great Recession, males are less 

likely to participate in the labor market whereas females are more likely to be in the labor 

market. It seems likely that women are playing a greater role in supporting their families. 

 
7 According to the BLS, “…the CPS defines the labor force to include all individuals 16 years of age and 
over who worked for pay or profit during the reference week or actively sought paid employment during 
the 4 weeks prior to the reference week”. 
8 The Great Recession officially starts in December 2007 and ends in June 2009, with a duration of 18 
months. However, the adverse impacts of the Great Recession continues even after the official end period. 
Figure 8 shows there was a rise of unemployment from December 2007 and continues to rise even after the 
official end of Great Recession. The unemployment hovered around 10 percent after the Great Recession. 
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The growth in female labor force participation that has occurred during the Great 

Recession should be considered in the context of the patterns of women’s employment 

over the life cycle. This is illustrated in figure 2 for five different years, before and after 

the Great Recession. According to the figure, women in the age group of 40 to 49 

participated in the labor market at the highest levels. After that, it follows a sharp decline 

for the 50 to 54 age group. Women in the age group 40 to 49, older married women with 

school-age or grown children, entered or reenter the labor force in increasing numbers. In 

contrast, change occurs for those between the ages 25 to 35, who may have preschooler 

children and need to stay at home for family care. 

 

Figure 2. Labor Force Participation Rates of Females by Age, 2000-2019 (%) 

 
Source: Labor Force Statistics from the Current Population Survey available at www.bls.gov 
Note: Based on the civilian population age 25 to 54. Data for 2919 is available for the first seventh months. 

 

Of the years considered, we see the highest percentage of the females participated 

in the labor market in 2000. Conversely, after the recession, in 2010 or 2015, we see a 

lower percentage of female participation in the labor market.  Figure 3 shows the labor 

force participation by race and gender during the past two decades. Overall, participation 
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declined for both black and white males. Black males faced a sharp decline in 

participation during the recessionary period compared to white males. In the same way, 

black females faced a sharp decline in labor force participation relative to white females. 

This gives us the intuitive conclusion that people face racial challenges in obtaining jobs 

during the recessionary period when the number of available jobs is reduced. White 

males and females enjoy relatively better positions during the recessionary period than 

black males and females. 

 

Figure 3. Labor Force Participation Rates for Females and Males by Race (age 25-54), 

2000-2019 (%) 

 
Source: Labor Force Statistics from the Current Population Survey available at www.bls.gov 
Note: Based on the civilian population age 25 to 54.  

 

The unemployment rates of women and men follow different patterns over the period 

for the age group 25 to 54 and this is depicted in figure 4. During the recession, males 

lost their jobs at a higher rate than females. This can be explained by the types of jobs 

that men and women had, i.e., gender differences in occupations and industries 
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(Michaelides & Mueser, 2013). Males were overrepresented in construction and 

manufacturing, whereas, women were more likely to be in relatively secure jobs such as 

those in education and health services.  

 

Figure 4. Unemployment Rates for Females and Males, 2000-2019 (%) 

 
Source: Labor Force Statistics from the Current Population Survey available at www.bls.gov 
Note: Based on the civilian population age 25 to 54.  

 

Also, men are heavily represented in blue-collar jobs (Blau & Winkler, 2017). In 

these jobs there are high frequencies of layoffs and greater unemployment as a result. 

Women are more likely to be employed in white-collar jobs, which experience lower 

layoff and lower unemployment. However, service sector jobs are disproportionately 

filled by females and have above average unemployment.  

The racial profile for the unemployment rate for the age group 25 to 54 by race is 

illustrated in figure 5. During this period, whites and Asians experienced similar patterns 

in unemployment rate. However, Black males and black females are different from 

others. Asians are relatively better off over this period. Asians are highly skilled 
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immigrants and engage in relatively secure jobs, and so they are less affected by the 

Great Recession. Conversely, black males and black females are strongly affected by the 

Great Recession. During the recessionary period, black males had an unemployment rate 

of about 15 to 20 percent as they are more likely to be in less skilled or informal jobs. 

 

Figure 5. Unemployment Rates of Female and Male by Race (25-54), 2000-2019 (%) 

 
Source: Labor Force Statistics from the Current Population Survey available at www.bls.gov 
Note: Based on the civilian population age 25 to 54.  

 

There are differences in labor force participation and unemployment rate by race 

and gender, and although the ranking of differences remain much the same, levels of 

unemployment are very different during the recession than periods of normal economic 

activity. Different groups of people are disproportionately affected by job loss in the 

Great Recession. Job loss by females directly affects her labor supply in the market. 

Likewise, job loss by a married man also affects his wife’s labor supply. The change in 

labor supply by a wife depends on whether she was already in the labor market or not. It 

could be a good exercise for us to investigate how wife’s labor supply was affected by 
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husband’s job loss and other factors in the Great Recession. It is also important to look at 

the changes for short time (e. g., monthly) along with longer time (e. g., annually or 

more). 
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Appendix B 
 
Table A1. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month, 2008. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
 Aug: wife 

in lf in (t-
1) 

Sept: 
wife in lf 
in (t-1) 

Oct: wife 
in lf in (t-

1) 

Nov: wife 
in lf in (t-

1) 

Dec:  
wife in lf 
in (t-1) 

Aug:  
wife not 

in lf in (t-
1) 

Sept:  
wife not 

in lf in (t-
1) 

Oct:  
wife not 

in lf in (t-
1) 

Nov:  
wife not in 
lf in (t-1) 

Dec: 
wife not 

in lf in (t-
1) 

Husband’s characteristics           
Husband’s labor force status (ref: hus is emp at t-1)           

Husband is unemployed at (t-1) 0.593 0.532 0.434** 1.287 2.976 1.103 0.815 0.619 1.460 1.189 
 (0.397) (0.244) (0.169) (0.708) (2.503) (0.632) (0.391) (0.373) (0.711) (0.521) 
Husband not in labor force at (t-1) 2.942 0.587 0.755 0.906 2.964 1.137 1.054 1.273 0.601 1.821* 

 (2.993) (0.245) (0.488) (0.432) (2.243) (0.598) (0.353) (0.459) (0.344) (0.655) 
Husband’s education (ref: some college)           

Less than high school 1.211 0.773 0.777 0.676 0.842 1.015 0.806 1.206 0.810 0.812 
 (0.653) (0.344) (0.422) (0.211) (0.431) (0.593) (0.315) (0.380) (0.263) (0.268) 
High school graduate 0.714 1.172 1.277 0.645 0.615 1.410 1.015 1.296 1.104 1.313 
 (0.311) (0.376) (0.372) (0.176) (0.183) (0.586) (0.260) (0.331) (0.345) (0.399) 
Bachelor degree 1.743 1.772 1.376 0.763 1.604 0.757 0.903 0.623 0.691 0.806 
 (0.919) (0.682) (0.521) (0.280) (0.587) (0.289) (0.216) (0.192) (0.261) (0.294) 
Masters or higher 0.657 1.701 1.741 1.311 1.974 0.409** 0.365*** 0.550** 1.131 0.553 

 (0.403) (0.889) (1.182) (0.720) (1.086) (0.165) (0.123) (0.162) (0.377) (0.279) 
Husband's age 0.956 1.026 0.985 0.978 0.994 0.994 1.012 1.007 1.012 1.005 

 (0.044) (0.029) (0.038) (0.029) (0.032) (0.041) (0.018) (0.017) (0.024) (0.023) 
Husband’s unemployment insurance (ref: no ins.) … 1.376 3.180 0.632 0.537 … 2.096 0.961 0.210 2.454 

 … (1.068) (3.185) (0.470) (0.399) … (1.603) (1.075) (0.221) (1.454) 
Wife’s characteristics           

Wife’s education (ref: some college)           
Less than high school 0.538 1.558 0.876 0.674 0.490 0.416 1.067 0.452** 0.679 1.342 
 (0.257) (0.959) (0.506) (0.227) (0.221) (0.246) (0.430) (0.164) (0.278) (0.441) 
High school graduate 1.119 0.834 0.703 0.782 0.943 0.463* 1.051 0.528** 1.140 1.212 
 (0.557) (0.274) (0.224) (0.221) (0.342) (0.214) (0.252) (0.148) (0.293) (0.340) 
Bachelor degree 0.821 1.040 1.087 1.215 0.553* 1.647 1.950*** 1.360 1.162 1.622 
 (0.393) (0.371) (0.323) (0.348) (0.196) (0.624) (0.460) (0.418) (0.403) (0.521) 
Masters or higher 0.721 0.818 0.815 2.170 1.630 6.660*** 2.103** 1.926* 0.689 1.038 

 (0.443) (0.331) (0.349) (1.199) (0.957) (2.612) (0.679) (0.645) (0.350) (0.575) 
Wife's age 1.109 1.376* 1.303 1.202 1.359* 1.286 1.290** 1.218 1.159 0.856 
 (0.291) (0.232) (0.221) (0.184) (0.211) (0.230) (0.163) (0.154) (0.152) (0.107) 
Wife's age square(a) 1.000 0.671* 0.745 0.832 0.684** 0.722 0.685** 0.751* 0.801 1.188 

 (0.312) (0.148) (0.148) (0.160) (0.131) (0.165) (0.112) (0.128) (0.133) (0.182) 
Wife’s race & ethnicity (ref: White alone)            

Black  0.649 0.569 1.090 1.074 0.324*** 1.194 1.940** 2.037** 0.798 1.565 
 (0.391) (0.212) (0.461) (0.437) (0.115) (0.572) (0.581) (0.604) (0.300) (0.662) 
Asian  3.730 0.458* 0.581 1.343 0.294*** 0.233* 1.367 1.132 0.566 0.314* 
 (3.768) (0.205) (0.264) (0.718) (0.111) (0.177) (0.380) (0.399) (0.300) (0.187) 
Other races or more than one 1.688 0.608 1.101 0.712 0.234*** 1.266 0.782 0.930 1.123 0.507 

 (1.734) (0.288) (0.681) (0.354) (0.116) (0.916) (0.392) (0.624) (0.637) (0.385) 
Family variables           

Number of children under 18 (ref: 2 children)           
0 child 1.219 1.697 0.808 0.859 1.313 0.651 1.561** 1.521 1.493 0.843 
 (0.545) (0.558) (0.278) (0.287) (0.498) (0.254) (0.342) (0.411) (0.483) (0.314) 
1 child 1.087 1.920** 0.869 0.820 0.489** 0.710 1.299 0.576* 1.747** 0.953 
 (0.476) (0.621) (0.349) (0.236) (0.170) (0.273) (0.290) (0.164) (0.465) (0.317) 
3 or more children 1.134 0.969 0.934 0.541* 0.596 0.673 1.105 0.773 0.652 0.893 

 (0.622) (0.317) (0.373) (0.177) (0.241) (0.234) (0.238) (0.158) (0.191) (0.256) 
Residence (ref: metro)           

Not metro 0.890 1.628 0.870 1.755* 1.086 1.057 1.067 1.253 0.682 1.038 
 (0.368) (0.542) (0.272) (0.568) (0.331) (0.350) (0.286) (0.281) (0.207) (0.303) 
Not Identified 0.812 1.063 0.754 1.115 4.038 0.707 1.537 1.676 0.645 0.731 

 (0.567) (0.296) (0.392) (0.653) (4.154) (0.561) (0.533) (0.593) (0.377) (0.150) 
Unemployment (state) 1.203 0.894 0.984 0.897 0.851* 0.915 0.979 1.127* 1.050 0.947 
 (0.183) (0.096) (0.096) (0.078) (0.073) (0.093) (0.064) (0.079) (0.073) (0.078) 
Constant 7.479 0.111 0.834 8.962 1.995 0.001** 0.001*** 0.001*** 0.002** 1.276 
 (34.840) (0.364) (2.494) (25.790) (5.630) (0.003) (0.002) (0.002) (0.005) (3.057) 
Observations 6,193 8,168 8,105 7,997 7,860 2,308 2,974 2,794 2,686 2,617 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A2. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month, 2009 (wife in the labor force 
at (t-1)). 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 Jan:  

wife in lf in 
(t-1) 

Feb:  
wife in lf in 

(t-1) 

Mar: wife 
in lf in   (t-

1) 

Apr: 
wife in lf in 

(t-1) 

May:  
wife in lf in 

(t-1) 

Jun:  
wife in lf in 

(t-1) 

Jul:  
wife in lf in 

(t-1) 

Aug:  
wife in lf in 

(t-1) 

Sep: wife 
in lf in 
(t-1) 

Oct:  
wife in lf 
in (t-1) 

Nov: 
wife in lf 
in (t-1) 

Dec:  
wife in lf 
in (t-1) 

Husband’s characteristics             
Husband’s labor force status (ref: hus is emp at t-1)             

Husband is unemployed at (t-1) 0.684 0.570 0.642 0.431** 0.453* 2.287* 0.459* 0.522 0.579 2.648 1.249 1.557 
 (0.306) (0.356) (0.314) (0.151) (0.205) (0.993) (0.208) (0.244) (0.229) (1.806) (0.814) (1.036) 
Husband not in labor force at (t-1) 1.514 2.705 0.622 2.696 1.667 1.309 0.917 0.741 1.012 1.030 1.281 1.749 

 (0.842) (1.868) (0.253) (1.877) (1.040) (0.714) (0.505) (0.319) (0.528) (0.357) (0.631) (0.980) 
Husband’s education (ref: some college)             

Less than high school 0.416** 0.693 0.656 0.714 0.848 1.753 0.365** 1.190 0.404** 0.587 0.589 0.696 
 (0.156) (0.331) (0.272) (0.347) (0.337) (0.906) (0.145) (0.464) (0.164) (0.276) (0.221) (0.219) 
High school graduate 0.744 0.710 1.287 1.185 1.670 1.308 0.743 0.907 0.724 0.697 0.835 0.959 
 (0.225) (0.239) (0.400) (0.464) (0.519) (0.544) (0.220) (0.238) (0.250) (0.215) (0.230) (0.272) 
Bachelor degree 0.843 0.592 0.999 1.304 0.870 0.712 0.826 1.161 0.999 0.529* 1.270 1.814* 
 (0.317) (0.203) (0.284) (0.541) (0.233) (0.251) (0.300) (0.478) (0.403) (0.187) (0.516) (0.626) 
Masters or higher 0.476* 0.575 1.033 1.116 0.571 1.001 0.456** 0.364*** 1.322 0.404** 0.350** 0.807 

 (0.189) (0.260) (0.526) (0.707) (0.250) (0.465) (0.180) (0.110) (0.784) (0.174) (0.147) (0.314) 
Husband's age 0.997 1.028 1.001 1.038 1.004 0.990 1.017 1.012 0.995 0.978 1.005 0.995 

 (0.024) (0.034) (0.032) (0.048) (0.024) (0.036) (0.027) (0.022) (0.028) (0.026) (0.027) (0.026) 
Husband’s unemployment insurance (ref: no ins.) 3.919* 0.735 4.552* 4.795* 6.277** 0.466** 1.825 3.406*** 1.173 0.309* 0.352* 0.674 

 (3.084) (0.545) (3.909) (3.911) (5.294) (0.178) (1.157) (1.434) (0.613) (0.196) (0.207) (0.449) 
Wife’s characteristics             

Wife’s education (ref: some college)             
Less than high school 0.535 0.338** 0.545 0.258*** 0.548 0.292*** 1.336 0.428** 0.903 0.253*** 1.040 0.744 
 (0.239) (0.154) (0.217) (0.124) (0.272) (0.122) (0.639) (0.166) (0.407) (0.100) (0.447) (0.258) 
High school graduate 0.843 1.131 0.924 0.417*** 0.815 0.453** 0.734 0.965 0.880 0.525** 0.733 0.688 
 (0.256) (0.424) (0.285) (0.136) (0.235) (0.148) (0.229) (0.278) (0.238) (0.150) (0.189) (0.166) 
Bachelor degree 1.279 1.734 1.781 1.064 2.656*** 0.767 0.742 2.190** 1.014 1.023 1.559 1.106 
 (0.407) (0.604) (0.621) (0.441) (0.819) (0.265) (0.243) (0.814) (0.382) (0.353) (0.593) (0.323) 
Masters or higher 2.405* 2.331 2.647* 0.992 3.778*** 1.558 0.966 1.804 1.684 4.255** 2.075 4.756*** 

 (1.197) (1.256) (1.422) (0.636) (1.605) (0.827) (0.369) (0.762) (1.037) (2.473) (1.110) (2.711) 
Wife's age 1.052 0.938 1.246 1.169 1.162 0.981 1.160 1.098 1.227 1.326* 1.487** 1.190 
 (0.152) (0.157) (0.190) (0.206) (0.172) (0.182) (0.158) (0.181) (0.236) (0.222) (0.245) (0.179) 
Wife's age square(a) 0.957 1.079 0.789 0.809 0.845 1.046 0.820 0.935 0.811 0.748 0.640** 0.825 

 (0.176) (0.226) (0.149) (0.160) (0.156) (0.248) (0.136) (0.201) (0.196) (0.154) (0.139) (0.151) 
Wife’s race & ethnicity (ref: White alone)              

Black  1.708 0.971 1.038 1.269 0.795 3.282 1.518 1.044 1.352 0.453** 0.997 0.785 
 (0.842) (0.449) (0.372) (0.510) (0.344) (3.402) (0.716) (0.458) (0.614) (0.179) (0.417) (0.284) 
Asian  0.778 1.598 0.430* 2.095 0.844 0.349*** 2.310 1.293 1.501 0.770 1.617 0.776 
 (0.333) (1.033) (0.184) (1.696) (0.364) (0.126) (1.398) (0.873) (0.924) (0.407) (0.935) (0.313) 
Other races or more than one 1.985 1.622 2.997 0.468* 1.162 2.646 1.496 0.668 0.890 0.518 0.681 0.546 

 (1.403) (1.629) (2.140) (0.185) (0.869) (1.908) (1.137) (0.305) (0.589) (0.245) (0.364) (0.249) 
Family variables             

Number of children under 18 (ref: 2 children)             
0 child 0.831 1.148 1.428 1.201 1.888** 1.405 2.055** 0.912 0.856 1.083 1.673 0.715 
 (0.247) (0.443) (0.454) (0.433) (0.600) (0.402) (0.611) (0.276) (0.332) (0.351) (0.551) (0.207) 
1 child 1.070 1.023 0.693 0.742 0.698 1.618 1.653 0.918 1.055 0.890 0.700 0.713 
 (0.320) (0.390) (0.210) (0.258) (0.191) (0.635) (0.517) (0.299) (0.367) (0.320) (0.212) (0.202) 
3 or more children 0.644 0.644 0.647 1.134 0.964 1.475 0.935 1.159 0.566 0.833 0.932 0.540** 

 (0.178) (0.250) (0.182) (0.464) (0.266) (0.648) (0.330) (0.425) (0.218) (0.270) (0.296) (0.147) 
Residence (ref: metro)             

Not metro 1.178 1.199 2.496** 1.471 0.893 1.175 1.234 0.807 1.019 0.524** 1.532 1.080 
 (0.320) (0.389) (0.962) (0.493) (0.232) (0.403) (0.351) (0.221) (0.297) (0.130) (0.485) (0.247) 
Not Identified 0.733 3.110 1.899  1.032 5.383 0.804 0.630 1.198 1.120 0.557 3.134 

 (0.341) (2.406) (1.198)  (0.860) (5.647) (0.268) (0.290) (0.704) (0.872) (0.287) (2.259) 
Unemployment (state) 1.003 1.052 1.030 1.005 1.084 0.966 0.918 0.955 0.967 1.002 0.920 1.067 
 (0.068) (0.080) (0.062) (0.071) (0.065) (0.059) (0.048) (0.044) (0.055) (0.065) (0.057) (0.062) 
Constant 29.875 85.977 0.408 1.565 1.005 211.375 6.020 5.916 1.777 0.783 0.034 1.181 
 (84.617) (287.301) (1.138) (4.568) (2.836) (774.954) (15.885) (17.917) (5.711) (2.384) (0.106) (3.293) 
Observations 7,739 7,641 7,608 7,152 7,398 7,270 7,189 7,103 7,007 6,937 6,930 6,935 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A3. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month, 2009 (wife not in the labor 
force at (t-1)). 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 Jan:  

wife not in 
lf in (t-1) 

Feb:  
wife not 
in lf in 
(t-1) 

Mar:  
wife not in 
lf in (t-1) 

Apr:  
wife not in 
lf in (t-1) 

May:  
wife not in 
lf in (t-1) 

Jun:  
wife not in 
lf in (t-1) 

Jul: wife 
not in lf in 

(t-1) 

Aug: wife 
not in lf in 

(t-1) 

Sep:  
wife not in 
lf in (t-1) 

Oct:  
wife not in 
lf in (t-1) 

Nov:  
wife not in 
lf in (t-1) 

Dec:  
wife not in 
lf in (t-1) 

Husband’s characteristics             
Husband’s labor force status (ref: hus is emp at t-1)             

Husband is unemployed at (t-1) 0.995 1.293 2.002 3.313** 1.270 2.998* 2.952** 0.889 0.833 0.811 2.785** 2.863** 
 (0.460) (0.941) (0.845) (1.864) (0.691) (1.789) (1.436) (0.538) (0.617) (0.706) (1.232) (1.306) 
Husband not in labor force at (t-1) 1.062 0.315 0.694 2.089* 0.777 1.092 1.348 2.001 1.552 3.107** 1.166 2.237* 

 (0.528) (0.256) (0.386) (0.824) (0.393) (0.509) (0.573) (0.858) (0.705) (1.736) (0.611) (0.971) 
Husband’s education (ref: some college)             

Less than high school 2.498* 0.560 1.403 0.659 0.988 1.007 1.936** 0.617 0.963 0.505 0.476 0.604 
 (1.227) (0.452) (0.569) (0.272) (0.523) (0.417) (0.624) (0.257) (0.371) (0.309) (0.227) (0.257) 
High school graduate 1.438 1.061 0.710 1.267 0.573 0.971 1.428 0.944 0.664 0.949 1.003 0.546 
 (0.497) (0.403) (0.239) (0.400) (0.206) (0.354) (0.515) (0.309) (0.252) (0.374) (0.356) (0.205) 
Bachelor degree 0.996 0.932 0.686 0.653 0.426* 0.572 0.556 0.367** 0.601 1.506 0.617 0.412* 
 (0.358) (0.357) (0.315) (0.264) (0.197) (0.238) (0.228) (0.159) (0.222) (0.661) (0.252) (0.200) 
Masters or higher 0.306** 0.398 1.334 0.670 0.328* 0.563 0.426* 0.406** 1.288 1.932 0.456* 0.356 

 (0.146) (0.249) (0.507) (0.296) (0.192) (0.269) (0.194) (0.140) (0.510) (0.862) (0.202) (0.230) 
Husband's age 0.983 0.970 0.993 0.999 0.988 1.039 1.001 0.987 0.984 1.042 1.002 0.988 

 (0.026) (0.019) (0.023) (0.026) (0.036) (0.033) (0.027) (0.024) (0.022) (0.042) (0.025) (0.027) 
Husband’s unemployment insurance (ref: no ins.) 1.220 0.601 1.519 0.488 0.976 0.603 0.856 1.424 1.594 0.333 0.412 0.387 

 (0.718) (0.530) (0.879) (0.389) (0.589) (0.454) (0.561) (0.885) (1.174) (0.437) (0.277) (0.304) 
Wife’s characteristics             

Wife’s education (ref: some college)             
Less than high school 0.341* 0.791 0.610 0.694 0.958 0.817 0.437** 0.835 0.874 1.382 1.318 1.024 
 (0.205) (0.588) (0.293) (0.231) (0.590) (0.390) (0.176) (0.345) (0.331) (0.834) (0.571) (0.404) 
High school graduate 0.754 0.941 0.836 0.379*** 1.194 0.903 0.774 1.007 0.846 1.072 1.014 1.275 
 (0.263) (0.359) (0.286) (0.127) (0.393) (0.317) (0.233) (0.389) (0.303) (0.436) (0.372) (0.450) 
Bachelor degree 2.291** 2.043* 0.916 1.288 1.119 1.866* 1.031 1.382 0.740 1.959 1.718 0.869 
 (0.796) (0.846) (0.347) (0.456) (0.513) (0.606) (0.389) (0.495) (0.252) (0.882) (0.701) (0.363) 
Masters or higher 4.052*** 1.712 0.884 1.077 1.693 1.806 0.739 2.781** 1.056 0.615 3.206*** 1.034 

 (1.674) (1.039) (0.515) (0.597) (0.872) (0.890) (0.461) (1.306) (0.433) (0.481) (1.361) (0.781) 
Wife's age 0.688** 1.302 1.399* 0.911 0.925 1.309 1.050 1.333* 0.927 1.173 1.171 1.197 
 (0.118) (0.222) (0.267) (0.135) (0.154) (0.235) (0.193) (0.226) (0.138) (0.239) (0.208) (0.197) 
Wife's age square(a) 1.663** 0.745 0.637* 1.115 1.080 0.660* 0.899 0.690* 1.094 0.735 0.788 0.810 

 (0.374) (0.162) (0.154) (0.215) (0.218) (0.148) (0.208) (0.144) (0.211) (0.188) (0.180) (0.171) 
Wife’s race & ethnicity (ref: White alone)              

Black  2.147* 3.350*** 2.051* 1.702 1.161 1.149 1.158 0.576 1.049 1.032 1.371 1.778 
 (0.900) (1.355) (0.790) (0.785) (0.577) (0.502) (0.575) (0.300) (0.516) (0.613) (0.586) (0.955) 
Asian  0.626 1.569 0.200** 0.986 0.924 0.529 1.572 0.483 0.883 0.124* 0.193** 0.996 
 (0.298) (0.729) (0.147) (0.434) (0.500) (0.252) (0.639) (0.249) (0.410) (0.133) (0.133) (0.633) 
Other races or more than one 0.131* 4.430*** 1.141 1.648 0.788 0.542  1.972 2.229* 0.923 1.049 0.303 

 (0.142) (2.031) (0.803) (0.811) (0.632) (0.393)  (1.266) (1.024) (0.774) (0.824) (0.305) 
Family variables             

Number of children under 18 (ref: 2 children)             
0 child 0.903 2.439** 1.590 2.616*** 4.336*** 1.383 2.312** 1.157 1.098 2.751** 2.127** 1.102 
 (0.347) (1.003) (0.459) (0.829) (1.769) (0.591) (0.849) (0.407) (0.391) (1.173) (0.781) (0.428) 
1 child 0.774 1.649 0.803 0.754 2.241* 1.707 2.202** 0.856 0.745 2.873*** 1.367 0.713 
 (0.253) (0.586) (0.263) (0.256) (1.003) (0.559) (0.751) (0.266) (0.206) (1.084) (0.446) (0.240) 
3 or more children 0.713 1.675 0.376** 1.006 2.545** 0.572 1.355 0.610 0.726 0.676 0.906 0.383** 

 (0.276) (0.632) (0.146) (0.343) (0.952) (0.201) (0.406) (0.206) (0.211) (0.336) (0.267) (0.172) 
Residence (ref: metro)             

Not metro 0.710 0.967 1.003 0.929 0.602 1.179 0.684 0.697 0.716 1.670 1.248 1.420 
 (0.248) (0.314) (0.298) (0.290) (0.214) (0.389) (0.209) (0.242) (0.214) (0.598) (0.418) (0.521) 
Not Identified  1.403 1.003 2.335** 0.208 0.494 1.229 0.187 1.743 2.612* 0.174* 1.499 

  (0.853) (0.817) (0.917) (0.220) (0.335) (0.759) (0.195) (0.809) (1.355) (0.176) (0.878) 
Unemployment (state) 1.060 0.927 1.151* 1.055 1.110 1.036 1.003 0.876** 0.883* 0.889** 0.942 1.029 
 (0.095) (0.060) (0.087) (0.074) (0.080) (0.071) (0.071) (0.052) (0.056) (0.052) (0.070) (0.075) 
Constant 29.818 0.000** 0.000*** 0.160 0.075 0.000*** 0.023 0.002** 1.918 0.002 0.004* 0.002** 
 (88.819) (0.001) (0.000) (0.481) (0.237) (0.000) (0.075) (0.006) (5.531) (0.006) (0.014) (0.005) 
Observations 2,464 2,546 2,528 2,533 2,480 2,464 2,325 2,368 2,334 2,298 2,347 2,353 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A4. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month, 2010 (wife in the labor force 
at (t-1)). 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Jan:  

wife in lf in 
(t-1) 

Feb:  
wife in lf 
in (t-1) 

Mar:  
wife in lf 
in (t-1) 

Apr:  
wife in lf 
in (t-1) 

May: 
wife in lf 
in (t-1) 

Jun:  
wife in lf 
in (t-1) 

Jul:  
wife in lf 
in (t-1) 

Aug:  
wife in lf 
in (t-1) 

Husband’s characteristics         
Husband’s labor force status (ref: hus is emp at t-1)         

Husband is unemployed at (t-1) 0.907 0.600 1.360 0.661 0.762 0.546 0.915 0.965 
 (0.400) (0.317) (0.587) (0.383) (0.408) (0.255) (0.614) (0.799) 
Husband not in labor force at (t-1) 0.586 0.807 1.530 0.692 0.961 1.344 0.553 1.875 

 (0.260) (0.437) (0.927) (0.306) (0.405) (0.759) (0.207) (1.117) 
Husband’s education (ref: some college)         

Less than high school 0.543 1.006 0.978 1.333 1.226 0.617 0.674 0.791 
 (0.236) (0.473) (0.477) (0.627) (0.640) (0.267) (0.274) (0.373) 
High school graduate 0.826 0.966 2.330** 0.824 1.652 1.273 0.777 0.700 
 (0.270) (0.447) (0.823) (0.249) (0.599) (0.431) (0.284) (0.226) 
Bachelor degree 0.876 0.668 1.932 0.977 2.444** 1.008 0.642 1.923 
 (0.338) (0.227) (0.774) (0.340) (1.098) (0.391) (0.216) (0.873) 
Masters or higher 0.873 0.603 0.812 0.561 1.285 0.885 0.479* 0.929 

 (0.476) (0.398) (0.353) (0.235) (0.704) (0.582) (0.191) (0.442) 
Husband's age 1.020 0.988 1.055* 1.010 0.992 1.057* 0.981 0.997 

 (0.026) (0.033) (0.030) (0.036) (0.028) (0.032) (0.033) (0.030) 
Husband’s unemployment insurance (ref: no ins.) 0.670 0.908 0.455  2.382 2.234 0.930 0.995 

 (0.347) (0.583) (0.216)  (2.400) (1.596) (0.602) (1.030) 
Wife’s characteristics         

Wife’s education (ref: some college)         
Less than high school 0.439** 0.935 0.315** 0.572 0.552 0.815 0.414** 1.144 
 (0.178) (0.469) (0.157) (0.280) (0.238) (0.482) (0.165) (0.605) 
High school graduate 1.213 1.364 0.465** 0.851 1.383 0.471** 0.930 1.020 
 (0.416) (0.592) (0.147) (0.294) (0.457) (0.143) (0.330) (0.345) 
Bachelor degree 1.650 2.368** 0.983 1.560 1.865 1.430 0.784 1.435 
 (0.559) (0.967) (0.363) (0.556) (0.791) (0.604) (0.250) (0.452) 
Masters or higher 5.759** 7.810** 1.191 4.083** 6.666** 1.306 1.185 3.462* 

 (4.089) (6.234) (0.679) (2.431) (5.045) (0.844) (0.517) (2.182) 
Wife's age 1.087 1.807*** 1.080 0.859 1.163 0.812 0.897 0.942 
 (0.174) (0.367) (0.151) (0.175) (0.169) (0.133) (0.172) (0.165) 
Wife's age square(a) 0.903 0.493*** 0.877 1.268 0.861 1.344 1.214 1.088 

 (0.178) (0.124) (0.156) (0.331) (0.162) (0.290) (0.279) (0.237) 
Wife’s race & ethnicity (ref: White alone)          

Black  1.152 2.296 1.324 1.027 1.164 1.157 0.674 1.018 
 (0.560) (1.425) (0.675) (0.550) (0.658) (0.598) (0.263) (0.476) 
Asian  0.878 0.794 0.352*** 1.701 0.898 1.087 0.696 1.002 
 (0.423) (0.465) (0.111) (1.237) (0.483) (0.683) (0.285) (0.606) 
Other races or more than one 0.629 0.682 0.680 0.513 0.681 0.901 2.960 0.539* 

 (0.403) (0.436) (0.368) (0.249) (0.374) (0.597) (3.082) (0.185) 
Family variables         

Number of children under 18 (ref: 2 children)         
0 child 1.540 1.223 0.806 1.617 0.813 1.499 0.835 1.482 
 (0.545) (0.419) (0.303) (0.545) (0.251) (0.579) (0.253) (0.521) 
1 child 1.581 1.305 0.570 0.758 0.751 1.124 1.029 0.983 
 (0.538) (0.512) (0.209) (0.223) (0.280) (0.395) (0.334) (0.329) 
3 or more children 1.542 0.608 0.576 0.746 0.752 0.720 0.778 0.556* 

 (0.571) (0.236) (0.238) (0.246) (0.312) (0.246) (0.247) (0.193) 
Residence (ref: metro)         

Not metro 0.619* 0.916 0.652 0.775 1.133 0.661 1.084 0.800 
 (0.158) (0.338) (0.199) (0.280) (0.359) (0.182) (0.321) (0.238) 
Not Identified 1.928 1.922 0.597 5.568* 1.099 0.421 0.634 1.141 

 (1.449) (1.924) (0.295) (5.684) (0.710) (0.246) (0.345) (0.709) 
Unemployment (state) 1.071 1.078 0.982 0.952 0.825** 0.959 1.089 1.007 
 (0.066) (0.080) (0.054) (0.065) (0.071) (0.051) (0.073) (0.053) 
Constant 2.952 0.001** 7.377 798.858* 12.020 469.701* 454.309* 204.796* 
 (8.700) (0.002) (21.360) (3,004.97

9) 
(35.087) (1,586.67

6) 
(1,669.08

4) 
(646.662) 

Observations 6,727 6,645 6,597 6,216 6,438 6,358 6,328 6,258 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A5. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month, 2010 (wife not in the labor 
force at (t-1)). 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Jan: 

wife not in 
lf in (t-1) 

Feb:  
wife not in 
lf in (t-1) 

Mar:  
wife not in 
lf in (t-1) 

Apr:  
wife not in 
lf in (t-1) 

May:  
wife not in 
lf in (t-1) 

Jun:  
wife not in 
lf in (t-1) 

Jul:  
wife not in 
lf in (t-1) 

Aug:  
wife not in 
lf in (t-1) 

Husband’s characteristics         
Husband’s labor force status (ref: hus is emp at t-1)         

Husband is unemployed at (t-1) 2.531* 2.238 1.462 0.774 0.520 1.991 0.474 1.103 
 (1.265) (1.247) (0.613) (0.819) (0.590) (1.212) (0.380) (0.605) 
Husband not in labor force at (t-1) 1.156 1.239 0.936 2.535** 1.507 1.341 1.353 2.087** 

 (0.665) (0.566) (0.449) (1.115) (0.688) (0.608) (0.666) (0.749) 
Husband’s education (ref: some college)         

Less than high school 0.505 1.011 2.510*** 0.470 1.244 0.765 1.519 1.952 
 (0.267) (0.459) (0.879) (0.246) (0.562) (0.400) (0.671) (0.901) 
High school graduate 1.129 0.840 2.295*** 1.207 1.618 0.779 1.256 1.875* 
 (0.374) (0.308) (0.637) (0.494) (0.551) (0.283) (0.434) (0.612) 
Bachelor degree 0.445* 1.081 1.787 0.259** 1.084 0.632 0.540 0.999 
 (0.204) (0.361) (0.632) (0.147) (0.567) (0.280) (0.265) (0.380) 
Masters or higher 0.274** 1.273 1.068 0.292 0.674 0.480 0.584 0.890 

 (0.171) (0.643) (0.552) (0.220) (0.375) (0.249) (0.313) (0.353) 
Husband's age 1.020 0.962 1.002 0.976 0.973 1.057* 0.972 1.043* 

 (0.029) (0.024) (0.030) (0.032) (0.023) (0.030) (0.027) (0.026) 
Husband’s unemployment insurance (ref: no ins.) 0.687 0.688 0.906 0.674 3.152 1.282 0.371 0.595 

 (0.410) (0.558) (0.494) (0.686) (3.271) (1.047) (0.227) (0.607) 
Wife’s characteristics         

Wife’s education (ref: some college)         
Less than high school 0.745 0.501 0.369*** 0.666 0.707 0.714 0.339** 0.530 
 (0.409) (0.287) (0.137) (0.277) (0.318) (0.403) (0.163) (0.250) 
High school graduate 0.872 0.684 0.645* 0.860 0.699 0.772 0.733 0.463** 
 (0.311) (0.218) (0.170) (0.306) (0.221) (0.225) (0.248) (0.158) 
Bachelor degree 1.720 0.538 0.371** 0.767 1.299 1.158 0.838 2.087** 
 (0.735) (0.237) (0.145) (0.369) (0.582) (0.486) (0.369) (0.698) 
Masters or higher 2.200 0.629 0.961 1.884 1.718 0.789 1.410 1.817 

 (1.374) (0.348) (0.487) (1.193) (0.995) (0.649) (0.749) (0.743) 
Wife's age 1.036 1.020 1.305 1.435* 1.078 1.053 0.889 0.877 
 (0.162) (0.177) (0.228) (0.287) (0.213) (0.182) (0.161) (0.140) 
Wife's age square(a) 0.933 1.004 0.673* 0.620* 0.907 0.825 1.117 1.098 

 (0.195) (0.219) (0.151) (0.156) (0.226) (0.181) (0.257) (0.219) 
Wife’s race & ethnicity (ref: White alone)          

Black  1.228 1.414 0.481 1.285 3.171** 0.655 1.173 2.245* 
 (0.587) (0.704) (0.292) (0.692) (1.568) (0.399) (0.526) (0.921) 
Asian  0.655 0.621 0.551 1.844 1.668 0.319 0.654 0.574 
 (0.436) (0.351) (0.381) (0.872) (0.832) (0.241) (0.348) (0.273) 
Other races or more than one 1.062 0.734 0.694 1.505 0.404 1.518 0.837 1.325 

 (0.788) (0.619) (0.518) (1.196) (0.307) (0.795) (0.522) (0.699) 
Family variables         

Number of children under 18 (ref: 2 children)         
0 child 1.136 2.524** 2.352*** 2.206 3.193** 2.262* 0.817 1.315 
 (0.485) (0.982) (0.720) (1.078) (1.470) (1.039) (0.325) (0.483) 
1 child 1.381 2.370** 1.482 1.857 1.388 1.216 0.863 2.245*** 
 (0.522) (1.007) (0.452) (0.815) (0.607) (0.465) (0.263) (0.655) 
3 or more children 1.094 1.051 1.266 1.632 1.736 1.167 0.451* 1.347 

 (0.439) (0.479) (0.348) (0.648) (0.665) (0.406) (0.182) (0.385) 
Residence (ref: metro)         

Not metro 1.160 1.433 0.911 1.089 2.408*** 2.452*** 0.687 0.661 
 (0.401) (0.476) (0.268) (0.422) (0.774) (0.681) (0.254) (0.211) 
Not Identified 0.742 1.274 1.052 1.681 1.360 1.938 1.318 0.851 

 (0.548) (1.041) (0.613) (1.050) (1.069) (0.977) (0.819) (0.584) 
Unemployment (state) 0.937 0.893 0.960 1.110 1.005 0.926 0.927 1.009 
 (0.072) (0.069) (0.058) (0.093) (0.072) (0.066) (0.068) (0.083) 
Constant 0.020 0.130 0.001** 0.000*** 0.008 0.015 7.121 0.155 
 (0.059) (0.433) (0.002) (0.000) (0.032) (0.049) (24.202) (0.471) 
Observations 2,358 2,365 2,347 2,304 2,291 2,295 2,302 2,299 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A6. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status in prior month(s), 2008. 

 (1) (2) (3) (4) (5) 
 wife in lf 

in (t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.891 0.968 1.085 0.905 1.190 
 (0.222) (0.212) (0.110) (0.406) (0.300) 
Husband not in labor force at (t-1) 0.953 1.077 0.843** 0.924 1.290 

 (0.250) (0.173) (0.067) (0.255) (0.222) 
Husband unemployed both in (t-1) & (t-2)    1.051 0.674 

    (0.523) (0.218) 
Husband’s education (ref: some college)      

Less than high school 0.812 0.841 0.758*** 0.765 0.844 
 (0.186) (0.140) (0.075) (0.181) (0.163) 
High school graduate 0.827 1.163 1.105 0.823 1.155 
 (0.103) (0.163) (0.075) (0.111) (0.173) 
Bachelor degree 1.261 0.724** 0.764*** 1.327* 0.756* 
 (0.193) (0.109) (0.051) (0.217) (0.117) 
Masters or higher 1.350 0.565*** 0.431*** 1.595* 0.608*** 

 (0.383) (0.088) (0.034) (0.446) (0.098) 
Husband's age 0.987 1.008 1.001 0.991 1.011 

 (0.015) (0.009) (0.005) (0.016) (0.009) 
Husband’s unemployment insurance (ref: no ins.) 1.043 1.245 1.105 1.111 1.302 

 (0.413) (0.465) (0.156) (0.467) (0.497) 
Wife’s characteristics      

Wife’s education (ref: some college)      
Less than high school 0.796 0.734* 0.313*** 0.784 0.804 
 (0.158) (0.127) (0.029) (0.171) (0.151) 
High school graduate 0.862 0.838* 0.545*** 0.798 0.881 
 (0.129) (0.088) (0.032) (0.123) (0.094) 
Bachelor degree 0.913 1.471*** 1.220*** 0.858 1.411** 
 (0.129) (0.180) (0.083) (0.129) (0.194) 
Masters or higher 1.117 1.972*** 2.334*** 1.011 1.849*** 

 (0.234) (0.335) (0.222) (0.211) (0.343) 
Wife's age 1.285*** 1.115* 1.161*** 1.269*** 1.126* 
 (0.101) (0.070) (0.043) (0.100) (0.077) 
Wife's age square(a) 0.759*** 0.840** 0.836*** 0.766*** 0.825** 

 (0.076) (0.069) (0.038) (0.077) (0.073) 
Wife’s race & ethnicity (ref: White alone)       

Black  0.674** 1.494*** 1.448*** 0.695* 1.503** 
 (0.133) (0.196) (0.142) (0.138) (0.250) 
Asian  0.590*** 0.740* 0.674*** 0.562*** 0.836 
 (0.114) (0.124) (0.063) (0.110) (0.143) 
Other races or more than one 0.543** 0.939 1.020 0.589** 0.868 

 (0.129) (0.263) (0.133) (0.154) (0.275) 
Family variables      

Number of children under 18 (ref: 2 children)      
0 child 1.133 1.270* 1.704*** 1.030 1.288* 
 (0.167) (0.156) (0.117) (0.164) (0.166) 
1 child 0.927 1.071 1.303*** 0.850 1.019 
 (0.118) (0.136) (0.075) (0.107) (0.136) 
3 or more children 0.803 0.848 0.608*** 0.732* 0.886 

 (0.124) (0.094) (0.040) (0.124) (0.105) 
Residence (ref: metro)      

Not metro 1.138 1.010 1.186** 1.268 1.003 
 (0.154) (0.127) (0.087) (0.183) (0.126) 
Not Identified 1.235 1.236 1.313** 1.228 1.029 

 (0.355) (0.254) (0.158) (0.374) (0.211) 
Unemployment (state) 0.872*** 1.016 0.977 0.896*** 0.998 
 (0.035) (0.028) (0.015) (0.037) (0.031) 
Constant 2.302 0.007*** 0.182** 2.194 0.006*** 
 (3.344) (0.008) (0.124) (3.203) (0.008) 
Observations 44,668 15,821 60,489 36,220 12,609 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A7. Odds ratios for logit predicting wives’ likelihood of labor force participation at 
t as function of husband’s labor force status in prior month(s), 2009. 

 (1) (2) (3) (4) (5) 
 wife in lf 

in (t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.762* 1.710*** 1.182** 0.674* 1.563** 
 (0.125) (0.261) (0.090) (0.152) (0.345) 
Husband not in labor force at (t-1) 1.211 1.364** 1.061 1.198 1.373** 

 (0.186) (0.202) (0.095) (0.184) (0.204) 
Husband unemployed both in (t-1) & (t-2)    1.168 1.093 

    (0.276) (0.257) 
Husband’s education (ref: some college)      

Less than high school 0.639*** 0.942 0.728*** 0.639*** 0.918 
 (0.085) (0.130) (0.060) (0.085) (0.124) 
High school graduate 0.921 0.940 1.070 0.934 0.945 
 (0.099) (0.094) (0.068) (0.100) (0.094) 
Bachelor degree 0.905 0.629*** 0.720*** 0.912 0.631*** 
 (0.104) (0.072) (0.049) (0.105) (0.072) 
Masters or higher 0.587*** 0.588*** 0.428*** 0.588*** 0.591*** 

 (0.067) (0.079) (0.036) (0.067) (0.080) 
Husband's age 1.004 0.997 1.003 1.004 0.998 

 (0.008) (0.008) (0.004) (0.008) (0.009) 
Husband’s unemployment insurance (ref: no ins.) 1.203 0.855 1.069 1.189 0.870 

 (0.252) (0.166) (0.106) (0.250) (0.173) 
Wife’s characteristics      

Wife’s education (ref: some college)      
Less than high school 0.533*** 0.758* 0.355*** 0.539*** 0.767* 
 (0.067) (0.111) (0.035) (0.068) (0.113) 
High school graduate 0.751*** 0.891 0.582*** 0.754*** 0.894 
 (0.055) (0.083) (0.033) (0.055) (0.083) 
Bachelor degree 1.313*** 1.377*** 1.400*** 1.318*** 1.376*** 
 (0.130) (0.163) (0.093) (0.130) (0.162) 
Masters or higher 2.126*** 1.516** 2.629*** 2.126*** 1.520** 

 (0.329) (0.255) (0.281) (0.329) (0.255) 
Wife's age 1.168*** 1.068 1.170*** 1.175*** 1.067 
 (0.063) (0.058) (0.041) (0.064) (0.057) 
Wife's age square(a) 0.846** 0.901 0.825*** 0.839** 0.901 

 (0.058) (0.064) (0.037) (0.058) (0.064) 
Wife’s race & ethnicity (ref: White alone)       

Black  1.025 1.499*** 1.445*** 1.018 1.482*** 
 (0.143) (0.222) (0.139) (0.143) (0.221) 
Asian  0.905 0.690** 0.621*** 0.917 0.692** 
 (0.149) (0.116) (0.060) (0.151) (0.116) 
Other races or more than one 0.859 1.165 1.023 0.851 1.172 

 (0.146) (0.243) (0.137) (0.145) (0.245) 
Family variables      

Number of children under 18 (ref: 2 children)      
0 child 1.177* 1.703*** 1.927*** 1.168* 1.722*** 
 (0.104) (0.193) (0.132) (0.105) (0.196) 
1 child 0.954 1.188 1.205*** 0.946 1.184 
 (0.084) (0.126) (0.073) (0.084) (0.127) 
3 or more children 0.834* 0.804** 0.579*** 0.826* 0.811** 

 (0.087) (0.081) (0.037) (0.087) (0.082) 
Residence (ref: metro)      

Not metro 1.087 0.931 1.103 1.096 0.933 
 (0.101) (0.100) (0.084) (0.103) (0.101) 
Not Identified 1.171 0.960 1.236 1.163 0.965 

 (0.237) (0.194) (0.176) (0.235) (0.195) 
Unemployment (state) 0.995 0.995 0.976** 0.995 0.995 
 (0.018) (0.019) (0.010) (0.018) (0.019) 
Constant 2.490 0.017*** 0.168** 2.220 0.018*** 
 (2.469) (0.018) (0.115) (2.238) (0.018) 
Observations 87,457 29,282 116,739 86,877 29,083 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A8. Odds ratios predicting wives’ likelihood of labor force participation at t as 
function of husband’s labor force status in prior month(s), 2010. 

 (1) (2) (3) (4) (5) 
 wife in lf 

in (t-1) 
wife not in 
lf in (t-1) 

wife in lf or 
nlf in (t-1) 

wife in lf 
in (t-1) 

wife not in 
lf in (t-1) 

Husband’s characteristics      
Husband’s labor force status (ref: hus is emp at t-1)      

Husband is unemployed at (t-1) 0.827 1.332 1.277*** 0.816 1.028 
 (0.148) (0.243) (0.114) (0.251) (0.310) 
Husband not in labor force at (t-1) 0.943 1.448** 0.994 0.933 1.460** 

 (0.171) (0.243) (0.093) (0.170) (0.247) 
Husband unemployed both in (t-1) & (t-2)    1.042 1.326 

    (0.355) (0.424) 
Husband’s education (ref: some college)      

Less than high school 0.892 1.157 0.730*** 0.888 1.170 
 (0.137) (0.204) (0.066) (0.137) (0.208) 
High school graduate 1.057 1.300** 1.090 1.057 1.319** 
 (0.114) (0.171) (0.074) (0.117) (0.173) 
Bachelor degree 1.290* 0.758* 0.754*** 1.280* 0.762* 
 (0.181) (0.123) (0.055) (0.179) (0.124) 
Masters or higher 0.848 0.581*** 0.440*** 0.849 0.588*** 

 (0.154) (0.116) (0.039) (0.160) (0.118) 
Husband's age 1.008 1.010 0.998 1.008 1.010 

 (0.010) (0.011) (0.005) (0.010) (0.011) 
Husband’s unemployment insurance (ref: no ins.) 1.066 0.851 0.954 1.038 0.870 

 (0.236) (0.225) (0.099) (0.229) (0.234) 
Wife’s characteristics      

Wife’s education (ref: some college)      
Less than high school 0.595*** 0.526*** 0.377*** 0.593*** 0.526*** 
 (0.100) (0.096) (0.038) (0.100) (0.096) 
High school graduate 0.921 0.721** 0.617*** 0.916 0.721** 
 (0.103) (0.094) (0.037) (0.103) (0.094) 
Bachelor degree 1.388*** 1.054 1.352*** 1.398*** 1.039 
 (0.165) (0.164) (0.092) (0.169) (0.163) 
Masters or higher 2.356*** 1.415* 2.850*** 2.376*** 1.426* 

 (0.497) (0.294) (0.332) (0.506) (0.299) 
Wife's age 1.025 1.042 1.224*** 1.021 1.048 
 (0.053) (0.061) (0.046) (0.054) (0.061) 
Wife's age square(a) 0.996 0.903 0.784*** 1.002 0.896 

 (0.065) (0.066) (0.036) (0.067) (0.065) 
Wife’s race & ethnicity (ref: White alone)       

Black  1.012 1.415** 1.359*** 1.004 1.442** 
 (0.174) (0.238) (0.137) (0.172) (0.242) 
Asian  0.771 0.836 0.592*** 0.778 0.853 
 (0.125) (0.171) (0.060) (0.128) (0.176) 
Other races or more than one 0.726 1.158 0.878 0.757 1.170 

 (0.146) (0.254) (0.117) (0.156) (0.259) 
Family variables      

Number of children under 18 (ref: 2 children)      
0 child 1.036 1.726*** 1.872*** 1.041 1.707*** 
 (0.121) (0.259) (0.129) (0.121) (0.259) 
1 child 0.961 1.434*** 1.245*** 0.961 1.433*** 
 (0.108) (0.187) (0.076) (0.108) (0.186) 
3 or more children 0.739** 1.079 0.581*** 0.742** 1.074 

 (0.090) (0.147) (0.042) (0.090) (0.146) 
Residence (ref: metro)      

Not metro 0.786** 1.158 1.049 0.786** 1.166 
 (0.075) (0.133) (0.082) (0.076) (0.134) 
Not Identified 0.903 1.220 1.165 0.896 1.222 

 (0.196) (0.265) (0.175) (0.195) (0.264) 
Unemployment (state) 0.983 0.959 0.953*** 0.983 0.957* 
 (0.022) (0.024) (0.012) (0.023) (0.024) 
Constant 25.277**

* 
0.030*** 0.090*** 26.755**

* 
0.028*** 

 (24.445) (0.033) (0.063) (26.527) (0.031) 
Observations 52,299 18,690 70,989 51,966 18,574 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

            (a)Wife’s age square is defined by age square divided by hundred. 
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Table A9. Odds ratios from logit predicting wives’ likelihood of labor force participation at t as 
function of husband’s unemployment in prior month, (t-1): 2008, 2009 & 2010. 

 (1) (2) (3) (4) 
 month dummies & 

interaction terms 
month dummies interaction 

terms with controls 
 wife in lf in 

(t-1) 
wife not in 
lf in (t-1) 

wife in lf in 
(t-1) 

wife not in lf 
in (t-1) 

Monthly dummies (ref:Dec2008)     
Aug2008 1.505** 0.924 1.487** 0.915 
 (0.275) (0.137) (0.273) (0.137) 
Sep2008 0.830 1.798*** 0.822 1.801*** 
 (0.139) (0.217) (0.139) (0.218) 
Oct2008 0.838 1.480*** 0.835 1.499*** 
 (0.125) (0.176) (0.124) (0.178) 
Nov2008 0.739** 1.069 0.742** 1.089 

 (0.109) (0.141) (0.110) (0.144) 
Jan2009 0.547*** 1.017 0.559*** 1.046 
 (0.080) (0.144) (0.083) (0.150) 
Feb2009 0.742* 0.880 0.764* 0.912 
 (0.116) (0.133) (0.123) (0.142) 
Mar2009 0.672** 0.779* 0.699** 0.816 
 (0.103) (0.112) (0.110) (0.123) 
Apr2009 0.859 1.029 0.900 1.085 
 (0.137) (0.140) (0.139) (0.155) 
May2009 0.640*** 0.881 0.678** 0.940 
 (0.097) (0.126) (0.106) (0.140) 
Jun2009 0.794 0.959 0.843 1.027 
 (0.112) (0.132) (0.125) (0.143) 
Jul2009 0.606*** 1.062 0.643*** 1.148 
 (0.089) (0.147) (0.099) (0.177) 
Aug2009 0.613*** 1.187 0.655*** 1.287* 
 (0.086) (0.162) (0.102) (0.189) 
Sep2009 0.708** 1.305** 0.755 1.415*** 
 (0.118) (0.157) (0.133) (0.179) 
Oct2009 0.655** 0.801 0.702** 0.864 
 (0.109) (0.139) (0.119) (0.163) 
Nov2009 0.619*** 0.903 0.660** 0.976 
 (0.097) (0.139) (0.105) (0.163) 
Dec2009 0.505*** 0.769* 0.536*** 0.831 
 (0.067) (0.116) (0.077) (0.139) 
Jan2010 0.606*** 0.796 0.642*** 0.858 
 (0.096) (0.133) (0.108) (0.155) 
Feb2010 0.793 0.715** 0.835 0.767 
 (0.127) (0.110) (0.146) (0.126) 
Mar2010 0.640*** 1.066 0.675** 1.140 
 (0.093) (0.145) (0.106) (0.159) 
Apr2010 0.681** 0.698** 0.717* 0.746* 
 (0.109) (0.114) (0.120) (0.131) 
May2010 0.524*** 0.809 0.549*** 0.871 
 (0.082) (0.122) (0.089) (0.138) 
Jun2010 0.627*** 0.875 0.657** 0.933 
 (0.103) (0.114) (0.114) (0.128) 
Jul2010 0.574*** 1.079 0.603*** 1.153 
 (0.082) (0.156) (0.089) (0.178) 
Aug2010 0.677*** 1.281* 0.714** 1.367** 
 (0.096) (0.175) (0.107) (0.188) 

Husband’s characteristics     
Interaction terms     

Husband is unemployed*December2008 (ref.) 1.222 1.898** 1.392 1.880** 
 (0.759) (0.592) (0.871) (0.599) 

Husband is unemployed*August2008 0.677 0.864 0.759 0.841 
 (0.444) (0.450) (0.502) (0.443) 
Husband is unemployed*September2008 0.485 0.979 0.544 0.959 
 (0.222) (0.464) (0.250) (0.456) 
Husband is unemployed*October2008 0.456** 0.690 0.546 0.639 
 (0.173) (0.361) (0.202) (0.335) 
Husband is unemployed*November2008 0.915 1.215 1.060 1.154 
 (0.406) (0.548) (0.474) (0.536) 
Husband is unemployed*January2009 0.894 1.007 0.990 0.998 
 (0.350) (0.401) (0.397) (0.404) 
Husband is unemployed*February2009 0.499* 0.969 0.545 0.971 
 (0.177) (0.500) (0.201) (0.491) 
Husband is unemployed*March2009 0.811 2.611*** 0.876 2.570*** 
 (0.332) (0.787) (0.354) (0.774) 
Husband is unemployed*April2009 0.515** 2.178** 0.549* 2.185** 
 (0.164) (0.770) (0.179) (0.763) 
Husband is unemployed*May2009 0.772 1.558 0.783 1.543 
 (0.312) (0.653) (0.329) (0.669) 
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Husband is unemployed*June2009 1.494 2.084* 1.524 2.128* 
 (0.860) (0.862) (0.882) (0.934) 
Husband is unemployed*July2009 0.592 3.304*** 0.613 3.316*** 
 (0.206) (1.171) (0.221) (1.199) 
Husband is unemployed*August2009 0.726 0.961 0.762 0.944 
 (0.259) (0.433) (0.287) (0.433) 
Husband is unemployed*September2009 0.529* 1.005 0.556 0.983 
 (0.193) (0.475) (0.207) (0.482) 
Husband is unemployed*October2009 1.299 0.424 1.335 0.424 
 (0.500) (0.291) (0.508) (0.288) 
Husband is unemployed*November2009 0.577 1.949* 0.610 1.961* 
 (0.237) (0.741) (0.263) (0.791) 
Husband is unemployed*December2009 1.055 1.973* 1.127 1.983* 
 (0.424) (0.755) (0.475) (0.793) 
Husband is unemployed*January 2010 0.674 2.182* 0.743 2.108* 
 (0.208) (0.867) (0.239) (0.862) 
Husband is unemployed*February 2010 0.604 1.782 0.686 1.715 
 (0.216) (0.694) (0.251) (0.669) 
Husband is unemployed*March2010 0.839 1.686* 0.914 1.596 
 (0.300) (0.529) (0.322) (0.519) 
Husband is unemployed*April2010 0.895 0.870 0.985 0.829 
 (0.439) (0.573) (0.500) (0.558) 
Husband is unemployed*May2010 0.638 1.101 0.689 1.067 
 (0.200) (0.546) (0.217) (0.538) 
Husband is unemployed*June2010 0.599 2.074* 0.636 2.032* 
 (0.229) (0.815) (0.247) (0.794) 
Husband is unemployed*July2010 1.054 0.404 1.106 0.383 
 (0.574) (0.279) (0.615) (0.259) 
Husband is unemployed*August2010 0.844 0.991 0.883 0.941 
 (0.420) (0.351) (0.438) (0.342) 

Husband’s education (ref: some college)     
Less than high school   0.739*** 0.982 
   (0.074) (0.095) 
High school graduate   0.950 1.106 
   (0.063) (0.089) 
Bachelor degree   1.076 0.685*** 
   (0.080) (0.059) 
Masters or higher   0.756*** 0.576*** 

   (0.080) (0.060) 
Husband's age   1.002 1.004 

   (0.006) (0.006) 
Husband’s unemployment insurance (ref: no ins.)   1.146 0.918 

   (0.168) (0.128) 
Wife’s characteristics     

Wife’s education (ref: some college)     
Less than high school   0.588*** 0.673*** 
   (0.055) (0.079) 
High school graduate   0.826*** 0.825*** 
   (0.050) (0.058) 
Bachelor degree   1.257*** 1.299*** 
   (0.097) (0.106) 
Masters or higher   1.969*** 1.601*** 

   (0.234) (0.189) 
Wife's age   1.139*** 1.067* 
   (0.038) (0.040) 
Wife's age square(a)   0.874*** 0.892** 

   (0.036) (0.043) 
Wife’s race & ethnicity (ref: White alone)      

Black    0.939 1.489*** 
   (0.100) (0.151) 
Asian    0.793** 0.750*** 
   (0.087) (0.081) 
Other races or more than one   0.751** 1.122 
   (0.104) (0.163) 

Family variables     
Number of children under 18 (ref: 2 children)     

0 child   1.125* 1.602*** 
   (0.076) (0.117) 
1 child   0.955 1.220*** 
   (0.062) (0.089) 
3 or more children   0.798*** 0.886* 

   (0.061) (0.060) 
Residence (ref: metro)     

Not metro   0.978 1.032 
   (0.065) (0.083) 
Not Identified   1.074 1.097 
   (0.160) (0.164) 

Unemployment (state)   0.979 0.985 
   (0.014) (0.016) 
Observations 184,424 63,793 184,424 63,793 
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Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
               (a)Wife’s age square is defined by age square divided by hundred. 

 
 

Table A10. Average partial effect predicting wives’ likelihood of labor force participation 
at t as function of husband’s labor force status in prior month(s), 2008 to 2010. 

 (1) (2) (3) (4) (5) 
 wife in lf in 

(t-1) 
wife not in lf 

in (t-1) 
wife in lf or nlf 

in (t-1) 
wife in lf in 

(t-1) 
wife not in lf 

in (t-1) 
Husband’s characteristics      

Husband’s labor force status (ref: hus is emp at t-1)      
Husband is unemployed at (t-1) -0.003* 0.015*** 0.029*** -0.004 0.011 
 (0.002) (0.005) (0.011) (0.003) (0.007) 
Husband not in labor force at (t-1) 0.001 0.011** -0.003 0.001 0.013*** 

 (0.001) (0.005) (0.012) (0.001) (0.005) 
Husband unemployed both in (t-1) & (t-2)    0.001 0.002 

    (0.002) (0.007) 
Husband’s education (ref: some college)      

Less than high school -0.004*** -0.001 -0.053*** -0.004*** -0.001 
 (0.001) (0.004) (0.014) (0.002) (0.004) 
High school graduate -0.001 0.004 0.013 -0.001 0.004 
 (0.001) (0.004) (0.009) (0.001) (0.004) 
Bachelor degree 0.001 -0.013*** -0.052*** 0.001 -0.013*** 
 (0.001) (0.003) (0.011) (0.001) (0.003) 
Masters or higher -0.004** -0.018*** -0.159*** -0.004** -0.017*** 

 (0.002) (0.003) (0.015) (0.002) (0.003) 
Husband's age 0.000 0.000 0.000 0.000 0.000 

 (0.000) (0.000) (0.001) (0.000) (0.000) 
Husband’s unemployment insurance (ref: no ins.) 0.001 -0.003 0.007 0.001 -0.002 
 (0.002) (0.004) (0.013) (0.002) (0.005) 
Wife’s characteristics      

Wife’s education (ref: some college)      
Less than high school -0.009*** -0.012*** -0.220*** -0.009*** -0.012*** 
 (0.002) (0.003) (0.020) (0.002) (0.004) 
High school graduate -0.003*** -0.007*** -0.106*** -0.003*** -0.006** 
 (0.001) (0.002) (0.010) (0.001) (0.002) 
Bachelor degree 0.003*** 0.011*** 0.048*** 0.003*** 0.010*** 
 (0.001) (0.004) (0.010) (0.001) (0.004) 
Masters or higher 0.006*** 0.022*** 0.132*** 0.006*** 0.021*** 

 (0.001) (0.006) (0.011) (0.001) (0.007) 
Wife's age 0.002*** 0.003* 0.029*** 0.002*** 0.003* 
 (0.000) (0.001) (0.006) (0.000) (0.001) 
Wife's age square(a) -0.002*** -0.004** -0.036*** -0.002*** -0.005** 

 (0.000) (0.002) (0.007) (0.001) (0.002) 
Wife’s race & ethnicity (ref: White alone)       

Black  -0.001 0.016*** 0.056*** -0.001 0.017*** 
 (0.001) (0.005) (0.013) (0.001) (0.005) 
Asian  -0.003* -0.009*** -0.091*** -0.003* -0.008** 
 (0.002) (0.003) (0.018) (0.002) (0.003) 
Other races or more than one -0.004* 0.004 -0.005 -0.004 0.004 

 (0.002) (0.006) (0.021) (0.002) (0.006) 
Family variables      

Number of children under 18 (ref: 2 children)      
0 child 0.001* 0.019*** 0.102*** 0.001 0.019*** 
 (0.001) (0.003) (0.010) (0.001) (0.003) 
1 child -0.001 0.007*** 0.038*** -0.001 0.007** 
 (0.001) (0.003) (0.009) (0.001) (0.003) 
3 or more children -0.003*** -0.004* -0.111*** -0.003*** -0.003 

 (0.001) (0.002) (0.012) (0.001) (0.002) 
Residence (ref: metro)      

Not metro -0.000 0.000 0.018 -0.000 0.000 
 (0.001) (0.003) (0.012) (0.001) (0.003) 
Not Identified 0.001 0.003 0.035* 0.001 0.001 

 (0.002) (0.006) (0.021) (0.002) (0.006) 
Unemployment (state) -0.001*** -0.001*** -0.004*** -0.000*** -0.002*** 
 (0.000) (0.000) (0.001) (0.000) (0.000) 
Observations 184,424 63,793 248,217 175,063 60,266 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
             (a)Wife’s age square is defined by age square divided by hundred. 
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Table A11. Means for variables: wife in LF in t,  husband employed in (t-1),  husband 
unemployed in (t-1) & husband not in the labor force in (t-1) 

Month (t) 
Wife in LF in (t-1): Wife NILF in (t-1): 

Wife in 
LF in t 

Hus emp 
in (t-1) 

Hus unemp 
in (t-1) 

Hus NILF 
in (t-1) 

Wife in 
LF in t 

Hus emp 
in (t-1) 

Hus unemp 
in (t-1) 

Hus NILF 
in (t-1) 

Jun-08 0.994 0.907 0.030 0.063 0.036 0.880 0.032 0.089 

Jul-08 0.996 0.905 0.037 0.058 0.033 0.886 0.032 0.082 

Aug-08 0.994 0.902 0.041 0.057 0.034 0.899 0.038 0.063 

Sep-08 0.990 0.904 0.042 0.055 0.065 0.899 0.035 0.065 

Oct-08 0.990 0.909 0.040 0.051 0.053 0.903 0.038 0.059 

Nov-08 0.989 0.908 0.044 0.047 0.040 0.898 0.047 0.055 

Dec-08 0.989 0.904 0.048 0.049 0.042 0.887 0.056 0.057 

Jan-09 0.985 0.888 0.062 0.050 0.038 0.876 0.066 0.058 

Feb-09 0.988 0.882 0.066 0.053 0.033 0.885 0.062 0.053 

Mar-09 0.987 0.884 0.064 0.052 0.032 0.873 0.072 0.055 

Apr-09 0.990 0.882 0.066 0.052 0.041 0.878 0.067 0.055 

May-09 0.987 0.879 0.071 0.050 0.034 0.883 0.064 0.052 

Jun-09 0.990 0.879 0.070 0.051 0.038 0.888 0.058 0.054 

Jul-09 0.986 0.875 0.073 0.053 0.044 0.890 0.058 0.052 

Aug-09 0.986 0.871 0.076 0.053 0.044 0.893 0.058 0.048 

Sep-09 0.987 0.873 0.074 0.053 0.048 0.888 0.066 0.046 

Oct-09 0.987 0.878 0.069 0.053 0.029 0.890 0.064 0.047 

Nov-09 0.986 0.878 0.068 0.054 0.036 0.889 0.061 0.050 

Dec-09 0.984 0.878 0.071 0.052 0.031 0.881 0.069 0.050 

Jan-10 0.986 0.866 0.081 0.053 0.032 0.873 0.076 0.050 

Feb-10 0.989 0.866 0.082 0.052 0.028 0.872 0.073 0.054 

Mar-10 0.987 0.870 0.078 0.052 0.041 0.871 0.072 0.058 

Apr-10 0.988 0.872 0.076 0.052 0.026 0.878 0.064 0.059 

May-10 0.984 0.876 0.071 0.054 0.031 0.879 0.065 0.056 

Jun-10 0.986 0.876 0.067 0.057 0.035 0.883 0.059 0.058 

Jul-10 0.986 0.880 0.065 0.055 0.039 0.882 0.060 0.058 

Aug-10 0.988 0.881 0.063 0.056 0.047 0.882 0.060 0.058 
Note: LF and NILF refer to not in labor force respectively.  
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CHAPTER 2: THE IMPACT OF MARRIED WOMEN’S LABOR MARKET 
PARTICIPATION ON POVERTY DURING THE GREAT RECESSION 

 

Introduction 

Due to a decline in the income share of young and less educated households, 

poverty in the United States during the great recession rose dramatically and continued to 

grow until 2012 (Thompson & Smeeding, 2013).9 In response, federal and state 

governments introduced a variety of social policies, including extending Unemployment 

Insurance (UI) for up to two years. Households also took some measures to fight poverty. 

Spouses of unemployed husbands joined the labor force as income from spouses served 

as insurance in dual-earner families. Males and females suffered differentially in the face 

of the great recession. Males were impacted more than females in terms of job loss, and 

the recession was dubbed a “mancession” (Blau & Winkler, 2017). Working wives’ 

contributions saved some families from falling into poverty or contributed to maintaining 

consumption smoothing. This study investigates to what extent a working wife helped her 

family escape poverty and how this function developed over the course of the great 

recession. 

Some studies look at the wife’s labor supply as a substitute for a husband’s 

earnings, whereas other studies consider how husbands’ and wives’ earnings jointly 

contribute to family welfare (Cancian & Reed, 2008; Garcia-Escribano, 2004; Hardoy & 

Schøne, 2014; Iceland, 2003; Pencavel, 2007). However, only a few of them discuss 

income loss by the family that can arise due to an economic slowdown. Also, no study 

 
9According to the official measure, during the great recession, poverty showed an increasing trend from 
13.2% in 2008 to 14.3% in 2009. Poverty reached a record high of 15.0% in 2012. 
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relates poverty to the added worker effect (AWE).10 The current study looks at family 

poverty during the great recession considering the effects of wife’s work when the 

husband loses his job. However, I also consider the role that the wife’s earnings have on 

family poverty in the case where the husband is employed or is out of the labor force for 

an extended period.  

The increasing labor force participation by females makes an important 

contribution to households’ income and overall wellbeing. In this paper, I start with the 

question: What is the impact of married women’s labor market participation on poverty 

during the recession of 2008-2010? The research question is novel, and to the best of my 

knowledge, no one has addressed this important research question. In this paper, I will 

report exactly what happens during the great recession in terms of wife’s monetary 

contribution to the family. 

Those married women who enter the labor market when their husbands lose their 

jobs during the recessionary period form what has been termed the added worker effect. 

There is uncertainty about the labor market participation of married women in the face of 

a husband’s job loss. One group of women joined the labor market as their husbands lose 

their jobs. Those households have income constraints or other reasons they turn to the 

labor market. On the other hand, other groups of married women did not join the labor 

market despite their husbands' job loss. My approach considers these households' 

experiences and the extent to which they have other resources protecting them from 

poverty.   

 
10 The added worker effect is defined as the impact on labor supply of wives’ who are transitioning to the 
labor market due to their husbands’ unemployment. 
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The prior literature focuses on the effect of working wives’ on income inequality 

(Agrawal & Desai, 2017; Betson & Van Der Gaag, 1984; Cancian & Reed, 1999; 

Iceland, 2003; Kimberlin et al., 2016; Sudo, 2017). These studies considered single 

earners vs. joint earners' households, comparing husbands’ and wives’ contributions. 

Cattan (1998) is the only paper that looked at the effect of working wives on poverty, but 

its results are open to question on methodological grounds. It focuses on descriptive 

statistics and their changes over time and examines only aggregate relationships between 

women’s labor force participation and poverty. In contrast, this study examines the direct 

tie between a wife’s labor force participation and her family’s poverty status.   

To summarize main results, overall wife’s earnings reduced family poverty level 

by around 10 percentage points during the great recession and hovered around 30 

percentage points for families with unemployed husbands. Families with husbands that 

are not in the labor force experience the greatest impact from wife’s earnings on poverty, 

as high as 35 percentage points. I also use an extension of the standard Blinder-Oaxaca 

decomposition framework that decomposes the working wife’s effect on the proportion 

of families below poverty as it changes through the recession. The study uses Official 

Poverty Measure (OPM) as a conventional and widely used poverty measure and a new 

Supplemental Poverty Measure (SPM). Replicating the OPM analyses with the SPM does 

not alter the main findings of the study. Overall, these findings provide evidence that 

wives' labor market participation works as insurance for low-income families, suggesting 

that policies to encourage and facilitate women’s work will reduce poverty.  
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As study findings confirm the importance of wives’ employment, they underscore the 

difficulties that poor families faced during the COVID-19 recession, in which 

employment for women was particularly hard hit. 

 

Literature Review 

Wives’ labor force participation has increased substantially over the decades. 

Since 1970, the increase has happened mostly for women raising children (Blau, 1998; 

Blau & Kahn, 2007). There were changes in the level and distribution of income for 

married couple families and single female headed families (Cancian & Reed, 1999). 

From the perspective of the household, wives’ financial contributions to their families 

have become increasingly important. At the same time, household income inequality is 

also increasing. Garcia-Escribano (2004) studied the intensive and extensive margins of 

wives’ labor force participation responsiveness due to a transitory income loss of their 

husbands using PSID data from 1975 to 1991. The study found a strong causality. In 

particular, in families with credit constraints, wives’ were more likely to respond to 

husband’s earnings loss by increasing labor force participation.  

Wives’ earnings have reduced income inequality in the US from 1979 to 1989. 

Rejecting the Gini coefficient's standard decomposition, Cancian and Reed (1998, 1999) 

proposed three counterfactual-based measures that address the research question. In the 

first measure, the study considered the observed level of inequality relative to what would 

have been the level of inequality if wives had no income. The second measure considered 

a reduction of wives’ earnings by a small percentage and compared the degree of 

inequality with the initial level of inequality. In the third measure, the study set the 
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income for all wives equal to the observed mean, comparing the degree of inequality with 

the observed level of inequality. All three approaches suggested that the wives’ earnings 

have reduced family income inequality. The impact of earnings of working married 

women on the distribution of total household income in the United States from 1968-

1980 shows that there has been an increasing importance of wives’ earnings on total 

household income and served to decrease inequality as well (Betson & Van Der Gaag, 

1984). Increased wives’ employment created a substantial reduction in the growth of 

family earnings inequality, which occurred for highly educated couples (Pencavel, 2007). 

Considering the last half of the twentieth century, we observe three contrasting 

periods of changes. In the first period of 1949 to 1970, income grew dramatically, 

economic inequality declined, the proportion of single-headed families increased but 

remained at a low level, and  poverty decline sharply (Danziger & Gottschalk, 1995; 

Haveman & Schwabish, 1999). In the second period of 1970 to 1980, we see slow 

economic growth coinciding with growing income inequality, while the proportion of 

single-headed families increased and poverty was stagnant. In the next decade of 1990s, 

there were mixed trends. Economic growth was at a record high, economic inequality 

grew, the proportion of single-headed families reached a plateau, and poverty was 

declining (Cancian & Reed, 2008; Dalaker, 2001; Jones Jr & Weinberg, 2000). Overlaid 

on these trends, an extensive body of research has found that poverty has gone up during 

the recessions of 1974–1975, 1982–1983, and 1990–1991 (Blank & Blinder, 1985; 

Devine & Wright, 1993; Iceland, 2003b). 
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Poverty Measures in the United States 

President Johnson’s declaration of the “war on poverty” in 1964 created new 

momentum in efforts to measure poverty (Fisher, 1992). In the next year, the Office of 

Economic Opportunity adopted a working definition proposed by Mollie Orshansky. 

According to this measure, poverty is based on an income threshold of three times the 

cost of a thrifty food diet to account for other family expenses. The Census Bureau 

published the first set of poverty estimates in 1967. The Office of Management and 

Budget directed the Census Bureau to issue poverty estimates beginning in 1969. Since 

then, there have been numerous minor changes in poverty measure, but the basic 

structure remains the same (Meyer & Sullivan, 2012). 

The official poverty measure (OPM) is often criticized because it is based on a 

threshold of income that fails to capture available family resources (Meyer & Sullivan, 

2012). The OPM is based on families’ pretax money income, which fails to account for 

tax liabilities (Social Security and Medicare taxes are particularly important for families 

with low incomes who have only earnings) and does not include the Earned Income Tax 

Credit and other tax credits and non-cash benefits, such as food stamps, housing or school 

lunch subsidies, or public health insurance. A second limitation of the OPM, it is often 

argued, is that it incorrectly assumes an equivalence for family members regardless their 

ages. Bishop et al. (2018) find that adding a child and adding an adult to the family are 

different in terms of their effects on family needs. In addition, when a family has their 

second child it adds more to the family needs than their first child. From a policy 

perspective, recent major antipoverty policies are not reflected in the official poverty 

measure due to growing importance of EITC benefits, Child Tax Credits and Medicaid. 
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The growth of the food stamp program (now the Supplemental Nutrition Assistance 

Program) is also important.  

The “Supplemental Poverty Measures (SPM)” published beginning in November 

2011, incorporate various changes recommended to the Census Bureau and the Bureau of 

Labor Statistics. The official poverty estimates are based on pretax cash resources, and 

the supplemental poverty estimates include noncash benefits from government transfer 

programs (Short & Renwick, 2010). Supplemental poverty estimates also subtract certain 

necessary expenses, like taxes, medical expenses, and housing. Both measures determine 

a family’s poverty status based on the poverty threshold or poverty line, which is the 

minimum level of resources necessary to meet the basic need of the family. However, 

they differ by region, as the official poverty measure doesn’t consider geographic 

differences, whereas the supplemental measure accounts for regional differences in living 

costs. For both measures, cash income includes wages and salaries, interest, dividends, 

pension payments, Social Security benefits, and cash transfers such as disability 

payments, unemployment and workers’ compensation, and veteran’s payments, public 

assistance, and the like. In addition to cash income the supplemental poverty measure 

adds government in-kind transfers, including SNAP (food stamps), housing subsidies, 

low-income home energy assistance, national school lunch program benefits, WIC 

benefits, etc., and subtracts taxes, child care expenses, expenses related to work, child 

support paid, and medical expenses.   
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Data Collection 

The source of data used in this study is the 2008 Survey of Income and Program 

Participation conducted by the U.S. Census Bureau.11 SIPP is a household-based survey 

designed as a continuous series of national panels. SIPP has provided interviews of the 

civilian noninstitutionalized population living in the United States since its inception in 

1983 (U.S. Census Bureau, n.d.). The SIPP is based on a nationally representative 

sample, with households followed for approximately four years and provides data on 

basic demographic and social characteristics for each member of the household, including 

age, sex, race, ethnic origin, marital status, relationship within the household, education, 

and veteran status. The SIPP allows for the examination of the interaction between tax, 

transfer, and other government and private policies. SIPP collects information on 

assistance received either directly as cash or indirectly as in-kind benefits.  

The structure of the data file is “person-month” and makes available all the data 

on a monthly basis. Households and their characteristics are defined on a monthly basis. 

SIPP provides information on labor force status and allows us to track individuals’ 

monthly employment status. Although the SIPP is subject to differential attrition, sample 

weights are designed to address the bias that may arise from sample attrition (Czajka et 

al., 2008).  

The benefits of using the SIPP data are many. First, it has a shorter recall period 

than the Current Population Survey (CPS). Respondents need to remember information in 

only the prior four months, whereas in the CPS respondents must remember 12 months of 

 
11 This study downloaded 2008 SIPP data from the National Bureau of Economic Research (NBER) 
website where NBER provides Stata data definition files for the convenience of researchers. I use data from 
this survey from the panel of information on households extending through August 2010. The NBER 
website is http://www.nber.org/data/survey-of-income-and-program-participation-sipp-data.html. 
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information. Second, SIPP tracks movers and the CPS does not track movers (Mattingly 

& Smith, 2010). Third, SIPP provides weights to make the sample representative of the 

U.S. population, but as households from high poverty areas are oversampled, there is an 

increase in the power for analyses, like ours, that focus on households experiencing 

poverty and unemployment. Fourth, the SIPP survey is particularly focused on obtaining 

information regarding receipt of government transfers and participation in related 

programs. 

This paper has also estimated poverty based on the supplemental poverty measure 

(SPM). In addition to the SIPP survey data, I estimate household federal and state income 

tax liabilities and the federal social insurance taxes using the National Bureau of 

Economic Research (NBER) TAXSIM simulation model (Feenberg & Coutts, 1993) 

based on household income and demographic data from the SIPP survey. Discussion and 

the procedure to calculate the income tax, which is required to calculate household 

poverty based on the SPM, can be found in appendix A. 

 

The Sample and Descriptive Statistics Data Collection 

This study uses data from the Survey of Income and Program Participation (SIPP) 

of 2008. I take 28 months of data from the first seven waves of SIPP 2008, observations 

for this study extending from May 2008 to August 2010. I discuss two broad areas in this 

research: socio-economic dynamics of families and how their poverty changes during the 

great recession.  

I have applied some restrictions on the data for this analysis. In the first step, I 

consider a sample in which husbands and wives were both between 25 and 54 years of 
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age. This allows me to remove most students and people who are retired (Cullen & 

Gruber, 2000).12 In the next step, I limit my sample to married couples who are living 

together. They are known as “family household married couples.”13  

In table 1, I present detailed descriptive statistics from the sample. The data are 

arranged person by month. We have 13,016 households with a total of 261,233 

observations. Two broad categories of the sample, households in months with employed 

husbands and households in months with husbands who are not employed. Husbands not 

employed include unemployed husbands and husbands who are not in the labor force. In 

our sample, in about 88% of months husbands are employed. On average, wives of 

husbands who are not employed work in 74.6% of the months in the SIPP data. Wives of 

husbands who are employed work 74.3% of the months. Table 1 and all the subsequent 

analyses in this paper use household weights. 

 

Table 1. Summary statistics. 

  Husband employed   
(1) 

Husband not employed  
(2) 

Wife in labor force 0.743 0.746 
Husband's characteristics     

Husband's age 41.9                              
(8.1) 

                41.3  
                (7.7) 

Husband’s Unemployment Insurance     
Yes … 0.269 

Husband’s total earnings     

Wife in labor force  4963.8           
(4530.8) 

1156.4                   
(2087.1) 

 
12 There is no consensus about the age of couples for the added worker effect as studies use various age 
groups for their analyses. For couples, Fernandes and Felício (2005) use ages 25 to 60, Gong (2011) uses 
ages 22 to 59, Mattingly and Smith (2010) use ages 18 to 65, Parker and Skoufias (2004) use ages 20 to 65, 
Karaoglan and Okten (2015) use ages 20 to 54, Mankart and Oikonomou (2016) use ages 25 to 55. 
13 Possible household types identified in the SIPP dataset are family married couple, family male 
householder, family female householder, nonfamily male householder, nonfamily female householder. 
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Wife not in labor force 5801.3             
(6130.3) 

1114.3            
(2193.7) 

Husband total other income     

Wife in labor force 49.4            
(386.5) 

628.1            
(976.7) 

Wife not in labor force 51.6            
(396.3) 

700.0            
(1015.3) 

Wife's characteristics     
Wife's education     

Less than high school 0.078 0.141 
High school graduate 0.199 0.262 
Some college 0.341 0.346 
Bachelor degree 0.257 0.167 
Masters or higher 0.126 0.082 

Wife's age 39.5              
(7.8) 

40.0                 
(8.1) 

Wives' race and ethnicity     
White alone 0.847 0.790 
Black alone 0.069 0.111 
Asian alone 0.056 0.059 
Other races or more than one 0.027 0.039 

Wife total income     

Wife in labor force 3149.0            
(3174.8) 

2955.7            
(3478.0) 

Wife not in labor force 148.6            
(542.1) 

314.4            
(738.4) 

Wife total other income     

Wife in labor force 63.7            
(315.2) 

105.3            
(394.1) 

Wife not in labor force 88.7            
(384.9) 

222.7           
(637.4) 

Family variables     
Family income by labor force status     

Wife in labor force 8447.0            
(6114.7) 

4471.1            
(4471.1) 

Wife not in labor force 6233.8            
(6246.9) 

1746.0            
(2497.1) 

Poverty threshold      

Wife in labor force   1687.0            
(419.4) 

1714.2            
(513.7) 

Wife not in labor force 1857.4            
(471.0) 

1796.9            
(513.7) 

Number of children under 18     
0 child 0.308 0.372 
1 child 0.245 0.237 
2 children 0.282 0.232 
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3 or more children 0.163 0.158 
Residence     

Metro 0.808 0.787 
Not Metro 0.156 0.174 
Not Identified 0.035 0.038 

Ownership of the house     
Owned or being bought 0.787 0.633 
Rented 0.199 0.346 
Occupied without payment 0.013 0.020 

No. of observations  230,127 31,106 
Notes. The numbers are based on tabulations from wave 1 to wave 7 of the 2008 SIPP panel. The first 
column presents the means for the months in which the husband is employed and which satisfy the sample 
restrictions (age, couple, and spouse present). The second column presents the means for months in which 
the husband is not employed. Standard deviations for continuous variables are in the parenthesis. The 
analysis uses household weights. 

 

In the SIPP survey, information on all kinds of income is collected for each month 

with a few exceptions, such as certain kinds of asset income. SIPP earnings information 

considers three different types of earnings, wages and salary, nonfarm self-employment, 

and farm self-employment. SIPP also accounts for unearned income including explicit 

questions for over 30 specific categories, including asset income, unemployment 

compensation, social security income, and means tested cash transfers. The monthly 

incomes figures are before deduction of income and payroll taxes, union fees, Medicare 

premiums, etc. The average monthly family income is $7,424 with a standard deviation 

of $6,235 for the observations in 28 months (first seven waves of the SIPP 2008). When 

we observe monthly family income by labor force status, households where husbands are 

employed have an average income of $8,447, and households where husbands are not 

employed have an average income of $4,471. If we see families where wives’ are not in 

the labor force, the average monthly family incomes are $6,234 and $1,746 for 

households with employed husbands and households with husbands who are not 

employed, respectively. Hence, families, where both husband and wife are employed, 
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have an average monthly income that is greater by 383.8% compared to those families 

where both husband and wife are not employed ($8,447 vs. $1,746). 

The SIPP survey provides a monthly poverty threshold for each family. In table 1, 

we classify the poverty threshold by labor force status of husband and wife, and the 

average is $1687 for families with employed husbands and $1857 for families of non-

working husbands. The poverty threshold of a family depends on the number of family 

members, not the labor force status.  

Figure 1 shows the percentage of families in poverty for each calendar month of 

the survey based on the official poverty measure and identifies the impact of the wife’s 

contribution to family income on poverty. I measure total family income in two different 

ways. In the first, I include total family income that includes all earned income and other 

income in order to determine whether the family is below the poverty line. In the second 

measure, I subtract the wife’s earned income from total family income to calculate 

potential poverty status. In the figure, there are five lines: one line indicates the 

proportion of families in poverty based on total family income, and four others provide 

this proportion based on family income after omitting the wife’s earnings. The first line 

from the x-axis (circle markers), based on total family income, shows a dramatic increase 

of 21.8% during these 28 months, families below poverty changes from 8.2% to 10.0%. 

On average, over the full sample period, 9.3% of families were below poverty. 
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Figure 1. Distribution of poverty by month: percent of family in poverty based on official 
poverty measure 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 

 

The number of families below poverty is greater in the second half of our data 

window compared to the first half. This shows that the recession intensifies family 

poverty. The third line (square markers) is comparable to the first line, as I subtract 

wife’s earnings from total family income. It provides the poverty status of families 

without the wife’s earnings. For this measure, there is an 18.6% increase in the number of 

families below poverty during this period, growing from 17.0% to 20.1%. On average, 

18.6% of families were in poverty over the sample period. It has similar trend as percent 

of families below poverty with total family income. In the second half of our data 

window from July 2009 to August 2010, the numbers are greater than the first half from 

May 2008 to June 2009. 

The husbands' labor force status is of central concern for this study. In particular, 

I focus on unemployed husbands in keeping with the idea of the added worker effect. 

Three other lines in figure 1 show the proportion of families in poverty by husbands' 

labor force status. During this period, I can see how poverty would be influenced by 
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removing wife’s earnings. Removing wives’ earnings causes the proportion of families 

with employed husbands below poverty to grow approximately 26% (from 10.9% to 

13.7), the proportion with unemployed husbands to grow approximately 38% (from 

52.8% to 72.7), and the proportion with husbands not in the labor force to grow by 

approximately 25% (62.5% to 78.3). Families where husbands are unemployed or not in 

the labor force constitute the lion’s share of family poverty. In the monthly estimates, 

considering total family income, only 8.2% of families were in poverty in May 2008, and 

this rises to 10.0% in August 2010. After subtracting the wife’s earnings from the 

family's total income, 17.0% of families had incomes below the poverty line in May 

2008, and it rose to 20.1% in August 2010. These numbers essentially tell us that wives’ 

income has a significant role in reducing the likelihood of poverty for a family. 

In both measures of poverty, subtracting wife’s earnings has important 

implications for the level of poverty. For both the OPM and SPM, an additional 9% of 

families fall below the poverty line if I omit wife’s earnings. The number of families 

below poverty based on SPM is smaller than the number of families below poverty in the 

OPM.14 The transfer programs likely contribute to this smaller number in SPM compared 

to the OPM as they increase the measure of family income used under the former 

measure. For details, see the figure S1 appendix B. 

Figure 2 shows the proportion of households in each month by husband’s labor 

force status. In the sample, the percentage of husbands who are unemployed and not in 

the labor force is about the same. Over our analysis period, on average, 88.1% of 

households have employed husbands, 6.2% of households have unemployed husbands, 

 
14 According to the Census Bureau estimates for the US, the SPM was 1.3 percentage points higher than the 
OPM of 12.7% in 2016 (Fox, 2018).  
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and 5.7% of households have husbands who are not in the labor force. The increasing 

trend in the proportion of husbands who are unemployed follows the national pattern, 

reflecting the recessionary period. However, due to our sample restrictions, the numbers 

do not correspond to the national statistics. The proportion of unemployed husbands was 

low at 3.1% in May 2008, and increases to a maximum of 8.0% in 2011. During this 

period, the percentage of employed husbands decreases. In contrast, the proportion of 

husbands out of the labor force declines quite quickly in the first six months of our data, 

and then increases gradually to the end of our data window in August 2010.  

 

Figure 2. Proportion of households in month t with husband labor force status. 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008.  

 

The level of wife’s labor force participation as a function of husband's labor force 

status is also of interest. In the sample period of the great recession, if we compare the 

proportion of wives in the labor force when the husband is unemployed to that of the case 

where the husband is not in the labor force, we see they follow similar patterns (figure 3). 
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Figure 3. Wife labor force participation (%) 

 
Source.  Data analysis from wave 1 to wave 7 of SIPP 2008. 

 

The wife’s labor force participation increases initially and reaches a maximum in 

July 2009 and then decreases. On net, wives were entering the labor market during the 

first half of the sample period. Throughout the period, wives who have unemployed 

husbands are more likely to be in the labor force than wives who have husbands who are 

not in the labor force. On average, 75.5% of the wives with an unemployed husband were 

in the labor force, as compared with 71.9% of wives with husbands who were not in the 

labor force. This suggests that husbands’ unemployment may motivate wives’ to enter 

into the labor market. Employed wives’ average earnings followed an uneven but 

decreasing trend during the great recession through July 2009 and then increased 

modestly, as shown in figure S2 of appendix B. 

Unemployment Insurance benefits were an important source of income for families 

during the recession as discussed in figure S3 of appendix B.  

In this paper, I am dealing with poverty from a national perspective. However, 

some state-level poverty data may also be useful to understand that there are regional 
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differences. In figure S4 of appendix B, I discussed the relationship between poverty and 

family income in various states.  

 

Methods 

A family’s poverty status depends on family income and family size. Family 

income can change depending on various factors, but family size is relatively stable. A 

family’s poverty status is affected by the wife’s labor force participation, which, in turn, 

is partly a function of the husband’s labor force status. The simplest overall measure of 

the effect of wife’s labor force participation on family poverty status is represented by 

figure 1. In particular, the percent of families in poverty (circled markers) is compared 

with the proportion of families in poverty when the wife’s earnings are subtracted from 

the family income (square markers); this gives an exact measure of how many families 

would move into poverty if wives stopped working and all other sources of income 

remained unchanged.  

The effect of wife’s earnings on poverty (in percentage points) is defined as 

𝐷𝑃 = 𝑃-. − 𝑃…………… (1) 

where DP is the effect of wife’s earnings on the level of poverty for families. 𝑃-. is the 

potential poverty level of families based on income after subtracting wife’s earnings. P is 

the poverty level of families considering all income actually received by the families. 

This approach controls for family characteristics—since the two sets of families are the 

same ones (hence, they have identical characteristics, both measured and unmeasured). It 

also fully and completely controls whether the wife is working and how much she earns, 

since, for families where she is not working, the family’s income is the same in the two 
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cases. When she is working, the family’s income changes by exactly the amount she 

earns. This measure of wife’s impact on poverty changes across calendar months, as the 

recession deepens. We may expect an increasing trend over months due to the importance 

of the wife’s income in a recession. 

The above approach only considers women who choose to work, identifying what 

would happen to their families if they withdrew from the labor force. It does not answer 

the question of what would happen to poverty if nonworking women were induced to 

enter the labor market as it only captures the impact of women who are working in the 

current labor market. 

There is one potential source of bias in the above measure. It does not allow for 

the possibility that some other income source, for example the husband’s earnings (or his 

employment status), would change in response to his wife’s working (or not working). In 

particular, when we subtract out the wife’s earnings, we implicitly assume the amount of 

other income would not change enough to move the family into or out of poverty.  

We use the same principle as described above to calculate the effect of the wife’s 

working on family poverty contingent on the husband’s labor market status. The effect of 

wife’s earnings on the poverty level of the family considering the fact that her husband 

was unemployed is defined as 

𝐷𝑃(/ = 𝑃(/,-. − 𝑃(/ …………… (2) 

where 𝐷𝑃(/ identifies the effect of wife’s earnings on the poverty level of families where 

the husband was unemployed. 𝑃(/,-. defines the proportion of families in poverty, where 

husbands were unemployed and subtracts wife’s earnings from total family income. 𝑃(/ 

is the proportion of families in poverty with unemployed husbands considering all 
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income including wife’s earnings. As in the case above, the approach completely controls 

for family characteristics (both are the same families), and it fully controls for the wife’s 

actual earnings. As above, the only potential bias is that when the wife works, it may 

affect some other source of income.  

We can similarly calculate the effect of wife’s working in the case of the other 

two husbands’ labor force statuses. Using our notation above, for the husband not in the 

labor force (NILF), we can write 

𝐷𝑃(- = 𝑃(-,-. − 𝑃(- …………… (3) 

where 𝐷𝑃(- defines the effect of wife’s earnings on the proportion of families in poverty 

where the husband was not in the labor force. 𝑃(-,-. is the proportion in poverty when 

the husband was not in the labor force, and wife’s earnings are subtracted from family 

income. 𝑃(- the is the proportion of families in poverty when husband was not in the 

labor force but considering all income for the family. For employed husbands, we write 

𝐷𝑃(1 = 𝑃(1,-. − 𝑃(1 …………… (4) 

where 𝐷𝑃(1 defines the effect of wife’s earnings on the proportion of families in poverty 

when the husband was employed. 𝑃(1,-. is the proportion of families in poverty when the 

husband was employed but excluding the wife’s earnings. 𝑃(1 is the level of poverty in 

the family when husband was employed including all income in the family. 

In any month t, for these households, the husband must be either unemployed, not 

in the labor force, or employed, so we can write 

𝐷𝑃(𝑡) = 𝑝(/(𝑡) ∗ 𝐷𝑃(/(𝑡) + 𝑝(-(𝑡) ∗ 𝐷𝑃(-(𝑡) + 𝑝(1(𝑡) ∗ 𝐷𝑃(1(𝑡)…………… (5) 

where 𝑝(/(𝑡) is the proportion of households in month t where the husband is 

unemployed, 𝑝(-(𝑡) is the proportion of households in month t where the husband is not 
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in the labor force, and 𝑝(1(𝑡) is the proportion of households with employed husbands in 

month t.  

An extension of the standard Blinder-Oaxaca decomposition framework can be 

used to decompose changes in the effect of a working wife on the proportion of families 

below poverty.15 We have three categories of husband: employed, unemployed, and not 

in the labor force. The mean outcome of the effect of a working wife on poverty can be 

decomposed into the following five components: that due to the change in the effect of a 

working wife in households with unemployed husbands,  that due to a change in the 

effect of a working wife in households with husbands not in the labor force, and that due 

to a change in the effect of a working wife in households with employed husbands, as 

well as that due to change in proportion of unemployed husband, and that due to change 

in proportion of NILF husbands.  

Focusing on the first term on the right in equation (5), write the change of poverty 

between two months (t and t’) as, 

      𝑝(/(𝑡) ∗ 𝐷𝑃(/(𝑡) − 𝑝(/(𝑡2) ∗ 𝐷𝑃(/(𝑡2) 

= [𝑝(/(𝑡) + 𝑝(/(𝑡2)]/2[𝐷𝑃(/(𝑡) − 𝐷𝑃(/(𝑡2)] + [𝑝(/(𝑡) − 𝑝(/(𝑡2)][𝐷𝑃(/(𝑡)

+ 𝐷𝑃(/(𝑡2)]/2………(6) 

The expression (6) (the last two lines) decomposes the change 

𝑝(/(𝑡)𝐷𝑃(/(𝑡)−	𝑝(/(𝑡2)𝐷𝑃(/(𝑡2)	into a component that reflects the change in 𝐷𝑃(/ and 

a component that is due to the change in 𝑝(/ (i.e., the second of the two lines).  

A similar expression can be written out for the change in 𝑝(- ∗ 𝐷𝑃(-, and for 

𝑝(1 ∗ 𝐷𝑃(1. We can then write out the change in the whole expression as due to six parts: 

 
15 The standard decomposition is most commonly used to decompose differences in earnings for two groups 
based on factors predicting earnings (Blinder, 1973; Oaxaca, 1973). 
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𝐷𝑃(𝑡) − 𝐷𝑃(𝑡2) 

= 𝑝(/(𝑡) ∗ 𝐷𝑃(/(𝑡) + 𝑝(-(𝑡) ∗ 𝐷𝑃(-(𝑡) + 𝑝(1(𝑡) ∗ 𝐷𝑃(1(𝑡) − 𝑝(/(𝑡2) ∗ 𝐷𝑃(/(𝑡2)

− 𝑝(-(𝑡2) ∗ 𝐷𝑃(-(𝑡2) − 𝑝(1(𝑡2) ∗ 𝐷𝑃(1(𝑡2) 

= [𝑝(/(𝑡) + 𝑝(/(𝑡2)]/2[𝐷𝑃(/(𝑡) − 𝐷𝑃(/(𝑡2)] + [𝑝(/(𝑡) − 𝑝(/(𝑡2)][𝐷𝑃(/(𝑡) +

𝐷𝑃(/(𝑡2)]/2 + [𝑝(-(𝑡) + 𝑝(-(𝑡2)]/2[𝐷𝑃(-(𝑡) − 𝐷𝑃(-(𝑡2)] + [𝑝(-(𝑡) −

𝑝(-(𝑡2)][𝐷𝑃(-(𝑡) + 𝐷𝑃(-(𝑡2)]/2 + [𝑝(1(𝑡) + 𝑝(1(𝑡2)]/2[𝐷𝑃(1(𝑡) − 𝐷𝑃(1(𝑡2)] +

[𝑝(1(𝑡) − 𝑝(1(𝑡2)][𝐷𝑃(1(𝑡) + 𝐷𝑃(1(𝑡2)]/2	… … … (7) 

But there is one problem with the above, which is that 𝑝(/ + 𝑝(- + 𝑝(1 = 1, so 

these six components are not independent.  

One way to solve this problem is to take changes in husband’s unemployment 

status (HU) and not in the labor force status (HN) as relative to employment (HE). We 

can do this by substituting for 𝑝(1 = 1 − 𝑝(/ + 𝑝(-. If we do this and rearrange, then we 

can get 

Equation Interpretation 

𝐷𝑃(𝑡) − 𝐷𝑃(𝑡:) = 

 

total change in poverty due to wife’s working t’<t  

	[𝑝;<(𝑡) + 𝑝;<(𝑡:)]/2[𝐷𝑃;<(𝑡) − 𝐷𝑃;<(𝑡:)] (1) due to change in effect of wife’s work for 

families with unemployed husbands 

+	[𝑝;=(𝑡) + 𝑝;=(𝑡:)]/2[𝐷𝑃;=(𝑡) − 𝐷𝑃;=(𝑡:)] (2) due to change in effect of wife’s work for 

families with NILF husbands 

+	[𝑝;>(𝑡) + 𝑝;>(𝑡:)]/2[𝐷𝑃;>(𝑡) − 𝐷𝑃;>(𝑡:)] (3) due to change in effect of wife’s work for 

families with for employed husbands 

+	[𝑝;<(𝑡) − 𝑝;<(𝑡:)]{
[𝐷𝑃;<(𝑡) + 𝐷𝑃;<(𝑡:)]

2

−
[𝐷𝑃;>(𝑡) + 𝐷𝑃;>(𝑡:)]

2 }	 

(4) due to change in proportion of unemployed 

husbands 

+	[𝑝;=(𝑡) − 𝑝;=(𝑡:)]{
[𝐷𝑃;=(𝑡) + 𝐷𝑃;=(𝑡:)]

2

−
[𝐷𝑃;>(𝑡) + 𝐷𝑃;>(𝑡:)]

2 } 

(5) due to change in proportion of NILF husbands 
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There is no factor identifying the effect of a change in the proportion of employed 

husbands. The reason is that we have assumed that when we change the proportion 

unemployed, we automatically change the proportion of employed husbands by that same 

(opposite) amount; and that when we change the proportion of NILF husbands, we 

change the proportion of employed husbands by the same (opposite) amount. 

This standard decomposition is a variation on the Oaxaca-Blinder decomposition. 

But it is modified to allow for three sources of change, and to recognize the “adding up” 

constraint on the proportions. 

 

Results 

The effect of wife’s earnings on family poverty is defined by equation 1 in the 

previous section as the difference between the percent of households in poverty taking 

account of total family income and the percent of households in poverty omitting wife’s 

earnings. The results are provided in figure 4. The effect of wife’s earnings ranges 

between 8.7 to 10.1 percentage points based on the official poverty measure. The average 

impact is 9.4 percentage points. Due to wife’s earnings, approximately 10% of 

households are out of poverty. Month-to-month variation in the effect of wife’s earnings 

is relatively small during the great recession represented by the square marker and 

follows a rising trend. The effect of wife’s earnings increases by 15.6% from May 2008 

to August 2010. Without wife’s income, household poverty would be substantially 

greater, increasing from about 9% to about 18%. 
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Figure 4. Effect of wife's earnings on the level of poverty based on official poverty 
measure 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 
 

 

The effect of wife’s earnings on the level of poverty where the husband is 

unemployed is much larger than for the population as a whole. The average effect is 32.1 

percentage points for the sample period. This tells us that for families where the husband 

is unemployed, the proportion of families below the poverty line declines by more than a 

quarter as a result of wife’s earnings. The triangle marker presents the effect of a working 

wife on family poverty for families where husbands are unemployed. In general, we find 

an increasing trend of this impact until the last six months of our analysis window, when 

it declines precipitously. There are two possibilities to explain this decline after April 

2010. The proportion of wives in the labor market may be decreasing, or the average 

income for working wives may be decreasing. It appears that the first explanation is the 

primary reason, as figure 3 shows that wives are less likely to be in the labor market, 

whereas figure S2 implies that average earnings for those wives who are working are not 

changing.  
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The effect of wife’s earnings for families with a husband who was not in the labor 

force is slightly larger than for families with unemployed husbands. On average, the 

effect is 35.4 percentage points, represented by the circled marker. This reflects the fact 

that wives with husbands not in the labor force earn more than wives with unemployed 

husbands (results not presented). This more than compensates for the fact that wives are 

more likely to hold jobs when their husbands are unemployed, as described in figure 3. 

The effect on the level of household poverty of wife’s earnings where the husband 

is employed is smaller than that for families where the husband is not employed. On 

average, the effect is 6.1 percentage points, represented by the diamond marker. We 

expect a low impact of a working wife when the husband is working, since most 

employed husbands earn enough to keep the family above the poverty line even without a 

wife’s earnings. A wife’s earnings can give some flexibility to the family in its 

consumption expenditures, but it is unlikely to be important in meeting the family’s basic 

requirements.  

When I replicated these analyses using the supplemental poverty measure (SPM), 

I also see that the wife’s monetary contribution plays an important role in family poverty 

reduction (figure S5 of appendix B). The basic patterns are very similar to those reported 

above. One exception is that, according to the official poverty measure (OPM), wife’s 

earnings have an increasing importance over our study period, but that increase is much 

smaller in the SPM. This is likely to be a reflection of the increasing reliance on 

government in-kind transfer programs during the recession. In fact, if we omit SNAP 

payments from the SPM calculation, we discover that the difference in trends largely 

disappears.  
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Table 2 shows the OPM decomposition of the effect of wife’s earnings by 

husband’s labor force status based on the methodology developed in equation 7. The 

change in the effect of wife’s working on poverty can be factored into five different 

components. Monthly values are calculated relative to May 2008 (t’) in the 

decomposition. The numbers in the total change in poverty due to wife’s earnings in the 

last column are the difference between the impact of wife’s earnings on poverty in the 

month in question relative to May 2008 (t’). For example, the number is 1.32 in February 

2009, and this is the difference in the impact of wife’s work on the poverty level in 

February 2009 relative to May 2008. The poverty level in May 2008 was 16.94 (having a 

working wife decreases the poverty level by 16.94 percentage points) and that increases 

to 18.26 percentage points in February 2009.  

 

Table 2. Poverty decomposition (t'<t) for each month compare to first month (t’: May 
2008), Official Poverty Measure (OPM). 

Month & 
Year 

Due to 
change for 

unemployed 
husbands  

Due to 
change for 

NILF 
husbands  

Due to 
change for 
employed 
husbands 

Due to 
change in 
proportion 

of 
unemployed 

husband 

Due to 
change in 
proportion 
of NILF 
husbands  

Total 
change in 

poverty due 
to wife’s 
earnings 

June-08 0.11 0.07 0.46 0.14 -0.19 0.59 
July-08 0.14 0.07 0.50 0.25 -0.30 0.67 
August-08 0.14 0.06 0.55 0.24 -0.32 0.67 
September-08 0.16 0.06 0.51 0.23 -0.44 0.52 
October-08 0.17 0.09 0.49 0.36 -0.55 0.55 
November-08 0.18 0.10 0.63 0.47 -0.52 0.86 
December-08 0.21 0.11 0.57 0.83 -0.49 1.24 
January-09 0.20 0.12 0.53 0.86 -0.51 1.19 
February-09 0.23 0.13 0.59 0.87 -0.50 1.32 
March-09 0.22 0.13 0.57 0.89 -0.48 1.34 
April-09 0.23 0.12 0.57 0.93 -0.54 1.31 
May-09 0.21 0.15 0.59 0.85 -0.50 1.30 
June-09 0.18 0.15 0.63 0.91 -0.51 1.36 
July-09 0.19 0.15 0.65 0.98 -0.53 1.43 
August-09 0.22 0.15 0.58 0.98 -0.53 1.40 
September-09 0.23 0.16 0.68 0.92 -0.49 1.50 
October-09 0.23 0.12 0.63 0.88 -0.46 1.40 
November-09 0.24 0.12 0.69 1.01 -0.48 1.58 
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December-09 0.27 0.15 0.67 1.19 -0.46 1.82 
January-10 0.28 0.19 0.69 1.20 -0.46 1.90 
February-10 0.35 0.19 0.92 1.12 -0.43 2.15 
March-10 0.32 0.22 0.96 1.05 -0.41 2.14 
April-10 0.38 0.26 0.99 0.99 -0.41 2.21 
May-10 0.30 0.12 0.93 0.87 -0.34 1.88 
June-10 0.31 0.08 0.96 0.85 -0.37 1.82 
July-10 0.29 -0.04 1.00 0.80 -0.34 1.70 
August-10 0.09 -0.11 1.26 0.68 -0.31 1.61 

Notes: The decomposition is based on an extension of the standard Blinder-Oaxaca decomposition 
framework, which follows equation 7. Total change in poverty due to wife’s working can be factored 
into five different components (i) change in effect of wife’s work for families with unemployed 
husbands, (ii) change in effect of wife’s work for families with NILF husbands, (iii) change in effect of 
wife’s work for families with for employed husbands, (iv) change in proportion of unemployed 
husbands, and (v) change in proportion of NILF husbands. 

 

The poverty decomposition shows that the total effect of wife’s earnings is greater 

in the later months of 2010 than the beginning months of 2008. Generally, in terms of 

family poverty reduction, wife’s earnings are contributing more at the end than in the 

beginning months in our observation window. Among the five components in the poverty 

decomposition, the change in the proportion of unemployed husbands has the greatest 

role in altering the effect of wife’s earnings on monthly family poverty. The 

decomposition values are negative for the proportion of husbands who are not in the labor 

force, which implies that effects of a wife working on the monthly poverty levels are 

reduced as a result of the decline in the proportion of men not in the labor force relative 

to the beginning month, May 2008. 

In contrast to the OPM, poverty decomposition based on the SPM shows a smaller 

increase in the contribution of wife’s earnings (table S1 of appendix C). As we pointed 

out earlier, government in-kind transfer programs may contribute to poverty reduction in 

families under the SPM, with the result that wife’s earnings contribute less. Using the 

SPM, we found a similar contribution of wife’s earnings due to the change in proportion 



82 
 

of unemployed husbands. The decomposition using both OPM and SPM suggests that the 

wife’s earnings are particularly important when her husband is unemployed. The 

decomposition results show that the decline in the proportion of husbands not in the labor 

force reduces the importance of wife’s earnings.  

I conducted robustness checks with two additional specifications of the standard 

decomposition from a variation of the Oaxaca-Blinder decomposition. In particular, I 

considered an alternative SPM where I omitted taxes, and I considered a version where I 

omitted SNAP payments. The signs and approximate magnitudes of our main results are 

not altered by these changes. Estimates are robust to numerous sensitivity analyses and 

details can be found in appendix D. 

 

Conclusion and Policy Implications 

This study focuses on households that are at the bottom of the income 

distribution. In this study, I use sampling weights to produce a nationally representative 

sample from the SIPP survey during the great recession. The SIPP oversamples 

households with low income, which provides improved precision in results relating to the 

low income groups. In particular, our analyses of poverty are aided by this oversampling, 

and this improves our estimates of response to government policy. 

I found that wife’s earnings make an important contribution to their families’ 

welfare during the great recession. On average, wives’ earnings move about ten percent 

of families from below to above the poverty line. I also extend the investigation by using 

the government’s supplemental poverty measure. The SPM has become increasingly 

important due to the growth of government transfer programs and increase in taxes. 
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Although we observe slightly different levels of absolute poverty for the official and the 

supplemental measures, the observed patterns, and especially the role of women’s labor 

force participation, was not influenced by which measure we use. This suggests that 

household poverty is not very responsive to the differences in these measures, which 

result from disparate treatment of certain government transfers and income tax liabilities.  

Alternatively, the transfers and liabilities may largely balance out, so the difference has 

little impact.  

I extended the analysis using a decomposition that distinguished the effects of 

women’s labor force participation into five categories. In particular, households are 

distinguished based on the labor force status of their husbands: employed, unemployed, 

and not in the labor force. The decomposition analysis focuses on how wives’ labor force 

participation affects poverty for each of these kinds of families as well as the role of 

changes in the three proportions. We found that the proportion of unemployed husbands 

has the greatest influence on the overall effect. Again, the finding remains the same if we 

use the supplemental poverty measure. 

These results underscore the continued importance of wives’ earnings in 

preventing poor families from falling below the poverty line. Policies that facilitate 

wives’ participation in the labor force provide clear benefits for poor families, especially 

during economic downturns. 

This study’s findings have important implications for the economic environment 

of the post-COVID-19 pandemic era. Unlike many previous recessions, the pandemic has 

caused more considerable employment losses for women than for men and is known as 

“shecession” (she-recession). The relatively stable sectors of education, healthcare, and 
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other parts of service sectors disproportionately employ women. These industries are hit 

hard by the coronavirus. Moreover, women's labor supply has declined substantially 

during these coronavirus times relative to men's labor supply. In many families where 

both husband and wife worked, the pandemic forced mothers, not fathers, to quit a job 

due to children's virtual schooling and other factors. This suggests that wives may no 

longer be serving as insurance for the families when husbands experience unemployment. 

Given our approach, we would expect that women’s labor force effect on poverty could 

well be smaller during the COVID-19 pandemic than what we found in this study, in 

large part reflecting the lower participation rate of women. 
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Appendix 
 

 
Appendix A 

Estimation of the supplemental poverty measure 

The supplemental poverty measure (SPM) differs from the official measure 

because of the way it treats government transfers and income tax. There are five main 

transfer payments counted in the SPM but in not the official measure. The SIPP survey 

allows us to account for three of them. First, the Supplemental Nutrition Assistance 

Program (SNAP) (previously food stamps), is received each month in the form of an 

electronic benefit transfer card, which can be used to buy food. In the survey data for the 

sample period, there is a maximum amount of SNAP benefit in our sample of $2,840 for 

a family in a month. Second are school meals for children, which includes school 

breakfast and school lunch. In our sample, 15.5% of households in a month receive 

school breakfast, and 36% of the family months in the sample receive school lunch. The 

total benefit of school meal per family per month is defined by the average cost of a 

school lunch incurred by the program and the number of children receiving the meal. 

Third, the Supplementary Nutrition Program for Women Infants and Children (WIC) 

benefits are reported in dollars for a month with a maximum payment of $219 in the 

sample.  

There are two other types of government transfers reported in the SIPP survey, 

and I am unable to account for these two types of payments. First, although SIPP reports 

whether a family receives housing subsidies, no dollar amount was reported in the SIPP 

survey. In less than 1 percent of the family months was it reported that the household 

received such subsidies. I excluded the housing subsidy information due to the low 
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representativeness of data and the binary response of the survey questionnaire. Second, 

whether a family received payments from the Low-Income Home Energy Assistance 

Program is also reported. Less than 1 percent of the sample said that they received such 

support, and hence I have excluded this program from our analysis. 

The supplemental poverty measure subtracts five items from the income measure 

that are not considered in the official measure: (i) taxes, (ii) expenses related to work, (iii) 

child care expenses, (iv) medical out-of-pocket expenses (MOOP), and (v) child support 

paid. None these items are surveyed in the SIPP. However, we are able to adjust for some 

taxes. Our analysis calculated the federal income tax, state income tax, and federal 

payroll tax information using the TAXSIM program from NBER. TAXSIM is a 

microsimulation model used to calculate annual U.S. federal and state taxes (Feenberg & 

Coutts, 1993; Kimberlin et al., 2016).16  

Simulation using TAXSIM 

In the TAXSIM simulation, there are 27 different fields to run the simulation in 

order to calculate tax liabilities. TAXSIM requires some demographic and socioeconomic 

variables as well, including tax assessment year, state name, marital status, age of 

primary taxpayer, and age of spouse. TAXSIM also requires dependents information. I 

also set the number of qualifying children under 19 for Earned Income Tax Credit to zero 

due to lack of information. TAXSIM has 17 fields related to earnings and/or income. This 

includes wage and salary income, and self-employment income of the primary taxpayer, 

and wage and salary income, and self-employment income of the spouse. Both of these 

earnings measures were available in the SIPP on a monthly basis, and I converted these to 

 
16 TAXSIM can be accessed at the NBER website http://users.nber.org/~taxsim/taxsim27/. 
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an annual basis (multiplying by 12) for TAXSIM. I have annual dividend income and 

interest received. I set short term capital gains or losses and long term capital gains or 

losses to zero due to lack of information. I have other property income, but I don’t have 

other non-property income. For taxable pensions and I have added six types of pensions 

listed in the SIPP data and I subtract IRA distributions. Gross social security benefits are 

from the adult Social Security and child Social Security. I have unemployment 

compensation received. I use other non-taxable transfer income, which includes total 

means-tested cash transfers for the reference month, which we convert to an annual basis. 

Amount of monthly rent data also is converted to an annual basis (multiplying by 12). I 

don’t have real estate taxes paid, other itemized deductions, child care expenses and we 

set these to zero. I have mortgage deductions defined by the amount of interest paid on 

own mortgage. 

The TAXSIM requires annual data to run the simulation. On the other hand, our 

analysis requires monthly data since other SIPP survey data are monthly. Monthly taxes 

were constructed from the annual tax bill under the assumption that all months would 

have the same figures as the current month and are then allocated to the month by 

dividing by 12. 

 
Appendix B 

Figure S1 shows the percentage of families below poverty each month based on 

the supplemental poverty measure (SPM) rather than the official measure (OPM). We see 

a 32.9 percentage points increase of families below poverty from first to last month in the 

sample (May 2008 to August 2010), an increase from 7.1 percent to 9.5 percent of our 

sample families. On average, 7.8 percent of families were below poverty during the 
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sample period. When I subtract wives' earnings from family income, the SPM implies 

that an average of 17.0 percent of families would be below poverty over the full sample 

period. 

 
Figure S1. Distribution of poverty by month: percent of family in poverty based on 
supplemental poverty measure 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 

 

When we move to the SPM, in figure S1, after omitting wife’s earnings, the 

number of families below poverty is marginally lower than for the OPM for each of the 

three kinds of families based on employment status of husbands in figure 1 in the main 

text. Without wife’s earnings, on average families with employed husbands, unemployed 

husbands and husbands not in the labor force have poverty rates of 10.9 percent, 60.3 

percent, and 64.8 percent, respectively, based on the SPM, as opposed to 12.4 percent, 

62.6 percent, and 67.2 percent based on OPM. The proportion of families below poverty 

is higher in the OPM relative to the SPM in our sample window.  
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In figure S2, wives’ earnings are defined as the income generated by a job or self-

employment. Income from investment and government transfers are not included in 

wives’ earnings. Both the extensive and intensive margins contribute to this trend. Some 

women lost their jobs due to the recession, and some worked fewer hours. 

 

Figure S2. Employed wives' mean earned income 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 
 

In figure S3, we see that the average Unemployment Insurance benefit payment 

(contingent on receiving any benefit) for husbands increased gradually through the first 

half of our period. Over our period, the average monthly benefit amount was $1,187, 

contingent on receiving any payment during the month. The number of Unemployment 

Insurance claims have increased during the recession, in part reflecting the fact that 

benefits were extended beyond the regular UI period in most states. The second line 

(circled marker) in the figure provides the average of the sum of husbands’ and wives’ UI 
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benefit payments for households receiving both. The joint unemployment insurance 

benefits increased dramatically in the first six months and then decreased.  

 

Figure S3. Mean unemployment insurance benefits 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 
 

Figure S4. Poverty and family income by state (2008-2010) 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008. 
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Figure S4 presents state-level poverty and income data, we see states like 

Maryland and New Hampshire had low poverty levels and high average family income. 

Similarly, other states had high poverty and low average family income. States like 

Louisiana and Mississippi were in this category. Perhaps most notable, differences across 

states in poverty for the families in our sample were quite modest, varying from 9.18% to 

9.25%, much smaller than differences in average income. This suggests that the lower 

end of the income distribution for married couples did not differ dramatically among 

states even when the mean of the overall distribution varied dramatically.  

In figure S5, based on SPM, the average effect of the wife's earnings on family 

poverty across all months is 9.2 percentage points, as defined by equation 1 in the main 

text. This tells us that the wife’s monetary contribution has important implications for 

family poverty reduction. The effect increases only slightlyas we move from the first 

months to later months, and then declines, averaging 9.1 percentage points in the last six 

months of our observation window. Conversely, based on the OPM, the effect was 

becoming more important as we move to later months of the great recession, averaging 

10.0 percentage points in the last six months of our observation window. We show below 

that the wife’s income does not increase in importance during the recession based on the 

SPM as much as in the OPM because of the greater reliance by families on government 

transfer programs. In the presence of such benefits, wives’ contributions became 

relatively less important to the families.  
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Figure S5. Effect of wife’s earnings on the level of poverty based on supplemental 
poverty measure 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008 and TAXSIM. 

 

We have three other measures of a working wife's effect on the level of poverty 

depending on the husband’s labor force statuses of employed, unemployed and not in the 

labor force. Both in OPM and SPM, the wife’s earnings has the greatest effects when her 

husband is not in the labor force (35.4 percent and 36.5 percent in OPM and SPM, 

respectively). When her husband is unemployed the effects are 32.1 percent and 33.3 

percent in OPM and SPM, respectively. The effect is smallest when her husband is 

employed (6.1 percent and 5.7 percent in OPM and SPM). When husbands are not in the 

labor force, wife’s earnings are less important to the family poverty reduction in the last 

six months relative to first six months of our observation window (33.4 percentage points 

vs. 37.3 percentage points). 
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Appendix C 

Poverty Decomposition based on SPM 
 
Table S1. Poverty decomposition (t'<t) for each month compare to first month (t’: May 
2008), Supplemental Poverty Measure (SPM). 

Month & Year 
Due to change 

for unemployed 
husbands  

Due to change 
for NILF 
husbands 

Due to 
change for 
employed 
husbands 

Due to change 
in proportion of 

unemployed 
husband 

Due to 
change in 
proportion 
of NILF 
husbands  

Total change 
in poverty 

due to wife’s 
working 

June-08 0.10 -0.01 0.12 0.15 -0.20 0.14 

July-08 0.10 -0.01 0.07 0.27 -0.34 0.09 

August-08 0.09 0.04 0.06 0.25 -0.36 0.09 

September-08 0.13 0.03 0.10 0.24 -0.49 0.01 

October-08 0.13 0.02 0.14 0.38 -0.61 0.06 

November-08 0.16 0.02 0.17 0.50 -0.58 0.26 

December-08 0.18 0.02 0.19 0.89 -0.54 0.74 

January-09 0.18 0.01 0.11 0.92 -0.56 0.66 

February-09 0.18 0.00 0.08 0.93 -0.55 0.65 

March-09 0.18 0.00 0.16 0.95 -0.52 0.77 

April-09 0.19 0.01 0.20 0.98 -0.59 0.78 

May-09 0.19 0.00 0.21 0.91 -0.54 0.76 

June-09 0.22 0.01 0.20 1.00 -0.56 0.87 

July-09 0.19 0.04 0.19 1.06 -0.58 0.91 

August-09 0.20 0.05 0.22 1.05 -0.58 0.94 

September-09 0.22 0.05 0.27 0.99 -0.54 0.99 

October-09 0.23 0.05 0.39 0.94 -0.51 1.11 

November-09 0.24 0.05 0.39 1.09 -0.53 1.23 

December-09 0.21 0.04 0.38 1.25 -0.50 1.39 

January-10 0.18 -0.05 0.39 1.24 -0.49 1.27 

February-10 0.30 0.00 0.38 1.19 -0.46 1.41 

March-10 0.35 -0.10 0.38 1.15 -0.43 1.34 

April-10 0.26 -0.08 0.14 1.03 -0.43 0.91 

May-10 0.20 -0.10 0.25 0.91 -0.37 0.89 

June-10 0.23 -0.44 0.30 0.89 -0.37 0.61 

July-10 0.24 -0.44 0.32 0.85 -0.35 0.62 

August-10 0.16 -0.28 0.42 0.77 -0.34 0.74 
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Table S2. Poverty decomposition (t'<t) for each month compare to first month (t’: May 
2008), Supplemental Poverty Measure (SPM), with family income excluding SNAP. 

Month & Year 

Due to 
change for 

unemployed 
husbands 

Due to 
change for 

NILF 
husbands 

Due to 
change for 
employed 
husbands 

Due to change 
in proportion of 

unemployed 
husband 

Due to change 
in proportion 

of NILF 
husbands 

Total change 
in poverty 

due to wife’s 
working 

June-08 0.11 0.08 0.09 0.14 -0.19 0.23 

July-08 0.10 0.08 -0.11 0.26 -0.32 0.02 

August-08 0.08 0.05 -0.07 0.24 -0.33 -0.02 

September-08 0.11 0.06 -0.03 0.23 -0.45 -0.08 

October-08 0.15 0.07 -0.06 0.37 -0.57 -0.04 

November-08 0.15 0.10 -0.04 0.48 -0.54 0.15 

December-08 0.20 0.09 -0.02 0.87 -0.50 0.63 

January-09 0.23 0.09 -0.01 0.91 -0.53 0.70 

February-09 0.23 0.11 -0.07 0.92 -0.51 0.68 

March-09 0.22 0.11 -0.08 0.94 -0.49 0.70 

April-09 0.22 0.12 -0.10 0.96 -0.56 0.64 

May-09 0.20 0.13 -0.04 0.88 -0.51 0.66 

June-09 0.21 0.12 0.12 0.96 -0.53 0.88 

July-09 0.22 0.12 0.13 1.03 -0.54 0.96 

August-09 0.21 0.13 0.12 1.02 -0.54 0.94 

September-09 0.21 0.12 0.11 0.95 -0.50 0.89 

October-09 0.23 0.12 0.23 0.92 -0.47 1.02 

November-09 0.23 0.10 0.23 1.05 -0.49 1.12 

December-09 0.19 0.10 0.23 1.21 -0.46 1.26 

January-10 0.20 0.13 0.23 1.21 -0.47 1.31 

February-10 0.28 0.11 0.27 1.14 -0.43 1.38 

March-10 0.28 0.15 0.27 1.08 -0.42 1.35 

April-10 0.30 0.20 0.27 1.01 -0.42 1.37 

May-10 0.30 0.10 0.25 0.91 -0.35 1.20 

June-10 0.26 0.09 0.31 0.87 -0.39 1.14 

July-10 0.29 -0.10 0.39 0.84 -0.35 1.07 

August-10 0.15 -0.14 0.41 0.73 -0.32 0.83 

 
 
 
 
 
 
 
 
 
 



100 
 

Table S3. Poverty decomposition (t'<t) for each month compare to first month (t’: May 
2008), Supplemental Poverty Measure (SPM), with family income not excluding income 
tax. 

Month & Year 

Due to 
change for 
unemploye
d husbands  

Due to 
change for 

NILF 
husbands  

Due to 
change for 
employed 
husbands  

Due to 
change in 

proportion of 
unemployed 

husband  

Due to 
change in 

proportion of 
NILF 

husbands  

Total change 
in poverty 

due to wife’s 
working 

June-08 0.07 0.00 0.27 0.14 -0.19 0.28 

July-08 0.12 -0.01 0.23 0.26 -0.32 0.28 

August-08 0.11 0.03 0.13 0.25 -0.34 0.19 

September-08 0.14 0.03 0.11 0.24 -0.46 0.05 

October-08 0.13 0.04 0.20 0.37 -0.58 0.15 

November-08 0.17 0.04 0.22 0.48 -0.55 0.36 

December-08 0.20 0.03 0.21 0.87 -0.51 0.81 

January-09 0.19 0.03 0.20 0.90 -0.53 0.78 

February-09 0.18 0.03 0.23 0.90 -0.52 0.83 

March-09 0.17 0.04 0.26 0.92 -0.50 0.89 

April-09 0.17 0.07 0.28 0.95 -0.57 0.90 

May-09 0.15 0.06 0.29 0.86 -0.52 0.85 

June-09 0.15 0.07 0.27 0.94 -0.54 0.88 

July-09 0.16 0.09 0.28 1.02 -0.56 0.99 

August-09 0.17 0.11 0.40 1.01 -0.56 1.13 

September-09 0.20 0.10 0.40 0.95 -0.52 1.13 

October-09 0.20 0.10 0.39 0.91 -0.48 1.11 

November-09 0.20 0.09 0.43 1.05 -0.51 1.26 

December-09 0.25 0.06 0.49 1.23 -0.47 1.56 

January-10 0.24 0.06 0.45 1.24 -0.48 1.51 

February-10 0.32 -0.01 0.50 1.16 -0.43 1.55 

March-10 0.36 -0.18 0.55 1.12 -0.40 1.45 

April-10 0.29 -0.06 0.67 1.00 -0.40 1.50 

May-10 0.24 -0.33 0.70 0.89 -0.32 1.17 

June-10 0.24 -0.66 0.68 0.87 -0.32 0.81 

July-10 0.28 -0.47 0.69 0.83 -0.33 1.01 

August-10 0.19 -0.18 0.93 0.74 -0.32 1.36 
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Appendix D 

Sensitivity Analyses 

Analyses based on the supplemental poverty measure (SPM) show the effects of 

the wife’s earnings are slightly lower than analyses based on the official poverty measure 

(OPM). The inclusion in income of government in-kind transfers, and exclusion of 

income tax liability make the SPM different from the OPM. In this section, I want to see 

how sensitive estimates of the effects of wife’s earnings on poverty are to SNAP 

payments. Among the in-kind government transfer programs examined in this paper, 

SNAP plays an important role. In our sample, only 6.4 percent of family-months receive 

SNAP payments, but it plays an important role for those near poverty. Families that 

receive SNAP have an average monthly SNAP payment of $412. Figure S6 shows the 

distribution of poverty by month where I consider the level of poverty based on the 

supplemental poverty measure but omit SNAP benefits from family income. Figure 6 is 

comparable to figure S1 (section 2) which includes SNAP. 

In the sample period, the level of poverty based on the supplemental poverty 

measure increases by about 1 percentage point if I omit SNAP from income. On average, 

8.7 percent of families are below poverty after omitting SNAP, in contrast to 7.8 percent 

of families who were below poverty when we do not omit SNAP (figure S1). In the 

analyses omitting SNAP, when we omit wife’s earnings, 17.9 percent of families would 

be in poverty, compared to 17.0 percent of families in poverty when wife’s earnings are 

included. If I consider families with unemployed husbands and omit wife’s earnings, 62.0 

percent of families are in poverty when I omit SNAP, as opposed to 60.4 percent of 

families when SNAP is included. 
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Figure S6. Distribution of poverty by month: percent of family in poverty based on 
supplemental poverty measure (omitting SNAP) 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008 and TAXSIM. 

 

The effect of wife’s earnings, omitting SNAP, on the level of poverty based on 

the supplemental poverty measure is shown by the figure S7. This is comparable to figure 

S5 (section 2) where I did not omit SNAP benefits when measuring the poverty based on 

supplemental poverty measure. After omitting SNAP, the effect of wife’s earnings on the 

level of poverty averages 9.2 percentage points, which remains the same when I include 

SNAP, i.e., wife’s earnings reduce the proportion of families in poverty by 9.2 percentage 

points. When I omit SNAP benefits from total family income, the average effect of wife’s 

work for families with unemployed husbands is 32.8 percent, 35.8 percent for families 

with husbands not in the labor force, and 5.8 percent for families with employed 

husbands. The decomposition analysis also shows similar result when I analyze the 

contribution of wife’s work with and without SNAP benefits (table S1 & S2 of section 3). 
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Figure S7. Effect of wife’s earnings on the level of poverty based on supplemental 
poverty measure (omitting SNAP)   

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008 and TAXSIM. 

 

I consider our results' sensitivity to the inclusion of income or payroll taxes. In 

our sample, 92 percent of individual-months paid some form of tax on income. We 

observe how income tax affects the level of poverty, compared to the counterfactual of 

not paying any tax. The robustness check is applicable to the supplemental poverty 

measure, as it subtracts income tax from family income. In this analysis, we exclude the 

income tax liability information and look at the effect of the wife’s working on family 

poverty based on the supplemental poverty measure. If the families are not paying 

income tax, they will have more disposable income for their consumption. Families' real 

income increases since they are not paying income tax and, hence, reduces poverty.  
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Figure S8. Effect of wife’s earnings on the level of poverty based on supplemental 
poverty measure (excluding income tax) 

 
Source. Data analysis from wave 1 to wave 7 of SIPP 2008 and TAXSIM. 

 

The wife’s earnings effects remained whether or not we deduct income tax. In 

figure S8, we see that, on average, 9.4 percent of families escape poverty due to the 

wife’s working. The average effects of wives working in households where the husband 

is unemployed, employed, and not in the labor force are 32.8 percent, 6.0 percent, and 

35.1 percent, respectively. This finding leads us to conclude that income tax payment 

does not alter the effect of wife’s working on family poverty. The decomposition analysis 

also displays little change in results when we do the analysis with and without adjusting 

for income tax liabilities (table S1 and S3). 
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CHAPTER 3: DID EXPANDING THE SUPPLY OF PUBLISHING 
OPPORTUNITIES INCREASE REPRESENTATION WITHIN THE 

ECONOMICS DISCIPLINE? 
 

Introduction 

Publications are a lifesaver for people who are trying to establish their 

professional careers in academia. People start their tenure track faculty careers in 

academic positions and expect to move to a more settled tenured position. In this process, 

quality publication signals their future success in academia and thus are weighted more if 

they have required publications. However, publications from peer-reviewed journals are 

challenging and need a reasonable amount of time. Institutions determine a faculty 

member's fate; hence tenure based on publications in top-ranked journals are getting 

more demanding over time (Card & DellaVigna, 2013; Heckman & Moktan, 2020). In 

many academic institutions, authors are also rewarded financially for publishing in one of 

the top journals (Osterloh & Frey, 2020). 

The American Economic Journal (AEJ) series aimed to create new opportunities 

for publications for low-ranked institutions who can take the scope of publishing and can 

get success within the field in their publication capacity. Publication at the AEJs is 

prestigious since the four sub-journals gained high ranks in the field within a short 

period. Over the last 50 years, acceptance rates at top economics journals have fallen to 

6% from 15%. The time an economics paper typically spends at a given journal between 

submission and publication has more than doubled (Ellison, 2002; Galiani & Gálvez, 

2017).17 This paper aims to answer the causal question of whether publication 

opportunities create representation in economics.  

 
17 In this study, we use article and paper synonymously, which refers to the journal article. 
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Success in academia relies on early success within a highly competitive space that 

might favor those with institutional resources or prestige. Given diminishing 

opportunities for publication in top-tier journals, the American Economic Association 

recognized a need for new journals where researchers and academics can publish their 

work. The American Economic Association began publishing four new journals in 2009, 

each using the title American Economic Journal, divided into sub-categories for different 

economics disciplines.18 The AEJ is a group of four reviewed academic journals with 

fields of Applied Economics, Economic Policy, Macroeconomics, and Microeconomics. 

Although this paper focuses on the economics discipline, the lessons are broadly 

applicable to other fields, where early success has been causally linked to long-term 

research productivity (Bol, de Vaan, & van de Rijt, 2018). 

This paper examines the impact of introducing the AEJs on academics' 

representation at lower-ranked institutions in academic economic publishing. As 

background, economics frequently refers to a set of “Top 5” journals representing the 

field's highest level.19 High-quality articles that are rejected from these journals are often 

published in the next “tier” of journals. The introduction of the AEJs was specifically 

designed to be “below” the “Top 5” but above these competitor journals.20  

There is growing literature that deals with the publication process and its 

consequence in the economics discipline (Akerlof, 2020; Anauati et al., 2020; Card & 

DellaVigna, 2013; Ellison, 2002; Heckman & Moktan, 2020). In these studies, scholars 

 
18 AEJ: Applied Economics, AEJ: Economic Policy, AEJ: Macroeconomics, and AEJ: Microeconomics. 
19 The “Top 5” include: American Economic Review, Econometrica, Journal of Political Economy, Quarterly 
Journal of Economics, and Review of Economic Studies.  
20 As a specific example, prior to 2009, an applied microeconomist might attempt to publish in a “Top 5” 
journal, and upon rejection, submit to the Journal of Human Resources (JHR). Now, the same author might 
use this rejection as an opportunity to publish in “American Economic Journal: Applied Economics”, with 
JHR an ultimate venue only after this article was rejected from the AEJ.   
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are investigating how the publication process was leading and reshaping the economics 

discipline. They are also giving their policy suggestions for the future. However, we did 

not find papers that looked at how introducing new journals influences the convoluted 

economics journal publication issues. We need to know how a brand new journal can 

solve some recurring problems. Does the brand new journal create some room for new 

scholars in the field?  

The study examines whether the introduction of the AEJs has created new 

publication opportunities for scholars. To test this research question, we look if the 

journals ranked lower than the AEJs – which are still competitive and hard to get into – 

become slightly less competitive. We would observe this if scholars from lower-ranked 

institutions are increasingly able to get their articles in these journals. We can observe 

this by the articles average institutional ranking of the authors that we can track over 

time. We test this empirically because it is not necessarily the case that these journals 

would get less competitive. To secure tenure positions, scholars need to publish an 

adequate number of high-quality articles. It could be the case that people who publish in 

AEJs would still publish papers in these other journals. 

The results of this study provide some preliminary or weak evidence of causality. 

The analysis uses a difference-in-difference (DID) setting accompanied by the event 

study design. The study contributes to our understanding of new journals and how that 

can make a difference in economics's existing publication settings. Journal publication in 

economics is considered more difficult than most other disciplines, based on the lag 

between submission and publication and acceptance rate. 
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The remainder of this paper proceeds as follows. Section two surveys existing 

literature on journal publication in economics. Section three deals with the background of 

the American Economic Journal series. We get an idea of the need for a new journal in 

economics in this section. Section four examines the data collection process. In this 

section, we discuss how we collect data and prepare our data for Stata. Section five 

discusses the methodology of the difference-in-difference and event study design. In 

section six, we describe the results of our analysis. We conclude with discussion and 

policy implications in the last section. 

 

Literature Review 

Economics is an unusual discipline among all the disciplines as it dedicates a set 

of a narrow list of top journals where scholars are competing to publish their research 

(Gibson et al., 2014). Economics emphasizes journal publication in a few high-ranked 

journals (Gibson, 2014; Heckman & Moktan, 2020). This concentration of publications 

has intensified mostly throughout the last decade (Card & DellaVigna, 2013). Publication 

in the top five economics journals works as a strong signal and influence for tenure 

decisions and transition rates to tenure (Heckman & Moktan, 2020).  

The scholarship of the economics’s goal at its current state promotes careerism 

over creativity (Heckman & Moktan, 2020). Scholars are emphasizing securing tenure 

positions, and they are putting less time into fundamental economic problems. 

Publication of economics journals has shifted to overly complicated or challenging 

papers, and journals are not interested in publishing soft papers. Akerlof (2020) describes 

this as the “sins of omission,” which ignores the importance and valuable topics and 
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problems that economics requires to address. Top economics departments consider tenure 

or promotion for those who were able to publish in the top five journals. However, it has 

been observed that a substantial number of influential papers are published in other 

journals, not in the top five (Heckman & Moktan, 2020). In fact, even salaries are also 

tied with the journal productivity at the top five journals. Social ties between authors of 

journal papers and journal editors enhance the publications process where authors took 

advantage of the connection (Colussi, 2018; Goyal et al., 2006). In about 43% of 

published papers in the top four leading economics journals, authors of articles, and 

editors had some form of social connection during 2000-2006 (Colussi, 2018).21 

The publication process of the top economics journal papers has been lengthened 

substantially over the last three decades (Ellison, 2002). Various factors contribute to this 

prolonged process. Papers are getting complicated, require extensive reviewing, and have 

established a democratic review process requiring more time for review. However, most 

of the slowdown remains unexplained. There are two types of delays in the publication 

process, including processing delays, which reflect time between submitting a paper and 

editors' decision after reviewing the paper, and publication delays between accepting a 

paper and its publication (Trivedi, 1993). Publication delays are prevalent in economics 

compared to science, technology, and medical (STM) fields (Björk & Solomon, 2013). 

The average delays generally account for 18 months instead of 9 months average delay in 

chemistry in business or economics fields. From submission to acceptance, the review 

times in the top 25 economics journals require an average of 16.5 months (Ellison, 2002). 

In other statistics, the review time for nine economics journals has increased by 185% – 

 
21 The top four journals consist of the American Economic Review (AER), Journal of Political Economy 
(JPE), Econometrica, and Quarterly Journal of Economics (QJE). 
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from 6.1 months in 1970 to 17.3 months in 1999. In the 1960s, the author's requirement 

to “revise and resubmit” a paper was fairly rare, and rejection from a journal was 

uncommon (Akerlof, 2020; Ellison, 2002).  

The number of submitted papers in the top five economics journals has 

substantially increased (Card & DellaVigna, 2013), with high rejection rates and delays 

in the refereeing process (Ellison, 2002; Heckman & Moktan, 2020). To ensure paper 

quality, editors are now using more referees than in the past (Heckman & Moktan, 2020). 

The top five journals' acceptance rates have decreased from 15% in 1980 to 6% in 2012 

(Card & DellaVigna, 2013). Publications in the top economics journals are increasingly 

demanding and require more time than in the past. As a result of this, high-profile senior 

authors with renowned institutional affiliations often publish their papers as working 

papers. They are less interested in publishing their papers in top-ranked economics 

journals (Ellison, 2011; Heckman & Moktan, 2020). Due to the high growth of internet 

connectivity, high-profile authors disseminate their papers directly to readers. This 

auxiliary publication process dampens the market signal of the top five. These papers are 

highly cited but not published in the top five journals (Heckman & Moktan, 2020). 

Despite high citation counts by papers published in the top five journals and longer life 

cycles, their influence is overestimated (Anauati et al., 2020).   

Card and DellaVigna (2013) have identified nine essential facts for the top five 

journals. First, the annual submissions to these top five journals were double in 2012 

compared to 1990 (Anauati et al., 2020). Second, the total number of articles published 

annually has declined from 400 in the 1970s to 300 in 2012. Consequently, the journal 

acceptance rate has declined from 15% to 6%, which puts pressure on young 
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professionals. Third, the American Economic Review accounts for 40% of all published 

articles in the top five journals. This share has increased from 25% in the 1970s. Fourth, 

currently published journals have an increased length of three times higher than the 

1970s, which implies greater space limitations for articles. Fifth, the average number of 

authors has increased to 2.3 per article from 1.3 in 1970. Sixth, articles published in the 

top five journals have a high citation record (Anauati et al., 2020). Seventh, the rankings 

of journals remain about the same within the top five. The only exception is the Quarterly 

Journal of Economics, which peaked from the fourth position during the three decades. 

Eighth, lengthy papers have many more citations and coauthors. Ninth, papers related to 

development and international economics are getting more citations, and econometrics 

and theoretical papers are getting fewer citations.  

Even in the top economics departments, some females require more top-five 

publications than their male colleagues. Despite the small sample size, male faculties 

require two top 5 publications, and female faculties require three top-five publications 

(Heckman & Moktan, 2020). We usually see discrimination based on external 

characteristics like race, gender, etc. There is “alphabetical discrimination” in academic 

success in economics (Einav & Yariv, 2006). In a collaborative paper in economics, 

authors' names are in alphabetical order and get some privilege in the first place. When 

people cite papers, they use the first author’s last name with “et al.” if the paper has more 

than two authors. The alphabetical discrimination also favors economists likely to receive 

the Clark Medal and the Nobel Prize.  

The fate of an article sometimes depends on when the paper was published. A 

“citation trap” exists in academic paper publications depending on when (month) the 
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paper was published (Ma et al., 2019). If a paper is published between October to 

December, the paper is 18.5% less likely to be cited relative to a paper published in other 

months of the year.  

Publications are the central blood circulation system in academia. However, 

sometimes authors are not treated well enough for their scholarly contribution. The 

author of a paper can publish a paper if she shows intellectual prostitution to the journal 

editor (Frey, 2003). People should treat economists as artists and journals who need to 

understand creativity's value as an intellectual field. Mutual respect may encourage 

everyone to work what the field deserves. 

 

Background on the American Economic Journal 

The American Economic Association (AEA) started to publish the American 

Economic Journal series in 2009. AEJ is a group of four reviewed academic journals with 

fields of applied economics, economic policy, macroeconomics, and microeconomics. 

Each of the journals starts with the prefix American Economic Journal with a field name 

attached. 

There was a rejuvenated need for new journals in economics where researchers 

and academicians could publish their research output. Among many reasons for the new 

publication avenues in economics journals, these two are prominent for the history of 

AEJ. Most other academic societies publish more than three journals, and adding more 

journals can ensure the diversity of papers and editors. The American Economic Review 
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was too populated as it was a sole publication from the American Economic 

Association.22 

The Ad Hoc Committee on new Journals chaired by Robert Hall recommended to 

the Executive Committee in April 2006 that the association start four aggregated field 

journals. This recommendation came following a three-year study and discussion of the 

subject. The publication start date was set at 2009, and each published in four issues per 

year. The four new field journals of AEJ are not subsidiary journals to the AER. The AEJ 

journals are lower ranked than the AER since the beginning of AEJ. At that time, the 

AEA president, George Akerlof, appointed a search committee for the new journals' 

editors. The Executive Committee of the AEA voted to initiate the new field journals and 

name them: (i) American Economic Journal: Macroeconomics, (ii) American Economic 

Journal: Microeconomics, (iii) American Economic Journal: Economic Policy, (iv) 

American Economic Journal: Applied Economics. 

AEJ: Macroeconomics primarily would include macroeconomics, monetary 

economics, international finance, aggregate aspects of development, economic growth, 

finance, and comparative economic systems. The primary focus of AEJ: Microeconomics 

includes microeconomic theory, corporate finance, industrial organization, micro theory 

aspects of economic development, and micro aspects of international economics. AEJ: 

Economic Policy has a publication focus on public economics, urban and regional 

economics, public policy aspects of health, education, welfare, law and economics, 

economic regulation, and environmental and natural resource economics. AEJ: Applied 

 
22 The American Economic Association has published the Journal of Economic Literature and the Journal 
of Economic Perspectives. However, in general, these journals commission articles and are not open to 
submissions. 
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Economics concentrates papers on labor, demography, empirical micro developments, 

health, education, and welfare economics. 

 

Data 

Data for this study come from Scopus, which manages the abstract and citation 

database of peer-reviewed literature and is hosted by Elsevier.23 This gives us the 

publication detail of an article, including the name of the article, author(s) name, number 

of citations. The rank for economics journal is published by IDEAS/RePEc 

(IDEAS/RePEc, n.d.) and updated periodically. In our database, we link the economics 

journal ranking with the journals at Scopus. For this analysis, we consider the top 120 

economics journals, journal rank rated from 1, highest, to 120 lowest. This research 

focuses on the top 120 journals for two reasons. First, we are interested in seeing the 

impact of the American Economic Journal on other competing journals, and the ranking 

of AEJ varies widely. The four AEJs ranks are macroeconomics (18), applied economics 

(25), economic policy (52), and microeconomics (116). This study needs to include all the 

journals that are within the range of 116 at the least. To manage the rank of 

microeconomics, we consider journals that rank between 1 to 120. Second, there is an 

implicit rule of thumb in many economics departments to publish in the top 100 journals 

for tenure track positions. Publication in the top 100 journals is considered their signal for 

future productivity and scholarly contribution. The institutions try to predict the future 

success of a faculty by their publication capacity. Despite economics department policy 

 
23 This research has started with a broader context of journals by considering 4,000 journals in the 
economics discipline. Some of the publications are dated back to the 19th century. To address the research 
question, we worked with the top 120 journals and the papers published after 1990. 
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statements to the contrary, they prefer to see the papers published in the top rankings 

journals (Heckman & Moktan, 2020).  

In this study, the unit of analysis is an article, and the article is assigned with the 

average institutional adjusted ranking of the author that we track over time. We collected 

data based on parameters of the journal-title, year, volume, issue, article number, start 

and end page, page count, cited by, authors name, authors id, affiliation, funding, 

publisher, and document type. The current analysis is limited to publications from 1991 

to 2019. We have excluded earlier publications prior to 1991 as they are not relevant to 

the current analysis. In the analysis part, we check the main estimates' robustness by 

limiting the data from 2000 to 2019 (results are not presented in this paper). There is a 

change in policy in 2009 when the American Economic Journal series started publishing. 

The year 2009 is important due to expected changes since the start of the AEJ series 

publication. This works like a change in policy in 2009 for the difference-in-difference 

model.  

The following steps elaborate on the procedure to get the data for difference-in-

difference analysis. In step 1, we collect the top 120 economic journal article records 

from Scopus. We downloaded Scopus data on May 14, 2019. We import files 

downloaded from Scopus for individual economics journals. We arranged publication 

history by different journals and authors along with other information. Afterward, we 

kept only those articles that are published from 1991 onward. The year 1991 will provide 

a good reference year to start. Authors who have published papers from 1991 to 2008 will 

provide us the control group information in this research. Seven journals are not imported 

(rankings of 22, 29, 43, 65, 70, 74, 76) as these are proceedings of various U.S. federal 
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reserve banks (6) or working papers (1). Proceedings, Federal Reserve Bank of San 

Francisco (22), Proceedings, Federal Reserve Bank of Cleveland (29), Quarterly Review, 

Federal Reserve Bank of Minneapolis (43), Economic Policy Review, Federal Reserve 

Bank of New York (65), Journal of Global Economic Analysis, Center for Global Trade 

Analysis (70),  BIS Quarterly Review, Bank for International Settlements (74), 

Proceedings, Board of Governors of the Federal Reserve System (U.S.) (76). There were 

142,301 papers published in 120 journals from 1991 to 2019. The data are arranged in 

one row per article. A single paper or article may have multiple authors in this data. In 

table 1, we see the percent of articles published in different years. The year 2019 shows a 

sharp fall since we collected data for the first five months. In most other years, we see an 

increasing trend of article publication. There is an increase in the supply of papers from 

1996, and we see until 1995, there was less than 2% of papers published annually.  

Table 1 provides some descriptive statistics for the data. On average, over the full 

sample period, 4,932 articles were published annually from 1991 to 2018 in the 120 

selected journals. We also see an increasing trend of publication for articles. Some 

journals have increased their frequency of publication and started accommodating more 

articles in a publication. In fact, it is the case that we see a few new journals in these 

years for economics. 

 

Table 1. Descriptive Statistics 

Year 

Articles Citations 

Numbers Percent 
(%) 

Percent 
Change 

(%) 
Number Percent 

(%) 

Percent  
Change 

(%) 
1991 2119 1.49 NA 1485 0.02 NA 
1992 2239 1.57 5.66 13430 0.22 804.38 
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1993 2299 1.62 2.68 33185 0.54 147.10 
1994 2555 1.80 11.14 54351 0.88 63.78 
1995 2613 1.84 2.27 82551 1.34 51.88 
1996 3834 2.69 46.73 110300 1.79 33.61 
1997 3773 2.65 -1.59 116644 1.89 5.75 
1998 3855 2.71 2.17 150639 2.44 29.14 
1999 3723 2.62 -3.42 154810 2.51 2.77 
2000 3778 2.65 1.48 158342 2.57 2.28 
2001 3973 2.79 5.16 159969 2.59 1.03 
2002 4261 2.99 7.25 175574 2.84 9.76 
2003 4611 3.24 8.21 186300 3.02 6.11 
2004 4779 3.36 3.64 205294 3.33 10.20 
2005 4862 3.42 1.74 229874 3.72 11.97 
2006 5149 3.62 5.90 264640 4.29 15.12 
2007 5479 3.85 6.41 284719 4.61 7.59 
2008 6049 4.25 10.40 284739 4.61 0.01 
2009 6162 4.33 1.87 291003 4.71 2.20 
2010 6192 4.35 0.49 294313 4.77 1.14 
2011 6340 4.46 2.39 302081 4.89 2.64 
2012 6580 4.62 3.79 305662 4.95 1.19 
2013 7106 4.99 7.99 315770 5.12 3.31 
2014 7196 5.06 1.27 321068 5.20 1.68 
2015 6738 4.74 -6.36 321633 5.21 0.18 
2016 6719 4.72 -0.28 324102 5.25 0.77 
2017 7194 5.06 7.07 334021 5.41 3.06 
2018 7900 5.55 9.81 346709 5.62 3.80 
2019 4223 2.97 -46.54 349745 5.67 0.88 

Notes: Second column refers to the number of journal articles published in 120 selected journals in 
respective years. Column 3 identifies the percent of articles been published in a year. The fourth column 
represents the percent change in articles relative to the previous year. A single journal article may have 
multiple authors, if applicable. The fifth column refers to the number of citations that these journal articles 
get in their respective years. In the sixth column, the percent of citations in a year refers to percent relative 
to total citations from 1991 to 2019. The last column refers to the percent change in citations relative to the 
previous year. *Data for 2019 contains the first five months of the year.  
 

In table 1, in the last column, the percent of citations in a year refers to percent 

relative to total citations from 1991 to 2019. From 1991 to 2018, we see an average 

citation of 42.2 per article. There is a maximum citation of 9,365 for a single article, and 
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some articles do not get any citation after publication. Overall, we also see an increasing 

trend of citations measured by the percent of citations in respective years. The articles are 

more impactful in recent years than in the past. Due to the increasing accessibility of 

technologies in recent years, researchers can search a paper and cite a paper that they 

need.  

In step 2, we reshaped journal articles into one row per author-article from one 

row per article. The goal here is to identify each author with their publication. Also, our 

interest is to append the institutional ranking of the author’s affiliated institution. This 

gives us an idea about the authors' departmental ranking with the journal article.24 As a 

result of reshaping, we see a two-fold increase in total observations in our data window 

from 1991 to 2019. Percent of journal papers is in appendix figure A1, where we see after 

reshaping into one row per author-article. The percent is defined by the percent of 

observations for respective years relative to the total number of observations from 1991 

to 2019 and represented by the line with a circle marker. This follows an increasing trend 

over the years. The second line (square marker) represents the percent change of articles 

relative to the previous year. In most of the years, we see an increasing number relative to 

previous years. In a few years, we see there is a sharp increase. Two factors can 

 
24 To make it one row per author-article, we have a unique id with paper's unique identifier. Scopus assigns 
this id in its database to identify the unique academic work, and they call this electronic identification 
(EID). Scopus seems to work with its own digital identifier, similar to the digital object identifier (DOI) 
used in many journals. We consider authors id, file, volume, issue, and page start for unique id. After 
reshaping the one row per author article, we have 293,461 observations where each observation shows one 
row per author-article. In this data, a single article appears multiple times, depending on the number of 
authors. However, if one article has a sole author, it appears once in the dataset. In other words, this has a 
single observation for the article. If 5 authors write an article, the journal article will appear five times in 
our dataset after reshaping. For that particular journal article, we see an increase in observation from one to 
five. 
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contribute to this sharp increase: an increase in the number of articles and an increase in 

co-authored articles. 

In step 3, we matched the reshaped data, which contains one row per author-

article, to the institutional ranking by authors’ affiliations. The matched dataset will have 

institutional ranking in addition to other information that we get in step 2. In the reshaped 

dataset, we have journal rankings from 1 to 120, and we also have authors’ institutional 

affiliation information. The institutional ranks are directly from the economics 

department rankings in various institutions and mostly from the universities. The 

institutional rank contains 287 different institutions, mostly with economics departments 

where 1 is the highest and 287 is the lowest. In the dataset, we have 120 journals with 

their rank. Departments whose rankings are 120 and above are set to 120. To avoid 

outliers and missingness, authors whose institutional affiliation was greater than 120 or 

who had no institutional affiliation (i.e., lower-ranked universities; unaffiliated jobs such 

as government or research organizations) were assigned a value of 120. In other words, 

the value 120 for institutional affiliation represents the maximum ranking possible for our 

dataset, which states the person or author is from a low-ranked institution. In the dataset, 

we create a unique affiliation id by using the author's id. In this process, we remove some 

extraneous strings that do not match our observations.  

To identify the departmental rankings between the journal articles and 

IDEAS/RePEc, we used Stata’s matchit program. These were contained in string 

variables that may include different spellings and abbreviations or other differences that 

make matching imprecise. This program matches two datasets based on similar text 

patterns and uses string variables, with the closeness of matches specified by the 
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similarity scores, known as similscore. The scores vary between 0 to 1, where 1 means a 

perfect match in the matching results. 

In step 4, we examine the accuracy of matching that we performed in the 

‘matchit’ procedure. Now, we keep only the highest similscore for each journal 

affiliation. Data derive from a match of institutional rank taken from IDEAS/RePEc 

linked to Scopus data using Stata’s ‘matchit’ procedure. Appendix figure A2 presents a 

histogram that shows the highest similarity score per institution, conditional on a 

similarity score higher than 0.5. After producing these results, we selected a random 

sample of 25 matches for each bin of 0.05 similscore points (i.e., 0.50-0.549; 0.55-0.599) 

and used human judgment to verify the accuracy. Appendix figure A3 shows the ability 

of Stata’s ‘matchit’ procedure to link the author’s stated affiliation to institutional rank. 

We observe a generally linear relationship between similscore and match accuracy, with 

similscore  of 0 being associated with almost completely incorrect matches and a 

similscore of 0.9 being judged close to completely accurate. We see over 60% of 

observations are correct match with an estimated matching probability over 0.65.  

In step 5, we work with the matched data from the third step of this section, where 

we match the reshaped data to institutional ranking. This study analyzes the impact of 

introducing the AEJs on academics' representation at lower-ranked institutions in 

academic economic publishing. As background, economics frequently refers to a set of 

“Top 5” journals representing the field's highest level. High-quality articles that are 

rejected from these journals are often published in the next “tier” of journals. The 

introduction of the AEJs was specifically designed to be “below” the “Top 5” but above 

these competitor journals. Appendix figure A4 shows the authors' average institutional 
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rank per journal publication considering institutional ranking from 1 to 287. We see that 

the AEJs were indeed an attractive venue as scholars of more robust institutional rank 

chose to publish there; the average rank was slightly lower than in the “Top 5” journals 

but above the remaining journals considered part of the “Top 120” in economics.  

In figure 1, we have the average institutional adjusted rank of authors per journal 

publication, considering the institutional ranking from 1 to 120. Calculations used in this 

study are the average institutional rank per published journal article. In figure 1, the solid 

line represents “Top 5” economics journal. The deep dotted line represents AEJ, and the 

light dotted line represents the rest of the economics where we have 111 other economics 

journals. The American Economic Journal series includes all four journals in the top 120 

journals: applied economics, economic policy, macroeconomics, and microeconomics. 

We also see that the AEJs were indeed an attractive avenue to publish papers as scholars 

of more robust institutional rank chose to publish there. The average adjusted rank was 

slightly lower than the “Top 5” journals but above the remaining journals of “Top 120” in 

economics.   
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Figure 1. The average institutional adjusted rank of authors per journal article 

 
Notes: Data include all publications from the top 120 Economics journals, as measured by IDEAS/RePEc 
data and downloaded from Scopus in June 2019. Institutional rank was taken from IDEAS/RePEc and linked 
to Scopus data using Stata’s ‘matchit’ procedure. Calculations are the average institutional rank per published 
journal article; to avoid outliers and missingness, authors whose institutional affiliation was greater than 120 
or who had no institutional affiliation (i.e., lower-ranked universities; unaffiliated jobs such as government 
or research organizations) were assigned a value of 120. “Top 5” refers to American Economic Review, 
Quarterly Journal of Economics, Econometrica, Review of Economic Studies, and the Journal of Political 
Economy. The American Economic Journal category includes all four journals in the top 120 journals: 
Applied Economics, Economic Policy, Macroeconomics, and Microeconomics. 

 

Figure 1 is comparable to appendix figure A4 in this study, with the only 

difference is the way we define the average institutional rank of authors. In figure 1, we 

defined the average institutional adjusted rank of authors by truncating the institutional 

rank from 287 to 120. Since we have 120 journals rank in our dataset, we also consider 

120 institutional ranks. However, in the appendix figure A4, we see the average 

institutional rank of authors per journal publication, and we did not truncate the 

institutional ranks. Two different average institutional rank measures per journal article 

(average institutional rank and average adjusted institutional rank) give us the same 
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conclusion. We prefer to use the adjusted rank, which will be a better measure than the 

other one. The adjusted measure is precise and has less variability.   

The citation of an article is important since we need to know how impactful the 

research was. Figure 2 shows the average citations of these early AEJ papers are 

comparable to those published in the “Top 5” economics journal. As expected, the 

average citations per journal publication declined for the three groups of journal articles 

as we moved in recent years. Old papers have more citations than new papers. The early 

papers from the AEJ series were able to get a good number of citations. The average 

number of citations for the AEJ series papers was always higher than the rest of 

economics' top 120 journal papers.  

 

Figure 2. Average citations per journal publication 

 
Notes: Data include all publications from the top 120 Economics journals, as measured by IDEAS/RePEc 
data and downloaded from Scopus in June 2019. Institutional rank was taken from IDEAS/RePEc and linked 
to Scopus data using Stata’s ‘matchit’ procedure. Calculations are the average institutional rank per published 
journal article; to avoid outliers and missingness, authors whose institutional affiliation was greater than 120 
or who had no institutional affiliation (i.e., lower-ranked universities; unaffiliated jobs such as government 
or research organizations) were assigned a value of 120. “Top 5” refers to American Economic Review, 
Quarterly Journal of Economics, Econometrica, Review of Economic Studies, and the Journal of Political 
Economy. The American Economic Journal category includes all four journals in the top 120 journals: 
Applied Economics, Economic Policy, Macroeconomics, and Microeconomics.  
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In step 6, now we proceed to prepare our dataset to apply difference-in-difference 

in this study. We need observations for the treatment group and control group. We define 

three different tiers: tier 1, tier 2, and tier 3 based on journal groups. Tier 1 consists of 

journals from “top 5.” Tier 2 represents the AEJ series journals. We call authors who 

have published papers in “tier 3” journals are the treatment group. The process follows 

the following steps. At the outset, we identify all the authors who have published in the 

“top 5” journals before the AEJ series of 2009. From these observations of authors, we 

also identify those authors who have published at least two papers in the “top 5.” We 

argue here that “at least two papers” is a standard criterion to infer that the authors have a 

strong track record of publication in the “top 5” journals. To get the authors of the 

treatment group for tier 3, we identify authors, prior to the AEJ’s what other journals they 

were publishing more frequently who also have at least 2 papers in “top 5.” We get our 

treatment group observations which consist of authors of one row per author-article.  

We want to limit our observations by the number of citations where we have 

already identified authors. As we mention in step 5, we to consider articles that are 

impactful research findings and measured by citations. In our dataset, the average citation 

of a paper is 42.2. We set two thresholds for the number of citations, and the aim is to be 

conservative while setting the number of citations. Now, we identify articles with at least 

200 citations. This process tells us that there are 28 journals where these authors have 

published their papers more frequently apart from “top 5.” We call this more frequent 

publication since we have identified only those authors who have published their research 

at least 2 papers in the “top 5.” These are our treatment group journals. These are the 

journals where selected authors published their papers more frequently. In this study, the 
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unit of analysis is the authors’ rank, and we get this by applying several conditions. We 

also consider a second selection process for tier 3 journals which is less conservative than 

the first. Here, we track those articles that have at least 100 citations. There are 48 

journals where these authors are published more frequently, and we consider these 

journals as new tier 3. The four AEJ series are our tier 2 journals. This is our change in 

program in this research. The introduction of AEJs is considered the study's 

interventions, and the interventions are as good as random. Appendix table A1 presents a 

list of journals used in this study with their groups as described. 

 

Methodology 

The difference-in-difference method is ideal where outcomes are observed for two 

groups for two different periods. Ashenfelter and Card (1985) popularized this method as 

a quasi-experimental research method. The difference-in-difference looks at the effect of 

a policy change in a period that separates two different groups. One group is exposed to 

the policy change and is known as the treatment group. On the other hand, the other 

group was not exposed to the policy change and is known as control. This counterfactual 

is important to make a causal inference.  

This study uses a difference-in-difference framework, which empirically tests 

whether the American economic journals' introduction increased representation by 

institutional quality among elite but secondary journals that historically fell below the 

“Top 5.”25 In other words, this study analyzes the impact of the introduction of the AEJs 

in 2009 on academics' representation at lower-ranked institutions in academic economic 

 
25 Difference-in-difference is one of the popular and oldest quasi-experimental research designs dated back 
to Snow’s (1855) study on a cholera outbreak in London (Goodman-Bacon, 2018). 
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publishing. In essence, we believe that representation in Economics elite “Top 5” journals 

will be unaffected by introducing the AEJs and serving as a control group to measure 

overall changes in who publishes in elite economic journals over this period. In the 

difference-in-difference model, the control group works as a counterfactual for the 

model, and we need to ensure that we have a good control group for the analysis. The 

AEJ then serves as the “treatment” condition, and we will test whether this new AEJ tier 

created space for those in lower-ranking institutions to publish in high-quality but slightly 

lower-ranked journals. The results from figure 1 offer some speculative evidence that this 

is indeed the case, with average ranking in the “Top 5” unchanged after 2009. However, 

institutional ranking in other top 120 journals was increasing during this time.  

Next, we proceed to our main model. We first examine a linear difference-in-

difference model. In this study, a difference-in-difference analysis empirically tests 

whether the introduction of the AEJ journals increased representation by institutions of 

lower quality among elite but secondary journals that historically fell below the “Top 5.” 

The identifying assumption for the DID method is whatever happened to the “Tier 1” 

journals (control group) over time is what would have happened to the “Tier 3” journals 

(treatment group) in the absence of the AEJs (program).  

The most parsimonious version of this linear difference-in-difference framework 

can be represented as the following equation:  

𝑦!" = 𝛼 + 𝛽$ ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" + 𝛽)𝑝𝑜𝑠𝑡!" + 𝛽*(𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" ∗ 𝑝𝑜𝑠𝑡!")

+ 𝜀!" ………(1) 

where 𝑦!" is the outcome of interest, and in this study, it is measured by the articles with 

the average institutional adjusted ranking of the authors. The articles adjusted 
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institutional rank of authors are defined by the rank of authors institutional rank with the 

journal rank. In our dataset, the observations are per author-article where we may get an 

article authored by multiple authors. The dummy variable 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" is the tier 3 

journals capture possible differences between the treatment and control groups prior to 

the publication of AEJs. In this study, there are 2 different treatment groups based on the 

number of citations that we set. The time dummy 𝑝𝑜𝑠𝑡!" captures the possible change in 

the outcome variable in the absence of a policy change. The coefficient of interest is the 

estimate of 𝛽*, an interaction between 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" and 𝑝𝑜𝑠𝑡!", and known as a 

difference-in-difference estimate.  

In our next step, we include fixed effects in our model, and in this case, we use 

the journal fixed effect. The fixed effect version of this linear difference-in-difference 

framework can be represented as the following equation:  

𝑦!" = 𝛼 + 𝛽$ ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" + 𝛽)𝑝𝑜𝑠𝑡!" + 𝛽*(𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" ∗ 𝑝𝑜𝑠𝑡!") + 𝜃3

+ 𝜀!" ………(2) 

In equation 2, we have a similar description as in equation 1 above. 𝜃3 identifies the 

journal fixed effect.  In other words, the variable 𝜃3 captures all unobserved, time-

constant factors that affect the authors’ rank of 𝑦!". The journal fixed effect does not 

change over time and 𝜃3 is fixed over time. The journal fixed effect represents all factors 

affecting the articles average adjusted institutional rank of authors that do not change 

over time.  

The standard way to evaluate interventions such as the causal effect of publication 

opportunities to a new journal can be evaluated by the difference-in-difference method. 

DID method follows a version of panel fixed effects and can also be used with repeated 
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cross-sections (Cunningham, 2018). The DID eliminates both the selection bias and the 

effect of time. The first difference eliminated the unit-specific fixed effects, and after 

getting the difference-in-difference, it gives unbiased estimates. There are two key 

assumptions to apply a standard difference-in-difference model. First, there are no time-

variant unobservables. Second, the omitted variable bias is the same for all units. The 

second assumption is known as the parallel trends assumption in the DID model. The 

simple differencing approach in the DID model has many advantages. DID can control 

for other variables, and this may reduce the standard errors.  

The difference-in-difference analysis relies on data from all economics journals 

ranked up to 120 and linked to the economics departments ranking. We define authors 

rank who publishes at the tier 1 journals as the control group for the difference-in-

difference model. Tier 1 includes the top 5 economics journals. Tier 3 journals is 

considered as the treatment group. In one measure, the process gives 28 journals that 

constitute tier 3. The second measure gives 48 journals that are in tier 3. The procedure of 

getting these treatment journals is explained in the data section. The identifying strategy 

requires a program effect, and in this study, the introduction of AEJ publication is the 

program that has some potential implication to the economics discipline, by and large. 

The difference-in-difference study design has two different statistical concerns 

(Gurantz, 2020). The first challenge is whether the control group of tier 1 journals works 

as a proper counterfactual for tier 3 of treatment journals in the absence of AEJs. We 

need to check whether tier 1 and tier 3 have similar pre-treatment trends. The event study 

design helps to analyze the trends by interacting the treatment (tier 3) with each year 
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dummy in the pre-treatment period where we exclude the year 2008 as this is our baseline 

year. This follows the following equation: 

𝑦!" = 𝛼 +K (𝛽$" ∗
)4$5

"6$55$
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!" ∗ 𝛿") + 𝜃3 + 𝛿" + 𝜀!" ………(3) 

I include both journal (𝜃3) and year (𝛿") fixed effects. The equation tests for the 

treatment effect in each year. The difference-in-difference coefficients should be close to 

zero to support that there was a pre-treatment trend. To check the difference-in-difference 

model's common trend assumption, we perform an event study design with two different 

time periods of 1991 to 2007 and 2009 to 2019. We have omitted the year 2008 since the 

policy change took place in 2009. An event study design is accompanied by the 

difference-in-difference method for program evaluation in microeconomics. The event 

study design is a powerful tool for analyzing policy change (Sandler & Sandler, 2014).  

Statistical inference for the estimates is our second statistical concern. A potential 

threat is the outcomes are often serially correlated due to many years of data, and the 

standard errors may be inconsistent  (Bertrand et al., 2004). The conventional difference-

in-difference standard errors are underestimated and give us misleading inferences on 

rejecting the null hypothesis. In this study, the estimation process takes into account 

cluster standard errors at the journal level. As an alternative, we use Stata’s default 

bootstrapping method for standard errors without regard to clustering. The bootstrapping 

method of estimating standard error attempts to account for the autocorrelation of data. 

The number of journals in this study is large enough to address the data's autocorrelation, 

and bootstrap will work well (Bertrand et al., 2004). 
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Results 

Main Treatment Effects 

 The AEJs publication increases the gap in institutional ranking between authors in 

the “Top 5” journals and authors in high-quality but slightly less competitive journals. 

The  policy leads high-quality journal articles to have authors from lower-ranked 

institutions compared to “Top 5.” The increment is by 2.9 points with the control of 28 

journals, in table 2. This is significant at p<0.01. A new journal works as an opportunity 

of publishing articles for authors from low-rank institutions in economics. When we 

consider a control group of 48 journals, the AEJs publication helps to increase the articles 

average institutional adjusted rank by 2.7 points. This is also significant at p<0.01. In 

table 2, we have the event study design using equation 3 accompanied by the difference-

in-difference with different years. The year 2008 has been omitted due to the change in 

policy where the AEJ started to publish in 2009. We show the results starting from 2000 

in the table, and we did not show estimates from the earlier years for convenience. Table 

2 shows the impact of the introduction of the AEJs on academics' representation at lower-

ranked institutions. The new AEJs created space for authors in low-ranking institutions to 

publish high-quality but slightly lower-ranked journals. As explained in the data section, 

we have two different control groups: tier 3 consists of 28 journals, and a new tier 3 

consists of 48 journals. Here, we define two different control groups based on the number 

of citations of articles published in tier 3 journals.  

 The fixed effect results are also in table 2. In columns 4 and 5, there is a 

difference-in-difference model with the journal fixed effect. Statistically, the journal 

fixed effect captures the time-invariant unobservable factors to the model. In the fixed-



131 
 

effect model, the magnitude of the estimated coefficient shrinks: articles average 

institutional adjusted rank decreases from 2.9 units to 2.6 units for tier 3 with 28 journals. 

It remains significant for 28 journals of tier 3 as a control group. The articles average 

institutional adjusted rank also decreases marginally from 2.7 units to 2.6 units and 

remains significant for 48 journals of tier 3 as a control group in the fixed-effect model. 

This tells us that there is some evidence that the journals matter for authors. The fixed-

effect model also tells us that the journal is a good predictor to capture the individual-

specific differences. Both results from the linear difference-in-difference model and the 

fixed effects confirm positive and statistically significant impacts on the articles average 

institutional adjusted rank. The fixed effects estimate gives marginally smaller 

coefficients in our study. The fixed effects estimates of the treatment effect are often 

smaller than estimates in levels (Angrist & Kruger, 1999).  

 

Table 2. Impacts of AEJs on articles average institutional ranking of the authors 

  DID  DID: Fixed Effect 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

Main DID estimates 
2.865***                          
(0.639) 

2.687***          
(0.612) 

  

2.626***          
(0.637) 

2.650***       
(0.609) 

Bootstrap std. error [0.712] [0.816]   [ 0.809] [0.800] 

Event study estimates           

2000 1.981 2.508   2.471 3.020 

  (2.013) (1.920)   (2.000) (1.906) 

2001 7.774*** 7.576***   8.476*** 8.345*** 

  (1.933) (1.841)   (1.920) (1.828) 

2002 4.290** 4.111**   4.766*** 4.743*** 

  (1.817) (1.732)   (1.806) (1.720) 

2003 6.779*** 6.490***   7.792*** 7.569*** 

  (1.843) (1.765)   (1.831) (1.752) 
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2004 4.627** 5.207***   4.974*** 5.524*** 

  (1.822) (1.739)   (1.809) (1.726) 

2005 7.615*** 6.864***   8.471*** 7.733*** 

  (1.769) (1.687)   (1.757) (1.674) 

2006 5.475*** 6.041***   6.300*** 6.946*** 

  (1.739) (1.662)   (1.729) (1.650) 

2007 4.592*** 3.856**   5.482*** 4.920*** 

  (1.772) (1.701)   (1.760) (1.688) 

2008 (omitted year) 

2009 2.821* 2.359   3.435** 3.020* 

  (1.700) (1.623)   (1.689) (1.611) 

2010 1.940 2.415   2.548 3.115** 

  (1.628) (1.553)   (1.619) (1.543) 

2011 3.926** 3.957**   4.792*** 4.863*** 

  (1.652) (1.577)   (1.643) (1.567) 

2012 7.140*** 7.178***   7.741*** 7.878*** 

  (1.576) (1.503)   (1.568) (1.495) 

2013 9.054*** 8.976***   8.601*** 8.852*** 

  (1.578) (1.511)   (1.570) (1.501) 

2014 8.077*** 7.449***   8.745*** 8.359*** 

  (1.569) (1.503)   (1.563) (1.495) 

2015 8.707*** 8.600***   9.551*** 9.828*** 

  (1.639) (1.574)   (1.635) (1.570) 

2016 3.716** 3.374**   3.931** 3.965*** 

  (1.551) (1.484)   (1.544) (1.475) 

2017 2.328 1.956   2.576* 2.402* 

  (1.524) (1.455)   (1.516) (1.447) 

2018 10.835*** 10.812***   9.624*** 9.873*** 

  (1.680) (1.617)   (1.670) (1.606) 

2019 7.925*** 7.314***   5.274* 4.889* 

  (2.759) (2.680)   (2.746) (2.665) 

N 126,241 169,592    126,241 169,592 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Estimation process takes into 
account cluster standard errors at the journal level. Bootstrapping uses Stata’s default bootstrapping method 
using 50 replications. We consider our full data set in this analysis, the year starting from 1991 to 2019. 
The analysis uses 295,833 observations, and there are 126,241 observations when we have 28 journals and 
169,592 observations when we have 48 journals. Two different main regression model results are 
presented: difference-in-difference and difference-in-difference with fixed effects. In the fixed effect 
regression, we consider the journal fixed effect. For convenience, we show results from the year 2000 in 
this table. 
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 The standard errors use clustering at the journal level. The standard errors remain 

stable and shrink marginally in the fixed effect model relative to the linear difference-in-

difference model. The standard errors decrease from 0.639 to 0.637 and 0.612 to 0.609 in 

the case of 28 and 48 journals, respectively. The decreased standard error is a trade-off 

with the fixed-effect model under the linear difference-in-difference model. The fixed 

effect model's decreasing standard error can be explained as the model uses within 

journal variation, not between journal variation. Mechanically, the standard error in the 

fixed effect model is determined by the explanatory power of the model (SSR) and the 

number of degrees of freedom of the model.26 We also estimate the models using Stata’s 

bootstrapping and mentions the bootstrap standard errors. The bootstrapping is without 

regard to clustering and is greater than the cluster standard errors at the journal level. 

Using the bootstrapping in the DID model, the standard errors increase from 0.639 to 

0.712 and 0.612 to 0.816 for 28 and 48 journals. In the fixed-effect model, the 

bootstrapping standard errors increase from 0.637 to 0.809 and 0.609 to 0.800 for 28 and 

48 journals, respectively. The standard errors from bootstrapping and conventional 

methods are close numbers. In this study, using the bootstrapping standard errors does 

not alter our findings.27 Figures 3 and 4 show the treatment effects from the event study 

design with the difference-in-difference. 

 

 

 

 
26 SSR refers to the regression sum of squares in the regression model. 
27 Bertrand et al. (2004) argue that many DID papers wrongly calculate the standard errors and thus get 
misleading results. They suggest using the bootstrapping standard errors when possible. 
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Figure 3. Difference-in-difference event study impacts of AEJs on authors’ from low 
ranked institutions  

 
 A: treatment group with 28 journals B: treatment group with 48 
journals 
 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates.  
 

 

Figure 4. Fixed effect difference-in-difference event study impacts of AEJs on authors’ 
from low ranked institutions 

 
A: treatment group with 28 journals    B: treatment group with 48 

journals 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates.  
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Robustness of Main Treatment Effects 

We have three robustness tests of our main treatment effects. We defined the 

outcome variable of the articles average institutional adjusted ranking of authors in three 

different ways to check the sensitivity. In the first approach, we consider minimum author 

rank. Minimum author rank is defined so that if one article has coauthors, the minimum 

author rank is defined by the author's lowest rank among all authors. For example, if a 

paper has three coauthors of X, Y, and Z, we look at their adjusted ranks and take the 

minimum rank. Minimum rank reflects authors from high-ranked institutions. This 

approach could be a good predictor of the model as we ask the authors who have the 

minimum rank and how their rankings are affected by the publication of a brand new 

journal. In other words, we are looking at the authors who were gained by the AEJs and 

who got to publish the new journal. Table 3 tests our main results' robustness that tells us 

that the AEJs publication helps articles average adjusted institutional ranking of authors to 

increase their rank by 4.9 points to 5.7 points in difference-in-difference regressions. These 

are significant at p<0.01.    

 

Table 3. Impacts of AEJs on articles average institutional ranking of the authors 
(minimum author’ rank) 

  DID  DID: Fixed Effect 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

Main DID estimates 
5.484***                          
(0.702) 

 5.651***          
(0.680) 

  

4.879***          
(0.697) 

 5.201***       
(0.675) 

Bootstrap std. error [0.611] [0.701]   [ 0.674] [0.800] 

Event study estimates           

2000 4.940** 5.344**   5.244** 5.542*** 

  (2.206) (2.130)   (2.184) (2.107) 

2001 14.296*** 13.863***   14.680*** 14.222*** 
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  (2.117) (2.043)   (2.096) (2.020) 

2002 8.046*** 7.544***   8.336*** 7.989*** 

  (1.991) (1.921)   (1.972) (1.901) 

2003 11.664*** 11.252***   12.552*** 12.169*** 

  (2.019) (1.958)   (1.999) (1.936) 

2004 10.001*** 10.360***   10.478*** 10.695*** 

  (1.996) (1.929)   (1.975) (1.907) 

2005 15.605*** 14.021***   16.135*** 14.445*** 

  (1.938) (1.871)   (1.919) (1.850) 

2006 11.044*** 11.413***   11.493*** 11.856*** 

  (1.906) (1.844)   (1.887) (1.824) 

2007 5.568*** 5.383***   6.175*** 6.122*** 

  (1.941) (1.888)   (1.921) (1.866) 

2008 (omitted year) 

2009 4.918*** 4.124**   5.201*** 4.387** 

  (1.863) (1.800)   (1.844) (1.780) 

2010 6.801*** 7.813***   6.992*** 7.945*** 

  (1.784) (1.723)   (1.767) (1.705) 

2011 8.904*** 9.099***   9.304*** 9.379*** 

  (1.809) (1.749)   (1.794) (1.732) 

2012 14.393*** 14.908***   14.543*** 14.958*** 

  (1.727) (1.668)   (1.713) (1.652) 

2013 15.832*** 16.458***   14.916*** 15.770*** 

  (1.729) (1.676)   (1.714) (1.659) 

2014 16.949*** 16.139***   16.938*** 16.296*** 

  (1.719) (1.668)   (1.706) (1.653) 

2015 15.061*** 15.692***   15.331*** 16.287*** 

  (1.795) (1.747)   (1.785) (1.735) 

2016 9.936*** 9.314***   9.457*** 9.140*** 

  (1.699) (1.646)   (1.685) (1.631) 

2017 4.669*** 4.642***   4.347*** 4.429*** 

  (1.670) (1.614)   (1.656) (1.599) 

2018 16.434*** 16.751***   15.453*** 15.991*** 

  (1.841) (1.794)   (1.823) (1.775) 

2019 16.894*** 16.318***   14.048*** 13.527*** 

  (3.023) (2.973)   (2.998) (2.945) 

N 126,241 169,592    126,241 169,592 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Estimation process takes into account 
cluster standard errors at the journal level. Bootstrapping uses Stata’s default bootstrapping method using 50 
replications. We consider our full data set in this analysis, the year starting from 1991. The analysis uses 
295,833 observations, and there are 126,241 observations when we have 28 journals and 169,592 
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observations when we have 48 journals. Two different main regression model results are presented: 
difference-in-difference and difference-in-difference with fixed effects. In the fixed effect regression, we 
consider journal fixed effect. For convenience, we show results from the year 2000 in this table. 
 

 In table 3, we have linear difference-in-difference and the difference-in-difference 

with fixed effect regressions. The coefficients are 5.5 with the control group of tier 3 

consists of 28 journals and 5.7 with the control group of tier 3 consists of 48 journals, 

respectively. These are significant at p<0.01. The difference-in-difference coefficients in 

the first model show that the treatment effects are higher than our main model in table 2. 

Since we define the outcome variable only with the minimum adjusted rank, we see an 

increase in articles average adjusted institutional ranking of authors by the AEJs 

publication. The effects are twofold greater than the main model in table 2. We expect this 

increment since we define the outcome variable with the minimum authors’ rank. The 

assumption is that if we assign most of our authors with their minimum rank, then they are 

opportunistic. The conventional standard error decreases from 0.702 to 0.680 when 

considering the control group with 28 journals and 48 journals in the DID model. The 

coefficients in difference-in-difference with the fixed effect regression decrease marginally 

when we use the journal fixed effect. The articles average adjusted institutional ranking of 

authors increases by 4.9 points with the 28 journals and 5.2 with 48 journals in the fixed 

effect. These are marginally lower than our first regression of linear difference-in-

difference. The bootstrapped standard error decreases marginally when we use the fixed 

effect relative to the conventional standard errors. 
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Figure 5. Difference-in-difference event study impacts of AEJs on authors’ from low 
ranked institutions considering minimum author rank 

 
 A: treatment group with 28 journals B: treatment group with 48 
journals 
 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates.  
 

 The event study point estimates from 2009 are consistently high enough to have a 

causal effect in various years. These estimates are statistically significant at p<0.01. The 

pre-AEJ estimates are presented in figure 5 and support the parallel trends assumption 

between the treatment and control group. The event study point estimates for fixed effects 

regression in the last two columns are also high in various years. These are also 

significant at p<0.01. These estimates are presented in Figure 6 and support the parallel 

trends assumption between treatment and control groups. 
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Figure 6. Fixed effect difference-in-difference event study impacts of AEJs on authors 

from low ranked institutions considering minimum author rank 

  

A: treatment group with 28 journals                     B: treatment group with 48 journals 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates. In the fixed effect regression, we consider journal fixed effect. 
 

 In our robustness check, we move to the second procedure to define the outcome 

variable by the maximum rank. To define the maximum rank, we consider the articles 

average adjusted institutional ranking of authors with the highest rank from a co-authored 

article. For example, if three authors X, Y, and Z, write a paper, we consider the articles 

rank from the maximum rank from these three. The idea here is to see if we take the 

maximum ranks of how the AEJs influence the authors' publication opportunities. A high 

article rank tells us that the author is far from the prestigious institutions in our sample 

data set. This second robustness check is valuable since we want to see how the authors' 

publication opportunities from low-ranked institutions changed by the AEJs. We may 

expect the opposite result by using the maximum article rank relative to the minimum 

article rank. 
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Table 4. Impacts of AEJs on articles average institutional ranking of the authors 
(maximum author’ rank) 

  DID   DID: Fixed Effect 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

Main DID estimates 
0.682                              

(0.440) 
0.277                  

(0.417) 
  

0.770*                 
(0.438) 

0.497                
(0.414) 

Bootstrap std. error [0.577] [0.592]   [ 0.582] [0.510] 

Event study estimates           

2000 -2.017 -1.266   -1.489 -0.655 

  (1.388) (1.310)   (1.377) (1.298) 

2001 2.944** 2.914**   3.719*** 3.788*** 

  (1.332) (1.256)   (1.322) (1.245) 

2002 2.011 1.933   2.511** 2.538** 

  (1.252) (1.181)   (1.244) (1.171) 

2003 3.194** 2.902**   4.098*** 3.875*** 

  (1.270) (1.204)   (1.261) (1.193) 

2004 0.435 1.104   0.622 1.314 

  (1.256) (1.186)   (1.246) (1.175) 

2005 -0.780 -0.709   0.090 0.219 

  (1.219) (1.150)   (1.210) (1.140) 

2006 -2.830** -2.371**   -1.928 -1.383 

  (1.199) (1.134)   (1.190) (1.124) 

2007 1.540 0.839   2.428** 1.859 

  (1.221) (1.161)   (1.212) (1.150) 

2008 (omitted year) 

2009 -0.352 -0.700   0.440 0.078 

  (1.172) (1.107)   (1.163) (1.097) 

2010 -0.260 -0.227   0.543 0.666 

  (1.122) (1.059)   (1.115) (1.051) 

2011 -0.386 -0.406   0.646 0.694 

  (1.138) (1.075)   (1.131) (1.067) 

2012 1.669 1.422   2.490** 2.381** 

  (1.086) (1.025)   (1.080) (1.018) 

2013 3.102*** 2.495**   3.068*** 2.719*** 

  (1.088) (1.031)   (1.081) (1.022) 

2014 0.110 -0.563   1.144 0.637 

  (1.082) (1.025)   (1.076) (1.018) 

2015 0.826 0.636   1.973* 2.070* 
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  (1.129) (1.074)   (1.126) (1.069) 

2016 0.266 -0.132   0.885 0.772 

  (1.069) (1.012)   (1.063) (1.005) 

2017 -0.740 -1.099   -0.146 -0.351 

  (1.051) (0.993)   (1.044) (0.985) 

2018 2.894** 2.624**   1.798 1.702 

  (1.158) (1.103)   (1.150) (1.094) 

2019 0.562 0.068   -1.530 -1.837 

  (1.902) (1.828)   (1.891) (1.815) 

N 126,241 169,592    126,241 169,592 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Estimation process takes into 
account cluster standard errors at the journal level. Bootstrapping uses Stata’s default bootstrapping method 
using 50 replications. We consider our full data set in this analysis, the year starting from 1991. The 
analysis uses 295,833 observations, and there are 126,241 observations when we have 28 journals and 
169,592 observations when we have 48 journals. Two different main regression model results are 
presented: difference-in-difference and difference-in-difference with fixed effects. In the fixed effect 
regression, we consider journal fixed effect. For convenience, we show results from the year 2000 in this 
table. 
 

 The point estimates in table 4 tell us that the articles that change the rank from 

low-ranked institutions affiliated authors actually failed to increase the rank due to the 

AEJ publication. This is essentially telling us that the authors’ from low-ranked 

institutions failed to publish high-ranked journals. The rank increases marginally and is 

not statistically significant, except the FE with 28 journals at p<0.1. 

 

Figure 7. Difference-in-difference event study impacts of AEJs on authors’ from low 
ranked institutions considering maximum author rank 

 
 A: treatment group with 28 journals    B: treatment group with 48 journals 
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Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates.  
 
 

Figure 8. Fixed effect difference-in-difference event study impacts of AEJs on authors’ 

from low ranked institutions considering maximum author rank 

 
A: treatment group with 28 journals                     B: treatment group with 48 journals 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates. In the fixed effect regression, we consider journal fixed effect. 
 

In the third robustness check, we define the outcome variable as the “percent of 

articles published by someone who had never published there in the tier 3 journals 

before.” Percent of articles by a single author is defined as the number of papers 

published by person ‘X’ divided by the total number of articles in our sample window. In 

doing this process, we consider those authors who have published their papers more 

frequently in 28 journals (in the first measure by citation count) or 48 (in the second 

measure by citation count) as explained in step 6 in the data section. In the analysis, we 

have tier 1 journals as control and tier 3 journals as treatment. The new measure of the 

percent of the article published will allow us to see how authors’ overall performance 

varies due to the AEJs. 
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Table 5. Impacts of AEJs on articles average institutional ranking of the authors (percent 
of articles published) 

  DID   DID: Fixed Effect 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

  

Treatment with 
28 journals 

Treatment with 
48 journals 

Main DID estimates 
0.0004***                              
(0.0000) 

0.0006***                      
(0.0000) 

  

0.0005***                   
(0.0000) 

0.0006***                   
(0.0000) 

Bootstrap std. error [0.0001] [0.0000]   [ 0.0001] [0.0001] 

Event study estimates           

2000 -0.0003 -0.0003   -0.0003 -0.0004 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2001 -0.0007** -0.0006**   -0.0007** -0.0006** 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2002 -0.0002 -0.0001   -0.0002 -0.0002 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2003 0.0001 0.0001   -0.0000 -0.0001 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2004 -0.0004 -0.0003   -0.0004 -0.0004 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2005 0.0002 0.0002   -0.0000 -0.0000 

  (0.0003) (0.0003)   (0.0003) (0.0002) 

2006 -0.0003 -0.0002   -0.0004* -0.0004* 

  (0.0003) (0.0002)   (0.0003) (0.0002) 

2007 -0.0001 0.0000   -0.0003 -0.0002 

  (0.0003) (0.0003)   (0.0003) (0.0003) 

2008 (omitted year) 

2009 -0.0001 0.0001   -0.0001 -0.0000 

  (0.0003) (0.0002)   (0.0003) (0.0002) 

2010 0.0005* 0.0006**   0.0004 0.0004* 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2011 0.0006** 0.0007***   0.0005** 0.0005** 

  (0.0003) (0.0002)   (0.0002) (0.0002) 

2012 0.0001 0.0003   -0.0000 0.0001 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2013 0.0001 0.0004   0.0002 0.0004* 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2014 0.0004* 0.0007***   0.0004 0.0005** 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2015 0.0002 0.0005**   0.0003 0.0003 
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  (0.0002) (0.0002)   (0.0002) (0.0002) 

2016 0.0007*** 0.0009***   0.0006*** 0.0008*** 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2017 0.0008*** 0.0011***   0.0008*** 0.0010*** 

  (0.0002) (0.0002)   (0.0002) (0.0002) 

2018 0.0007*** 0.0010***   0.0009*** 0.0011*** 

  (0.0003) (0.0002)   (0.0003) (0.0002) 

2019 0.0002 0.0005   0.0005 0.0006 

  (0.0004) (0.0004)   (0.0004) (0.0004) 

N 126,241 169,592    126,241 169,592 
Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Estimation process takes into 
account cluster standard errors at the journal level. Bootstrapping uses Stata’s default bootstrapping method 
using 50 replications. We consider our full data set in this analysis, the year starting from 1991. The 
analysis uses 295,833 observations, and there are 126,241 observations when we have 28 journals and 
169,592 observations when we have 48 journals. Two different main regression model results are 
presented: difference-in-difference and difference-in-difference with fixed effects. In the fixed effect 
regression, we consider journal fixed effect. For convenience, we show results from the year 2000 in this 
table. 
 

In the difference-in-difference estimates, we see that articles average adjusted 

institutional ranking of authors from low-ranked institutions increased their publications 

range of 0.04% to 0.06%. These are, in fact, high numbers in terms of the number of 

articles published due to AEJs. In 28 journals, 0.04% is equivalent to 50 articles, and for 

48 journals, this is 68 articles. The estimates are significant at p<0.01. The event study 

estimates show that the years after the AEJs are positive, and authors from low-ranked 

institutions get the opportunity to publish their papers. The conventional and 

bootstrapped standard errors are low numbers due to the outcome variable's use in the 

percent term.   
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Figure 9. Difference-in-difference event study impacts of AEJs on authors from low 
ranked institutions considering percent of articles published 

  
  
A: treatment group with 28 journals B: treatment group with 48 journals 
 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates.  
 

Figure 10. Fixed effect difference-in-difference event study impacts of AEJs on authors 

from low ranked institutions considering percent of articles published 

 

A: treatment group with 28 journals   B: treatment group with 48 journals 
Notes: Point estimates are the year specific treatment effects that compare prior to 2008 with after 2008 
where AEJ starts to publish in 2009, as specified in equation (3). The year 2008 has omitted from the 
estimates. In the fixed effect regression, we consider journal fixed effect. 
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Conclusion 

This study examines the effect of a new journal series in economics on 

publications by academicians from low-ranked institutions. Authors from the low-ranked 

institutions are our point of interest since we rely on whether the authors from low-ranked 

institutions can publish at higher-ranked journals due to the new AEJ series. The 

difference-in-difference estimates show weak evidence of the effect of a new journal 

(AEJs) in economics on authors from low-rank institutions. In academia, people earlier 

believed that economics is a saturated field in getting a position, and a new journal can 

help them overcome the problem. Since publishing in economics journal is always hard 

than most other academic disciplines. Journal from the apex professional organization in 

economics may help professionals from low-rank institutions. However, this is not the 

case as people expect to rationalize the discipline and its future. 

We find that there are weak causal effects of publishing a new journal for the 

authors from low-ranked institutions in economics. Several issues can rationalize the 

findings. The publication opportunities are limited to the high demand from academicians 

and researchers in economics. Still, there is a limited number of journals considered 

prestigious publication avenues by most institutions. Sometimes people refer to the top 

100 journals as the right places to publish research outcomes and consider promotion. 

Moreover, there is an increasing lag period to publish an article in economics relative to 

other disciplines. Academicians at the early stage of their careers suffer the most due to 

this delay in submission and publication. Considering the delay, authors may consider 

publishing their research in journals where it takes a short period. However, the relatively 

quicker period journals are low ranked. The present study considers the first 120 journals 
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and tries to look at the effect of AEJs. Based on the analysis, we can infer that there is no 

strong effect of a new journal on these 120 journals. 

The current study provides insights into the role of new journals in economics, 

and policymakers can take advantage of the findings. In economics, the discipline needs 

more journals that can compete with high-ranked journals and make room for 

academicians and researchers. 
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Appendix 

Figure A1. Journal articles after reshaped into one row per author-article (% annually)  

 
Source: Authors’ calculation based on the dataset. 
Notes: The figure uses observations after reshaping into one row per author-article. We dropped the year 
2019 due to a lack of full year’s observation. 2019 could be a misleading year to show as the observations 
drop sharply in this year. The line with circles marker represents the percent of articles in a year relative to 
total articles over the sample period. The line with a square marker represents the percent change in a year 
relative to the previous year. 
 

Figure A2. Highest similarity score (>0.5) per institution  

 
Notes: The histogram is a matching result for the highest similscore for each journal affiliation. We get data 
from a match of institutional rank taken from IDEAS/RePEc linked to Scopus data using 
Stata’s ‘matchit’ procedure. We consider a similarity score greater than 0.5 for a reasonable standard of 
matching procedure. 
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Figure A3. Ability of Stata’s ‘matchit’ procedure to link author’s stated affiliation to 
institutional rank 

 
Notes: Data derives from a match of institutional rank taken from IDEAS/RePEc linked to Scopus data using 
Stata’s ‘matchit’ procedure. For each bin of 0.05 points (i.e., 0.50-0.549; 0.55-0.599) a random sample of 25 
observations was selected, and human judgment was used to verify the accuracy.  
 

Figure A4. Average institutional rank of authors per journal article 

 
Notes: Data include all publications from the top 120 Economics journals, as measured by IDEAS/RePEc 
data and downloaded from Scopus in June 2019. Institutional rank was taken from IDEAS/RePEc and linked 
to Scopus data using Stata’s ‘matchit’ procedure. Calculations are the average institutional rank per published 
journal article. “Top 5” refers to American Economic Review, Quarterly Journal of Economics, 
Econometrica, Review of Economic Studies, and the Journal of Political Economy. The American Economic 
Journal category includes all four journals in the top 120 journals: Applied Economics, Economic Policy, 
Macroeconomics, and Microeconomics. 
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Table A1: Journals by groups 

Sl. Journals 
Tier 1 

(Top 5) 
Journals 

Tier 2 
(AEJs) 

Journals 

Tier 3 
28 

Journals 
48 

Journals 

1 Quarterly Journal of Economics 1 0 0 0 

2 Journal of Economic Literature 0 0 0 1 

3 Journal of Political Economy 1 0 0 0 

4 Econometrica 1 0 0 0 

5 Journal of Economic Growth 0 0 0 1 

6 Journal of Financial Economics 0 0 1 1 

7 Review of Economic Studies 1 0 0 0 

8 Journal of Finance 0 0 1 1 

9 Journal of Economic Perspectives 0 0 1 1 

10 American Economic Review 1 0 0 0 

11 Economic Policy 0 0 0 1 

12 Review of Financial Studies 0 0 0 1 

13 Journal of Monetary Economics 0 0 1 1 

14 Journal of Labor Economics 0 0 1 1 

15 Brookings Papers on Economic Activity 0 0 0 1 

16 Journal of Econometrics 0 0 1 1 

17 Economic Journal 0 0 1 1 

18 American Economic Journal: Macroeconomics 0 1 0 0 

19 RAND Journal of Economics 0 0 1 1 

20 Journal of the European Economic Association 0 0 1 1 

21 Review of Economics and Statistics 0 0 1 1 

23 Journal of Business 0 0 0 0 

24 Journal of Applied Econometrics 0 0 0 1 

25 
American Economic Journal: Applied 
Economics 0 1 0 0 

26 Journal of International Economics 0 0 1 1 

27 Journal of Business and Economic Statistics 0 0 1 1 

28 Journal of Human Resources 0 0 1 1 

30 World Bank Economic Review 0 0 0 1 

31 Journal of Public Economics 0 0 1 1 

32 Journal of Financial Intermediation 0 0 0 0 

33 Econometrics Journal 0 0 0 0 

34 Journal of Accounting and Economics 0 0 0 0 

35 Experimental Economics 0 0 0 0 

36 Journal of Development Economics 0 0 1 1 

37 
Journal of Environmental Economics and 
Management 0 0 0 1 
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38 Journal of Economic Surveys 0 0 0 0 

39 Review of Economic Dynamics 0 0 1 1 

40 Journal of Law and Economics 0 0 0 1 

41 Journal of Economic Theory 0 0 1 1 

42 Annual Review of Economics 0 0 0 0 

44 European Economic Review 0 0 1 1 

45 International Economic Review 0 0 1 1 

46 World Bank Research Observer 0 0 0 0 

47 Journal of Risk and Uncertainty 0 0 1 1 

48 Journal of Money, Credit and Banking 0 0 1 1 

49 International Journal of Central Banking 0 0 0 0 

50 IMF Economic Review 0 0 0 0 

51 Oxford Bulletin of Economics and Statistics 0 0 0 0 

52 American Economic Journal: Economic Policy 0 1 0 0 

53 Journal of Law, Economics, and Organization 0 0 0 1 

54 Journal of International Business Studies 0 0 0 0 

55 Journal of Urban Economics 0 0 1 1 

56 Journal of International Money and Finance 0 0 0 0 

57 Mathematical Finance 0 0 0 0 

58 Journal of Health Economics 0 0 1 1 

59 Journal of Business Venturing 0 0 0 0 

60 Journal of Industrial Economics 0 0 0 1 

61 Journal of Financial Markets 0 0 0 0 

62 Journal of Financial and Quantitative Analysis 0 0 0 0 

63 Research Policy 0 0 0 0 

64 Labour Economics 0 0 0 1 

66 Journal of Population Economics 0 0 0 0 

67 Journal of Financial Econometrics 0 0 0 0 

68 Latin American Journal of Economics 0 0 0 0 

69 Journal of Economic Dynamics and Control 0 0 1 1 

71 Journal of Empirical Finance 0 0 0 0 

72 Journal of Banking and Finance 0 0 0 0 

73 Oxford Review of Economic Policy 0 0 0 1 

75 Journal of Economic Geography 0 0 0 0 

77 International Journal of Industrial Organization 0 0 0 1 

78 Management Science 0 0 0 0 

79 Scandinavian Journal of Economics 0 0 0 1 

80 Oxford Economic Papers 0 0 0 0 

81 Journal of Economics and Management Strategy 0 0 0 1 
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82 Games and Economic Behavior 0 0 1 1 

83 Economics and Politics 0 0 0 0 

84 Industrial and Corporate Change 0 0 0 0 

85 Econometric Reviews 0 0 0 0 

86 Stata Journal 0 0 0 0 

87 OECD Journal: Economic Studies 0 0 0 0 

88 Econometric Theory 0 0 1 1 

89 Economica 0 0 0 1 

90 International Finance 0 0 0 0 

91 Marketing Science 0 0 0 0 

92 Journal of Accounting Research 0 0 0 0 

93 Review of Environmental Economics and Policy 0 0 0 0 

94 Energy Economics 0 0 0 0 

95 American Journal of Agricultural Economics 0 0 0 1 

96 Financial Management 0 0 0 0 

97 Finance and Stochastics 0 0 0 0 

98 International Tax and Public Finance 0 0 0 0 

99 Journal of Economic Behavior and Organization 0 0 1 1 

100 Resource and Energy Economics 0 0 0 0 

101 Quantitative Economics 0 0 0 0 

102 European Journal of Political Economy 0 0 0 0 

103 Review of Finance 0 0 0 0 

104 Land Economics 0 0 0 0 

105 B.E. Journal of Macroeconomics 0 0 0 0 

106 Journal of Consumer Research 0 0 0 0 

107 Journal of Financial Services Research 0 0 0 0 

108 Annual Review of Financial Economics 0 0 0 0 

109 Small Business Economics 0 0 0 0 

110 Journal of Productivity Analysis 0 0 0 0 

111 Journal of Economic Inequality 0 0 0 0 

112 Annals of Economics and Finance 0 0 0 0 

113 Energy Journal 0 0 0 0 

114 Environmental and Resource Economics 0 0 0 0 

115 Regional Science and Urban Economics 0 0 0 1 

116 Economic Inquiry 0 0 1 1 

117 American Economic Journal: Microeconomics 0 1 0 0 

118 International Journal of Finance and Economics 0 0 0 0 

119 Canadian Journal of Economics 0 0 0 1 

120 Journal of the Royal Statistical Society 0 0 0 0 
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Notes: We refer top 5 journals as tier 1, and these are the authors in the control group for the analysis where 
they publish. The “Top 5” include American Economic Review, Econometrica, Journal of Political 
Economy, Quarterly Journal of Economics, and Review of Economic Studies. The AEJ is a group of four 
reviewed academic journals with fields of Applied Economics, Economic Policy, Macroeconomics, and 
Microeconomics. These are tier 2 journals. Tier 3 is the list of journals, and we consider authors who 
publish at tier 3 and are in the treatment group. We have two treatment groups: one that includes 28 
journals “tier 3(28),” and the other one consists of 48 journals “tier 3(48).” In these four groups, “1” refers 
to the journals that fall under that group. “0” refers that the journal does not fall under that group. 
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