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Abstract
The determinants of off-farm wages, with emphasis on the role of working
“full-time” off the farm, are examined using data from the 2015 Agricultural
Resource Management Survey and quantile regression. The targeted groups of
farm operators for the analysis are based on whether health insurance coverage is obtained from the “off-farm” employer, and whether it is obtained from
“other” sources. Findings indicate a negative association between “full-time”
off-farm work and off-farm wages among farm operators in both categories
who are at the higher portions of their respective off-farm wage distributions,
which is in accordance with the compensating differential prediction.
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1. Introduction
A characteristic of American agriculture is its widely-recognized shift in the
structure of farming towards larger and more profitable farms due to scale
economies coupled with technological change.1 A consequence of this continuing change, which started nearly six decades ago, is that a larger share of farm
output is produced on smaller share of farms [2]. Additionally, the shift over the
*The views expressed are those of the author and should not be attributed to the Economic Research Service or USDA.
1
For example, a study by [1] showed that between 1991 and 2009, agricultural production shifted to
larger farms. In 1991, family farms with production of more than $1 million accounted for 21 percent of total production. By 2009, this sales class accounted for 39 percent of farm production. The
same study documents over the same time period, using median rate of return on equity, the higher
profitability of these larger farms compared to farms in smaller sales categories.
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last few decades in the labor allocation decisions of farm operators in favor of
off-farm activities has provided a critical income source to a majority of U.S.
farm households (see [3]). For example, in the early 1980s, about sixty percent of
the total income of farming households, on average, originated from off-farm
sources; a level that stands now at about eighty percent, which is also about six
times greater than cash farm income levels [4] and [5].
Based on data from the 2015 Agricultural Resource Management Survey
(ARMS), about half of all U.S. farm households in the lower forty-eight states
have their operators working off-farm, with nearly 70 percent of these farmers
working in full-time jobs.2 Research by [8] shows a positive association between
the variability in farm income and the incidence of off-farm work by farm operators. The research also asserts the contributing role of off farm income in managing risk through diversification in agricultural production. The closing of the
income gap between farm and non-farm households since 1998 has also been attributed to the growth in the earnings from off-farm sources resulting primarily
from greater returns to farm household skills employed off the farm [9]. The fact
that nearly 80 percent of total household income originates from off-farm
sources, with income from off-farm wages and salaries being the major contributor, demonstrates the importance of these sources of income to the economic
well-being of the household.
Data from the 1981 U.S. Department of Agriculture Family Farm Survey
showed that sixty percent of the operators who worked off the farm had reported
full-time wage and/or salary jobs [10]. The statistics further showed that farmers
with full-time off-farm employment, those working in durable goods manufacturing, and those that were paid higher wage rates were most likely to receive
fringe benefits that included, singly or in combination, paid vacation and/or sick
leave, health insurance, private pension plans, and life insurance. Using data
from the 1997-2004 National Health Interview Survey, [11] noted that fifty percent of individuals in farm families have employer-provided health insurance
coverage.
The theory of equalizing differences as proposed by [12] points to observed
wage differentials that are necessary to equalize the total monetary and nonmonetary advantages or disadvantages among work activities and among workers
themselves. As part of the measurable job attributes noted by [12] on which
compensating wage differentials have been shown to arise empirically, and that
are relevant to farm households with an operator working off the farm full-time
and who receive an employer-sponsored health insurance coverage, is the composition of pay packages, which includes vacations, pensions, and other fringe
benefits as substitutes for direct cash wage payments.
Recent research by [13] noted that the Affordable Care Act (ACA), which was
As in [6], this paper defines a farm operator with a full-time off-farm employment as one who
works 35 hours or more per week (or 1820 hours annually) in an off-farm business or an off-farm
wage and/or salary job. This amount of work hours that separates full-time off-farm employment
from part-time employment is consistent with the Bureau of Labor Statistics definition of
part-versus full-time work status; a definition that has been in effect since 1947 [7].
2
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signed into law on March 23, 2010, has implications for the source of health insurance coverage for farm operator households and possibly for how much of
their time they allocate to off-farm employment. The ACA requires employers
with at least 50 full-time-equivalent employees to offer “affordable” health insurance to employees working 30 or more hours per week. This requirement of
the ACA may have implications on both the levels of offered weekly work hours
by employers in the off-farm labor markets and on off-farm hourly-wages, particularly for the young and low educated individuals [14].
Considering the importance of the income from off-farm wages and/or salaries and/or off-farm business to the wellbeing of farm households, and of the
employer-provided health insurance, the need to examine how a labor allocation decision by the farm operator that heavily favors off-farm employment
may impact the per-hour off-farm earning capacity of the farm operator becomes evident.3 The specific objective of this study is to investigate, in accordance with the theory of equalizing differences as proposed by Rosen [12], if
there is a difference in the effect of working full-time off the farm on the
hourly off-farm wage rates among two diverse groups of farm operators; those
who have employer-provided health insurance coverage, and those who obtain
health insurance coverage from “other” sources.4 To allow for the discernment
of impact of full-time work at various locations of the distribution of wage rates
and not just at the “mean”, the paper utilizes a conditional quantile regression
developed by [16].

2. Literature Review
A general view among economists is that an employer seeking to maximize profit would react to costs associated with the provision of health insurance coverage
by lowering wages, an action which is undertaken to ensure the maintenance of
the total reward package paid to employees. Despite such a stipulated inverse relationship between wages and health insurance benefits, existing research on the
subject continues to be mixed where some studies point to evidence in support
of the theory of compensating differential originated by [12], while others stand
in opposition or find evidence of a trivial impact.
Early research by [17] found, based on multivariate analysis and data from the
1974 Rand Health Insurance Experiment, a positive, albeit statistically insignificant association between wages and employer-paid total health insurance premiums even after controlling for worker characteristics. Using a hedonic wage
A study by Riportella and O’Neil [15] notes that under the ACA, members of farm families no
longer need to work off-farm just for the purpose to secure affordable health insurance. Furthermore, since only income and family size are considered under the ACA, even farm families with
high net worth (land, buildings, equipment, etc.) can qualify for health insurance through expanded
Medicaid because the ACA does not include an “asset test” for eligibility nor for premium tax credits.
4
Other sources of health insurance coverage include a direct purchase of private policy by or for the
household, the farming operation associated with the farm household, or Medicare, Medicaid, or
other public insurance.
3
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model and 1980 panel data from the Census Bureau’s Current Population Survey, [18] found a similarly positive, yet statistically insignificant association between wages of railway workers and employer-sponsored health insurance coverage. Lehrer and Pereira [19] used 1984-2000 CPS data to examine the labor
market experience of displaced workers who change jobs for arguably exogenous
reasons. The potential impact of an employer’s health insurance provision on
wages was examined using a panel regression estimator in addition to wage gap
decomposition techniques. While findings indicated a positive association,
though statistically insignificant, between health insurance and a worker’s wage
thereby negating any evidence of a compensating wage differential, the study
however showed that employer-sponsored coverage is increasingly affecting the
dispersion of wages across employment sectors. Results also suggested that there
have been substantial changes in how displaced workers sort to firms that offer
health insurance benefits over the past two decades. Monheit, Hagan, Berk, and
Farley [20], based on cross-sectional data from the 1977 National Medical Care
Expenditure Survey, found higher wages among those employees with employerprovided coverage in contrast to those without coverage.
A paper by [21] reviewed an extensive and diverse body of empirical studies
that emerged in prior years to assess the impact of health insurance on the labor
market, with the summary of evidence showing that employees, as a group, ultimately bear the costs of any payments an employer makes for health insurance.
Olson [22] used health insurance coverage from the 1990-1993 CPS along with
two-stage lease squares estimation to discern the impact of employer-provided
health insurance on wages of married women with full-time employment. Findings indicated, in contrast to a number of earlier studies, a 20% discount in wages resulting from health insurance coverage. Goldman, Sood, and Leibowitz [23]
examined information for employees under age 65 at a single U.S. firm in addition to information on employee compensation decisions during a three-year
period (1989-1991) when health insurance premiums were rising rapidly. Findings suggested that about two-thirds of the increase in health insurance premium was financed out of cash wages and the remaining one-third was financed
by a reduction in benefits.

3. Data
The primary data source for this study is the 2015 ARMS. The ARMS, which has
a multistage stratified random sampling design, is conducted annually in the
lower 48 states by the National Agricultural Statistics Service (NASS) and the
Economic Research Service (ERS). Auxiliary data on the 2015 local area unemployment statistics are from the Bureau of Labor Statistics files (U.S. Department
of Labor).5
The size of the initial probability-based ARMS sample in 2015 was 16,683,
Climate data were provided by Ryan Williams, Economic Research Service, U.S. Department of
Agriculture.
5
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which represented a population of 2,031,660 farms using survey weights. Farms
where the age of the farm operator was 65 or older were deleted from this sample because of health insurance eligibility through Medicare. Nearly all persons
who are 65 or older tend to enroll in the Medicare health insurance program that
is administered by the U.S. government [24]. Exclusion of farms with older farm
operators is consistent with earlier research that examined the impact of sources
of health insurance coverage on farm operators’ labor allocation decisions
and/or healthcare expenditures by farm operator households [24].
Additionally, in computing the hourly off-farm wage rate of the working farm
operator within this sub-sample, a number of outliers were detected which were
likely due to measurement error.6 To mitigate the ill-effect of these outlying observations, as in [25], the upper 1% of the weighted observations of the off-farm
income and the off-farm worked hours needed in the computation of off-farm
wage rates were trimmed.7 Accordingly, the number of observations in the final
sub-sample was 10,796, which represents, based on survey weights, a total of
1,257,076 of these farm operator households. The farms of these nearly 1.26 million households accounted for 62 percent of the 2.03 million farms represented
in the 2015 ARMS and produced 77 percent of the total farm output.

4. Methodology
Assessing the Impact of Full-Time Work on Wages
A variant of the human capital earnings model developed by [27] is used to determine the impact of working full-time off the farm on the differentials in the
hourly off-farm wages among farm operators based on the source of their health
insurance coverage (see also [5] and [28]). Specifically, the aim of the earning
model is to first estimate the effects of a set X comprised of an indicator of
full-time work off the farm, of personal characteristics, and of other determinants describing the amenities and the macroeconomic conditions of the local
labor markets on off-farm wages. Rather than using classical linear regression
which estimates a conditional mean function of off-farm wages, a conditional
quantile regression denoted by Qτ (.) , as originally proposed by [16], is estimated for all portions of the probability distribution of the outcome variable:

(

)

(

)

Qτ ln Ww, ji X ji =
Qτ Y ji X ji =
X ′ji β j + β j , K +1 x ji + ε ji ,
X ′ji βτ

where τ = ∫−∞

fY ji ( y X ) dy

1, x*ji > 0
and x=
,

ji
*
0, x ji ≤ 0

(

In Equation (1), ln Ww, ji

)

(1)

i ∈ {1, , n} , j ∈ {e, o} .

is the natural logarithm of hourly off-farm wage

Hourly wage rate was estimated by dividing the income received by the farm operator in 2015 from
the sum of off-farm wages and/or salaries and/or an off-farm business by the sum of their corresponding total off-farm work hours.
7
See also [26] where trimming of observations was done at the highest and lowest percentiles of the
distribution.
6
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of the ith farm operator where health insurance coverage is obtained from the
operator’s off-farm “employer” (j = e) or from “other” sources (j = o), and the
random variable Y is characterized by its off-farm wage distribution function

=
F ( yi ) Prob (Y ≤ yi ) . Also, X is a vector of K exogenous explanatory variables,

x*ji is an unobserved latent variable capturing the decision of the farm operator
to work full-time off the farm, ε ji is a random disturbance term, and fYij (.)
is the probability density function of Y. The quantile regression estimates in βτ

are interpreted as the expected rates of return to farm operator characteristics at
the τ th quantile of the conditional wage distribution from the jth health insurance source.

5. Methodological Issues
5.1. Sample Selection Bias
A potential source of misspecification in the estimation of Equation (1) is due to
sample selection bias, an issue that is relevant only to the regression model
where health insurance coverage by a farm operator is obtained from a source
‘other’ than from an off-farm employer (j = o). Specifically, selection bias arises
since the endogenous off-farm wage Yoi is observed only when the operator in
this category self-selects to participate in off-farm employment. The off-farm
labor participation decision undertaken by the farmer is not random and is potentially correlated with unobserved characteristics such as, among others, ability, motivation, preferences, and risk tolerance.
Heckman [29] notes, among others (e.g., [30]), that sample selection bias,
which results in inconsistent parameter estimates, is a missing variable problem,
and to mitigate the bias effectively, a sample correction term would need to be
included when implementing a mean regression in the estimation of an outcome
variable such as Yi . Studies by Buchinsky [31] and [32] note that since the bias
term is of unknown form when quantile regression rather than mean regression
is used, implementation of the traditional two-step self-selection correction procedure with its assumption that the errors have a normal distribution as proposed by [29] becomes problematic. This paper corrects for self-selection by implementing a two-step semiparametric regression method following the threshold crossing model as delineated in [32].
The procedure, which seeks for identification and for a consistent estimation
of the regression parameters, starts by first specifying the wage offer equation
which depends linearly on a set of operator and labor market characteristics as
in:

Yoi* =X oi′ β o + ε1,oi , i ∈ {1, , n}

(2)

where Yoi* is observed only if it exceeds the operator’s reservation wage Yoi ,
which is represented by:
r
Y=
g o, r ( Z oi ; α o ) + ε 2,oi ,
oi
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Next, Equation (2) can be written in the context of quantile regression and
without the ith subscript as:
*
Y=
X ′βτ + ε1,τ ,
τ

0 ≤τ ≤1

(4)

Consistent with the representation in [31] and [32], the observed hourly
off-farm wages for farm operators who obtain their health insurance coverage
from sources ‘other’ than from off-farm employers can be modeled as:

=
Y d * ( X ′βτ + ε1,τ ) ,

(

d I Y* > Y r
where=

)

(5)

and I is the customary indicator function that returns 1

when its argument is true and 0 when its argument is false.
The conditional quantile of the observed off-farm wages when sample selection occurs is given by:

(

)

Qτ (Y X ) =
X ′βτ + Qτ ε1,τ X , d =
X ′βτ + ητ ,
1 =

(6)

where ητ is the sample selection correction function with an unknown distribution.
Following the argument in [31], if Qτ ε1,τ X , d = 1 is a function of only a

(

)

single index g (see [33]), then the estimation of the probability of participation
in off-farm work with a latent regression error ε can be described in the following:

(

)

Pr ( d = 1 Z ) = Pr Y * > Y r Z = Pr ( X ′βτ + ε1,τ > Z ′α + ε 2 )
= Pr ( ε 2 − ε1 < X ′βτ − Z ′α ) = gε ( S , γ ) ,

ε = ε 2 − ε1

(7)

where gε ( S ′γ ) is a function of characteristics in vector S that include, in addition to those in X, some additional exogenous “exclusion restriction” variables
(i.e., X ⊂ S ).8
Since both the offered and the reservation wages depend partly on unobserved
individual attributes, ([31]; p. 4) imposes a condition that the joint bivariate
density ω ≡ ( ε1 , ε 2 ) is continuous (i.e., ω ∈ Ω ⊂ ℜn where Ω is a continuous sample space) in addition to the requirement that it depends on S (i.e.,
fω (. S ) = fω (. g ( S , γ ) ) . Considering the fact that the form of the sample-selection
function ητ in Equation (6) is unknown, [31] approximates this correction
term using a series expansion. The process of estimating the hourly off-farm
wages in Equation (6) follows the two-step procedure similar to one introduced
originally by [29]. Specifically, the first step utilizes a semiparametric maximum
likelihood based regression to estimate the selection parameters γ based on
Equation (7).
This method, which henceforth will be referred to as semi-nonparametric
(SNP) estimator, uses a flexible functional approximation of the distribution of
the latent regression errors by relaxing the restrictive standardized Gaussian distributional assumption imposed by the probit regression, and by letting the data
identify the distribution of the errors under the independence assumption [34].
Note that the only variable excluded from the vector S is the indicator variable xij that denotes
whether or not the operator works “full-time” off the farm.
8
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This estimator, as originally proposed by [35] and later generalized by [36], starts
by approximating the unknown m-variate density function f ( ε1 , ε 2 , , ε m ) by a
Hermite polynomial expansion, h ( ε ) .9 Specifically, the approximation process
centers on probability densities of the following Hermite form (see [37]):

=
h* ( ε )

1

ψM

α M2 ( ε ) φ 2 ( ε Σ ) ,

(8)

where h ( ε ) ⊂ Η M , α M is a polynomial of order M [i.e.,
=
α M (α 0 , α1 , , α M=
)′ ∈ ℜM +1 , α 0 1 ], ψ M is a normalization factor that ensures h* integrates to a value of one, and φ is the multivariate standard normal
probability density function, also known in the literature as the “base” density,
with mean 0 and covariance matrix Σ .
For the bivariate density case, a parameterization of Equation (8) is
represented by the following squared polynomial series expansion:10
2
1
h* ( ε1 , ε 2 ) =
(α M ( ε 1 , ε 2 ) ) φ ( ε 1 ) φ ( ε 2 )
ψM
(9)
2
M
1 
a b
=
 α M ∑ α ab ε1 ε 2  φ ( ε1 ) φ ( ε 2 )
ψ M  a ,b = 0

where ψ M = ∫∫ α M ( ε1 , ε 2 ) φ ( ε1 ) φ ( ε 2 ) dε1dε 2 .
2

Next, the flexible functional approximation of the density in Equation (9) is

used in constructing a pseudo log-likelihood objective function which provides
the basis in the estimation of the regression in Equation (7). However, construction of a likelihood function in addition to achieving consistent estimation of
model’s parameters is possible only if M in (8) is explicitly allowed to increase
with sample size (see [34] [36]).
The second step thus involves running quantile regression as in Equation (6)
on X and on estimates of ητ ( g ) which are represented by the following estimated expansion power series (see [38] [39]):

=
ηˆτ ( g )

K

∑ λ ( S ′γˆ )

k

, K → infinity

k =1

(10)

where λ (.) is proportional to the customary inverse Mills ratio (IMR), and
where K is allowed to grow with sample size.

5.2. Endogeneity Bias
Another econometric concern relates to unobserved characteristics among farm
operators captured in the error term in (1) that are correlated with the decision
by the farmer to work full-time off the farm (e.g., superior ability, health status,
risk tolerance, etc.) and with observed determinants (e.g., experience) of offThe Hermite polynomials, which form the derivatives of CDF, can be computed by a recursive

9

process where the sequence of terms is as follows: first term is h0 ( ε ) = 1 , second term h1 ( ε ) = ε ,
third term h2 ( ε=
) ε 2 − 1 , the next term h3 (ε=) ε 3 − 3ε , and so on.

While in (9) the normal density is used as the base for H M as part of the approximation of the

10

unknown density, and as noted by [37], this is not necessary as any probability density of a random
variable with a moment generating function could be used instead.
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farm wages. The resulting endogeneity in (1) due to the omission of the individual-specific heterogeneity from the model hence has the potential to induce bias
in the estimation of the impact of full-time, off-farm work status. Many studies
(e.g., [40]), for example, have noted that if workers with higher ability have
stronger labor market attachment than lower ability workers, then results of regression estimates are likely to be “upwardly biased”.
To test and to account for the possibility that xji is endogenous, a two-step instrumental variables (IV) estimation procedure as proposed by [41] was implemented. The first step estimates the propensity of the farm household to participate in the off-farm labor market on a “full-time” basis as described in Equation

*
(1) by the latent index x ji using a probit regression model and a set of strictly

exogenous variables as described in a vector zji. Estimation of the probit model,
which includes a set of m “exclusion restriction” variables that are needed for

model’s identification, results in the estimated parameters ζˆ ′ , the standard
cumulative distribution function Φ (.) , and the probability density function of

the standard normal ϕ (.) .11 In addition, the estimation allows for the construction of the generalized residuals ν ji which is fitting for a large class of
non-linear econometric models including the probit model (see [30] [42]):
ˆτ
ν=

(x

ji

(

)) (

)(

(

− Φ ζˆ z ji ϕ ζˆ ′z ji 1 − Φ ζˆ ′z ji

))

−1

(11)

The second step involves estimating the jth (j = e, o) off-farm wage model using the regression models in Equation (1) with both x ji and νˆ ji included. A

t-test of the hypothesis that the coefficient of νˆ ji equals zero is a statistical test
of the exogeneity of x ji (see [41]), and failure to include νˆ ji in Equation (1)

based on a rejection of this hypothesis will yield inconsistent and biased parameter estimates. This two-stage residual inclusion method to attend to endogeneity concerns thus allows for estimates in the off-farm wage regression models to be consistent [43].

5.3. Heteroscedasticity Bias
A final issue of concern is the potential presence of heteroscedasticity in the
model, which is not surprising due to the cross-sectional nature of the ARMS
data. As a remedy, the analysis, in addition to employing quantile regression to
addresses this problem, uses either bootstrapping or the Huber-White sandwich
robust variance estimator (See [44]). A benefit of using these two type of variance estimators in this study is the fact that the ARMS data has a complex surThe set of mj “exclusion restriction” variables used in the “full-time” off-farm work probit regression when health insurance coverage is obtained from “other” sources (i.e., when j = “o”) are: farm
operator annual on-farm work hours, and size of the household (HHS) of farm operator along with
its quadratic term. Correspondingly, the variables used when health insurance coverage is obtained
from operator’s “off-farm” employer (i.e., when j = “e”) are: farm household size, farm operator
off-farm labor participation in previous year (=1; 0 otherwise), and gross value of farm sales (GVS)
in previous year ($10,000) in addition to quadratic and cubic terms of GVS. Each of the two sets of
“exclusion restriction” variables used in each of their respective models are used since they proved to
be strong predictors of xji and not correlated with off-farm wages.
11
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vey design which would have required the use of the Jackknife variance estimation method (see [45]) had the ARMS dataset been utilized in full rather than as
a subset (i.e., a subset that excluded, among others, the operators aged 65 years
or older).

6. Results
Summary statistics and definitions of the variables used in the estimation of the
sample-selection equation for the group of farm operators with provision of
health care from sources ‘other’ than from an off-farm employment are presented in Table 1. The table also shows analogous information for the variables
used in the estimation of off-farm wages by source of health insurance coverage.
The estimation of the off-farm labor participation model using the single index estimator described above (see [36] [46]) is based on a sample size of 8595,
which represents nearly 0.84 million farm operators. About a third of these operators worked off the farm in 2015. On average, farm operators in this group
where health insurance coverage is purchased from sources “other” than from an
off-farm employer have 33.5 years of potential work experience.12 In addition,
the majority of these farm operators are white, and have high school education.
In the lower portion of Table 1, the weighted average of the per-hour off-farm
wages for those operators with health insurance coverage acquired from an
“off-farm” employer in 2015 was significantly higher (p-value = 0.05) than its
corresponding average for those operators with coverage obtained from “other”
sources, at about $37.00 compared to nearly $33.00, respectively.
The top panel of Figure 1 presents the estimated kernel densities of the log
off-farm wage rates for farm operators by their source of health insurance coverage.
As evident from these plots which show “non-symmetrical” and “leftward-skewed”
distributions, the estimated density of off-farm wages for those operators whose
insurance is purchased from the “employer” falls primarily above and to the
right side of the density of wages of those whose health insurance coverage is
obtained from “other” sources, which indicates a more favorable hourly off-farm
wage distribution.13 The lower panel of Figure 1 shows the empirical cumulative
The potential experience which refers to any type of work is defined as maximum (0, age of operator-6 years in school) (see [47] [48]). To facilitate the construction of this variable, and since the
12

ARMS collects the information on the education variable in a discrete form (e.g., 1 = Less than high
school diploma, 2 = High school, 3 = Some college, and 4 = College graduate and beyond), another
proxy variable for education is computed by assigning a level of education for each of these discrete
categories (e.g., Less than high school diploma = 10 years, High school = 12 years, Some college = 14
years, and College graduate and beyond = 17 years).
13
The estimated skewness coefficients for the off-farm wage distributions in the “o” and “e” categories are −0.84 and −0.16, respectively. The kurtosis values for these distributions are significantly
larger than zero (5.35 and 5.21, respectively), which indicate sharper peaks and heavier tails than a
normal distribution would have shown. Moreover, results of Shapiro-Francia tests with values of W
statistic of 0.95 and 0.98 (p-value = 0.00) for the log off-farm wage distributions in “o” and “e” categories rejected the null hypothesis that off-farm wages are normally distributed. Performing a Kolmogorov-Smirnov test based on these two empirical distribution functions resulted in a combined D
statistic of 0.2006 (p-value = 0.00) which allows for the rejection of the null hypothesis that the
hourly off-farm wage rate distributions by insurance coverage status are equal.
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Table 1. Summary statistics of variables used in the weighted regression models: 2015.
Source of health insurance

Definitions

“Other” (j = o)

off-farm employment (j = e)

All sample

Selection equation, “j = o ”:
Dependent variable:
Off-farm labor participation (1; 0)

0.33

Explanatory variables:
Potential experience of operator (years)

33.46*

Race: White (1; 0)

0.83

Education: High school (1; 0)

0.42

Education: Some college (1; 0)

0.26

Education: College and beyond (1; 0)

0.24

Operator works full-time off the farm (1; 0)

0.21

Farm location: metro (1; 0)

0.37

County annual precipitation (Inches)

43.40*

County average temperature (Fahrenheit)

42.47*

Unemployment rate (%)

5.26*

Exclusion restriction variables (1; 0):
Household has children under 6 years old (1; 0)

0.10

Spouse off-farm labor participation (1; 0)

0.47

Unearned income ($1000)

23.95*

Dairy (1; 0)

0.05

Sample size

8595

2201

10,796

Number of farms (expanded)

839,519

417,557

1,257,076

Off-farm wages > 0
Outcome equation, “j = o ” and “j = e”:
Dependent variable:
Off-farm wage rate per hour, average ($)2:

32.74*,s

37.05*

35.34*

P50, median ($)

24.86

27.84

27.50

P90, value at the 90th percentile of the distribution ($)

68.75

64.29

68.75

P10, value at the 10th percentile of the distribution ($)

8.39

15.00

11.90

Potential experience of operator (years)

31.72*

31.74*

31.73*

Race: White (1; 0)

0.93

0.96

0.95

Education: High school (1; 0)

0.36

0.33

0.34

3

Explanatory variables:

Education: Some college (1; 0)

0.27

0.30

0.29

Education: College and beyond (1; 0)

0.29

0.36

0.33

Works full-time off the farm (1; 0)

0.64

0.84

0.76

Farm location: metro (1; 0)

0.41

0.44

0.42

County annual precipitation (Inches)

45.31*

46.76*

46.18*

County average temperature (Fahrenheit)

43.12*,s

44.08*

43.70*

Unemployment rate (%)

5.24*

5.35*

5.31*

Sample size

1899

2201

4100

Number of farms (expanded)

274,989

417,557

692,546

Data source: 2015 ARMS. *Means for continuous variables are statistically significant at p ≤ 0.05 level using 1000 bootstrap replicate samples. 2In log form in
quantile regression models. 3The xth-percentile off-farm wage rate is the wage level at which x% of farmers earn less and (100-x)% earn more. sIndicates
statistical difference in the mean estimates of continuous variables between the “o” and “e” categories based on bootstrapped standard errors.
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Figure 1. Kernel and empirical cumulative densities of (log) hourly off-farm
wages by source of health insurance coverage, 2015.
density functions for the log off-farm wage distributions among farm operators
in the “o” and “e” categories. The panel highlights the significantly advantageous
off-farm wage levels of those farm operators in the “e” group who are located in
the lower 50-percent portion of the wage distribution.
To address the issue of self-selection with regard to farm operators working
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off the farm when health insurance is purchased from “other” than from an
off-farm employer, a central focus is whether the distributional assumption of
the normality of the distribution of error terms required in the probit regression
estimation of (8) holds. Result of a Jarque-Bera test of normality based on estimating a Generalized Linear Model of off-farm labor participation with a probit
link function [49] indicated a rejection of this assumption [ χ

2

( 2 ) = 1.375

(p-value = 0.0001)]; a finding that was confirmed from visualizing the distribution of the error terms using a quantile-by-quantile plot. This result gives support to the suggested use of the series-based SNP estimator as described in Equation (8).
To test and/or to correct for the possibility that the binary variable xji depicting the full-time off-farm work status of the farm operator is endogenous in the
jth off-farm wage equation in (1), a vector of generalized residuals νˆ ji was obtained from fitting a probit regression model of this variable using a maximum
likelihood procedure.14
The result of testing the null hypothesis (H0) of weak identification using the
empirical Wald F statistic in the j = “o” probit regression indicates a rejection of

H0 [i.e., F (3, 8581) = 58.79, (p-value = 0.00)]. The finding thus shows that the
excluded instruments are jointly significant and hence, they are noted as
“non-weak” due to their correlation with xji [51]. A test based on Hansen’s

J-statistic of over-identifying restriction which examines whether the excluded
instruments in the category j = “o” are appropriately independent of the error
process is performed [52], and the null hypothesis that the over-identifying re2
strictions are valid, based on χ ( 2 ) = 4.188 (p-value = 0.1232), is not rejected

(see [53]). A similar result is reached for the probit regression in the category j =
“e” where the null hypothesis H0 of weak identification is rejected [F (5, 2185) =
4.97, (p-value = 0.00)]. The assumption that the over-identifying restrictions of
the five instruments used are valid is not rejected based on the estimated value of
the Hansen’s J-statistic [ χ

2

( 4 ) = 6.194

(p-value = 0.1851)], a finding compara-

ble to the one reached in the category j = “o”.15
One last diagnostic check was performed with regard to the constancy of the
variances of the regression residuals in both of the “e” and “o” off-farm wage
models. Based on the estimated values of Breusch-Pagan/Cook-Weisberg test for
Consistent regression estimates in the probit regression model when testing and/or correcting for
endogeneity using the IV procedure requires the distributional assumption of normality to hold
[50], particularly when the elements of the vectors of explanatory variables in both the probit and in
the outcome equations are the same. In order to insure identification in each of the full-time offfarm work probit models, a set of “exclusion restriction” variables is imposed (see footnote 12)
where additional variables were included in each of the “o” and “e” probit equations but not in the
corresponding off-farm wage models.
15
The results from the two stage procedure in both the “o” and “e” categories used to test and/or
correct for the endogeneity of “full-time” off-farm work involved a Generalized Method of the Moment (GMM) estimator in the first stage and an OLS regression in the second stage using STATA’s
ivreg2 procedure (see [53]). Results of both stages of the two-step feasible GMM estimation which
allowed for the derivation of generalized residuals νˆ ji , while not shown in the paper to save on
14

space, they nevertheless can be provided by the author upon request.
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2
2
heteroscedasticity [ χ (1) = 30.03 (p-value = 0.000); χ (1) = 65.05 (p-value

= 0.000)], respectively], the constant variance assumption is rejected in both
models. Accordingly, the robust variance estimator for cluster-correlated data by
[44] was used in the analysis.
Use of likelihood ratio test allowed for the rejection of the assumption by the
probit model of the normality of the errors, which in effect demonstrates the
advantage of using the SNP-based single-index g ( S ′γ ) , with a value of M = 15,
in the derivation of the inverse Mills series of terms as described in (11) in order
to correct for sample-selection resulting from off-farm work in category “o”.16
Table 2 presents the results of estimating the log (w) equation for different
value of quantiles (5, 10, 25, 50, 75, 90, and 95) for the “o” and “e” categories of
sources of health insurance coverage, thus providing an account of all of its conditional distribution. Starting with the “o” category where both the issues of the
endogenous “full-time” work variable and self-selectivity of the decision of
working off-farm are addressed, findings indicate an increase, although at a decreasing rate, in the rates of return to experience. But interestingly, such an increase in the rates of return to experience seems to benefit farm operators with
higher off-farm wages who are in the 50th - 75th percentile range of the off-farm
wage distribution. Similarly, the returns to a college education and beyond are
not only higher, but they are also statistically significant for farm operators who
are better paid and who are in the 50th - 75th percentile range and at the 95th percentile of the off-farm wage distribution. For farm operators in metro counties
who are at the 50th percentile of the wage distribution, off-farm wages tend to be
lower by 14% than the wages earned by farm operators in non-metro counties.17
A rise in the county’s unemployment rate is found to adversely impact the
off-farm wages for those farm operators who purchase health insurance from
sources “other” than an off-farm employer; particularly if they are located at the
5th percentile, and to a slightly lesser extent, if they are at the10th percentile of the
off-farm wage distribution. The adverse impact of unemployment on off-farm
wages for farm households in this category of health insurance is minimal if
these households are located at the middle or at the third quartile of the off-farm
wage distribution.
Findings further show that those farm operators working full-time and whose
health insurance is purchased through sources other than from an “off-farm”
Although the results of the probit and SNP regressions are not presented in the paper to save on
space, they nevertheless can be provided from the author upon request. The value of the likelihood
ratio test between the two models is 2717 [2*(llprobit - llSNP))], which is significantly much larger than
the corresponding critical value of χ 2 ( 2 ) = 9.210 (p-value = 0.01). Accordingly, the restrictive
16

probit is rejected demonstrably in favor of the more flexible SNP. The selection of M = 15 of the
Hermite polynomial among other values of K that were considered (i.e., 3; 4; 5; and 6) was done
based on both a visual inspection of the resulting plots of the densities and since it had the lowest
computed Bayesian Information Criterion (BIC). BIC is defined as: −2*Log Likelihood +K * Log (n).
The SNP regression model is estimated using STATA’s snp routine (see [45]).
17
Since the coefficients of the log (w) model are in relative terms, the coefficient of a “metro-county”
farm location dummy variable at the 50th percentile translates to a 14.45% (i.e., by 100*[e−0.1350 − 1])
reduction in wages.
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Table 2. Summary statistics of variables used in the weighted regression models: 2015.
Jth category “o”:log (w)
“Other” than from operator’s off-farm work
5th Centile

10th Centile

25th Centile

50th Centile

75th Centile

90th Centile

95th Centile

Constant

−1.1585

−0.5637

0.8848***

1.0528*

1.4352**

1.3215

Experience of operator

−0.0128

0.0055

1.1095
0.0253

0.0437**

0.0353**

0.0010

−0.0114

−0.0001

−0.0002

−0.0007**

−0.0006**

−0.0001

0.0002

−0.6965

−0.1916

0.2108

0.5256**

0.7809**

0.7780

−0.1483

−0.1779

−0.1215

−0.2981**

−0.1256

0.0128

−0.3636

−0.2043

−0.0603

−0.2555*

−0.0407

0.0289

Experience, squared
Race: White
High school Education
Some college

0.0004
−0.9568
0.0823
−0.0945

College and beyond

0.1255

−0.0945

0.1018

0.3488***

0.3520**

0.4550

0.5948**

Off-farm work: full-time

2.7828**

1.7411***

0.9962***

0.0129

−0.2595*

−0.7069**

−0.8368***

Farm location: metro

−0.1548

−0.0807

−0.0643

0.1350**

0.0177

0.0541

−0.0383

Precipitation

−0.0052

−0.0007

−0.0054

−0.0020

−0.0035**

−0.0031

0.0020

Temperature

0.0169

0.0119

0.0194***

0.0147***

0.0227***

0.0209***

0.0241**

−0.1562***

−0.0424

−0.0449***

−0.0092*

0.0048

−0.0149

−0.9706***

−0.4548***

0.0555

−0.0280

0.1629

0.1509

8.7002

2.4521

2.7348***

2.2346

2.3412**

2.6224***

−7.1334

−2.7001

−2.2699

−1.3745

−1.1705

−0.9775

0.5851

0.3338

0.2446

0.1366

0.0700

0.1125

0.1279

0.1294

Unemployment
Generalized residual
IMR

−0.1640***
−1.5825**
9.8815

IMR

−8.6920

2

IMR

2.1420

1.7097

0.7669

Pseudo R2

0.1956

0.1225

0.0602

3

Jth category “e”: Operator’s off-farm work
Constant

−0.0035

1.3748*

1.8979***

3.6611***

3.4126***

3.4345***

3.0381***

Experience of operator

−0.0064

−0.0010

−0.0102

0.0150

0.0090

0.0126

0.0207*

Experience, squared

0.0002

0.0001

0.0003

−0.0002

−0.0002

−0.0001

−0.0002

Race: White

0.1622

0.1390

0.2211**

−0.1238

−0.1380

−0.3207***

−0.1039

High school Education

0.0850

0.1388

0.2186*

0.0139

0.1524

0.0061

0.2272

Some college

0.3087

0.2203

0.3127**

0.1616

0.3414

0.2007

0.3499

College and beyond

0.5216

0.5194***

0.6063***

0.4955***

0.6928

0.6179***

0.7227

Off-farm work: full-time

1.78450

0.8800

0.4723

−0.7379*

−0.3506*

−0.0852

−0.0723

Farm location: metro

0.2347***

0.1636***

0.1547***

0.0723*

0.1042**

0.2441***

0.2111***

Precipitation

0.0018

−0.0029

−0.0076***

−0.0035**

−0.0038*

−0.0016

−0.0049***

Temperature

0.0096

0.0037

0.0105**

0.0075**

0.0095**

0.0126*

0.0183***

Unemployment rate

0.0272

0.0089

0.0039

−0.0238*

−0.0079

−0.0166

−0.0183

Generalized residual

0.8370

−0.3525

−0.2910

0.2702

−0.0981

−0.3197

−0.3192

Pseudo R

0.0495

0.0613

0.0626

0.1024

0.1580

0.1993

0.2188

2

Note: Statistical significance is based on standard errors that were computed based on 1000 bootstrapped replicate samples. Because of the large sample size,

1

K is allowed to grow until the coefficients of IMR at all of the quantiles considered consistently did not exhibit statistical significance at two levels in a row
Vf
(i.e., K = 3; see Equation (10)). *, **, *** Significance at the 10%, 5%, and 1% levels, respectively. Pseudo R 2 = 1 − τ r , where Vτ f is the sum of the
Vτ
weighted distances for the full quantile regression model [see Equation (14)], and Vτ r is the sum of the weighted distances for the restricted model that
includes only the intercept (for more detail, see [54]; pp. 51-52).
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employer, are rewarded with higher wages; although decreasingly, only if their
wages are in the lower quartile portion of the off-farm wage distribution. In
contrast, farm operators who are paid the highest (at the 75th, 90th, and 95th percentiles) while maintaining full-time off-farm employment, relative to those operators with part-time employment, seem to face discounted off-farm wages (by
23%, 51%, and 57%, respectively).18 The result of an increasingly reduced offfarm wages as farm operators who are in this category step up in the off-farm
wage distribution from the 75th percentile to the 95th percentile, although is perhaps due to the wage-benefit tradeoff, is probably picking up the impact of an
employment benefits package that may include benefits other than those that are
attributed to the provision by an employer of health care coverage [23].
The lower part of Table 2 presents the conditional quantile regression results
of the log (w) model for farm operators with health insurance coverage provided
by their employers. While the rates of return to experience of farm operators are
positive for the top half of the off-farm wage distribution, such returns are positive and statistically significant only at the 95th percentile. A positive and statistically significant impact of “college and beyond” education on off-farm wages is
found for farm operators at the 10th, 25th, 50th, and 90th percentiles of the off-farm
wage distribution. An interesting result concerning the role of education in impacting off-farm wages is the successively higher rates of return to education
noted across all of the percentiles considered as the level of educational
achievement by the farm operator rises; particularly when the extra schooling
involves a college degree. Most notable is the “sheepskin” effect in the returns to
education found at the 25th percentile where operators with consecutively higher
educational credentials are shown to command statistically significant higher
levels of off-farm wages.19 A farm location in a metro county appears to benefit
all farm operators across all of the percentiles considered, particularly at the 5th
and the 90th and the 95th percentiles. Results show that farmers in the category
where health insurance coverage is obtained from an “off-farm” employer are
largely immune to a weakening in the off-farm labor market as a rise in unemployment seems to adversely impact the off-farm wages, although mildly, of only
farm operators located at the 50th percentile of the off-farm wage distribution.
Off-farm wages for farm operators who work “full-time” off the farm, in
comparison to those who work “part-time”, are statistically different only for
those farmers at the 50th and 75th percentiles of the off-farm wage distribution.20
Specifically, farm operators with “full-time” off farm employment at the 50th and
75th percentile of the off-farm wage distribution, are faced with, respectively,
The coefficient of “Full-time” off-farm work dummy variable at the 75th percentile indicates a 23%
(i.e., by 100 * [e−0.2595 − 1]) decrease in off-farm wages. The corresponding coefficients at the 90th and
95th percentiles are converted to percent reductions in similar fashion.
19
The “sheepskin” effect extensively debated by labor economists contends that, as noted by [47],
“wages will rise faster with extra years of education when the extra year also conveys a certificate.”
20
The exogeneity assumption of the “Full-time” off-farm dummy variable is not rejected for the log
(w) model at all of the percentiles considered based on statistically insignificant coefficients of the
generalized residual described in Equation (11).
18
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52% and 30% reduction in their off-farm wages (see [22]). Findings also show,
based on the levels of estimated coefficients, that farm operators with “full-time”
off farm employment across the off-farm wage distributions are faced with a
larger drop in their off-farm wages across all of the percentiles considered if
their health insurance coverage is provided through their “off-farm” employer
rather from “other sources”. These results of discounted off-farm wages at the
50th and 75th percentiles of the off-farm wage distribution for farmers with
“full-time” off-farm employment and who have health insurance coverage
through their “off-farm” employer, and especially those results of the larger drop
in off-farm wages for farmers across all the percentiles relative to when health
insurance coverage is obtained from other sources, are consistent with the notion of compensating differential as prescribed to in the compensating wage
theory.21

7. Conclusions
Data from the 2015 Agricultural Resource Management Survey and quantile regression were used to discern the effect of working “full-time” off the farm and
of “other” factors on the hourly off-farm wage rates among U.S. farm operators.
The specific groups of targeted operators were those with an “employer-provided” health insurance coverage, and those with health insurance coverage obtained from “other” sources.
This research finds, based on the use of a quantile regression procedure to estimate a “Mincerian” wage equation, a statistically negative association between
“full-time” off-farm work and off-farm wages, but only for those operators in
both categories of health insurance coverage who are already located in the
higher portions of their respective off-farm wage distributions. While the result
that alludes to a trade-off between off-farm wages and health insurance for farmers who work “full-time” off the farm regardless to whether health insurance is
provided by an off-farm employer or from other sources is in accordance with
what the compensating wage theory predicts, it is prudent to point out that not
all of the reduction in the off-farm wage rate can be relegated to health insurance
coverage. However, the suggestion of a possible trade-off between off-farm wages and health insurance at the upper quantiles of the off-farm wage distribution
is timely as it might inform the current healthcare debate among policymakers
However, and because the off-farm wage model used does not control for other benefits that are
part of an employer’s compensation package (e.g., bonuses, 401K matching contributions, reimbursement for continuing education, life insurance, etc.) due to lack of such data in the ARMS, it is
hard to assert with certainty that the full amount of the discount in wages is due to the health insurance coverage that the farmer obtains for the employer. Accordingly, all the levels of the discount in
off-farm wages reported to imply the presence of compensating differential should be viewed as upper bounds to these differentials. Yet another caveat to be noted is that a Wald-test to discern
whether the differences in the coefficients are statistically significant across the two models based on
the source of health insurance when farmers worked “full-time” off their farms and across all the
percentiles considered was not conducted. This was due to the complexity of the estimation that
would have resulted particularly when the specified SNP-based single index g(.) was set at 15 and
when the standard errors of estimated coefficients were measured based on 1000 replicate samples.
21
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concerning the “ultimate” bearer of the cost of healthcare when a firm, with
farm operators constituting part of its labor force, offers health insurance to its
core of “full-time” employees.
Findings further demonstrate the importance of operator’s work experience in
positively impacting off-farm wages among those operators who are already in
the higher spectrum of the off-farm wage distribution. This is particularly true in
the case of those operators where health insurance is provided by the “off-farm”
employer whereby the reward to experience was only for those in off-farm jobs
that pay the highest wages.
Farm operators with a college education and whose health insurance is obtained from sources “other” than from an “off-farm” employer are found with
higher returns to schooling if their off-farm wages are in the two quantiles above
the middle of the off-farm wage distribution. The fact that not all of these college-educated farmers across the off-farm wage distribution are shown to benefit
from higher returns to their higher education may be related to the type of
off-farm occupation that was held by these farmers. Findings by [55], which may
help in explaining the lackluster off-farm wage premium for this group of farmers, point to a flattening in the growth of the wage gap that was witnessed in
the U.S. between 2010 and 2015 between workers with a college or graduate degree and those with only a high school. Valletta [55] attributes this lack of
growth in higher educational returns to two factors. The first of these factors is
“polarization”, which is interpreted as a shift away from middle-skilled careers
driven mainly by technological change. The second cause is “skill downgrading”,
which is construed as a general weakening in the demand for advanced cognitive
skills. In contrast, farm operators whose health insurance is provided by an
“employer” seem to benefit the most from having a college education as the
educational impact on off-farm wages seems to have higher wage premia across
all of the off-farm wage quantiles with the exception of the lowest and highest
quantiles. In that farmers in this category who benefit from the higher educational returns may be explained by both the level of their higher education and
the type of occupation that they hold. Valletta [55] notes that the higher education wage premium, which may be relevant to farmers in this category of health
insurance coverage, results from the rising demand for the most highly educated
individuals in careers that require extensive non-routine cognitive skills.
Among the two groups of farmers where health insurance coverage is obtained either from an “off-farm” employer or from “other” sources, college education (i.e., BA, BS, and graduate degrees) is identified as the one covariate with
the potential of widening the off-farm wage gap among those in the lower two
quantiles of wage distributions. A similar conclusion was reached by [56], who
noted that investments on education may contribute to an increase in the inequality between the lower part of the wage distribution up to roughly close to
the median. A study by [57] pointed to some possible reasons for obtaining a
positive relationship between returns of education and higher wage quantiles.
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One of these reasons is the possibility that over-education in low paid jobs may
lead to rather low returns to education in the left-hand tail of the wage distribution. Another reason may be related to the “ability” of the individual, which is
thought to be increasing with higher wage levels with its attendant impact in
magnifying the returns of education in the right-hand tail of the wage distribution. If any of these reasons hold true in explaining the lower returns to education for farmers in the lower portions of the off-farm wage distributions, this
suggests that investments in specialized “skill-increasing” education tailored to
high paid jobs in rural areas are needed to help stem disparity in the off-farm
wage distribution.
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