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Abstract

We use nationally representative data from the National

Agricultural Workers Survey to assess gender-based dif-

ferences in wages and benefits of hired farmworkers.

Decomposition and matching results indicate that, com-

pared to men, women make 5% to 6% less in hourly

wages and are less likely to receive a bonus or have

health insurance paid by their employer. These gender

gaps are partly explained by differences between female

and male farmworkers in farming experience, hours

worked, farm tasks, and crops cultivated. Sizable propor-

tions of the gender gaps are unexplained and the result

of discrimination, unmeasured differences between

women and men, or both.
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Across the globe, women are central to agriculture, making important contributions to the food
and nutrition security of their households and communities. The importance of women in agricul-
ture is well recognized by development economists, as evidenced by an active economic literature
on women farmers in developing countries (see Peterman et al., 2014 and Quisumbing &
Pandolfelli, 2010 for reviews). By comparison, economic research on women in agriculture in
developed countries is limited to a handful of studies (see Ball, 2020 and Schmidt et al., 2021 for
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reviews). A striking example of where women in agriculture have been left out of economic
inquiry is the voluminous literature on the gender wage gap, one of the most active research fields
in labor economics. These studies exclude the agricultural sector from their analyses for various
reasons. For example, Blau and Kahn (2017) leave agriculture out “on the grounds that it is diffi-
cult to separate labor income from capital income in kind for these groups.” Likewise, recent find-
ings on the gender gap in self-employment (Fairlie & Robb, 2009; Kiefer et al., 2020) do not apply
to farm businesses, because the datasets commonly used in the entrepreneurship literature to study
business performance, such as the Survey of Small Business Owners and the Characteristics of
Business Owners, do not include information for farm businesses. Goldin's (2014) investigation to
identify factors that will help bring about the final chapter of the “grand gender convergence”
leaves out agricultural occupations, an omission that is not explained.

Fremstad and Paul (2020) is the first study we know of that sought to measure the gender earn-
ings gap in US farming. Their analysis of Census of Agriculture data for 2012 revealed that women
operating conventional farms had net farm income that was 39% less than comparable farms run
by men, indicating that farming is among the most unequal occupations in the United States.

Like Fremstad and Paul (2020), the present study addresses the knowledge gap on gender
wage inequality in agriculture. The latter research focused on self-employed farm operators,
whereas we focus on the estimated 2 million part- and full-time farmworkers who also play an
essential role in US agriculture (Hertz, 2019). We assess gender-based differences in the wages
and benefits (health insurance and bonuses) received by farmworkers to measure and explain
gender inequality in the economic outcomes of hired farmworkers in the United States.

This research responds to Barham et al.'s (2020) call for future research to better understand
the gender wage gap among US hired farmworkers. Their study of the economic outcomes of
US farm and low-skilled workers did not set out to identify gender-based differences; still,
regression results indicated women farmworkers had hourly wages that were 13% less than
those of men. Our study contributes by uncovering key explanations for gender wage inequality
in hired farm work and measuring the gender wage gap using a dataset that is better suited for
this purpose than the American Community Survey (ACS) used by Barham et al. (2020).

To measure and explain gender gaps in hired farm work, we use data from the National
Agricultural Workers Survey (NAWS) for 2010–2016. For our purposes, NAWS has the advan-
tage of including critical variables for studying gender wage gaps (e.g., actual work experience)
that are not included in other datasets used to analyze economic outcomes of US farmworkers,
such as the ACS or Current Population Survey (CPS). NAWS has previously been used for
applied economic research that documents gender-based differences in economic behavior and
outcomes of farmworkers. For example, Li and Reimer (2021a) estimated a labor supply model
of US farm laborers and found that women's labor supply is more sensitive to changes in wages.
Fan et al.'s (2015) study of US agricultural workers' migration patterns revealed that women
were 15 percentage points less likely to migrate than men.

It is indeterminate ex-ante, whether the gender pay gap among hired farmworkers is larger
or smaller than the gender pay gap for the nonfarm sector where women earn $0.92 to every
dollar earned by men, controlling for differences in productivity, industry, occupation, and
other important factors (Blau & Kahn, 2017). On the one hand, agriculture is a mainly male-
dominated profession, and the gender earnings gap among farm operators is among the highest
(Fremstad & Paul, 2020) and may be similarly high for farmworkers. On the other hand, wages
of hired farmworkers are relatively low, and evidence suggests that gender inequality in pay is
highest at the upper portion of the earnings distribution and lowest at the lower part of the dis-
tribution (Blau & Kahn, 2017). Furthermore, the gender wage gap tends to be smaller among
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minority workers (Weichselbaumer & Winter-Ebmer, 2005), and NAWS data for 2016 show
83% of US-hired farmworkers are Hispanic.

Estimates from NAWS indicate that women farmworkers have lower wages than their male
counterparts and are less likely to receive certain benefits (bonuses and employer-provided
health insurance). To explain these differences, we first use decomposition techniques to iden-
tify, for each outcome variable, how much of the gender gap is explained by demographics,
legal status, human capital, and characteristics of the job/task, and how much is unexplained
and might be due to discrimination. The Blinder-Oaxaca (Blinder, 1973; Oaxaca, 1973) decom-
position is used for studying the gender gap in wages, whereas for the benefits' analyses, we use
the Fairlie (2005) decomposition since it is suitable for binary dependent variables. Next, we use
two matching estimators—propensity score matching (PSM) and inverse probability weighted
regression adjustment (IPWRA)—as alternative approaches to measuring gender gaps in farm
work. Using PSM, we identify observationally equivalent female (treatment) and male (control)
farmworkers and then compare them in terms of wages and benefits. Using the IPWRA
approach, which offers the possibility of two treatment effects, we assess how gender gaps are
shaped by the interaction of gender with other worker and job characteristics.

In addition to contributing to the literature on the gender pay gap, the evidence generated
by this paper has strong relevance to social and economic policymaking. Assessing gender pay
gaps among hired farmworkers is essential for social justice: women deserve equal pay for equal
work. Uncovering gender pay gaps in the farm sector also holds relevance to food policy discus-
sions in the United States. The critical role of hired farmworkers in maintaining national food
security has become increasingly recognized during the Coronavirus-2019 (COVID-19) pan-
demic. Indeed, many farmworkers without authorization to work in the United States have
received “essential work” letters from the Department of Homeland Security. Employers who
ignore pay equity may face greater employee turnover and lower task performance, which
would be detrimental to agricultural labor supply and national food security.

DATA

Data for this study are from the NAWS of the US Department of Labor. This cross-sectional dataset
includes a comprehensive set of variables on the demographic characteristics and economic, social,
and health outcomes of hired farmworkers on crop operations across the continental US. Since its
inception in 1988, more than 68,000 farmworkers have been interviewed. Respondents are selected
through multistage probability sampling, with interviews conducted during three interview cycles
each year and covering 12 geographic regions to account for seasonal and regional variations in
agricultural employment during the crop production process. Our study uses NAWS data for the
10-year period of 2007 to 2016 and focuses on a sample of 15,795 hired farmworkers aged 16 to
65 who did not have a supervisory role and were not salaried.

While the NAWS has a smaller sample than other datasets that can be used to study farm-
workers' economic outcomes, such as the CPS and ACS, it has several clear advantages for our
purposes. First, NAWS includes two critical variables to study gender wage gaps: actual work
experience and union coverage (Blau & Kahn, 2017). Of these variables, the CPS includes union
coverage only, while the ACS contains neither. Second, the NAWS enables examination of the
degree to which gender wage gaps are partly explained by gender differences in the farm tasks per-
formed and crops cultivated, in parallel to the importance of industry and occupation in explaining
the gender pay gap in the nonfarm sector overall (Blau & Kahn, 2017). The CPS and ACS do not
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include information on farm tasks and crops cultivated. Finally, it is crucial to control for legal sta-
tus, given about half of all US farmworkers are not authorized to work. NAWS is unique among
datasets with agricultural information in that it collects data on respondents' legal status.

Table 1 presents descriptive statistics for our NAWS sample of hired farmworkers. The data
reveal that US farmworkers are, on average, 37 years old. They are mostly Hispanic (83%), 51%
are unauthorized to work in the United States, their average educational attainment is eight
years, and nearly one-third do not speak English.

The table documents gender-based differences in outcomes. Over the 2007–2016 period, the
average real hourly wage for hired farmworkers was $10.39/h for men and $9.78/h for women.
Female farmworkers were 13 percentage points less likely than their male counterparts to report
receiving a bonus. Bonuses are mainly received during the holidays, but respondents also men-
tioned bonuses that are incentive-based for the end of the season, or to cover transportation. Health
insurance is particularly critical in the agriculture sector, which is one of the most hazardous indus-
tries. Yet few employers of farmworkers provided health insurance to their employees, with no sig-
nificant difference in receipt of this benefit among female and male farmworkers (p < 0.05).

Statistically significant gender-based differences are observed in demographics, human capi-
tal, and job/task characteristics. Female farmworkers were slightly older, more likely to be a
parent, and less likely to be black than their male counterparts. Female and male farmworkers
were similar in terms of legal status, but male farmworkers were more likely to be migrant
laborers. Female farmworkers were more likely to report not being able to speak English and
had less US farm work experience than male farmworkers. Compared to female farmworkers,
male farmworkers worked about six more hours per week, on average, were less likely to be
paid hourly, and were nearly four times more likely to work with pesticides. Women were more
likely than men to engage in pre- and post-harvest activities, while men were more likely than
women to engage in harvest and semi-skilled activities. As for crops cultivated, women
(vs. men) farmworkers were more involved with horticultural and vegetable crops and less
engaged in field, fruit/nut, and miscellaneous crop cultivation.

EMPIRICAL APPROACH TO MEASURING GENDER GAPS IN
WAGES AND BENEFITS

Blinder-Oaxaca and Fairlie decompositions

To measure and explain gender gaps in the wages and benefits of US farmworkers, we use a
Blinder-Oaxaca decomposition for wages and a generalization of this decomposition to binary
choice models suggested by Fairlie (2005) for benefits. The Blinder-Oaxaca approach begins by
estimating the wage equation separately for males and females:

Wi ¼ βiXiþ εi, ð1Þ

where i indexes male (m) and female (f ) hired farmworkers, W is the natural log of wages, X is a
vector of variables that determine wages, α and β are parameters to be estimated, and ε is the
error term. Our specification of X draws closely on two relevant studies. First is the meta-analysis
of the international gender wage gap of Weichselbaumer and Winter-Ebmer (2005). Second is the
article of Barham et al. (2020), which examined the determinants of US farmworkers' wages,
annual earnings, and poverty levels. Vector X includes demographic variables (age, family
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TABLE 1 Descriptive statistics, overall and by gender

Full sample
(n = 15,795)

Male sub-
sample
(n = 12,518)

Female sub-
sample
(n = 3277)

Adjusted Wald
test resultMeana SE Meana SE Meana SE

Dependent variables

Real wage (2016 $/h)b 10.226 0.039 10.393 0.046 9.782 0.073 ***

Bonus 0.315 0.007 0.351 0.008 0.220 0.012 ***

Health insurance 0.136 0.005 0.138 0.005 0.129 0.010

Demographics

Age 37.441 0.214 37.142 0.246 38.237 0.427 **

Age < 25 years 0.186 0.007 0.204 0.009 0.138 0.012 ***

Age 25–54 years 0.697 0.008 0.670 0.009 0.769 0.015 ***

Age 55–64 years 0.099 0.004 0.108 0.005 0.075 0.009 ***

Age 65 and over 0.018 0.002 0.018 0.002 0.018 0.007

Married 0.623 0.008 0.616 0.009 0.640 0.016

Parent 0.573 0.008 0.530 0.009 0.686 0.016 ***

Hispanic 0.829 0.007 0.827 0.008 0.832 0.014

White, non-Hispanic 0.139 0.007 0.136 0.008 0.148 0.014

Black, non-Hispanic 0.020 0.002 0.024 0.003 0.008 0.002 ***

Other race, non-Hispanic 0.013 0.002 0.013 0.002 0.012 0.003

Legal and migrant status

Citizen 0.267 0.008 0.267 0.009 0.266 0.016

Authorized 0.221 0.006 0.215 0.007 0.237 0.014

Unauthorized 0.512 0.008 0.518 0.009 0.497 0.017

Migrant 0.192 0.007 0.222 0.008 0.110 0.014 ***

Human capital

Education (years) 7.945 0.066 7.866 0.072 8.154 0.150

Does not speak English 0.313 0.007 0.301 0.007 0.346 0.017 **

Speaks some English 0.431 0.008 0.446 0.009 0.391 0.016 **

Speaks English well 0.256 0.008 0.253 0.009 0.263 0.016

Farm experience (years) 14.475 0.179 15.206 0.210 12.530 0.350 ***

Job/task characteristics

Tenure (weeks) 11.962 0.298 11.605 0.329 12.913 0.653

Hours 44.367 0.229 46.097 0.253 39.761 0.460 ***

Paid hourly 0.895 0.004 0.888 0.005 0.912 0.008 **

Union 0.009 0.001 0.010 0.002 0.007 0.002

Worked with pesticides 0.158 0.005 0.200 0.007 0.048 0.007 ***

Pre-harvest task 0.294 0.008 0.273 0.009 0.349 0.017 ***

Harvest task 0.222 0.006 0.241 0.008 0.169 0.011 ***

(Continues)
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structure, and ethnicity/race); legal and migrant status; measures of human capital (education,
English proficiency, and experience); job and task characteristics (job tenure, hours worked, union
representation, pesticide handling, farm task performed, and crops cultivated); and region and year
fixed effects. Model variables were previously defined and summary statistics presented (Table 1).

The estimated gap in wages between men and women is then decomposed into explained
and unexplained components:

Wm�Wf ¼bβm Xm�X f
� �þXf

bβm�bβf
� �

¼EþU ð2Þ

In Equation (2), W and X are mean values of the dependent variables and explanatory vari-
ables, and bβ are parameters from estimating Equation (1) for sub-samples of male and female
farmworkers. The first term on the right-hand side of Equation (2) is the portion of the average
difference in wages between males and females that is the result of differences in men's and
women's measured characteristics, commonly referred to as the “explained gap” or “endow-
ment effect.” The second term on the right-hand side of the equation is the “unexplained gap,”
which is the portion of the wage gap explained by differences in returns to measured character-
istics. The latter is often taken as a measure of discrimination, but for two reasons, it is an inac-
curate proxy (Weichselbaumer & Winter-Ebmer, 2005). First, if the variables included in X,

TABLE 1 (Continued)

Full sample
(n = 15,795)

Male sub-
sample
(n = 12,518)

Female sub-
sample
(n = 3277)

Adjusted Wald
test resultMeana SE Meana SE Meana SE

Post-harvest task 0.194 0.006 0.147 0.006 0.319 0.017 ***

Semi-skilled task 0.282 0.007 0.329 0.008 0.156 0.011 ***

Other task 0.009 0.001 0.010 0.002 0.007 0.002

Field crops 0.121 0.005 0.154 0.007 0.032 0.006 ***

Fruit/nut crops 0.370 0.008 0.382 0.009 0.340 0.017 *

Horticulture crops 0.211 0.007 0.182 0.007 0.287 0.015 ***

Vegetable crops 0.260 0.007 0.237 0.007 0.321 0.017 ***

Miscellaneous crops 0.038 0.003 0.045 0.003 0.020 0.004 ***

Region

East 0.130 0.005 0.138 0.006 0.107 0.011 **

Southeast 0.125 0.005 0.124 0.006 0.127 0.010

Midwest 0.150 0.008 0.142 0.008 0.169 0.017

Southwest 0.069 0.004 0.076 0.004 0.053 0.006 **

Northwest 0.150 0.006 0.143 0.006 0.168 0.012

California 0.377 0.007 0.377 0.008 0.376 0.016

aMeans are weighted by the NAWS weight PWTYCRD for use when working with several years of data.
bNominal wages are deflated to 2016 using the Consumer Price Index from the Bureau of Labor Statistics.
*Statistically significant at 0.05 significance level.
**Statistically significant at 0.01 significance level.
***Statistically significant at 0.001 significance level.
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such as occupation or educational attainment, are themselves subject to discrimination, then U
is biased. Second, if there are important omitted variables that correlate with sex, then U cap-
tures not only discrimination but also the effect of unobserved group differences in productivity.
Some observers attribute the unexplained gap to women's greater demand for temporal flexibil-
ity at work (Goldin, 2014), lower ability to negotiate (Babcock & Laschever, 2009), and lesser
desire to compete (Niederle & Vesterlund, 2007). Given the latter factors are generally not
observed in standard datasets, U represents an upper-bound estimate of the extent of wage dis-
crimination; it also includes the effect of unmeasured factors.

The Blinder-Oaxaca decomposition technique is applicable to continuous dependent vari-
ables only. The Fairlie (2005) decomposition is a generalization of the Blinder-Oaxaca decompo-
sition for binary dependent variables and is used for assessing gender gaps in the benefits
received by US-hired farmworkers. This decomposition is expressed as:

Wm�Wf ¼
XNm

j¼1

F Xj,m
bβf

� �
Nm

�
XNf

j¼1

F Xj,f
bβf

� �
Nf

2
4

3
5þ

XNm

j¼1

F Xj,m
bβm

� �
Nm

�
XNm

j¼1

F Xj,f
bβf

� �
Nm

2
4

3
5¼EþU ,

ð3Þ

where N represents the sample size for male (m) and female (f ) workers. In Equation (3) as in
Equation (2), W and X are mean values of the dependent variables and explanatory variables,
and bβ are parameters from estimating Equation (2) for male and female worker sub-samples.
Equations (2) and (3) differ because W and F X ,βð Þ are not necessarily equivalent for nonlinear
models. The first and second bracketed terms on the right-hand side of Equation (3) represent,
respectively, the explained and unexplained components of the gender gap in benefits. As out-
lined by Fairlie (2005), his decomposition can be calculated by substituting for W the average
probability of benefit receipt, the logistic function for F, and parameter estimates for bβ from esti-
mation of Equation (1) for sub-samples of male and female farmworkers.

Matching with a single treatment variable

A potential problem with the Blinder-Oaxaca and Fairlie decompositions is misspecification aris-
ing from differences in the empirical distribution of the characteristics of female and male workers
(Ñopo, 2008). Indeed, Table 1 reveals considerable differences between the NAWS sample of
women and men farmworkers, which calls into question the comparability of the two groups. To
address this comparability issue, we use matching approaches to identify and compare female and
male workers that are observationally similar, as suggested by Ñopo (2008). Following Meara
et al. (2020), who used matching approaches to estimate gender wage gaps in the United States,
we use both PSM (described below) and the IPWRA approach (detailed in the next sub-section).

The PSM approach seeks to establish whether a statistically significant difference exists in
an outcome variable (e.g., log of wages) between a treatment group (female farmworkers, in this
case) and a control group (male farmworkers). PSM begins with a binary choice model to esti-
mate the propensity score, which is the probability an individual is female. For this purpose, we
use a logit model to regress the female binary variable on explanatory variables X described in
the previous section. We do not include the regional and year-fixed effects in the specification,
as these did not add to the explanatory power of the model and had an adverse effect on
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matching quality. The explanatory variables we include are very similar to those used by Meara
et al. (2020). In the second PSM step, a matching algorithm is chosen that uses the estimated
propensity score to match each female farmworker with one or more male farmworkers having
a similar propensity score. We use nearest neighbor matching (NNM) with replacement to con-
struct the counterfactual for each treatment case using the five control cases nearest to the
treatment case on the propensity score. We also use kernel-based matching (KBM) (see
Caliendo & Kopeinig, 2008 for detailed descriptions of different matching algorithms).

In the third step, differences in the outcome variable (e.g., log of wages) are calculated for
the matched treated and control cases. The average of these differences is the average treatment
effect on the treated group (ATT), which is the adjusted gender wage gap.

Matching with a multivalued treatment variable

Like PSM and other matching estimators, the IPWRA estimator (Cattaneo, 2010) uses a binary
choice model to estimate the probability an individual is in the treatment group based on a set
of characteristics. IPWRA departs from other matching approaches by using the inverse of the
estimated probability to weigh each observation in subsequent analyses of outcomes. These
inverse probabilities create a counterfactual that enables meaningful comparison of the two
groups under study: female and male farmworkers.

The IPWRA estimator has been shown to have statistical advantages. Most important is its
property of “double robustness,” which means that when either the treatment or outcome model
is correctly specified, the estimates will be consistent (Cattaneo, 2010). We use the IPWRA estima-
tor because it can be adapted to analyze more than one binary treatment variable. Therefore, the
estimator can accommodate interaction effects, allowing us to examine how gender interacts with
other important characteristics in generating the gender gap in wages. Following Meara
et al. (2020), the analysis herein interacts gender with part-time work status and parenthood. This
allows us to examine whether gender wage gaps differ between part-time and full-time workers
and if the motherhood penalty and fatherhood bonus found for workers in the nonfarm sector
(Budig, 2014) also hold for farmworkers. We also assess interactive effects between gender and
another variable that differs considerably across female and male farmworkers: pesticide applica-
tion. This treatment effect allows us to examine the degree to which the gender gap in earnings
partly reflects farmworkers being compensated for the disutility of riskier work (Viscusi, 1978) and
women farmworkers being less involved in pesticide application. Like Meara et al. (2020), we
include the same explanatory variables X in treatment and outcome equations. Due to space limi-
tations, we conduct the IPWRA only for a single outcome variable—wages.

RESULTS

Decomposition results

Results from the Blinder-Oaxaca and Fairlie decompositions are provided in Table 2. The table
reports the estimated gender gaps for the three dependent variables and the net explained and
unexplained components of the measured gaps. The unadjusted gender gaps indicate that, com-
pared to men, women make 5.6% less in hourly wages, are 13 percentage points less likely to
receive a bonus, and are 1 percentage point less likely to have health insurance paid by their
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employer. It should be noted that we are unable to assess the statistical significance of the mea-
sured gaps for bonus and health insurance, as this is not reported in the Stata program “Fairlie.”
The explained percentage of the unadjusted gender gap is 20% for hourly wages, 59% for
bonuses, and 100% for health insurance. Results for unexplained gaps indicate that female
farmworkers earn 4.5% less in hourly wages and are 5.4 percentage points less likely to receive
a bonus than comparable male farmworkers doing comparable farm work. The unexplained
gaps may reflect discrimination, the effect of unmeasured factors, or a combination of these.

To understand the relative importance of the individual covariates in explaining gender
inequalities, Figure 1 presents the contributions to the explained portion of the mean difference
of the wages and benefit variables that is explained by the model variables. As in many other
studies (Kiefer et al., 2020), we do not present variable contributions to the unexplained gaps
because these are difficult to interpret. Note that in Figure 1, results are shown only for the five
largest parameter estimates that are statistically significant at the 0.05 level or better

Figure 1 and Table 1 together suggest that female farmworkers receive lower wages in part
because, compared to their male counterparts, they have less US farm work experience, work
fewer hours, are more likely to be paid hourly, are less likely to work with pesticides, and are
more likely to work on post-harvest tasks. The gender gap in bonus receipt is explained mainly
by female farmworkers (vs. male farmworkers) having less farm work experience, working
fewer hours, being less involved in pesticide application, and being more heavily involved in
post-harvest tasks and vegetable cultivation. Gender disparity in health insurance access is pri-
marily explained by female farmworkers having lower spoken English proficiency, having less
farm work experience, working fewer hours, and being less involved in pesticide application
and semi-skilled tasks than their male counterparts.

PSM results

The predicted propensity scores from a logit model were used to match treatment (female farm-
workers) with control cases (male farmworkers) using NNM and KBM (results not reported but
available upon request). We then examined whether the matching procedure balanced the dis-
tribution of the covariates used to predict the propensity score, that is, that it successfully identi-
fied a control group that is observationally similar to the treatment group (Rosenbaum &

TABLE 2 Blinder-Oaxaca and Fairlie decomposition results

ln(wage) Bonusa Health insurancea

Predicted male mean 2.302*** 0.351 0.130

Predicted female mean 2.247*** 0.220 0.120

Difference (unadjusted gap) 0.056*** 0.131 0.010

Explained gap 0.011 0.077 0.010

Explained gap, percent of total 19.58 58.69 100

Unexplained gap 0.045 0.054 0

Unexplained gap, percent of total 80.42 41.31 0

aThe Stata Fairlie decomposition program does not provide standard errors for predicted means and the difference. Standard
errors are, however, provided for the covariate estimates.
***Statistically significant at 0.001 significance level.
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FIGURE 1 Contributions to the explained portion of the difference in the mean of log wages, bonus receipt,

and health insurance. Percentages add up to more than 100%, because some factors (not shown) have offsetting

effects toward the gender gaps. Migrant is the most important offsetting variable. Gender gaps would be larger if

not for female (vs. male) farmworkers being less likely to be migrant laborers
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Rubin, 1983). The standardized bias (SB) statistic can evaluate both propensity score balance
and individual covariate balance. In most empirical studies, an SB after matching that is
below 3% or 5% in absolute value is considered an acceptable balance (Caliendo &
Kopeinig, 2008). As shown for the case of ln(wage) and KBM (Table A1), after matching the
SB for each covariate and the mean SB are all less than 5%, although the bias is increased
for a few covariates (e.g., Hispanic, authorized). Paired t-tests can also be used to assess
covariate balance. Results in Table A1 indicate no statistically significant differences
(p < 0.05) in the means of treatment and control groups after matching. Furthermore, the
low pseudo-R2 after matching suggests no systematic differences in the distribution of
covariates between treated and untreated (Caliendo & Kopeinig, 2008). Thus, results indicate
that the matching procedure was able to identify a control group with similar observable
characteristics as the treatment group. Findings are qualitatively similar across matching
algorithms and outcome variables, except that for NNM, statistically significant differences in
means are observed for the variable cultivates horticulture crops. We tried to remedy this
imbalance by using a more parsimonious specification and interacting problematic variables
with other covariates (Caliendo & Kopeinig, 2008), but these efforts were unsuccessful. Thus,
KBM is the preferred matching algorithm for the present case. Figure A1 provides evidence
that the KBM estimation satisfied the common support condition, that is, that there is con-
siderable overlap in the predicted propensity scores of treatment and control groups. Com-
mon support is satisfied for the other outcome variables as well.

Table 3 presents the estimated differences in outcomes among farmworkers who are female
versus male. The adjusted gender gap (ATT) is robust across the two matching algorithms for
the wage and health insurance outcomes. The gender gaps measured with PSM are 1.2 percent-
age points higher (wages) and 7.4 percentage points higher (bonus) than the gender gaps mea-
sured with decomposition analysis. Results for KBM indicate that female (vs. male)
farmworkers had hourly wages that were 5.7% less and were 12.8 percentage points less likely
to receive a bonus. There is no statistically significant difference between female and male farm-
workers' access to employer-provided health insurance for both unmatched and matched
samples.

IPWRA results

Table 4 presents IPWRA results for three different multivalued treatments, where the treat-
ments are interactions between gender and binary variables for part-time work (Panel A), being
a parent (Panel B), and being involved in pesticide application (Panel C). Results in Panel A
indicate that a gender wage gap exists among both full- and part-time workers, with the latter
being larger. Results also reveal that part-time (vs. full-time) work represents a substantial dis-
advantage to farmworkers in terms of hourly pay. Female farmworkers earn less than their
male counterparts both because of their gender and their higher propensity for part-time work.
When combining the effects of gender and part-time status, it is found that part-time female
farmworkers earn 8% less than observationally similar full-time male farmworkers.

Panel B suggests there is a gender wage gap among farmworkers for nonparents and parents
alike, with the gender wage gap more than twice as large for parents (7.3%) versus nonparents
(3.5%). For males, it is found that being a parent (vs. single) is associated with a wage premium
of 2%, whereas for female farmworkers no statistically significant wage differences are observed
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between parents and those without children. In summary, parenthood appears to be an addi-
tional source of wage differences between male and female farmworkers.

TABLE 3 Propensity score matching results

Outcome Sample Female farmworkers Male farmworkers Difference

ln(wage) Unmatched 2.251 2.321 �0.070***

Matched (KBM) 2.251 2.308 �0.057***

Matched (NNM) 2.251 2.308 �0.057***

Bonus Unmatched 0.220 0.351 �0.131***

Matched (KBM) 0.220 0.348 �0.128***

Matched (NNM) 0.220 0.341 �0.121***

Health insurance Unmatched 0.129 0.138 �0.015

Matched (KBM) 0.120 0.130 �0.010

Matched (NNM) 0.120 0.130 �0.010

***Statistically significant at 0.001 significance level.

TABLE 4 Inverse probability weighted regression adjustment results

Treatment interaction and contrasts ATT Standard error

Panel A: Gender and part-time work interacted

Full time: female versus male �0.040** 0.014

Part time: female versus male �0.058*** 0.013

Male: part time versus full time �0.026*** 0.006

Female: part time versus full time �0.043* 0.018

Part-time female versus full-time male �0.083*** 0.012

Panel B: Gender and parent interacted

Not a parent: female versus male �0.035* 0.015

Parent: female versus male �0.073*** 0.010

Male: parent versus not a parent 0.020*** 0.005

Female: parent versus not a parent �0.019 0.020

Female parent versus male non-parent �0.053*** 0.010

Panel C: Gender and pesticide application interacted

Applied pesticides: female versus male �0.070* 0.035

Did not apply: female versus male �0.055*** 0.009

Male: Did not apply versus applied �0.061*** 0.010

Female: Did not apply versus applied �0.046 0.035

Female did not apply versus male applied �0.116*** 0.013

Abbreviation: ATT, average treatment effect on the treated group.
*Statistically significant at 0.05 significance level.
**Statistically significant at 0.01 significance level.
***Statistically significant at 0.001 significance level.
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An interesting result is the estimate of the 6.1% wage premium received by male farm-
workers for applying pesticides (Panel C, Table 4), which may reflect compensation for the dis-
utility of riskier work (Viscusi, 1978). Li and Reimer (2021b) using matching methods and the
NAWS dataset found that farmworkers who handle pesticides receive a wage premium of 5.2%
to 7.3%. Our results show no statistically significant difference in mean wages of female workers
that applied versus did not apply pesticides, which we argue is likely a reflection of a small sam-
ple of women applying pesticides (Table 1) rather than an indication that female farmworkers
do not receive a wage premium for this hazardous job task. If the lack of significance were
indicative of men but not women receiving a wage premium, we would expect the IPWRA
results to show similar wage gaps for (a) female versus male farmworkers that applied pesti-
cides and (b) female farmworkers that did not apply pesticides versus male farmworkers that
applied pesticides. As shown in Table 4, the wage gap for comparison (a) is 7% and for compari-
son (b) is 11.6%. In summary, the IPWRA results suggest men receive a wage premium for
working with pesticides and the wage disadvantage of being female is considerably worsened
when female farmworkers' lower propensity to be involved in this more remunerative job task
is considered.

DISCUSSION

This paper measures and explains gender inequality in the wages and benefits of hired farm-
workers in the United States using the NAWS dataset for the period 2007–2016. To estimate
gender gaps, we employ both decomposition techniques and matching estimators. Decomposi-
tion techniques have been widely used in the gender wage gap literature. Matching estimators
are less commonly used in this literature but offer distinct advantages (Meara et al., 2020).
Importantly, matching enables us to identify a control group of male farmworkers who are very
similar to female farmworkers based on observable worker and job characteristics. We are then
able to make meaningful comparisons of the wages and benefits of female and male
farmworkers.

The decomposition and matching analyses suggest that women farmworkers earn an aver-
age of $0.95 (decomposition result) or $0.94 (matching result) to every $1 earned by comparable
male farmworkers. The adjusted gender gaps in pay for US farmworkers of 5% or 6% are lower
than recent estimates of the adjusted gender wage gap for US nonfarm workers of 8% (Blau &
Kahn, 2017) and US workers of 15% (Meara et al., 2020). Our decomposition analyses find that
59% of the gender gap in benefits and 20% of the wage gap are explained by our model's vari-
ables. The latter suggests that roughly 20% of the wage differential would be eroded if female
farmworkers had the same demographic, human capital, and job/task distributions as their
male counterparts.

In the literature, common factors implicated in the gender wage gap are human capital,
hours worked, motherhood, occupational segregation, and discrimination. How do our results
agree or disagree with previous work? While differences between women and men in educa-
tional attainment were long considered a key reason for the gender pay gap, women in the
United States now surpass men in educational attainment, and this explanation has dwindled
in importance (Blau & Kahn, 2017). The NAWS data show similar educational attainment
among male and female farmworkers. But women farmworkers lag behind their male counter-
parts in terms of English proficiency, which helps explain gender gaps among hired farm-
workers, although it is less important than other factors.
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Blau and Kahn (2017) show that labor market experience remains an important factor in
understanding the gender pay gap. In fact, the lessening of the gender experience gap in recent
decades is among the main reasons for the decline in the gender pay gap. Our results for the
nonfarm sector similarly indicate that gender differences in labor market experience strongly
influence the gender pay gap. On average, female farmworkers have nearly three years less
experience than their male counterparts. Thus, experience is a primary contributor to the
explained gender gap in wages and employer-paid health insurance.

According to the decomposition results, the shorter work hours of women versus men, an
average of 6 h per week difference, is a primary explanation for the gender pay gap among hired
farmworkers. Similarly, the IPWRA results find that female farmworkers earn less than their
male counterparts both because of their gender and their higher propensity for part-time work.
These findings are consistent with Cha and Weeden (2014), who show that a higher prevalence
of working long hours among men versus women coupled with higher return to wages for over-
work versus full-time work is an important reason for the persistence of male–female wage dif-
ferentials. The high payoff to overwork may reflect that employers take overwork as a signal of
worker productivity and job commitment (Jacobs & Gerson, 2004). Women are less able to
work long hours because the “second shift” (Bianchi et al., 2012) of unpaid household labor
and childcare is more strongly felt by working women than working men. Like other low-wage
workers, farmworkers are expected to be disproportionately burdened by the second shift as
they are less likely to have access to quality childcare and workplace flexibility (Budig, 2014).

Considerable research documents a motherhood wage penalty and indicates that working
women with children earn less than childless working women (Budig, 2014). The economic
explanation for this phenomenon assumes that spousal-couple households maximize their util-
ity by having the spouse with the higher wage rate (usually the husband) specialize in market
work, while the other spouse specializes in domestic work (Becker, 1991). It is argued that this
role specialization leads women to underinvest in their human capital in anticipation of labor
force withdrawal during their childrearing years or because they feel they can depend on the
financial support of a husband. This underinvestment in human capital, in turn, reduces
women's productivity and wages. Research also documents a fatherhood bonus, with working
fathers earning substantially more than men without children (Budig, 2014). The fatherhood
bonus is hypothesized to reflect that when a male worker becomes a father, this signals to an
employer an increase in work commitment and stability. The IPWRA results herein indicate
that parenthood is a source of gender wage gaps. In fact, the gender wage gap is twice as large
for parents than nonparents. This result seems to be driven by a fatherhood bonus among male
farmworkers rather than a motherhood wage penalty for women farmworkers. The lack of a
motherhood penalty may reflect that the bulk of our sample is Hispanic. Glauber (2007) found
that Hispanic women, regardless of their marital status or number of children, do not pay a
motherhood wage penalty. She offers as a plausible explanation, the higher co-residence with
kin among Hispanics, which may enable Hispanic mothers to remain productive at their
paid work.

Occupational segregation by gender is highly persistent, and research suggests it contributes
significantly to the gender pay gap (Blau & Kahn, 2017; Goldin, 2014). This segregation may be
due to genuine job barriers or that women and men differ in their job type preferences. Our
study reveals gender differences in the types of farm tasks performed and crops cultivated,
which helps explain the male–female differential in wages and benefits received by farm-
workers. These findings are analogous to the industry/occupation explanations for the gender
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gap in nonfarm work. They lead us to question whether observed differences in tasks and crops
reflect barriers or preferences.

An example of task segregation by gender in farm work is the application of pesticides, with
male farmworkers being about four times more likely. We find that a 6% wage premium is
received by male farmworkers that apply pesticides. This finding is consistent with economic
theory, which suggests workers in more hazardous jobs demand a higher wage rate to compen-
sate for the disutility of riskier work. The labor market correspondingly offers higher wages for
that risk (Viscusi, 1978). Thus, one explanation for the gender wage gap among farmworkers is
the lower involvement of females (vs. males) in the handling of pesticides. However, it is impor-
tant to note that exposure to pesticides among farmworkers is not through direct handling only;
it can also occur, for example, through spray drift or contact with pesticide residues on soil or
crops. Farmworkers are unlikely to be compensated for this indirect exposure.

A longstanding question in the gender wage gap literature is how gender inequality in
wages reflects supply-side factors, such as some of those described above, or demand-side fac-
tors like discrimination. Our decomposition analysis reveals that 80% of the gender gap in farm-
worker wages is unexplained. These unexplained gaps provide an upper bound on gender-based
discrimination that may exist in the hired farm work sector. Unmeasured factors that might
explain observed gender gaps include any male–female differences in farm work ability, skill at
negotiating for higher pay and benefits, among other factors. Blau and Kahn (2017) found that
differences in experience, region, race, unionization, industry, and occupation explain 62% of
the gender wage gap for nonfarm jobs. Given the specification of our model is quite comprehen-
sive and compares well with that of Blau and Kahn (2017), we ask if hired farm laborers experi-
ence more wage discrimination than workers in the nonfarm sector. While we cannot examine
this research question with the given dataset, there is reason to suspect considerable wage dis-
crimination exists in the hired farm work sector, given evidence from qualitative studies of
widespread sexual harassment among women farmworkers in the United States (Kim
et al., 2016). Women farmworkers are vulnerable to discrimination on the job because they are
low-income, often speak English poorly or not at all, are undocumented, and work in male-
dominated environments (Kim et al., 2016).

Several policies and research recommendations emerge from our findings. First, to reduce dis-
crimination, laws should be enforced to prohibit employers from imposing pay secrecy, which is
illegal under Section 7 of the federal National Labor Relations Act. This act protects employees
from employer retaliation if they discuss their wages with colleagues. However, many employers
discourage open discussion of wages, and employees fear retaliation. In addition, states should pass
laws that ban employers from asking potential hires about past earnings to reduce the likelihood
that women and minorities must negotiate salaries from a lower starting point.

Second, women's earnings can also be supported by programs that enable women to work
full time and miss less time away from work, such as increased access to affordable, high-
quality child and senior care. Thus, they can increase their workforce participation and experi-
ence levels or extend their working hours, making it easier for women to participate on equal
terms as men.

Third, noncitizens (73% of farmworkers) can benefit from citizenship classes and legal assis-
tance with their naturalization process and employment discrimination. The Office of Special
Counsel for Immigration-Related Unfair Employment Practices (OSC), which enforces the anti-
discrimination provision (§ 274B) of the Immigration and Nationality Act (INA), 8 U.S.C. §
1324b, offers a worker hotline and an online format for filing a charge. However, most immi-
grants are not familiar with OSC and INA. There is a need to increase awareness of the law and
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its overseeing institution among immigrants. Immigrant farmworkers with limited English pro-
ficiency will also benefit from English as a Second Language courses.

Finally, commodity commissions, the United States Department of Agriculture, and the
Bureau of Labor could improve the valuation of women's and minorities' jobs through gender
and race pay audits; these can help identify pay practices risky for gender equality and develop
action plans for correcting them.
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FIGURE A1 Common support between treated and control cases: Kernel-based matching with outcome ln(wage)
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TABLE A1 Comparisons between male and female farmworkers in the unmatched and matched sample:

Kernel-based matching (KBM) with outcome variable ln(wage)

Unmatched sample Matched (KBM) sample

Variable
Females
(mean)

Males
(mean)

%
Bias p > t

Females
(mean)

Males
(mean)

%
Bias p > t

Age < 25 0.131 0.174 �12.0 0 0.131 0.133 �0.8 0.741

Age 55–64 0.078 0.110 �10.8 0 0.078 0.081 �1.2 0.598

Age ≥ 65 0.011 0.020 �6.9 0.001 0.011 0.011 0.0 0.99

Married 0.622 0.624 �0.4 0.847 0.622 0.624 �0.5 0.84

Parent 0.688 0.536 31.5 0 0.688 0.671 3.5 0.136

Hispanic 0.861 0.860 0.3 0.894 0.861 0.848 3.8 0.12

Black 0.007 0.025 �14.4 0 0.007 0.009 �1.8 0.299

Other race 0.014 0.011 2.2 0.229 0.014 0.014 �0.6 0.817

Authorized 0.224 0.229 �1.0 0.59 0.224 0.212 2.8 0.229

Unauthorized 0.545 0.532 2.7 0.161 0.545 0.533 2.3 0.333

Migrant 0.109 0.191 �23.2 0 0.109 0.114 �1.5 0.47

Education
(years)

7.788 7.597 4.9 0.009 7.788 7.856 �1.7 0.476

Does not speak
English

0.381 0.311 14.8 0 0.381 0.363 3.8 0.119

Speaks some
English

0.395 0.468 �14.8 0 0.395 0.391 0.7 0.766

Farm
experience

12.761 16.227 �31.5 0 12.761 12.839 �0.7 0.747

Tenure
(weeks)

16.087 12.612 10.2 0 16.087 16.851 �2.2 0.535

Hours 40.665 46.899 �53.3 0 40.665 40.709 �0.4 0.873

Paid hourly 0.905 0.910 �1.6 0.391 0.905 0.910 �1.8 0.447

Union 0.010 0.010 �0.9 0.656 0.010 0.010 �1.0 0.684

Pesticides 0.057 0.237 �52.4 0 0.057 0.066 �2.4 0.152

Pre-harvest
task

0.376 0.268 23.2 0 0.376 0.371 1.0 0.69

Harvest task 0.194 0.223 �7.2 0 0.194 0.187 1.7 0.458

Post-harvest 0.250 0.132 30.5 0 0.250 0.260 �2.4 0.363

Semi-skilled 0.173 0.370 �45.5 0 0.173 0.175 �0.6 0.79

Field crops 0.335 0.386 �10.6 0 0.335 0.317 3.8 0.101

Fruit/nut
crops

0.337 0.183 35.7 0 0.337 0.356 �4.5 0.091

Horticulture 0.268 0.234 8.0 0 0.268 0.258 2.3 0.344

Vegetable
crops

0.027 0.046 �10.1 0 0.027 0.027 0.0 0.986
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TABLE A1 (Continued)

Unmatched sample Matched (KBM) sample

Variable
Females
(mean)

Males
(mean)

%
Bias p > t

Females
(mean)

Males
(mean)

%
Bias p > t

Mean absolute standardized bias 16.4 1.8

Pseudo-R2 0.176 0.002

Note: Mean values for the unmatched sample differ somewhat from those reported in Table 1, because we are unable to apply
survey weights when conducting the balancing tests in Stata using the “pstest” command.
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