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Job market Prospects of Breast v/s Prostate Cancer Survivors in the US: A 

Double Hurdle Model of Ethnic Disparities 

ABSTRACT 

Labor market presence of cancer survivors has been significantly improved as medical technology 

revolutionized cancer-specific diagnoses and treatments. However, less understood are post- 

cancer variations in job market outcomes of racial and ethnic minorities in the US. Using a 

theoretical framework derived from family labor supply decision models and taking advantage of 

the rich data in the 2008-2014 Medical Expenditure Panel Survey (MEPS), this study employs a 

double-hurdle empirical model of labor force participation and hours worked to evaluate the 

employment decisions of Black and Hispanic cancer survivors.  Hispanic and Black breast cancer 

survivors were less likely to be employed by 4% and 7.5%, respectively, when compared with 

Whites. Black prostate cancer survivors were 8% less likely to work than Whites, with 

insignificant differences between Hispanic and White prostate cancer survivors.  Once employed, 

Black and Hispanic breast cancer survivors worked an extra 4 and 6 hours than Whites, while 

Hispanic prostate cancer survivors worked 5 fewer weekly hours than Whites. In addition, our 

estimates indicate the significance of job types in labor market outcomes post-cancer.  

Employment of minorities in blue collar or service occupations decreased employment hours of 

survivors. Labor market disparities for minorities amplifies the socio-economic and familial 

burden of cancers. This timely work motivates informed public policy to reduce unexamined 

consequences of chronic conditions among minorities.   

 

JEL code: I1, J15, J22, J71 

Keywords: Breast cancer, prostate cancer, double hurdle model, MEPS, employment disparities, 

type of job



 
Introduction and Literature Review 

 
Breast and prostate cancers have been the most prevalent types of cancers for working age 

women and men in the US (Siegel et al. 2018). Between 1999 and 2013, the incidence rates for 

breast cancer increased, while the incidence rates for prostate cancer decreased (Melaku et al. 

2018). How these cancers impacted socio-economic activities have differed by gender and 

ethnicity/race (Ward et al. 2004). Breast cancer in women, compared to prostate cancer in men, 

has been  diagnosed at younger ages than other common types of cancers (Bradley et al. 2005a) 

with a median age at diagnosis of 61 years (Miller et al. 2016). The average age for diagnoses of 

prostate cancer has been age 66 (Heinesen et al. 2018). Increasing retirement age has enhanced the 

likelihood of job market presence of cancer survivors (Bradley and Bednarek 2002).  While some 

cancer survivors left the labor force post-diagnosis and treatment, others reduced their work hours.  

Bradley et al. (2005a) reported that breast cancer survivors were 9% less likely to work after 

diagnosis and Bradley et al. (2007) described that prostate cancer survivors were 10% less likely 

to work than their non-cancer counterparts. Short et al. (2008) noted that the average reduction in 

work hours for cancer survivors of both genders has been 3 to 5 hours. Race was also associated 

with the employment decisions of breast cancer survivors, with the negative effect of breast cancer 

on employment being twice as strong for Black women compared to White women (Bradley et al. 

2007).  

Central to the decision about remaining employed after experiencing breast or prostate 

cancer has been the ability to meet the needs of the family (Ashenfelter and Heckman 1974; 

Killingsworth and Heckman 1986). Not only has cancer as a chronic medical condition affected 

the physical and mental health of survivors, it also has increased the likelihood of financial 

hardships for survivors and their families as a result of catastrophic medical expenditures (Banegas 
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et al. 2016).  Employment decisions have varied between households where survivors live with 

spouses or other working adults, compared with households where the survivor is the only working 

adult in the household; family composition and alternative sources of household income were key 

factors influencing employment decisions and the resulting financial security of the household 

(Swanberg et al. 2017). The need to care for children and elderly residing in the household also 

has impacted employment decisions of persons with chronic health conditions (Artazcoz et al. 

2004). Depending on the number of young children present in the home, higher child care cost 

have led to lower labor force participation (Connelly 1992).  

What has been the connection between the experience of breast and prostate cancer and 

employment?  Breast and prostate cancer have been associated with physical and mental 

disabilities that limit labor market attachments  (Kiasuwa Mbengia et al. 2018).  Arm morbidity, 

including movement limitations, swelling and lymph drainage were identified among 5-year breast 

cancer survivors (Engel et al. 2003). Breast cancer survivors also have experienced high levels of 

depressive and anxiety-related symptoms, as well as high levels of self-reported cognitive 

limitations (Hansen et al. 2008).  Challenges with mental rotation and recall of spatial information 

have been reported for post-treatment prostate cancer survivors (Cherrier et al. 2010). Another 

challenge with post-treatment prostate cancer was urinary leakage (Grunfeld et al. 2013). After 

radical prostectomy Dahl et al. (2016) reported that prostate cancer survivors with urinary leakage 

(about 30% of their sample) were twice as likely to report moderate or poor work ability. Clinically 

relevant fatigue (i.e., fatigue that is so severe that it interferes with function) has been reported as 

a significant post-treatment concern for prostate cancer survivors (Storey et al. 2012). Furthermore, 

it was documented that the type of jobs held post-cancer has mattered for the labor market 

outcomes of cancer survivors.  Bradley et al. (2007), for instance, found that among breast cancer 
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and prostate cancer patients whose jobs required heavy lifting, 62% of breast cancer patients and 

30% of prostate cancer patients indicated that their cancer interfered with their ability to perform 

the task. Other challenges for breast and prostate cancer patients were jobs requiring that they keep 

pace with others, concentration, and stooping (Hansen et al. 2008). However, there has been sparse 

evidence on how female breast and male prostate cancers affect the labor market outcomes for 

racial and ethnic minorities in the US. Also, in contrast to the literature on employment outcomes 

for breast cancer patients, a very sparse literature investigated work patterns among prostate cancer 

survivors, especially in the United States (Grunfeld et al. 2013).   

The current study explored the post-breast and prostate cancer labor market decisions of 

non-Hispanic Blacks and Hispanics by taking into consideration a standard labor supply model 

and using Medical Expenditure Panel Surveys (MEPS) data. Dealing with the problems of 

heterogeneity associated with cancer survivorship and the right skewedness of data, we 

implemented a double hurdle decision making econometric modelling technique to detect robust 

estimates of labor supply models of breast and prostate cancer survivors. 

The key contributions of this work were threefold. First, we augmented the past literature 

that reports non-Hispanic Black were more likely than non- Hispanic White women to leave their 

jobs post-breast cancer. Bradley et al. (2007) indicated that African American women were twice 

as likely as White women to move from employment to unemployment but noted that the reason 

for this racial difference was unclear. We hypothesized that perhaps the difference in employment 

decisions of breast and prostate cancer survivors was due to racial differences in the types of jobs 

held. When chronic health conditions resulted in fatigue and physical weakness, those in physically 

demanding jobs were more likely to leave their jobs (Currie and Madrian 1999).  Racial and ethnic 

minorities were more likely to work in physically demanding jobs (Bureau-of-Labor-Statistics 
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2015). Black and Hispanic men were more likely than White men to work in natural resources, 

construction, and material moving occupations. While 27% of Hispanic men were employed in 

natural resources, construction, and maintenance jobs, only 18% of White men and 12% of Black 

men held these types of jobs. Similar ethnic/racial diversity in occupations existed for women. 

White women were more likely than Black or Hispanic women to work in management or 

professional jobs (44% vs. 35% and 27%, respectively). Hispanic and Black women were more 

likely to work in service occupations, sales and office positions (62% and 57%, compared to 50%).  

Given this ethnic/racial stratification in occupations held, we asked whether the differential impact 

of race on breast cancer survivors’ employment decisions was primarily explained by racial 

differences in the types of jobs held, or other factors.  Within this context, we revisited the work 

decisions of prostate cancer survivors.  A second contribution of this study was to expand this 

work by also including Hispanics in our analysis sample. By performing our analysis using a 

sizable number of Hispanic respondents, we were able to contrast racial and ethnic differences in 

employment outcomes for breast and prostate cancer survivors. 

Finally, this study employed a double hurdle regression specification to explore 

employment decisions of breast and prostate cancer survivors at the extensive and intensive 

margins by including individual, familial, and economic factors. In previous analysis exploring 

employment decisions of breast and prostate cancer survivors, conditional ordinary least square 

(OLS) methods have been used (Bradley et al. 2002a; Bradley et al. 2007; Bradley et al. 2002b). 

Given the nature of labor market data, with dependent variables including many zeros, a double 

hurdle model provided better estimates (Blundell and Meghir 1987).  Besides addressing the 

dominance of zeros and right skewedness of the data, the double hurdle model considered the 

forward sloping and backward bending labor supply behavior of a cancer survivor in the estimates 
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(Chiappori et al. 2002). Additionally, the double hurdle model recognized, in contrast to the 

traditional OLS perspective, that a value of zero for hours of labor market work may indicate that 

the person was unemployed and unable to find work, rather than not participating in the labor 

market (Blundell et al. 1989). 

 
Theoretical Model 

 
 

Previous studies of health shock consequences on labor market attachments have 

concentrated mostly on a framework of an individual’s health capital (Bradley et al. 2002a; 

Halpern and Hausman 1986; Cain and Dooley 1976; Podor and Halliday 2012). Built upon 

pioneering work of Becker (Becker 1964) and Grossman’s classic formulation (Grossman 1972), 

an individual adopted his or her investment in behaviors that affect health based on the 

investment’s effects on discounted expected utility. Cancer, as an unpredicted health shock, was a 

negative investment in health and it affected labor market outcomes through different pathways. 

First, it may affect an individual’s work productivity as a result of changes in the stock of health 

capital. Decrement in health-related productivity has been demonstrated as either absenteeism or 

lower presenteeism (Koopman et al. 2002). Second, it altered the level of utility received from 

consumption of different goods and services. Given the difference between utility in healthy and 

sick states, if cancer increased this difference with consumption, we concluded that the marginal 

utility of consumption declined as health deteriorated, a situation called negative state dependence. 

On the other hand, if the difference in utility decreased with consumption, we concluded that 

marginal utility increased as health deteriorated and it was called positive state dependence 

(Finkelstein et al. 2013). Third, cancer impacted the availability of time for a survivor.  For 

instance, a cancer survivor needed to spend more time on self-care or to see health care providers.  
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This discussion suggested that changes in health due to cancer may have substantial consequences 

for the labor market behavior of a survivor.  To formalize these ideas, we incorporated a family 

labor supply decision model (Ransom 1987). In this context, we assumed that a family (e.g., a 

single decision-making unit) with at least one cancer survivor maximized the following utility 

function: 

 Max	U = U(L), C) (1) 

  

 
 
subject to family budget constraint1: 
 
 PC = I +0w)	h)

)

 (2) 

 
 
 
 

in equations 1 and 2, C represented the family’s composite consumption good, L)  was the leisure 

time of family member i (i = male	or	female),  P was the price of consumption good, I was the 

non-wage income of the family, :;<	w)	and	h) were the market hourly wage and weekly hours of 

work, respectively. Given strict equality, it was more convenient to re-write the family utility 

function in terms of hours of market work as follows: 

 
U∗ = U @(T − h)), C	I +0w)	h)

)

	DE (3) 

 

 
1  In this circumstance, the decisions are made based on intrahousehold agreements that could include two or more 
individuals (e.g., the patient and their spouse, extended family member, and/or informal caregiver). As a result of 
basic collective decision-making, this process generates Pareto-efficient outcomes for the family (Chiappori 1997) .  
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For a cancer survivor, marginal utility of decreasing and increasing labor supply based on any 

combination of weekly hours of work was: 

 

 mF = mF(hGHIJ, hKJGHIJ, wGHIJ, wKJGHIJ, I) 

mL = mL(hGHIJ, hKJGHIJ, wGHIJ, wKJGHIJ, I) 
(4) 

In the absence of any quantity constraints and usual circumstances, m) = 0 , was a requirement 

for the first order condition of the utility maximization problem. This motivated estimation of 

reduced form labor supply models in the empirical analysis. However, if one of the spouses in the 

household quit work with an intention to achieve higher household utility, the strict equality of 

equation (4) does not hold for one of the spouses. As a result, it created two reduced form labor 

supply equations and the labor market decision was endogenously determined by the family 

constraints. Assuming that the working spouse was a cancer survivor in the household, the labor 

supply decision followed  a standard labor supply model (Blundell et al. 1989). Conditional on 

employment, the survivor worked certain hours in the labor market, given the financial assets and 

observable factors  and random noise ε). Then, the decided work hours for a utility maximizing 

cancer survivor assumed the function: 

 h) = f(w), x); γ) + ε) (5) 

 

 
In equation 5, γ shows the vector of preference parameters and observables including racial/ethnic 

differences. Considering a specific distribution for the error term ε) and an explicit form for the 

hours of work h) yielded a normal linear equation of work hours indicated as: 

 h) = α + w)γF + x)
,γL + ε) (6) 
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 Assuming ε)~N	(0, σL), it was possible to estimate equation (6) by reduced form equations. 

However, it ignored the fact that some potential types of labor supply response were excluded. 

Specifically, the linear model ignored the occurrence of forward sloping and backward bending 

labor supply behavior of a cancer survivor (Blundell et al. 1989). Unlike restricted traditional 

limited dependent variable models, the empirical specification of this paper dealt with these 

limitations in the next section. 

  
 
 

Methods 
 
Data source and sample selection  

 
We utilized the 2008-2014 waves of the Medical Expenditure Panel Survey (MEPS).  This 

rich survey has been administered by the Agency for Healthcare Research and Quality (AHRQ) 

since 1996.  The survey included comprehensive information about American families and 

individuals which is linked to their medical providers (e.g., doctors, hospitals, pharmacies) as well 

as their employers.  MEPS has collected a wide range of health-specific variables on health care 

utilization, cost, source of financing using Household Component (HC) and Insurance Component. 

The HC collected data from persons living within households and was linked to data from their 

medical providers. HC participants were randomly drawn from a nationally representative 

subsample of households that engaged in the previous year's National Center for Health Statistics’ 

National Health Interview Survey. In short, MEPS provided detailed data for each person in the 

household on socioeconomic status, demographic characteristics, health condition and health care 

utilization, charges and source of payments.  
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Cancer status was self-reported in MEPS. The survey asked respondents whether a 

physician or other healthcare professional had ever told them that they had any type of cancer or a 

malignancy. We included all those responding “yes” to the above question and then specified that 

they have breast or prostate cancer.  MEPS began collecting data on cancer in 2008. Therefore, we 

identify unique observations from 2008 to 2014 data. Figure 1 provided a detailed explanation of 

how we reached the final study sample. 

Econometric model 
 

The choice of statistical method for modeling labor force participation and labor supply 

depended on the assumptions related to cancer survivors’ job market behavior and the data 

structure. MEPS data included the hours of work over the past week. Naturally, a linear regression 

model was restrictive in analyzing supply of labor given the dominance of zeros and a skewed data 

structure.  While the Tobit model (Tobin 1958) was an alternative, as it adjusts the zeros (Grogan 

and Sadanand 2013), it fails to appropriately deal with the zero observations. In the Tobit model, 

a zero value indicates a corner solution when solving a utility maximization problem of the agent. 

However, zero observations in the data generating process may have occurred for certain reasons 

beside a corner solution (Wooldridge 2005). When analyzing labor market attachments on both 

extensive and intensive margins, apparently, data generating processes (DGP) were the same in 

both margins.  However, decisions to enter the job market and then allocate certain hours of work 

were not necessarily determined by the same factors.  As a result of two different DGPs, an 

endogenity problem occurred if not properly dealt with (Salmon and Tanguy 2016). A two-stage 

modeling specification was substantial to solve the endogenous participation problem.  

Apparently, the Heckman (1977) correction model was appropriate in dealing with such 

circumstances, but its dependence on a strong assumption that none of the zero data points was 
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generated by a corner solution was less favorable.  

Integer values that arose from counting and non-negativity of hours worked made it 

tempting to rely on count data empirical models. The Poisson model (Cameron and Trivedi 1990) 

was the simplest count model to be considered, but its unrealistic assumption of equal conditional 

mean and variance restricted its application in most empirical studies. Generally speaking, the 

presence of overdispersion (the conditional variance greater than the conditional mean) has been 

a prominent characteristic of count data in economic studies. This characteristic of the data was 

associated with the heterogeneity and positivity in the datasets (McCullagh and Nelder 1989). 

Furthermore, another equally important peculiarity of labor market data was the dominance of zero 

especially in survey settings (Gurmu 1997; Gurmu and Trivedi 1996).  

The econometric specification of this paper was based on a count data hurdle negative 

binomial model, to deal with possible unobserved heterogeneity as well as dominance of zeros in 

the data. It is well documented that the hurdle model specification was appropriate in estimating 

models with a presence of "excess zeros" in the data (Hellström 2002).  This model was first 

developed by Portney and Mullahy (1986) and their work was inspired by ideas from Cragg (1971), 

who first thought about double hurdle models. With a versatile functional form, the hurdle model 

allowed estimation of both under- and over-dispersion. Also, it had an intuitively sound 

interpretation that mirrors a two-stage decision process. The first stage governed individuals who 

reported zero work hours, while the second part dealt with strictly positive work hours. 

Statistically, the equality of DGPs in the first and second stages, as well as their distributions could 

be tested.  In the zero truncated negative hurdle models, the independence property was relaxed 

and instead a truncated distribution was applied in the second stage.  For our study, this shows that 

if a survivor is assumed to be employed prior to cancer, the probability for that person to work as 
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a cancer survivor in the market was associated with the past history of work hours before cancer. 

The hurdle decision model specified the first part as a binary outcome model and the second part 

as a zero-truncated model. To fix ideas, ψF = (γF
�σL
�)   and ψL = (γF

�γL
L)    indicated the 

parameters of stage 1 and 2, respectively.  Then, the likelihood function for the hurdle specification 

was shown by: 

 
L =VPrWh) = 0|x)

�γF, σF
LY

)∈[\

xV]1 − PrWh) = 0|x)
�γF, σF

LY_

)∈[`

PrWh)|x)
�γL, σL

LY

PrWh) ≥ 1	|x)
�γL, σL

LY
 (5) 

 

   
 
 

The first product in equation (5) showed the probability of zero counts while the second 

product indicated the process once the first hurdle was passed and was estimated using the zero-

truncated negative hurdle model.  SF, SL illustrated the subsamples of cancer survivors unemployed 

and employed, respectively. The joint likelihood was maximized separately by the maximization 

of each hurdle, assuming the functional independence between each step of decision-making. 

Given that the first stage only included binary information on the dependent variable, the 

dispersion parameter and the constant term were not separately identifiable. Therefore, the 

constant term in the first stage was a non-linear combination of the true constant and the dispersion 

parameter as follows: 

 
LnPrch) = 0	dx)

�γF, σF
Le =

exp	(x)
�γF)

1 + γF
L ln	(1 + σF

L) (6) 

 

 
α =

ln	(1 + σF
L)

1 + σF
L  (7) 
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However, we explicitly estimated and tested the dispersion parameter in the second stage 

of the analysis.  In a hurdle model, positive hours of work were associated with a two-stage 

process: (1) the cancer survivor had to decide to participate in the labor market, and (2) the cancer 

survivor had to allocate time to work. The determinants of the labor participation and number of 

hours worked decisions were not the same. First, if an individual was not participating in the labor 

market, any value of the independent variables was irrelevant due to abstentions. Second, the 

individual could be a potential job market participant, but may decide not to work for some 

economically justified reasons. In the second case we have a corner solution. Thus, we assumed 

that exogenous factors that affected the individual’s decision to participate were different from 

those determining the number of hours worked.   

To model the labor force participation and hours of worked decisions, we empirically 

estimated equation (4) to provide robust estimates of hours worked by survivors who were in the 

labor market and seek employment opportunities.  Note that our empirical model did not include 

a wage rate. This was because: 1) we could not explicitly distinguish between those who were not 

seeking jobs and those who were actively in the labor market seeking jobs, yet have not found 

them; both report zero hours of work and 2) job seekers who reported zero hours of work do not 

have a wage rate.  Since all potential workers had a reservation wage (i.e., the lowest wage that 

they would consider in order to accept a job option), we included a measure of the reservation 

wage instead of a measure of the market wage in our analysis.  Our proxy measures of the 

reservation wage were work experience and non-wage income (Hofler and Murphy 1994). An 

increase in non-wage income was associated with an increase in the reservation wage, and thus 

should decrease entry into the labor market.  Similarly, the greater work experience, the greater 

the reservation wage and the lower hours of work.  Unlike a healthy person, a cancer survivor 
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might place more value on leisure time and any increment in the wage rate may lead to a desire to 

purchase more leisure time and less work time. Consequently, this was an indication of backward 

bending labor supply behavior of utility maximizing persons, which cannot be captured by OLS 

regression models (Hanoch 1965). 

 

         
Cancer Survivor’s Demographics Variables 
 

Built upon the theoretical and econometric models of this analysis, this study included 

several dimensions of demographic, family, and health status variables besides the categorical 

variable of interest, race/ethnicity (non-Hispanic White, non-Hispanic Black and Hispanic), in the 

first and second stages of empirical modelling specification as independent controls. These 

included the cancer survivor’s age (18-64); educational attainment (no high school diploma, 

diploma, college and graduate); marital status (married, widowed/divorced/separated, and never 

married); geographic region (Northeast, Midwest, South and West); perceived health status 

(excellent/ very good, good/fair, and poor); number of co-morbidities; and family size.  The 

individual’s age, here associated with diminishing work ability and job tenure (Schneider et al. 

2013), has been widely used in labor and health economics (Jeon 2017; Kirschenbaum and 

Weisberg 2002; Ng and Feldman 2009; Van Breukelen et al. 2004). The utility gains from being 

in the job market have increased due to accumulation of job-related human capital as the person’s 

age increased (Burdett 1978). Further, certain types of cancers have been directly associated with 

a person’s age (Miller et al. 2016). We included all age groups that were eligible for labor market 

attachment. Our sample excluded all retired and disabled cancer survivors on social security 

income.  
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A large body of evidence confirmed that educational attainment plays a key role in labor 

market attachment (Card 1999). We included educational attainment as a proxy for  “movement 

human capital” as it may be associated with reduced cost of job searches and increased benefits of 

employment (Trevor 2001). In our analysis, the hypothesis was that well-educated cancer 

survivors have a higher likelihood of employment but diminishing utility of hours worked. Marital 

status of individuals has been correlated with job market decisions (Blundell and Meghir 1987). 

Compared to those who never married, a cancer surviving married woman might have financial 

support from a spouse who was eligible to work, adjust employment hours, or provide access to 

employment based health insurance,  thus possibly leading her to choose not to work or to work 

less (Chen et al. 2016). Marital status was assumed to affect the cancer survivor’s job market 

participation as well as hours worked. 

   Culture, social norms, and lived experience vary by unchanged individual characteristics, 

such as geographical residence, and influence preferences for employment.  Geographic 

differences capture the heterogeneous effects of multiple factors (Acs and Armington 2004) 

correlated with cancer occurrence.  For example, unemployment rates have varied greatly across 

the US cities and regions (Kline and Moretti 2013). Additionally, cost of child care varies  by 

region of residence and higher costs have been associated with a lower likelihood of labor force 

participation (Anderson and Levine 1999).These factors altogether were likely influences on a 

cancer survivor’s decision to participate in the job  market and the number of hours worked.  

Health status and work ability of an individual were widely discussed in the health 

economics literature (Cai and Kalb 2006; Lloyd and Auld 2002; Podor and Halliday 2012). Poor 

health status was likely to reduce work ability and hours of work through negative impacts on 

tastes for work and increases in the marginal value of leisure time (Grossman 1972). Our study 
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incorporated a cancer survivor’s perceived health status in the three different categories discussed 

above, and also a continuous variable measure of the number of co-morbidities, including 

hypertension, diabetes, and heart diseases.  Finally, family size was included as a crucial factor for 

determining job market entry and hours worked decisions (Cotton and Tuttle 1986). We assumed 

family size was associated with the number of dependents in the household and influenced the 

opportunity cost of unemployment and hours worked (Schneider et al. 2013). 

 

         
Labor Market Related Variables 
 

Besides the cancer survivor’s demographics, work related measures and economic 

variables were included as determinants of employment decisions.  Job market participation and 

hours worked were sequential decisions in our econometric model specification. There was no 

clear-cut theoretical guidance on the choice of variables for inclusion in the first and second 

hurdles of the model (Pudney 1989).  However, including the same array of factors in each decision 

stage made it difficult to identify the model parameters correctly and therefore an exclusion 

restriction was favorable.  An essential assumption of the double-hurdle model was that the second 

hurdle equation was determined by both non-economic and economic factors determining the 

cancer survivor’s decisions (Jones 1992; Okunade et al. 2010; Yen et al. 1996).  Type of 

occupation and actual work experience were only included in the second hurdle of the model 

because there has been a large body of theoretical and empirical evidence on the effects of these 

economic variables on an individual’s hours worked decision (Grossbard 2015; Mincer 1962; 

Strauss and Thomas 1998).  

Intuitively, a cancer survivor with diminished marginal utility of work may prefer to work 

in less physically demanding jobs. To determine the impact of certain occupations on cancer 
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survivors’ hours worked, we distinguished between blue collar and service jobs in this analysis.  

Investigating the labor/leisure behavior of an individual, considering family income as the unit of 

analysis, was theoretically consistent with standard labor supply in household decision-making 

models.  

As income was assumed to be pooled over family members, increases in family income increased 

consumption, and might affect the employment decision in the market (Mincer 1962).  

Additionally, we considered that after experiencing breast cancer, the share of family income that 

went to cancer treatment and health maintenance increased, and fewer resources were available 

for other consumption goods. Thus, demand for leisure declined and demand for labor force 

participation increased.      

 
To quantify this effect, we included three categories of family income (low income =125% 

of poverty to less than 200%, middle income =200% of poverty to less than 400%, and high income 

= above 400%) in the participation equation.  Household income as a percentage of the federal 

poverty line indicated the socio-economic status of the household.  Non-wage income was also 

included in the first stage because it came from private sources other than labor market wages and 

includes rent, interest payments, dividends, royalties and other private transfers such as child 

support payments and other intra-family transfers. This type of wage has been important in 

alleviating financial stress while an individual was out of a job. At the same time, it affected the 

labor force participation decision (Hoynes et al. 2016; Cai and Liu 2011). Non-wage income in 

some ways was an indicator of permanent income (assets) for cancer survivors.  Employment-

based health insurance was crucial in the labor market, especially for people with chronic health 

conditions (Gruber 2000).  Health insurance has influenced both labor force participation and 

hours worked for a cancer survivor (Bradley et al. 2002b). Within the context of family decision-
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making, spousal health insurance has protected the cancer survivor from catastrophic health 

expenses associated with long-term treatment and follow-up. Health insurance status (privately 

insured, publicly insured and uninsured) was included in both stages of this analysis. 

 
Empirical Results 

Descriptive Statistics 

 
 Table 1 provided descriptive statistics for both categorical and continuous variables, and the 

results of chi-square tests for categorical variables and t-tests for continuous variables.  Most breast 

and prostate cancer survivors were employed, with non-Hispanic White women having the highest 

percentage of employment among breast cancer survivors (63.68%) and Hispanic men having the 

highest percentage of employment among prostate cancer survivors (69.7%). In contrast, non-

Hispanic Black women reported the highest number of hours worked among breast cancer 

survivors (39.18) and Hispanic men reported the highest number of hours worked among prostate 

cancer survivors (27.09).  Interesting to note was that breast cancer survivors were more likely to 

work full-time and prostate cancer survivors reported hours similar to part-time employment. 

Types of jobs held among breast cancer survivors varied by race and ethnicity. Non-Hispanic 

White women were significantly more likely than non-Hispanic Black or Hispanic women to work 

in professional jobs. Non-Hispanic Black women were more likely to work in service jobs than 

non-Hispanic White or Hispanic women.  Hispanic women were more likely to work in blue collar 

jobs than non-Hispanic White or Black women. The same racial/ethnic pattern of employment 

across job sectors existed for prostate cancer survivors, with non-Hispanic White men more likely 

to work in professional jobs, non-Hispanic Black men more likely to work in service jobs, and 

Hispanic men more likely to work in blue-collar jobs.  Work experience was highest among non-
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Hispanic Black women, compared to other female breast cancer survivors, and non-Hispanic Black 

men, compared to other prostate cancer survivors.  

There were racial/ethnic differences in other characteristics of breast and prostate cancer 

survivors.  Non-wage income was significantly lower for non-Hispanic Black and Hispanic 

women, compared to non-Hispanic White women.  Similarly, non-wage income was significantly 

lower for non-Hispanic Black and Hispanic prostate cancer survivors, compared to non-Hispanic 

Whites; indeed, non-wage income for non-Hispanic White men was almost four times that for 

Hispanic men.  Southern residents were more likely to be non-Hispanic Black, while Northeastern 

and Western residents were more likely to be Hispanic. Education varied by race/ethnicity; 

Hispanics were least likely to have completed high school and non-Hispanic Whites were most 

likely to hold graduate degrees. Over 60% of non-Hispanic White breast and prostate cancer 

survivors and Hispanic prostate cancer survivors were married. Non-Hispanic Blacks were more 

likely than other ethnic/racial groups to be widowed/separated/divorced. Non-Hispanic Black 

breast cancer survivors and Hispanic prostate cancer survivors were most likely to be never 

married. Hispanic breast cancer survivors have larger families (2.83 persons, compared with 2.34 

and 2.27 persons in non-Hispanic White and Black families). Hispanic prostate cancer survivors 

had larger families (3.09 persons, compared with 2.25 and 2.30 persons in non-Hispanic White 

and Black families).  Health and health insurance coverage also vary by race/ethnicity. Non-

Hispanic White breast and prostate cancer survivors were more likely to report excellent/very good 

health.  Non-Hispanic White breast and prostate cancer survivors also were more likely to have 

private health insurance coverage.  
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Double Hurdle Model Results 

Table 2 presented the results of first- and second- hurdles of the models for breast cancer and 

prostate cancer, separately.  The first stage exclusively included family income status and non-

wage income and the second stage model exclusively included work experience and types of jobs 

held.  All estimations were performed by maximum likelihood with bootstrapped robust standard 

errors, and thus estimates were interpreted within the pseudo-maximum likelihood method. We 

performed Wald and Hausman tests to confirm the robustness of the negative binomial 

specification over the Poisson model. The over-dispersion in the data was modeled with a mean 

dispersion method. Alpha and log-alpha were dispersion parameters of the zero-truncated negative 

binomial model. The likelihood-ratio chi-square test of the dispersion parameter was highly 

significant at 0.00, and implies that the data were over-dispersed. The high value and significance 

of  was an indication that two separate data generating processes produce employment and 

weekly hours worked.  

Furthermore,  to confirm the contribution of excess zeros and unobserved heterogeneity in 

the modelling of labor market decisions, we relied on the Vuong (1989) test. This statistical test 

compares single count models (Poisson and Poisson zero-inflated) with zero altered models. A 

significant test result implies excess zeros and unobserved heterogeneity are the contributing 

sources for overdispersion. Therefore, zero-altered models are preferred. As a final step in model 

comparison and selection, we compared the values of the Bayesian Information Criterion (BIC) 

and the Akaika Information Criterion (AIC) among zero-altered models. We obtained the lowest 

value of AIC and BIC in the Zero-truncated negative hurdle models. 

The results in Table 2 indicated that race and ethnicity influenced the employment and 

weekly hours worked decisions of both female breast cancer survivors and prostate cancer 

!χ 2
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survivors.  Non-Hispanic Black and Hispanic breast cancer survivors were significantly less likely 

to work than non-Hispanic White breast cancer survivors.  However, if survivors were working, 

non-Hispanic Black and Hispanic women worked more hours than non-Hispanic White women. 

This race/ethnicity effect on employment existed even though we account for differences in types 

of jobs held.  As predicted, employment in service jobs decreased weekly hours worked.  Other 

factors that influenced the decision to work among breast cancer survivors were: region of 

residence, marital status, education, health status, health insurance, and income.  Breast cancer 

survivors were more likely to work if they lived in the Midwest, were not married, held graduate 

degrees, were not in poor health, did not have public health insurance, had middle or high family 

income, and had greater non-wage income.  

In comparison to private health insurance holders, breast and prostate cancer survivors who 

were covered by public insurance were less likely to be attached to the job market. This might be 

due to the fact that income eligibility for certain types of health insurance coverage (e.g., Medicaid) 

might have discouraged job market activities and therefore public coverage reduced the incentive 

to work (Baicker et al. 2014).  On the other hand, uninsured breast and prostate cancer survivors 

were not significantly different from those with private health insurance in regard to remaining in 

the labor market. Uninsured, employed breast cancer survivors worked more hours in the labor 

market than those otherwise insured.  Lacking health insurance increased the price of health care, 

an essential purchase item for all family members.  Extra work hours may thus be needed in order 

to cover out-of-pocket health care charges. 

Hours of work among breast cancer survivors were higher for those who lived in the South 

and lower for those who lived in the West. Work hours were higher for 

widowed/separated/divorced breast cancer survivors who held graduate degrees, had health that 
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was not poor, and were uninsured. Similar to decisions regarding employment, breast cancer 

survivors’ weekly hours of work were negatively associated with having public insurance. 

However, conditional on employment, uninsured breast cancer survivors indicated more weekly 

hours of work. Increased out-of-pocket health expenditures in the absence of any risk pooling 

mechanism might have caused an obligation to increase hours of work. 

Work hours were lower for breast cancer survivors who had more work experience. Non-

Hispanic Black prostate cancer survivors were less likely to work than non-Hispanic White 

survivors.  Employed Hispanic prostate cancer survivors worked fewer hours than non-Hispanic 

White prostate cancer survivors. This race/ethnicity effect on employment existed even though we 

accounted for differences in types of jobs held. As predicted, employment in professional jobs was 

associated with greater weekly hours worked. Other factors that influenced the decision to work 

among prostate cancer survivors were: education, health status, health insurance, and income.  

Prostate cancer survivors were more likely to work if they held a baccalaureate degree, were not 

in poor health, were not publicly insured, and had middle or high income. Hours of work among 

prostate cancer survivors were higher for those who lived in the Midwest, were 

widowed/separate/divorced, and had health that was not poor. 

 

Race/Ethnicity and Employment Decisions of Breast and Prostate Cancer 
Survivors 

Why were race and ethnicity significant in influencing employment decisions of breast and 

prostate cancer survivors, even after we controlled for the influence of personal, family, and job 

characteristics?  Let’s explore the race/ethnicity effect further.  Table 3 reported the employment 

rates of non-Hispanic White, non-Hispanic Black, and Hispanic breast cancer survivors and 

prostate cancer survivors (Columns 1-3 and 6-8), based on the raw descriptive data reported in 
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Table 1.  In Columns 4 and 5 and 9 and 10, racial and ethnic differences in employment were 

reported. Among breast cancer survivors, non-Hispanic Black women worked 8.7 percentage 

points less than non-Hispanic White women, and Hispanic women worked 13 percentage points 

less. Among prostate cancer survivors, non-Hispanic Black men worked 7.5 percentage points less 

than non-Hispanic White men, and Hispanic men work 11.4 percentage points more.  The 

regression results reported in Table 2, indicate the adjusted differences in the percentage 

employment by race/ethnicity after controlling for age, age-squared, education, marital status, 

census region, perceived health status, health insurance coverage, family income, family size, and 

non-wage income.  

A substantial portion of the racial/ethnic difference in the employment decision of breast 

cancer survivors was due to racial/ethnic differences in characteristics. But after adjusting for 

characteristics, a substantial disparity in the likelihood of employment continued to exist.  The 

unadjusted employment gap declined from 8.7 percentage points to 4 for non-Hispanic Black 

breast cancer survivors, and the 13-percentage point gap of Hispanic women declined to 7.5.  For 

non-Hispanic Black prostate cancer survivors, the 7.5 percentage point gap in employment grew 

to an 8.7 percentage point gap, after adjusting for characteristics.  A nonsignificant coefficient for 

Hispanics in the employment status regression suggested that the greater labor force participation 

of Hispanics compared to non-Hispanic Whites (11-point difference) was explained solely by 

differences in characteristics. What explains the remaining racial/ethnic gap in labor force 

participation of Hispanic and non-Hispanic Black women breast cancer survivors and non-

Hispanic Black prostate cancer survivors?  

The lower portion of Table 3 explored unadjusted and adjusted weekly hours worked for 

breast cancer and prostate cancer survivors.  For breast cancer survivors, non-Hispanic Black 
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women worked 3.43 more hours per week than non-Hispanic White women, and Hispanic women 

worked 2.63 fewer hours.  However, after adjusting for differences in characteristics, race 

accounted for more hours worked by non-Hispanic Black and Hispanic women than the unadjusted 

hours. Why did race and ethnicity lead non-Hispanic Black and Hispanic breast cancer survivors 

to work more hours than non-Hispanic White breast cancer survivors?  

There were also disparities in the decisions regarding hours worked for non-Hispanic Black 

and Hispanic prostate cancer survivors.  The results indicated that after adjusting for job type and 

other characteristics, the hours gap is fully explained for non-Hispanic Black men prostate cancer 

survivors (since the coefficient was not statistically significant) and the adjusted hours gap for 

Hispanics changed from an advantage of 1.78 hours to a disadvantage of 5.2 hours.  Quite 

surprisingly, Hispanic breast cancer survivors and prostate cancer survivors, adjusting for 

differences in characteristics reversed the sign of the disparity with non-Hispanic White 

respondents.  

  

Interactive Effects of Race/Ethnicity on Hours Worked by Type of Job Held  

To provide further insights regarding the roles of race/ethnicity in influencing weekly hours 

worked, Table 4 examined interactive effects of race/ethnicity and job type. It presented the second 

stage of the hurdle model, adding interaction variables.  The previously significant race/ethnicity 

variables for breast cancer survivors were no longer significant.  The interaction terms were 

significant. The data indicated that holding a professional job (rather than a blue collar or service 

job) increased weekly hours worked. However, if a breast cancer survivor was non-Hispanic Black 

or Hispanic and working in a professional job, their work hours were lower than those of a non-

Hispanic White breast cancer survivor who worked in a professional job.  The professional work 
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hours reduction was largest for non-Hispanic Blacks. For prostate cancer survivors, the significant 

race/ethnicity effect was now significant for both non-Hispanic Blacks and Hispanics, who worked 

fewer hours than non-Hispanic Whites.  The occupation type variable (professional) was also 

significant, with those who worked in professional jobs working more hours than those employed 

in blue collar or service jobs. Only one interaction term was significant. It suggested that non-

Hispanic Blacks who were in service jobs work more hours than non-Hispanic Blacks in blue 

collar jobs or non-Hispanic Whites in service jobs.    

 

Discussion and Conclusions 

Utilizing the Medical Expenditure Panel Survey data for 2008-2014 and applying a double 

hurdle regression technique, we explored the roles of race/ethnicity in influencing the labor market 

decisions of breast and prostate cancer survivors. Similar to previous work by Bradley et al. 

(2005a) we fund that non-Hispanic Black women breast cancer survivors were less likely to work 

than were non-Hispanic White women breast cancer survivors. While Bradley et al. (2005b) 

reported no differences by race in the employment decisions of prostate cancer survivors, we found 

that non-Hispanic Black prostate cancer survivors were less likely to work than non-Hispanic 

White prostate cancer survivors.  

Our work also fills the literature gap on job market outcomes of Hispanic survivors. 

Hispanic cancer survivors represent a rapidly growing population in the country. They are widely 

present in the labor market (Campesino et al. 2009). According to the Bureau of Labor Statistics, 

Hispanics comprise approximately 16.8% of the total labor force in the US. However, the current 

economics literature is mute about the employment prospects of Hispanic cancer survivors. Unlike 

our study, past literature did not provide any suggestive significant effect of cancers on the 
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employment outcomes of Hispanic survivors (Bradley et al. 2005). Another distinguishing feature 

of the current study from previous work is the analysis of occupation type and the labor market 

decisions of Hispanic survivors.     

We note that there are unique racial and ethnic differences in the labor market decisions of 

non-Hispanic Black, Hispanic, and non-Hispanic White breast and prostate cancer survivors.  Non-

Hispanic Black and Hispanic breast cancer survivors make similar decisions on whether to work 

and the number of hours; both are less likely to work and if employed, work more hours when 

compared with non-Hispanic White survivors. Similarly, non-Hispanic Black and Hispanic breast 

cancer survivors who work in professional jobs work fewer hours than their non-Hispanic White 

counterparts who hold professional jobs. More dissimilarity exists among non-Hispanic Black and 

Hispanic prostate cancer survivors.  Hispanic prostate cancer survivors are not dissimilar from 

non-Hispanic White survivors in their decision to work, with both more likely to work than non-

Hispanic Black prostate cancer survivors. Given employment, both non-Hispanic Black and 

Hispanic prostate cancer survivors work fewer hours than non-Hispanic White survivors. 

However, Hispanic and non-Hispanic White prostate cancer survivors who are employed in service 

jobs work fewer hours than non-Hispanic Black survivors. These contrasts and similarities 

illustrate the importance of reporting and analyzing data by both race and ethnicity in order to 

better understand unique decision patterns.   

 These reported racial/ethnic differences reflect regression-adjusted differences in labor 

market participation, i.e., the role of race/ethnicity after adjusting for racial/ethnic differences in 

characteristics.  Thus, we learn that some, but not all, of the reason for the observed differences in 

labor market participation of non-Hispanic Black and Hispanic breast and prostate cancer 

survivors is because of the lower likelihood that non-Hispanic Black and Hispanic breast cancer 
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survivors hold graduate degrees, and their greater likelihood of reporting poor health and low 

income.   Part of the reason that non-Hispanic Black prostate cancer survivors are less likely to 

participate in the labor market is their greater likelihood of not having a high school diploma, 

greater likelihood of having poor health, as well as greater likelihood of public health insurance 

coverage and low income.      

What explains the remaining racial/ethnic gap in labor force participation of Hispanic and 

non-Hispanic Black women breast cancer survivors and non-Hispanic Black prostate cancer 

survivors?  We know that workers with disabilities experience discrimination and implicit bias in 

the workplace, particularly those with mental disabilities (Acemoglu and Angrist 2001; Baldwin 

and Johnson 2000). What is unclear is whether employers respond differently to White cancer 

survivors compared to Black and Hispanic cancer survivors when they return to work with 

disabilities.  Thus we ask: Are the unexplained racial/ethnic gaps in labor force participation due 

to racial/ethnic differences in actual or perceived discrimination (Darity 1998) or implicit bias 

when women present to work after experiencing a major health event that is associated with a long 

term treatment process, and a non-zero probability of reoccurrence within a 5 year time period?  

Alternatively, the unexplained race/ethnicity gap may capture racial and ethnic differences 

in the response to and treatment of breast and prostate cancer. Non-Hispanic Black women tend to 

present for breast cancer treatment at later disease stages.  In addition to the role of lacking health 

insurance on causing treatment delays, racial/ethnic differences in patient trust, belief that 

providers will take their health care concerns seriously, fear, confidence in their concern to get 

needed information from providers, land concerns about potential impact on family and significant 

others have all been identified as associated with delays (White-Means et al. 2015). Thus, resulting 

from delays, treatment and recovery from it differs by race, with more extreme outcomes, 
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including higher mortality, experienced by non-Hispanic Black women (Ashing-Giwa et al. 2004). 

Although mortality rates for Hispanic women are not as high as those for non-Hispanic White 

women, Hispanic women also are less likely to receive timely treatment (Freedman et al. 2011). 

Early detection may involve less invasive, painful and debilitating treatment and lead to fewer 

limitations in activities or less severe disability (Ashing�Giwa et al. 2010) 

Perhaps race and ethnicity are capturing racial/ethnic differences in the impact of breast 

cancer on physical abilities post treatment.  With greater morbidity post-treatment, non-Hispanic 

Black and Hispanic women have lower labor force participation (Bound et al. 1996). Non-Hispanic 

Black men have been found to receive different treatment for prostate cancer than non-Hispanic 

White men (Moses et al. 2010); non-Hispanic Black men are more likely to receive androgen 

deprivation therapy (ADT) and less likely to receive surgery.  ADT is associated with osteoporosis, 

fatigue, impotence and lower quality of life (Holzbeierlein et al. 2004). Perhaps racial/ethnic 

differences in the morbidity impacts of prostate cancer treatment are associated with non-Hispanic 

Black men having lower labor force participation. Availability, affordability and continuity of 

health care services are  important correlates of employment and return to work for cancer 

survivors (Mehnert 2011).  

A next step in analysis of the race/ethnicity gap in labor force participation among cancer 

survivors would be an assessment that distinguishes how much of the racial/ethnic gap in labor 

force participation of breast and prostate cancer survivors is associated with racial/ethnic 

differences in survivors’ experiences of discrimination and implicit bias in the workplace and how 

much is due to racial/ethnic differences in disability status resulting from late stage treatment.  The 

second stage of the double hurdle model indicated that non-Hispanic Black and Hispanic breast 

cancer survivors work 4.3 and 6 hours more than non-Hispanic White breast cancer survivors. In 
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contrast, Hispanic prostate cancer survivors work 5 fewer hours per week than non-Hispanic White 

prostate cancer survivors. However, when we introduced race/ethnicity and job type interaction 

terms, the race/ethnicity variable was not statistically significant in the weekly hours regression 

for breast cancer survivors. In contrast, for prostate cancer survivors, the race/ethnicity interaction 

term and the race/ethnicity variable were statistically significant, with the race/ethnicity coefficient 

indicating reduced hours of work for both non-Hispanic Black and Hispanic prostate cancer 

survivors compared with non-Hispanic White prostate cancer survivors.   

Our work confirms that job type, specifically holding a professional job, decreases the 

likelihood of reduced weekly hours of work.  An interesting and unexplained result is that among 

breast cancer survivors who work in professional jobs, non-Hispanic Black and Hispanic survivors 

work fewer hours than non-Hispanic White survivors.  These findings confirm our hypothesis that 

racial/ethnic differences in job type explain differences in weekly work hours of breast cancer 

survivors.  In addition, our results suggest that there is a race/ethnicity effect within job type 

(professional workers) that also accounts for lower hours of work among non-Hispanic Black and 

Hispanic survivors.   

For prostate cancer survivors, our results confirm our hypothesis that racial/ethnic 

differences in job type explain differences in weekly work hours of prostate cancer survivors.  And 

within the category of service workers non-Hispanic Black prostate cancer survivors work more 

hours.  However, there remains an unexplained racial and ethnic difference in weekly hours 

worked for prostate cancer survivors, with non-Hispanic White men working more hours weekly. 

What does this racial/ethnic effect measure? Understanding how differences in cultural perceptions 

of masculinity influence workplace decisions may provide clues about this unexplained 

racial/ethnic effect (Pedersen et al. 2012). 
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 The current study provides important insights about the possible effects of cancer diagnosis 

on post-diagnosis and treatment labor force participation and supply of labor, using a novel 

econometric specification.  Nonetheless, there are additional considerations for future research.  

First, while a rich source of longitudinal health care data, the dataset utilized in this study does not 

incorporate measures of the duration of cancer survivorship, stage at which it was diagnosed, and 

treatment dose and intensity. Such data would provide further insight on racial/ethnic differences 

in disability and its impact on labor market outcomes of prostate and breast cancer survivors. 

Second, the dataset lacks pre-cancer labor market information.  Ideally, research insights would 

benefit from access to longitudinal data that allowed assessment of labor market work status 

change as cancer status changed.  Currently, we assess labor market status, given a known 

diagnosis of breast or prostate cancer.  Thus, we note for the reader that our analysis provides 

robust estimates of labor market states post-cancer, i.e., the decision of survivors to work or not 

work post-cancer.  Finally, while MEPS provides a wealth of national data on health and medical 

care utilization, data on workplace experiences are more limited. Having such data would enable 

future researchers to assess the roles of disability-related discrimination and implicit bias on labor 

market outcomes.  

This study has important research, practice and policy implications. To our knowledge, this 

work is one of the first to investigate the labor market consequences of cancer survivorship for 

racial and ethnic minorities in the US. We augment the past literature that found Black and White 

differentials in labor market outcomes by analyzing the types of jobs held. Moreover, our estimates 

provide evidence on the job market attachments of Hispanic breast and prostate cancer survivors.  

 From a practice point of view, our findings motivate potential employers and employees 

to understand the labor market consequences of cancers among racial and ethnic minorities that 
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require long-term treatment and adjustment of labor market schedules. Similarly, understanding 

the association between types of jobs held and cancer survivorship, not only helps employers but 

it informs survivors of the need to restructure their work regime and type of work performed. 

Furthermore, awareness about the labor market burden of leading types of cancers among racial 

and ethnic minorities encourages families and professional support groups to provide necessary 

assistance for unemployed male and female survivors who may have challenges in transitioning 

from the labor market.  

From a policy perspective, this study provides further insight for effective implementation 

of the Americans with Disabilities Act (ACA). Promoting the adoption of flexible work schedules, 

paid time-off from work, and provision of equal employment opportunities for all racial and ethnic 

cancer survivors might reduce the familial, social and economic burden associated with cancers 

(Osmani and Okunade 2018). Increased labor market flexibility not only enhances the likelihood 

of labor market presence, but it also increases labor productivity (Gehrke and Weber 2018). 

However, the value-added distribution of job flexibility could be heterogeneous among different 

types of jobs and genders (Golden 2008). Therefore, any public policy reform needs to be carefully 

formulated to target flexible work schedules toward workers with families or those in desperate 

need of such opportunities. Past studies have indicated the positive effect of family-friendly 

workplace policies that do not harm a firm’s profitability (Berg et al. 2004; Schmidt and Duenas 

2002).   

Health related complications of cancer such as functional limitations, pain, muscle 

weakness, and mental rotation, particularly in work settings, require specific medical interventions. 

For instance, availability of multiple treatment options with the lowest side-effect could reduce 

some of these work-related limitations. Offering occupational, physical and mental therapy could 
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minimize work-impeding side-effects of cancer and its treatment. Individualized consultations and 

tailored treatment strategies have been found effective in lowering cancer related fatigue. Short- 

and long-term interventions are only justifiable  if they have a significant  effect on workplace and 

economic productivity and on the quality of life of the cancer survivor (Steiner et al. 2004).  

Our analysis indicates that part of the racial/ethnic difference in employment decisions of 

survivors was due to racial/ethnic differences in characteristics, including education, family size, 

perceived health status, marital status, and health insurance coverage. Table 1 reports these 

differences in characteristics for both breast and prostate cancer survivors.  Multiple factors could 

account for racial/ethnic differences in characteristics. These include disparities in economic 

opportunities (e.g., labor market attachment), lower educational attainment, lifestyle, physical 

surroundings, social norms, social networks, and community social capital.  An extensive body of 

literature has found that racial and ethnic barriers could potentially affect socioeconomic status, 

including health and income of minority populations in the United States (Bertrand and 

Mullainathan 2004; Welch 1967). For instance, variation in income by persons with equivalent 

education is evidence that workers with comparable abilities do not fare similarly (Bayer and 

Charles 2018). We also know that ethnicity and race influence the type of job sector in which 

workers are employed, and thus impacts the likelihood of working for an employer who offers 

health insurance coverage (White-Means and Hersch 2005).  Residential built environments also 

are associated with differences in self-perceived health.  Hazardous polluted and crime infested 

neighborhoods limit choices and resources available in communities, including access to nutritious 

food, safe places for walking and medical facilities (Cubin, et al., 2008). Thus, where racial and 

ethnic groups live impacts their health, education, health care, and health options.  An inclusive 

set of public policies that could provide multi-dimensional and multi-level interventions such as 
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culturally tailored approaches, neighborhood, institution and system-based reforms, instead of 

simple interventions that address disparities by modifying within workplace barriers only, will also 

address disparities in employment outcomes for survivors. 

Cancer survivors’ labor market responses based on the type of health insurance held 

provide strong evidence on the substantial role of health insurance in reducing excessive labor 

force efforts that could be damaging to recovery from breast cancer and mitigating health 

disparities among labor market employees. This is because being uninsured resulted in greater 

hours of work among employed breast cancer survivors. Thus, an interesting public policy question 

is: How do breast cancer survivors’ labor market participation and hours worked in countries that 

provide universal health insurance coverage compare to patterns observed in the United States?  

Our analysis would predict significantly lower labor market work hours among cancer survivors 

covered by universal health insurance compared to a comparable uninsured population in the 

United States. 

 
Appendix 

. Table A1 Empirical modelling of labor market decisions of breast cancer survivors- OLS, Poisson and Zero-Inflated Poisson- 
MEPS 2008-2014 

 OLS models Standard Poisson 
(Single-count 

Model) 

Zero-Inflated Poisson 

 Stage I- Linear 
Probability model  

Stage II- 
Conditional 

OLS 

 Stage I-Probit Stage II-Zero 
Inflated Model 

Variables  Employment status Weekly hours 
worked 

Weekly hours 
worked 

Employment 
status 

Weekly hours 
worked 

Race/ethnicity (Non-
Hispanic Whitea) 
 

     

Non-Hispanic Black -0.0237* 2.056 0.0506 -0.0402b* 0.0505 
 (0.0123) (2.018) (0.0503) (0.0210c) (0.0501) 
Hispanics -0.0546** 0.424 0.00949 -0.0754** 0.0110 
 (0.0198) (1.949) (0.0546) (0.0776) (0.0507) 
Census regions (Northeast) 
 

     

Midwest  0.124** -0.363 -0.00684 0.181* -0.00741 
 (0.0493) (2.261) (0.0617) (0.0780) (0.0592) 
South 0.0468 1.258 0.0344 0.0589 0.0353 
 (0.0467) (1.829) (0.0505) (0.0734) (0.0475) 
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West  0.0888* 0.235 0.00695 0.0979 0.00735 
 (0.0523) (2.160) (0.0603) (0.0865) (0.0562) 
Marital status (Married) 
 

     

Widowed/separated/divorced 0.196*** 3.361* 0.0923** 0.293*** 0.0922** 
 (0.0375) (1.790) (0.0465) (0.0586) (0.0444) 
Never married  0.168*** 0.850 0.0219 0.249** 0.0236 
 (0.0527) (2.117) (0.0596) (0.0841) (0.0537) 
Education (No high school 
diploma) 
 

     

High school diploma 0.00436 -1.599 0.0490 0.0336 -0.0463 
 (0.0582) (3.342) (0.329) (0.0842) (0.0887) 
Bachelor’s degree -0.0326 -1.331 0.117 -0.0288 -0.0399 
 (0.0585) (3.449) (0.515) (0.0883) (0.0898) 
Graduate degree -0.0136 -2.707 0.143 0.0214* -0.0756 
 (0.0687) (3.767) (0.710) (0.0106) (0.0984) 
Perceived health status 
(Excellent/very good) 

     

Good/Fair  -0.0906† 0.410 0.0125 -0.127† 0.0124 
 (0.0476) (1.838) (0.0490) (0.0669) (0.0461) 
Poor  -0.276** -8.341*** -0.266*** -0.373*** -0.262*** 
 (0.0543) (2.840) (0.101) (0.0828) (0.0896) 
Health insurance (Private 
insurance) 
 

     

Public insurance  -0.320** -14.83*** -0.484*** -0.413*** -0.486*** 
 (0.0542) (2.644) (0.105) (0.0743) (0.0981) 
Uninsured  -0.127† 2.266 0.0595 -0.183† 0.0553 
 (0.0714) (6.490) (0.157) (0.0961) (0.150) 
Family size 0.0166 0.0606 0.00222 0.0282 0.00261 
 (0.0171) (0.733) (0.0201) (0.0276) (0.0190) 
Family income (Low 
income) 
 

     

Middle income  0.166** --  0.228*** -- 
 (0.0476)   (0.0686)  
High income 0.294** --  0.383*** -- 
 (0.0515)   (0.0677)  
Non-wage income (1/1000) -0.00841** --  -0.00979*** -- 
 (0.00172)   (0.00275)  
Age (in years) 0.0151 -- -0.0233 0.0299 -- 
 (0.0232)  (0.0739) (0.0356)  
Age-square -0.000274 -- 2.76e-05 -0.000478 -- 
 (0.000231)  (0.000241) (0.000348)  
Actual work experience  -0.267† 0.0136 -- -0.00698** 
  (0.140) (0.0654)  (0.00343) 
Occupation type (Blue 
collar jobs) 
 

     

Service  -- -1.553 -0.0356 -- -0.0377 
  (2.048) (0.0546)  (0.0499) 
Professional  -- 0.692 0.0227 -- 0.0215 
  (2.195) (0.0593)  (0.0526) 
Constant 0.481 47.39*** 4.218*** -0.770 3.877*** 
 (0.584) (6.943) (1.179) (2.496) (0.173) 
Observations 610 356 356 610 356 
R-squared 0.397 0.137    
χL 600.0** 77.48** 55.92** 161.5** 66.49** 
RMSE 0.386 13.66 -- -- -- 
MSS 57.76 9972 -- -- -- 
RSS 87.81 63065 -- -- -- 
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Log-Likelihood -274.4 -1430 -1796 -267.2 -1796 
Vuong test -- -- 2.32** -- 2.01*** 
AIC -- -- 11.6 -- 6.3 
BIC -- -- 17.43 -- 9.4 
aReference category is shown in the parenthesis beside each variable 
b Marginal effects are reported. 
cBootstrapped with 2000 replications is implemented to estimate the standard errors.  
† p<0.1, * p < .05. ** p < .01. *** p <. 001 show significance levels. 
RMSE (Root-Mean-Squared Error), MSS (Model Sum of Squares), RSS (Residual Sum of Squares), AIC (Akaike Information 
Criterion), BIC (Bayesian information criterion), OLS (Ordinary Least Square) 
 
 

  

 

Table A2 Empirical modelling of labor market decisions of prostate cancer survivors- OLS, Poisson and Zero-Inflated Poisson- 
MEPS 2008-2014 

 OLS models Standard Poisson 
(Single-count 

Model) 

Zero-Inflated Poisson 

 Stage I- Linear 
Probability model  

Stage II- 
Conditional 

OLS 

 Stage I-Probit Stage II-Zero 
Inflated Model 

Variables Employment status Weekly hours 
worked 

Weekly hours 
worked 

Employment 
status 

Weekly hours 
worked 

      
Race/ethnicity (Non-
Hispanic Whitea) 
 

     

Non-Hispanic Black -0.00295 -4.418† -0.0798 -0.0871b ** -0.103** 
 (0.0600c) (2.369) (0.0556) (0.0164) (0.0494) 
Hispanics 0.0568 -5.446** -0.0970 0.107† -0.130** 
 (0.0754) (2.645) (0.0609) (0.067) (0.0574) 
Census regions (Northeast) 
 

     

Midwest  -0.0340 1.090 0.0405 -0.125 0.0275 
 (0.0767) (3.591) (0.0890) (0.170) (0.0772) 
South 0.0370 3.753 0.0821 0.0535 0.0886 
 (0.0649) (2.639) (0.0600) (0.138) (0.0547) 
West  0.0663 1.153 0.0284 0.0597 0.0283 
 (0.0821) (3.138) (0.0755) (0.213) (0.0673) 
Marital status (Married) 
 

     

Widowed/separated/divorced 0.0783 4.752 0.112 0.125 0.111 
 (0.0630) (3.331) (0.0725) (0.176) (0.0680) 
Never married  0.0312 2.631 0.00262 0.113 0.0584 
 (0.0867) (3.652) (0.0739) (0.231) (0.0696) 
Education (No high school 
diploma) 
 

     

High school diploma -0.0407 0.190 -0.0223 0.0165 0.00348 
 (0.0801) (3.938) (0.141) (0.202) (0.0836) 
Bachelor’s degree 0.00700 -1.460 -0.0607 0.0579** -0.0322 
 (0.0774) (4.160) (0.189) (0.0201) (0.0885) 
Graduate degree 0.0174 -3.989 -0.156 0.0761 -0.0939 
 (0.0926) (5.383) (0.255) (0.231) (0.119) 
Perceived health status 
(Excellent/very good) 

     

Good/Fair  -0.0960 -1.570 -0.00905 -0.138† -0.0345 
 (0.0608) (2.611) (0.0623) (0.074) (0.0514) 
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Poor  -0.167   -0.478*  
 (0.118)   (0.191)  
Health insurance (Private 
insurance) 
 

     

Public insurance  -0.307*** -9.213 -0.238 -0.590** -0.251 
 (0.0939) (7.122) (0.244) (0.207) (0.166) 
Uninsured  0.00303 -4.541 -0.0851 -0.0230† -0.111 
 (0.209) (4.822) (0.105) (0.0127) (0.0778) 
Family size -0.000640 0.747 0.00866 0.0120 0.0173 
 (0.0240) (0.964) (0.0223) (0.0688) (0.0193) 
Family income (Low 
income) 
 

     

Middle income  0.296*** -- -- 0.360** -- 
 (0.0860)   (0.165)  
High income 0.498*** -- -- 0.675*** -- 
 (0.0838)   (0.205)  
Non-wage income (1/1000) -0.00593*** -- -- -0.00809† -- 
 (0.00202)   (0.00430)  
Age (in years) 0.105** -- -0.0920 0.210 -- 
 (0.0473)  (0.0860) (0.266)  
Age-square -0.00118*** -- 0.000912 -0.00238 -- 
 (0.000436)  (0.000795) (0.00229)  
Actual work experience -- -0.301 -0.00882 -- -0.00660 
  (0.268) (0.0188)  (0.00508) 
Occupation type (Blue 
collar jobs) 
 

     

Service  -- 2.722 0.0393 -- 0.0615 
  (2.729) (0.0574)  (0.0529) 
Professional  -- 2.312 0.0625 -- 0.0552 
  (2.346) (0.0599)  (0.0518) 
Constant -1.719 50.76*** 6.301*** -11.12 3.922*** 
 (1.296) (12.39) (2.337) (18.49) (0.236) 
      
Observations 230 134 134 230 134 
R-squared 0.514 0.136    
χL 468.9*** 15.86** 16.74** 25.09*** 21.43*** 
RMSE 0.360 11.42 -- -- -- 
MSS 28.64 2379 -- -- -- 
RSS 27.12 15138 -- -- -- 
Log-Likelihood -80.52 -506.9 -542.6 -77.99 -553.3 
Vuong test -- -- 2.19** -- 2.07* 
AIC -- -- 12.1 -- 9.3 
BIC -- -- 19.17 -- 14.6 
aReference category is shown in the parenthesis beside each variable 
b Marginal effects are reported. 
cBootstrapped with 2000 replications is implemented to estimate the standard errors.  
† p<0.1, * p < .05. ** p < .01. *** p <. 001 show significance levels. 
RMSE (Root-Mean-Squared Error), MSS (Model Sum of Squares), RSS (Residual Sum of Squares), AIC (Akaike Information 
Criterion), BIC (Bayesian information criterion), OLS (Ordinary Least Square) 
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Table 1 Descriptive statistics for female breast cancer and prostate cancer survivors- MEPSa 2008-2014  

 
 
Variable  

 
Female breast cancer 

 

 
Prostate cancer 

 Non-Hispanic White 
(N=391) 

Non-Hispanic Black 
(N=151) 

Hispanics 
(N=97) 

Non-Hispanic White 
(N=139) 

Non-Hispanic Black 
(N=67) 

Hispanics 
(N=33) 

 
Employment status  

      

Employed 63.68% 54.97% 50.52% 58.27% 50.75% 69.70% 
Unemployed  
χ"#(2)=17.3* 

36.32% 45.03% 49.48% 41.73% 49.25% 30.30% 

χ"(2) =4.9† 
 
Work experience  

 
 
34.82 (7.72d) 

 
 
34.30 (8.86) 

 
 
30 .88  
(9.88)** 

  
 
37.97 (6.97) 

 
 
39.86  
(6.41) † 

 
 
38.7 (5.59) 

Mean hours worked per week  35.75 
(14.57) 

39.18 
(18.43) * 

33.12 
(15.16)* 

25.31 
 (23.91) 

20.61 
(21.30)* 

27.09  
(19.31) 

Non-wage income  6192 
 (13,455) 

4351 
(11189) † 

2325 
(5397.88)† 

13240 
 (19844) 

10192 
(16495)* 

2967  
(4838)* 

Work experience  
 

34.82 (7.72) 34.30 (8.86) 30 .88 (9.88)* 37.97 (6.97) 39.86 (6.41) † 38.7 (5.59) 

Type of Occupation  
 

      

Blue collar jobs 5.00 % 10.98% 13.33 % 18.75% 23.53 % 47.83 % 
Service jobs  52.08 % 57.32% 53.33% 16.25% 38.24% 26.09% 
Professional job 
χ"(6)=17.3* 

42.92% 31.71% 33.33% 65% 38.24% 26.09% 
 

χ"(6)= 4.5 
 
Regions 
 

      

Northeast 16.37% 19.87% 29.90% 23.02% 16.42% 30.30% 
Midwest 26.09% 11.92% 7.22% 17.99% 19.40% 15.15% 
South 34.78% 59.60% 31.96% 33.09% 52.24% 24.24% 
West 22.76% 8.61% 30.93% 25.90% 11.95% 30.30% 
χ"(6)= 32.7***       
 
χ"(6)= 8.5† 

      

Education 
 

      

No-high school diploma 7.44 11.26 16.49% 7.19% 17.91% 21.21% 
High school 34.62% 42.38% 37.11% 28.78% 34.33% 42.42% 
Bachelor’s degree 41.54% 33.77% 37.11% 35.97% 40.30% 30.30 
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Graduate degree  16.41% 12.58% 9.28% 28.06% 7.46% 6.06% 
 χ"(6)= 12.26***       
χ"(6)= 15.1***       
 
Marital status 
 

      

Married 66.24% 34.44% 49.48% 67.63% 49.25% 66.67% 
Widowed/ Separated/Divorced  25.58% 43.71% 38.14% 21.58% 34.33% 12.12% 
Never married 8.18% 21.85% 12.37% 10.79% 16.42% 21.21% 
χ"(2)=       
χ"(2)=0.6327       
       

Mean age  54.69 (7.4) 53.49 (8.3)† 49.87 (9.02)** 58.44 (6.08) 58.56 (4.65) 57.06(4.69) 

Family size  2.34 (1.03) 2.27 (1.21) 2.83(1.32)*** 2.25 (1.08) 2.30 (1.18) 3.09 (1.2)*** 
       
       
Perceived health status  
 

      

Excellent/very good 73.91% 68.87% 53.61% 76.26% 65.67% 69.70% 
Good/Fair 15.09% 15.23% 25.77% 17.99% 25.37% 21.21% 
Poor  11.00% 15.89% 20.62% 5.76% 8.96% 9.09% 
χ"(6)=12.7***       
χ"(6)=6.03†       
Health insurance  
 

      

Private insurance 79.28% 63.58% 47..42% 82.73% 71.64% 75.76% 
Public insurance 13.55% 31.79% 39.18% 12.95% 25.37% 21.21% 
Uninsured  7.16% 4.64% 13.40% 4.32% 2.99% 3.03% 
χ"(4)=6.57***       
χ"(4)= 1.396       
Family income as % FPLc       
       
Low income 21.74% 43.05% 49.48% 24.46% 34.33% 18.18% 
Middle income 28.64% 27.15% 28.87% 16.55% 25.37% 39.39% 
High income  49.62% 29.8% 21.65% 58.99% 40.30% 42.42% 
       
χ"(4)=17.7*       
χ"(4)=4.6327       
aMedical Expenditure Panel Survey 
bχ" shows uncorrected Pearson *" bivariate test results for breast and prostate cancer survivors, respectively. 
cFedral Poverty Line. The percentage of Poverty line is constructed in MEPS by dividing CPS family income by applicable poverty line.  
d Standard errors are shown in parenthesis. 
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† p<0.1, * p < .05. ** p < .01. *** p <. 001 show significance levels. 



Table 2 Probit and Zero Truncated Negative Binomial (ZTNB) hurdle regression models result for female breast cancer and prostate cancer -MEPS (2008-2014) 

 
  

Female Breast Cancer  
 

  
 Prostate Cancer  

 (Stage I-Probit) (Stage II-ZTNB) (Stage I-Probit) (Stage II-ZTNB) 
Variables  Employment status  Weekly hours worked Employment status  Weekly hours worked 
     
Race/ethnicity (Non-Hispanic Whitea) 
 

    

Non-Hispanic Black -0.0402b* 4.374*** -0.0871** -4.129† 
 (0.0210c) (1.822) (0.0164) (2.302) 
Hispanics -0.0754** 6.0213*** 0.107† -5.216** 
 (0.0776) (2.082) (0.067) (2.661) 
Census regions (Northeast) 
 

    

Midwest  0.181* -1.021 -0.125 11.117*** 
 (0.0780) (2.265) (0.170) (3.616) 
South 0.0589 10.013*** 0.0535 3.266 
 (0.0734) (1.937) (0.138) (2.718) 
West  0.0979 -10.230** 0.0597 0.880 
 (0.0865) (2.251) (0.213) (3.186) 
Marital status (Married) 
 

    

Widowed/separated/divorced 0.293*** 3.627** 0.125 8.238** 
 (0.0586) (1.801) (0.176) (3.458) 
Never married  0.249** 1.632 0.113 2.125 
 (0.0841) (2.109) (0.231) (3.233) 
Education (No high school diploma) 
 

    

High school diploma 0.0336 -3.348 0.0165 0.496 
 (0.0842) (3.776) (0.202) (4.474) 
Bachelor’s degree -0.0288 -1.828 0.0579** -0.800 
 (0.0883) (3.793) (0.0201) (4.619) 
Graduate degree 0.0214* 12.305*** 0.0761 -2.734 
 (0.0106) (4.107) (0.231) (5.386) 
Perceived health status (Excellent/very good) 
 

    

Good/Fair  -0.127† 0.506 -0.138† -1.289 
 (0.0669) (1.886) (0.074) (2.626) 
Poor  -0.373*** -8.975** -0.478* -9.726*** 
 (0.0828) (3.014) (0.191) (3.594) 
Health insurance (Private insurance) 
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Public insurance  -0.413*** -15.31*** -0.590** -9.515 
 (0.0743) (2.554) (0.207) (7.375) 
Uninsured  -0.183† 10.345** -0.0230† -5.807 
 (0.0961) (5.396) (0.0127) (3.693) 
Family size 0.0282 0.382 0.0120 0.564 
 (0.0276) (0.749) (0.0688) (0.927) 
Family income (Low income) 
 

    

Middle income  0.228*** -- 0.360** -- 
 (0.0686)  (0.165)  
High income 0.383*** -- 0.675*** -- 
 (0.0677)  (0.205)  
Non-wage income (1/1000) -0.00979*** -- -0.00809† -- 
 (0.00275)  (0.00430)  
Age (in years) 0.0299 -- 0.210 -- 
 (0.0356)  (0.266)  
Age-square -0.000478 -- -0.00238 -- 
 (0.000348)  (0.00229)  
Actual work experience  -- -0.239** -- -0.257 
  (0.117)  (0.229) 
Occupation type (Blue collar jobs) 
 

    

Service  -- -3.178** -- -1.657 
  (1.390)  (2.494) 
Professional   0.804  8.393*** 
  (2.165)  (2.358) 
     
Observations 610 356 230 132 
Pseudo R"  0.347 0.019 0.4998 0.017 
Log-α -- --2.238*** 

(0.181)  
-- -3.183*** 

(0.7519) 
Α -- .1067*** 

(.020037) 
-- .04146*** 

(0.031) 
LR test of Alpha (χ.")  -- 723.79*** -- 88.14*** 
Wald χ"  57.79***  45.53* 
aReference category is shown in the parenthesis beside each variable 
b Marginal effects are reported. 
cBootstrapped with 2000 replications is implemented to estimate the standard errors.  
† p<0.1, * p < .05. ** p < .01. *** p <. 001 show significance levels. 
 



Table 3 Summary of labor market outcomes and disparity 

 Outcome Female breast cancer 
 

  Prostate cancer   

 Employment Non-
Hispanic 
White 
(1) 

Non-
Hispanic 
Black 
 
(2) 

Hispanic 
 
 
(3) 

Black-
White Diff 
 
(4) 

Hispanic-
White Diff 
 
(5) 

Non-
Hispanic 
White 
(6) 

Non-
Hispanic 
Black 
(7) 

Hispanic 
 
 
(8) 

Black-
White 
Diff 
(9) 

Hispanic-
White 
Diff 
(10) 

Unadjusted  0.6368 
 

0.5497 
 

0.5052 
    -0.0871 -0.1316 0.5827 

 
0.5075 
 

0.697 
 

-
0.0752 0.1143 

Adjusteda  --   -0.0402 -0.0751 --   -
0.0873 0.107 

            

 Hours 
worked           

Unadjusted  35.75  39.18  33.12  3.43 -2.63 25.31  20.61   27.09  -4.7 1.78 
Adjusted     4.379 6.0203    -4.129 -5.216 
            
adjusted differences are coefficients on indicator variables for Non-Hispanic Black and Hispanics in the first and second stages of the double hurdle regression controlling for age, 
age squared, education, marital status, census regions perceived health status, health insurance coverage, non-wage income, family income, type of jobs.  
 

 
 



 
Table 4 Result of Zero-truncated negative binomial model- Breast and Prostate Cancer 

   
 Breast cancer 

Weekly hours worked 
Prostate cancer 
Weekly hours worked 

   
 
Race/ethnicity (Non-Hispanic White+) 
 

  

Non-Hispanic Black -0.0322a -0.185* 
 (0.0582b) (0.0868) 
Hispanics 0.0542† -0.244** 
 (0.0303) (0.0980) 
Type of jobs (Blue collar jobs+) 
 

  

Service Jobs  0.0505 -0.112 
 (0.0107) (0.0788) 
Professional  0.0505*** 0.0920* 
 (0.0107) (0.0449) 
Race/Type of jobs 
 

  

Non-Hispanic Black x service  0.0957† 0.849*** 
 (0.0533) (0.121) 
Non-Hispanic Black x professional -0.274*** -0.0589 
 (0.102) (0.141) 
   
Hispanics x service jobs -0.0146 0.221† 
 (0.0983) (0.127) 

 
Hispanics x professional  -0.00626* -0.275 
 (0.00309) (0.193) 
Control variablesc  Yes Yes 
Constant 3.954*** 3.957*** 
 (0.181) (0.272) 
Observations 356 132 
Alpha 0.106 0.0394 
Pseudo-R-square  0.0205 0.0195 
Chi-square 712.2*** 85.09*** 
Log-alpha  -2.252*** -3.231*** 
 (0.185) (0.958) 
LR test of Alpha (χ# $) 706.98*** 81.05*** 
a Log-count of zero-truncated hurdle models are reported for both breast and prostate cancer survivors. 
bBootstrapped with 2000 replications is implemented to estimate the standard errors. 
cThe control variables in the above models are excluded to save space. They are the same variable as in the second 
stage of Table 2. 
† p<0.1, * p < .05. ** p < .01. *** p <. 001 show significance levels. 
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Figure 1 Schematic illustration of data cleaning, inclusion and exclusion criteria for the final study samples 
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