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Abstract
This study provides reduced-form estimates of the effects of shifts in the farm labor supply on
hand-harvested fruit and vegetable production. Using crop production and employment data
from California, I estimate fixed-effects panel regressions linking farm employment (measured
at the county-year level) to crop production outcomes (measured at the crop-county-year level).
Because I use variation in equilibrium employment, as opposed to exogenous variation in the
labor supply, I use an equilibrium displacement model to identify plausible sources of bias
that may affect my empirical estimates. This exercise reveals that my point estimates should be
interpreted as upper bounds for the effects of interest. Empirically, these bounds indicate that
a one percent decrease in the farm labor supply (in terms of the number of workers) causes at
most a 0.38% reduction in production in the top 10 producing counties, which together produce
86% of the total value of hand-harvested crops in the state. Production effects are channeled
primarily through a reduction in harvested acreage, although there are some effects on yield.
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Introduction

Farm labor is an essential input in the production of many fruit and vegetable crops because
they typically need to be harvested manually. Recent studies document what many view as a
worrying decline in the farm labor supply. For instance, Richards (2018) finds that there has been
an “insufficient supply [of harvest workers] to meet the demand from firms, even in the steady
state equilibrium” and that this issue is “chronic and not merely a feature of our current policy
environment.” Farmer surveys further suggest that this situation has been exacerbated by recent
changes in immigration policy, including tighter border security and stronger internal enforcement
(CFBF and UC Davis, 2019; Rutledge and Taylor, 2019a). A declining farm labor supply has the
potential to reduce the nation’s access to safe and healthy produce, increase food prices, and
cause farmers to suffer significant economic losses, yet few existing studies have examined its
implications. In this paper, I help fill the gap by estimating the effects of shifts in the farm labor
supply on hand-harvested fruit and vegetable crop production in California, the leading specialty
crop producer in the United States (U.S.).
Recent research has attributed the declining farm labor supply in the U.S. to demographic
and structural changes in Mexico, more stringent security measures along the U.S. border, and
a reduction in the geographic mobility of immigrant workers (Zahniser et al., 2011; Passel et al.,
2012; Hertz and Zahniser, 2012; Taylor et al., 2012; Fan et al., 2015; Charlton and Taylor, 2016;
Zahniser et al., 2018, 2019). Enhanced border security has led to higher coyote (smuggler) fees,
which has increased the financial cost of entering the U.S. (Massey et al., 2002; Orrenius, 2004;
Riosmena, 2004; Dickerson and Medina, 2017). And those who have attempted to cross the border
have been driven further into the desert to avoid apprehension, leading to an increase in fatalities
(Jones, 2020). In some regions of the U.S., local immigration enforcement policies have caused
farm workers to leave local labor markets due to the threat of deportation (Kostandini et al., 2013;
Ifft and Jodlowski, 2016). Evidence from the National Agricultural Workers Survey reveals an
upward trend in the proportion of the farm workforce engaged in non-farm work, suggesting that
competition from non-farm employers has added pressure to the farm labor supply (Rutledge and
Taylor, 2019b). Once farm workers are employed in other sectors of the economy, they are less
likely to return to farm work because inter-sectoral movement requires irreversible investments,
either in human capital or location, which makes the return to farm work more costly (Richards
and Patterson, 1998).
At the current wage rate, domestic workers seem reluctant to engage in farm labor and,
as a result, are unlikely to resolve the farm labor problem (Taylor et al., 2012). During the great
recession, when unemployment rates were close to 10%, the United Farm Workers (UFW) launched
the nationwide “Take Our Jobs” campaign, which offered farm employment to any domestic worker
who wanted a job.1 Although the UFW received thousands of responses, the union’s president,
Arturo Rodriguez, said that only a few dozen domestic workers followed through on the offer after
1The UFW is a farm worker union formerly led by Cesar Chavez.
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realizing that the work involved “back-breaking jobs in triple-digit temperatures that pay minimum
wage, usually without benefits” (Smith, 2010). Economic theory suggests that a shrinking farm
labor supply should put upward pressure on wages. According to the USDA’s Farm Labor Survey
(NASS, 2020), real farm wages have increased by 10% over the last decade, and estimates indicate
that they will need to increase by an another 10% over the next decade just to keep the labor supply
constant (Charlton et al., 2019). Taken together, this body of evidence points to a farm labor supply
that is likely shifting inward.
But how much do changes in the farm labor supply really affect the production of laborintensive crops and farm revenue? To answer these empirical questions, I estimate elasticities of
hand-harvested specialty-crop production with respect to the farm labor supply using data from
California spanning the period from 1990 to 2017. My empirical strategy deploys fixed-effects
panel regression models at the crop-county-year level of aggregation where the main explanatory variable of interest is a measure of county-level farm employment during the peak harvest
season. The identifying variation is generated from differences across counties in the evolution
of employment about the county average. The fact that county-level farm employment, which is
an equilibrium value, is used as the main explanatory variable in place of labor supply causes
several identification challenges. First and foremost, to the extent that the labor supply curve is
upward-sloping (as opposed to being perfectly inelastic) and the labor demand curve is downward
sloping (as opposed to being perfectly inelastic), a change in employment understates the underlying shock in labor supply (see section 3.2.1 for a detailed explanation and a graphical illustration).
Thus, the output-employment elasticity overstates the elasticity of interest, which is with respect
to the underlying labor supply shift. Second, because farm employment is an equilibrium value, it
is influenced by other factors, such as productivity shocks that are caused by weather events, that
affect output independently of labor supply, raising concerns about omitted variables bias.
To gain insight into these potential sources of bias, I leverage an equilibrium displacement
model to investigate several market scenarios, each of which permits a different set of shocks to the
equilibrium. This exercise reveals that my empirical estimates should, in many respects, be interpreted as upper bounds. Specifically, the equilibrium displacement model allows me to examine
how labor supply shocks and other market shocks, such as productivity shocks, jointly affect the
observed equilibrium quantities in the specialty crop and farm labor markets and therefore the
relative changes in output and equilibrium employment observed in the data. The model provides
a set of reduced-form equations that account for structural relationships between the labor and
output markets, which can be used to derive formulas for the estimation bias. The bias formulas
are functions of exogenous structural parameters with unknown magnitudes but known signs,
allowing the sign of the bias to be discussed. Thus, I am able to relate structural parameters
descriptive of the specialty crop market to each potential source of bias in a transparent fashion.
For example, the model allows me to decipher how changes in productivity, such as those that
may result from weather events, or shifts in the supply of non-labor inputs, such as land or water,
affect the empirically estimated output-employment elasticity. Therefore, although my regression
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analysis is reduced-form, it is directly linked to a structural model of fruit and vegetable supply.
My empirical results indicate that a one percent decrease in the farm labor supply (in terms
of the number of workers) causes at most a 0.38% decrease in hand-harvested fruit and vegetable
production in the top 10 labor-intensive crop producing counties, which together produce 86%
of the value of all labor-intensive crops in the state.2 My findings further suggest that reduced
production is primarily channeled through a decrease in the number of acres harvested, but there
are also small yield effects. In the top 10 counties, a one percent decrease in the farm labor
supply causes at most a 0.24% reduction in harvested acreage and at most a 0.14% reduction in
the average yield. These results suggest that moderate decreases in the farm labor supply could
have meaningful economic impacts, but they would likely not devastate California’s aggregate
fruit and vegetable production. Falsification tests run on mechanically-harvested field and nut
crops deliver estimates that are much smaller than those for labor-intensive crops, and are never
positive and statistically significant, consistent with the hypothesis that labor supply shocks have
a smaller impact on crops that do not rely heavily on manual labor.
To the best of my knowledge, only one recent study examines how negative labor supply
shocks affect the aggregate production of fruits and vegetables in the U.S. Zahniser et al. (2011) use
a computable general equilibrium model to simulate how a change in the unauthorized immigrant
labor force (including both farm and non-farm workers) would affect farm employment and agricultural production, among other things.3 They find that a policy aimed at increasing immigration
enforcement would lead to a 3.4% reduction in farm employment and a 2.0% (2.9%) reduction in
fruit (vegetable) production, implying an upper bound for the elasticity of production with respect
to the farm labor supply of 0.58 (0.85).4 These upper bounds are larger than those produced by
my analysis, although their bounds for fruit production are similar to what I find when I focus on
the top 5 producing counties. Two other recent studies, Brady et al. (2016) and Cassey et al. (2018),
use an equilibrium displacement model to examine how simultaneous shocks to output demand
and labor supply affect the production of tree fruits rather than the aggregate production of all
labor-intensive crops. Although both studies examine the joint effects of two contemporaneous
shocks, the elasticities of production with respect to the labor supply can be deduced in each case.
The elasticity of aggregate tree fruit production deduced from Brady et al. (2016) ranges from 0.21
to 0.54, which is consistent with the upper bounds produced by my analysis (0.38 for the top 10
producing counties and 0.53 for the top 5 counties).5 Cassey et al. (2018) estimate an elasticity of
0.42 for apples, which is consistent with my analysis when I focus on the top 5 producing counties,
but their estimate of 0.93 for peaches lies outside of the range of potential values I find even when
2Throughout this study, a "labor-intensive" crop is defined as a fruit or vegetable crop that did not have a viable
automated harvest technology available at any point during the period of study.
3The first policy they consider simulates increased use of the H-2A visa program, and the second policy simulates
increased immigration enforcement across the entire U.S. economy, which would arbitrarily lead to a 2.1 million person
decrease in the unauthorized workforce.
4See section 3.2 for details about why these numbers are considered upper bounds.
5The aggregate tree fruit production analysis for the state of Washington in Brady et al. (2016) produces results that
are very similar to Gunter et al. (1992) because the two studies use the same reduced-form equations and structural
parameter values (except for a minor difference in the cost share of the labor input).
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I focus on the more dominant production areas.
This paper contributes to the literature in three ways. First, I extend the existing U.S. farm
labor literature, which has found evidence of a declining farm labor supply, by quantifying the
impacts of such changes on hand-harvested fruit and vegetable production in California, the
leading agricultural producer in the U.S. (Taylor et al., 2012; Fan et al., 2015; Charlton and Taylor,
2016). Recent empirical studies indicate that farm labor shortages may be prevalent throughout
the U.S., but farmers are notorious for finding new solutions to their production problems, so farm
labor supply shocks are only relevant insofar as they affect the ability to produce crops (Glaister,
2006; Plummer, 2013; Good, 2017; Oatman, 2018; della Cava and Lopez, 2019; CFBF and UC Davis,
2019; Rutledge and Taylor, 2019a; Richards, 2018; Hertz and Zahniser, 2012). By estimating an
upper bound for the elasticity of labor-intensive crop production with respect to the farm labor
supply, I am able to quantify the potential range of effects and demonstrate that moderate labor
supply shocks could have economically meaningful impacts, but they will likely not devastate the
aggregate production of hand-harvested crops.
Second, I directly provide an empirical estimate of the elasticity of labor-intensive crop
production with respect to the farm labor supply using a new approach that does not rely on
a combination of structural parameter values. Existing studies that examine the impacts of farm
labor supply shocks (i.e., Gunter et al., 1992; Brady et al., 2016; Cassey et al., 2018) use the traditional
equilibrium displacement approach, which relies on parameter estimates taken from the literature,
often from multiple sources, and plugs them into a system of equations (Gardner, 1975; Duffy and
Wohlgenant, 1991; Wohlgenant, 1993; Piggott et al., 1995; Gunter et al., 1992). The approach
assumes that parameter values are known with certainty and, even when a range of parameter
values are used in the analysis, may fail to capture the central tendency of the potential range of
effects (Davis and Espinoza, 1998).6 Although I also leverage an equilibrium displacement model,
I use it to determine the sign of the estimation bias and proceed to estimate an upper bound for the
effect of interest using output, weather, and employment data while imposing little to no structure
at the estimation stage.
Third, I add to the larger labor literature a useful extension to the equilibrium displacement
framework. This extension delivers new insights about the estimation bias that may result from
the use of an equilibrium employment variable in place of a labor supply variable, a common
problem in labor economics. For example, in the immigration literature, researchers have relied
heavily on the use of instrumental variables to produce exogenous variation in the immigrant labor
supply (e.g., Borjas, 2014; Basso and Peri, 2015; Jaeger et al., 2018; Mérel and Rutledge, 2020), but
a commonly-used class of instruments has been found to introduce more bias than the regressor
of interest in certain settings (Jaeger et al., 2018; Goldsmith-Pinkham et al., 2020). The extension
I develop offers a new alternative to the use of instrumental variables, allowing researchers to
determine if their empirical estimates can be interpreted as bounds for the parameters of interest
6Davis and Espinoza (1998) develop an alternative to this approach, which includes assigning random distributions
to the structural parameter values based on known priors and identifying the mean, median, and mode of the range of
potential effects to identify the centrality of the distribution.
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in a variety of empirical settings both inside and outside the field of labor economics.
The rest of the paper is organized as follows: section 2 provides some background on
California crop production and labor, section 3 provides a theoretical framework to gain insight
into what types of bias may arise and the methodology used in the empirical analysis, section 4
describes the data, section 5 discusses the results, and section 6 provides some concluding remarks.
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Background

In terms of the value of production, California is the leading agricultural state in the U.S., generating one third of all domestic vegetables and two thirds of the fruits and nuts (CDFA, 2018). In
2017, California’s farms and ranches produced more than 400 commodities worth nearly $60 billion
(NASS, 2018).7 Fruit, vegetable, and horticulture (FVH) crop production accounted for 52% ($31.2
billion) of the value of all agricultural production in the state and 68% of non-animal production.
Of the total FVH crop value, 56% ($17.4 billion) was generated by fruits, 32% ($10.0 billion) by
vegetables, and 12% ($3.8 billion) by horticulture (see Figure 1). California is also the largest agricultural employer with labor expenses accounting for nearly one third of the nation’s total (NASS,
2019). California state law requires every county to appoint an agricultural commissioner, who
must compile an annual report of the gross production, harvested acreage, and value of each commodity produced (California Agricultural Commissioners and Sealers Association, 2020). Each
year, the California Department of Food and Agriculture collaborates with the U.S. Department
of Agriculture to consolidate the county-level statistics, providing a rich set of quantitative crop
production data that can be utilized by researchers. These factors make California an ideal setting
to study how changes in the farm labor supply affect labor-intensive crop production.
[Figure 1 about here.]
The statewide production of hand-harvested vegetables increased steadily from about 8
million to 10 million tons between 1990 and 2010 and then started to decline (see Figure 2A).
The upward trend in vegetable production prior to 2010 was driven by a higher average yield
rather than an expansion in acreage (see Figure 2B).8 Other than a significant drop in production
in 1991, which was driven by a winter freeze that devastated orange crops (Brooks, 1991), handharvested fruit production remained relatively stable at about 8 million tons until 2010, after which
a noticeable expansion occurred.9
7This figure differs from the $50 billion in cash receipts due to the fact that some production, such as cattle feed, is
used on the farm where it is produced. However, the value of fruit and vegetable crops should reflect cash receipts
because these crops are not directly consumed by the farms that produce them.
8I use a within crop-county fixed-effects estimator in my empirical analysis, so my results are not confounded by
changes in the crop mix within, or across, counties.
9These numbers refer to crops that are only hand harvested. Crops that are both hand picked and mechanically
harvested (such as wine and raisin grapes), as well as crops that are only mechanically harvested (such as potatoes
and processing tomatoes) have been removed from these calculations. Production data for horticulture crops are
not expressed in terms of weight in the CDFA Agricultural Commissioners’ Reports and are excluded from these
calculations.
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[Figure 2 about here.]
Over the past century, two major policy events have motivated economists to investigate the
effects of farm labor supply shocks on U.S. agriculture. The first event was the termination of the
Bracero Program in 1964, which ended an era of legal temporary migration from Mexico. The
second event was the passage of the Immigration Reform and Control Act (IRCA) in 1986, which,
among other things, legalized the unauthorized farm workforce. In each case, major shocks to the
farm labor supply failed to materialize, and aggregate crop production was not seriously affected
(Shultz, 1965; Martin, 1966; Duffield, 1990; Gunter et al., 1992). Labor supply shocks were short
lived in the post-Bracero years due to a sustained inflow of unauthorized Mexican workers who
could earn wages as much as eight times higher in the U.S. (Martin, 2006). During the post-IRCA
years, the number of legalized farm workers who left for other sectors of the economy, the main
concern from a policy standpoint, was met by an equal (or greater) inflow of new farm workers as
a result of family reunification policies that granted visas to the spouses and dependents of those
legalized under the law (Boucher et al., 2007).
California’s farm workers can be classified into three broad categories: (i) those who are
recruited and hired directly by farmers (direct hires), (ii) those who are hired by farm labor
contractors (FLCs) and are brought to farms to perform certain tasks (e.g., pruning, weeding, or
harvesting), and (iii) non-FLC crop-support workers who are contracted to perform certain tasks,
such as tilling the soil or providing mechanical harvesting services. The non-FLC crop-support
workers generally do not hand-harvest fruit and vegetable crops and, as a result, are not considered
in the analysis. The direct hires and FLC workers do perform hand harvest labor and are the focus
of this study.
In 2017, California crop farmers employed an average of 386,000 workers each month (BLS,
2018). However, due to the seasonal nature of agriculture, the number of workers employed at any
given time fluctuates throughout the year. Figure 3A shows the average crop employment for each
month during 2017, broken down by type of worker, revealing that statewide employment peaks
during the summer months when the bulk of the harvest activities take place.
[Figure 3 about here.]
Figure 3B shows the evolution of the average annual statewide employment for each type
of worker between 1990 and 2017. The number of direct hires has been declining since the early
1990s, while the number of employees hired through FLCs has increased. However, these statewide
averages mask significant heterogeneity among local labor markets, as can be seen in Figure 4. My
empirical strategy nets out any common statewide effects (e.g., droughts) through year fixed effects
and exploits variation in the evolution of employment across counties about the county average.
[Figure 4 about here.]
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3

Theory and Methodology

3.1

The Model

To provide a theoretical framework that can be used to examine the relationship between changes in
the farm labor supply and labor-intensive crop production, I develop an equilibrium displacement
model and use it to derive formulas for the expected bias of my empirical estimates under three
scenarios that allow for different sets of shocks to the equilibrium.10 These derivations reveal that
the empirical estimates can be interpreted as upper bounds for the parameters of interest in each
case.
The model assumes that farmers produce a single homogeneous labor-intensive fruit and
vegetable good using two inputs: labor and a composite non-labor input. Each firm has a production function that is homogeneous of degree one, and firms are assumed to be price takers in both
the input and output markets. I define 𝑄 as a county’s fruit and vegetable output, 𝐴 as the labor
input, and 𝐵 as the non-labor input.
The model describes an industry equilibrium characterized by six equations in six endogenous variables (𝑄, 𝑝, 𝐴, 𝐵, 𝑝 𝐴 , 𝑝 𝐵 ) that define (1) the industry demand function, (2) the industrylevel production function, two equations (3) and (4) that equate the marginal value product of each
input to its respective price, and two equations (5) and (6) that define the input supply functions
as follows:

𝑄 = 𝑓 (𝑝)

(1)

𝑄 = 𝑄(𝐴, 𝐵)

(2)

𝑝 𝐴 = 𝑝𝑄 𝐴

(3)

𝑝 𝐵 = 𝑝𝑄 𝐵

(4)

𝐴 = 𝑔(𝑝 𝐴 )

(5)

𝐵 = ℎ(𝑝 𝐵 ),

(6)

where 𝑝 represents the output price, 𝑝 𝐴 (𝑝 𝐵 ) represents the price of input 𝐴 (𝐵), and 𝑄 𝐴 (𝑄 𝐵 )
represents the partial derivative of the production function with respect to input 𝐴 (𝐵). It is
convenient to express changes in the endogenous variables in terms of percentage changes so that
the coefficients in the reduced-form equations can be interpreted as elasticities. By taking the total
derivative of (1), (5), and (6) and dividing each equation by its respective left-hand-side variable,
one can derive equations (10), (50), and (60). Using the homogeneity assumption defined above,
additional manipulation of (2) - (4) leads to the derivation of equations (20) - (40).11
10The model I develop builds off of the framework of Muth (1964).
11These derivations are outlined in Muth (1964), although I have modified the model to consider fewer shocks to the
equilibrium.
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1
− 𝑑𝑄 ∗ + 𝑑𝑝 ∗ = 0
𝜂

(10)

𝑑𝑄 ∗ − 𝑘 𝐴 𝑑𝐴∗ − 𝑘 𝐵 𝑑𝐵∗ = 𝛿

(20)

𝑘𝐵 ∗
𝑑𝐴 −
𝜎
𝑘𝐴 ∗
−𝑑𝑝 ∗ −
𝑑𝐴 +
𝜎
−𝑑𝑝 ∗ +

𝑘𝐵 ∗
∗
𝑑𝐵 + 𝑑𝑝 𝐴
=𝛿
𝜎
𝑘𝐴 ∗
𝑑𝐵 + 𝑑𝑝 𝐵∗ = 𝛿
𝜎
∗
𝑑𝐴∗ − 𝑒 𝐴 𝑑𝑝 𝐴
=𝛽
𝑑𝐵∗ − 𝑒 𝐵 𝑑𝑝 𝐵∗ = 𝛾

(30)
(40)
(50)
(60)

Together (10) - (60) define a new system of equations, where 𝑑𝑋 ∗ represents the percentage change
in some variable 𝑋, and the following structural parameters are taken to be exogenous: 𝜂 is the
elasticity of demand for the final output, 𝑘 𝐴 (𝑘 𝐵 ) is the production cost share of input 𝐴 (𝐵), 𝑒 𝐴 (𝑒 𝐵 )
is the elasticity of supply of input 𝐴 (𝐵), and 𝜎 is the elasticity of substitution between inputs 𝐴
and 𝐵.
I consider three types of shocks to the equilibrium. The first type of shock, defined as 𝛽,
represents a shift in the labor supply (in percentage terms) in the direction of the quantity axis at
a given price. The second type of shock, defined as 𝛾, represents a shift in the non-labor input
supply (in percentage terms) in the direction of the quantity axis at a given price. Positive values of
𝛽 and 𝛾 represent increases in the supply of labor and non-labor inputs, respectively.12 Non-labor
input supply shocks can be induced by local or regional factors. For example, access to water can
be impacted by statewide policies,13 and the amount of agricultural land can be affected by local
urban expansion. The third shock, defined as 𝛿, is a productivity shock.14 𝛿 can be expressed in
logarithmic differential form as follows:
∗
𝛿 = 𝑑𝑄 𝐴

𝑑𝐴∗ =𝑑𝐵∗ =0

= 𝑑𝑄 𝐵∗

𝑑𝐴∗ =𝑑𝐵∗ =0

= 𝑑 ln(𝛿0),

(8)

where 𝑑 ln(𝛿0) represents the percentage change in the marginal product of both inputs at a given
level of input use. These types of productivity shocks can be caused by weather events, such as
droughts, spring freezes, extreme heat, and rain during the pollination period, or through the
diffusion of productivity-enhancing technologies like smart irrigation, all of which can shift the
production function and impact the productivity of labor and non-labor inputs.
This system of equations can be solved for each of the six endogenous variables, generating
six reduced-form equations. In the empirical setting, industry production occurs at the county
12Note that the 𝛽 and 𝛾 used here differ from those used in Muth (1964). Here I define input supply shocks as shifts
in the direction of the quantity axis at a given price, whereas Muth (1964) defines them as shifts in the direction of the
price axis at a given quantity such that an increase in the supply of an input corresponds to a decrease in its price.
13For example, the Sustainable Groundwater Management Act of 2014 grants local Groundwater Sustainability
Agencies (or GSAs) the authority to monitor and regulate the use of groundwater in California (CDWR, 2020).
14Muth (1964) refers to 𝛿 as a “factor-neutral” productivity shock.
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level. In Appendix A, I prove that the output demand facing a county is much more elastic than
aggregate demand. For example, even if a county produces 10% of the total output, the elasticity of
demand facing that county will be at least 10 times larger than the aggregate demand elasticity. To
extend the model in a useful direction while keeping it tractable, I assume that the county demand
for output is perfectly elastic (i.e., 𝜂 → −∞) in the derivations that follow. Under this assumption,
the reduced-form equations for 𝑑𝑄 ∗ and 𝑑𝐴∗ can be expressed as
𝜉1

𝑑𝑄 ∗ =

z


𝜉2

}|

{


z


}|

{


𝑘 𝐴 (𝜎 + 𝑒 𝐵 )
𝑘 𝐵 (𝜎 + 𝑒 𝐴 )
𝛽+
𝛾+
𝐷
𝐷
𝜎(1 + 𝑘 𝐴 𝑒 𝐴 + 𝑘 𝐵 𝑒 𝐵 ) + 𝑘 𝐵 𝑒 𝐴 + 𝑘 𝐴 𝑒 𝐵 + 𝑒 𝐴 𝑒 𝐵
𝛿
+
𝐷





|

{z
𝜉3

(9)

}

and
(𝜎 + 𝑒 𝐵 )𝑒 𝐴
𝜎 + 𝑘𝐴 𝑒𝐵
𝑘𝐵 𝑒𝐴
𝑑𝐴 =
𝛽+
𝛾+
𝛿,
𝐷
𝐷
𝐷
∗



|



{z
𝜌1

}





| {z }
𝜌2



|



{z
𝜌3

(10)

}

where
𝐷 = 𝜎 + 𝑘 𝐵 𝑒 𝐴 + 𝑘 𝐴 𝑒 𝐵 ≥ 0.

(11)

To simplify the notation, the coefficients on 𝛽, 𝛾, and 𝛿 in equation (9) (respectively equation
(10)) are represented by 𝜉1 , 𝜉2 , and 𝜉3 (respectively 𝜌1 , 𝜌2 , and 𝜌3 ). Because 𝛽 and 𝛾 are percentage
changes, they can be expressed in logarithmic differential form as 𝑑 ln(𝛽0) and 𝑑 ln(𝛾0), where ln(𝛽0)
and ln(𝛾0) represent the unavailable (log) farm labor supply and non-labor input supply variables,
respectively. The parameter of interest is the elasticity of labor-intensive crop production with
respect to the labor supply defined as
𝜉1 ≡

𝜕 ln(𝑄)
𝜕𝑄 ∗
=
.
𝜕𝛽
𝜕 ln(𝛽0)

(12)

If the elasticity of substitution between labor and the composite non-labor input (𝜎), the
input supply elasticities (𝑒 𝐴 and 𝑒 𝐵 ), and the cost shares (𝑘 𝐴 and 𝑘 𝐵 ) were known, a substitution
exercise could determine the value of 𝜉1 , and there would be no need to conduct an empirical
analysis. However, the parameter values are not known with certainty, and estimates tend to vary
widely. For example, the farm labor supply elasticity estimates used in the most recent equilibrium
displacement studies range from 0.71 to 3.37 (Brady et al., 2016; Cassey et al., 2018). The matter is
further complicated by the fact that the non-labor input is a composite good, making it difficult
(or impossible) to determine the relevant supply and substitution elasticities. An examination
of equation (9) reveals that if 𝑒 𝐴 ≥ 𝑒 𝐵 , then 𝜉1 is bounded by the interval [0, 1]. However, in
the case where 𝑒 𝐴 ≤ 𝑒 𝐵 , 𝜉1 is bounded by the interval [𝑘 𝐴 , 1]. Martin et al. (2016) estimate that
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𝑘 𝐴 ∈ [0.2, 0.4], which implies that when the supply of labor is less elastic than the supply of the
non-labor input, 𝜉1 ∈ [0.2, 1]. Even in this special case, the range of potential values is wide
enough that an empirical estimate would provide useful information and, as a result, there is value
in performing an empirical exercise.
0

If 𝛽 were observed, direct estimates of 𝜉1 could be obtained by using ordinary least squares
0

(OLS) regression with a (log) production variable as the outcome variable and ln(𝛽 ) as the regressor
of interest. To the extent that the labor supply shocks would be uncorrelated with the other shocks
(𝛿 and 𝛾), the resulting estimate would be unbiased. However, when 𝜉1 is estimated using an
employment variable (𝐴) instead of a labor supply variable (𝛽0), the regression coefficients will be
biased, so understanding the direction of bias is critical for inference. If the bias is positive, the
empirical estimates can be interpreted as upper bounds. Fortunately the equilibrium displacement
model provides a framework from which one can derive formulas for the estimation bias under
different scenarios. In the sections that follow, I use the model to derive bias formulas under the
assumption that there are no unobserved productivity shocks or non-labor input supply shocks
(i.e., 𝛿 = 𝛾 = 0) and then consider more general cases where there are (i) unobserved productivity
shocks (i.e., 𝛿 ≠ 0) and (ii) unobserved productivity shocks and non-labor input supply shocks
(i.e., 𝛿 ≠ 0 and 𝛾 ≠ 0). In doing so, I am able to demonstrate that the use of an equilibrium
employment variable in place of a labor supply variable will generate estimates that are biased
upwards even when there are no other shocks to the system, and that each additional shock adds
another source of upward bias. These findings indicate that my empirical estimates should be
interpreted as upper bounds for the parameter of interest, 𝜉1 .

3.2
3.2.1

Estimation Bias
Case I: Labor Supply Shock Only

First, I consider the case where there are no omitted variables. In this case 𝛽 ≠ 0, but 𝛾 = 𝛿 = 0. By
using equation (10) to solve for 𝛽 and substituting the formula for 𝛽 into (9), one can express the
production-employment relationship as
𝑑𝑄 ∗ =

𝜉1 ∗
𝑑𝐴 .
𝜌1

(13)

By integrating (13), the production-employment relationship can be expressed as
ln(𝑄) = 𝑐 +

𝜉1
ln(𝐴),
𝜌1

(14)

where 𝑐 is the constant of integration. This relationship can be estimated empirically using the
following OLS regression model:
ln(𝑄) = 𝑐 + Γ ln(𝐴) + 𝜈,
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(15)

where 𝜈 is the error term satisfying the condition 𝐸[𝜈| ln(𝐴)] = 0. The OLS coefficient on the (log)
equilibrium employment variable has a probability limit equal to
𝑘 𝐴 (𝜎 + 𝑒 𝐵 )
𝑘 𝐴 𝑘 𝐵 𝑒 𝐴 (𝜎 + 𝑒 𝐵 )
𝜉1
=
=
= 𝜉1 +
,
𝜌1
𝜎 + 𝑘𝐴 𝑒𝐵
(𝜎 + 𝑘 𝐴 𝑒 𝐵 )(𝜎 + 𝑘 𝐵 𝑒 𝐴 + 𝑘 𝐴 𝑒 𝐵 )



Γ𝑂𝐿𝑆







|

{z
𝜃1

(16)

}

where 𝜉1 is the parameter of interest, and 𝜃1 ≥ 0 represents the bias from using an equilibrium
employment variable to estimate the effect of a change in the labor supply.15 The fact that 𝜃1 ≥ 0
results from the fact that 𝜉1 ≥ 0 and 𝜌1 ∈ [0, 1] (see equations (9) and (10)). Therefore, if there are
no omitted variables, Γ𝑂𝐿𝑆 can be interpreted as an upper bound for 𝜉1 . It is important to note
that Γ𝑂𝐿𝑆 is only biased when the labor supply curve is upward sloping (i.e., 𝑒 𝐴 > 0) and the labor
demand elasticity (𝜂𝐴 ) is finite (i.e., 𝜂𝐴 > −∞). Figure 5 provides a graphical depiction of the local
farm labor market to help demonstrate why this result emerges.
[Figure 5 about here.]
As can be seen in panel A, when the demand for labor is downward sloping and the supply of
labor is upward sloping, a horizontal shift in the labor supply from 𝐿𝑆0 to 𝐿𝑆1 corresponds to shift
that is larger in magnitude than the change in equilibrium employment (i.e., |𝑑𝛽0 | = |𝐴2 − 𝐴0 | >
|𝐴1 − 𝐴0 | = |𝑑𝐴|). As a result, the effect of the labor supply shock the size of 𝑑𝛽0 will be attributed
to a smaller change in 𝐴, which will cause the empirical estimates to overstate the effect of the
labor supply shock. When the labor supply is perfectly inelastic (i.e., 𝑒 𝐴 = 0) as shown in panel
B, the shift from 𝐿𝑆0 to 𝐿𝑆1 causes an equivalent change in employment (i.e., |𝑑𝐴| = |𝑑𝛽0 | = |𝐴1
-𝐴0 |). This same result emerges when labor demand is perfectly elastic (i.e., 𝜂𝐴 → −∞) as shown
in panel C. The formula for the labor demand elasticity can be expressed as follows:16
𝜂𝐴 = lim

𝜕𝐴∗
𝜕𝛽

∗
𝜂→−∞ 𝜕𝑝 𝐴
𝜕𝛽

=−

𝜎 + 𝑘𝐴 𝑒𝐵
.
𝑘𝐵

(17)

Labor demand is perfectly elastic if labor and the composite non-labor input are perfect substitutes
(i.e., 𝜎 → ∞), if the non-labor input supply is perfectly elastic (i.e., 𝑒 𝐵 → ∞) or if labor is the only
input (i.e., 𝑘 𝐵 = 0). The formula for the relative bias can be expressed as the ratio of the labor
supply elasticity to the negative of the labor demand elasticity:
𝜃1
𝑘𝐵 𝑒𝐴
𝑒𝐴
=
=−
≥ 0.
𝜉1
𝜎 + 𝑘𝐴 𝑒𝐵
𝜂𝐴

(18)

Mathematically, the absence of bias when the labor supply is perfectly inelastic or when the labor
demand is perfectly elastic can be seen by examining equation (18) and comparing the cases where
15I refer to this source of bias as the “employment-labor supply mismatch bias” in following sections.
∗ can be found on page 223 of Muth (1964), although the 𝛽 used in my study is
16The reduced form equation for 𝑝 𝐴
equivalent to −𝑒 𝐴 𝛽 in that study.
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𝑒 𝐴 = 0 or 𝜂𝐴 → −∞ to the case where 𝑒 𝐴 > 0 and 𝜂𝐴 > −∞. All else equal, (18) will tend to be
smaller if the supply of labor is highly inelastic (i.e., 𝑒 𝐴  1) or the demand for labor is highly
elastic (i.e., 𝜂𝐴  −1). The demand for labor will be highly elastic if (i) the cost share of input 𝐵
(𝑘 𝐵 ) is small, (ii) labor and non-labor inputs are highly substitutable (i.e., 𝜎 is large), or (iii) the
supply of the non-labor input is highly elastic (i.e., 𝑒 𝐵  1).17
3.2.2

Case II: Unobserved Productivity Shocks

Now I consider the case where there are unobserved productivity shocks (𝛿). In this case, 𝛽 ≠ 0
and 𝛿 ≠ 0, but 𝛾 = 0. Using the same procedure outlined in section 3.2.1, one can derive the
following production-employment equation under this scenario:
ln(𝑄) = 𝑐 +

𝜉1
ln(𝐴) + Λ ln(𝛿0),
𝜌1

(19)

where 𝑐 is the constant of integration, and Λ is defined as follows:18
𝜉3 𝜌1 − 𝜉1 𝜌3
Λ≡
≥ 0.
𝜌1





(20)

The elasticity of labor-intensive crop production with respect to the labor supply can be estimated empirically using (15), but in this case, the error term (𝜈) contains the term Λ ln(𝛿0), and
𝐸[𝜈| ln(𝐴)] ≠ 0 because equilibrium employment is affected by productivity shocks via equation (10), which causes omitted variables bias. Under this scenario, the coefficient on the (log)
equilibrium employment variable has a probability limit equal to
cov(ln(𝐴), Λ ln(𝛿0))
,
= 𝜉1 + 𝜃1 +
var(ln(𝐴))





Γ𝑂𝐿𝑆

|

{z
𝜃2

(21)

}

where cov(𝑋 , 𝑌) represents the covariance between two variables 𝑋 and 𝑌, var(𝑋) represents the
variance of some variable 𝑋, and 𝜃2 represents the bias from the omitted productivity shock variable. In this case, Γ𝑂𝐿𝑆 will be subject to two sources of bias: one from the use of an equilibrium
employment variable in place of a labor supply variable (𝜃1 ) and one from the unobserved productivity shocks (𝜃2 ). By integrating equation (10), one can obtain formulas for ln(𝐴) and var(ln(𝐴))
and substitute them into 𝜃2 . Under the assumption that labor supply shocks are uncorrelated with
productivity shocks (i.e., cov(ln(𝛽0), ln(𝛿0)) = 0), the relative bias from the omitted productivity
shock variable can be expressed as
17Recent evidence suggests that the farm labor supply elasticity is inelastic (e.g., Hill, 2019; Li and Reimer, 2020).
Other research indicates that the demand for labor has become increasingly elastic over the past century (Duffield,
1990). Together, this evidence suggests that the employment-labor supply mismatch bias is likely small.
18I prove that Λ ≥ 0 in Appendix B.
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"

#

𝜌23 var(ln(𝛿0))
𝜃2
Λ
=
≥ 0.
𝜉1
𝜌3 𝜉1 𝜌21 var(ln(𝛽0)) + 𝜌23 var(ln(𝛿0))

(22)

In this case, the omitted variables bias is non-negative because Λ ≥ 0 (see Appendix B for proof),
𝜌3 ≥ 0 (see equation (10)), 𝜌21 ≥ 0, 𝜌22 ≥ 0, and the variances are non-negative. All else equal, (22)
will tend to be smaller if the variance of the labor supply shocks (var(ln(𝛽0))) is large relative to the
variance of the productivity shocks (var(ln(𝛿0))), if the elasticity of production with respect to the
productivity shocks (𝜉3 ) is small, or if the elasticity of production with respect to the labor supply
(𝜉1 ) is large.19 Simulation exercises that compare the magnitudes of 𝜃1 and 𝜃2 in Appendix D.1
reveal that the two sets of potential values for 𝜃1 and 𝜃2 are not disjoint and, as a result, additional
information about the structural parameter values and variances is required to determine whether
the omitted variables bias (𝜃2 ) is more of a concern than the employment-labor supply mismatch
bias (𝜃1 ).
3.2.3

Case III: Unobserved Non-Labor Input Supply and Productivity Shocks

Now I consider the more general case where there are unobserved non-labor input supply shocks
(𝛾) and productivity shocks (𝛿). In this case, 𝛽 ≠ 0, 𝛿 ≠ 0, and 𝛾 ≠ 0. Using the procedure outlined
in section 3.2.1, one can derive the following production-employment equation under this scenario:
ln(𝑄) = 𝑐 +

𝜉1
ln(𝐴) + Λ ln(𝛿0) + Υ ln(𝛾0),
𝜌1

(23)

where 𝑐 is the constant of integration, and Υ is defined as follows:20
𝜉2 𝜌1 − 𝜉1 𝜌2
Υ≡
≥ 0.
𝜌1





(24)

The elasticity of labor-intensive crop production with respect to the labor supply can be estimated
empirically using (15), but under this scenario, the error term (𝜈) contains the two terms Λ ln(𝛿0)
and Υ ln(𝛾0), and 𝐸[𝜈| ln(𝐴)] ≠ 0 because productivity shocks and non-labor inputs supply shocks
affect equilibrium employment via equation (10), so this leads to two sources of omitted variables
bias. In this case, the coefficient on the (log) equilibrium employment variable has a probability
limit equal to

cov(ln(𝐴), Λ ln(𝛿0)) + Υ ln(𝛾0)
= 𝜉1 + 𝜃1 +
,
var(ln(𝐴))





Γ𝑂𝐿𝑆

|

{z

(25)

}

𝜃3

where 𝜃3 represents the two sources of omitted variables bias. By integrating equation (10), one
can obtain formulas for ln(𝐴) and var(ln(𝐴)) and substitute them into 𝜃3 . Under the assumptions
19Note that 𝜌 Λ𝜉 ≥ 0 because Λ ≥ 0, 𝜌3 ≥ 0, and 𝜉1 ≥ 0. But 𝜌 Λ𝜉 ≥ 0 ⇐⇒
3 1
3 1
thus 𝜃2 ) will be smaller if 𝜉3 is small and/or 𝜉1 is large.
20I prove that Υ ≥ 0 in Appendix C.
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𝜉3
𝜌 3 𝜉1

− 𝜌11

i

≥ 0. Therefore 𝜌 Λ𝜉 (and
3 1

that productivity shocks are not correlated with input supply shocks and labor supply shocks
are not correlated with non-labor input supply shocks (i.e., cov(ln(𝛽0), ln(𝛾0)) = cov(ln(𝛽0), ln(𝛿0)) =
cov(ln(𝛾0), ln(𝛿0)) = 0), the formula for relative bias from the two omitted variables can be expressed
as

"

"

#

#

𝜌23 var(ln(𝛿0))
𝜌22 var(ln(𝛾0))
𝜃3
Λ
Υ
=
+
≥ 0,
𝜉1
𝜌3 𝜉1
𝐸
𝜌2 𝜉1
𝐸

(26)

𝐸 = 𝜌21 var(ln(𝛽0)) + 𝜌22 var(ln(𝛾0)) + 𝜌23 var(ln(𝛿0)).

(27)

where

The sum of the two sources of omitted variables bias in this case is non-negative because Λ ≥ 0
(see Appendix B for proof), Υ ≥ 0 (see Appendix C for proof), 𝜌2 ≥ 0 (see equation (10)), 𝜌3 ≥ 0
(see equation (10)), 𝜌21 ≥ 0, 𝜌22 ≥ 0, 𝜌21 ≥ 0, and the variances are non-negative. As one might
expect, the magnitude of the relative bias from the unobserved productivity shocks in this case
(the first term on the right hand side of (26)) depends on the same factors as those described in
Case II, although a higher variance of the non-labor input supply shocks (var(ln(𝛾0))) will also tend
to reduce this source of bias. But a larger var(ln(𝛾0)) will also tend to increase the relative bias
from the unobserved non-labor input supply shocks (the second term on the right hand side of
(26)) counteracting the effect on the first term, so the impact is uncertain. However, both sources of
omitted variables bias are unambiguously reduced when the variability of the labor supply shocks
(var(ln(𝛽0))) is higher. The bias from the unobserved non-labor input supply shocks will tend to
be smaller if the elasticity of production with respect to the non-labor input supply shocks (𝜉2 ) is
small or if the elasticity of production with respect to the labor supply shocks (𝜉1 ) is large.21 As in
Case II, simulation exercises in Appendix D.2 indicate that additional information is required to
determine whether the omitted variables bias (𝜃3 ) or the employment-labor supply mismatch bias
(𝜃1 ) is larger.22 However, the simulation exercises reveal that the omitted variables bias caused by
the unobserved productivity shocks dwarfs the bias caused by the unobserved non-labor input
supply shocks and, as a result, particular attention should be given to addressing the former source
of bias.

3.3

Methodology

As discussed above, the main threats to identification when estimating the effect of a change in
the farm labor supply on labor-intensive crop production are the use of an equilibrium employment variable in place of a labor supply variable and omitted variables bias, particularly from
unobserved productivity shocks. Even when the unobserved non-labor input supply shocks and
productivity shocks are uncorrelated with the labor supply shocks, there will still be bias because
21Note that 𝜌 Υ𝜉 ≥ 0 because Υ ≥ 0, 𝜌2 ≥ 0, and 𝜉1 ≥ 0. But 𝜌 Υ𝜉 ≥ 0 ⇐⇒ 𝜌𝜉𝜉2 − 𝜌11 ≥ 0. Therefore 𝜌 Υ𝜉 (and
2 1
2 1
2 1
2 1
thus the omitted variables bias from the non-labor input supply shocks) will be smaller if 𝜉2 is small and/or 𝜉1 is large.
22This result applies to each source of omitted variables bias considered independently (defined separately as 𝜃3𝐴
and 𝜃3𝐵 in Appendix D.2) and both sources of omitted variables bias considered jointly (defined here as 𝜃3 ).
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these unobserved variables impact equilibrium employment via equation (10). However, if an
instrumental variable (𝑍) was available that generates labor supply driven variation in the employment variable but is uncorrelated with the unobserved non-labor supply and productivity shocks
(i.e., if 𝐸[𝜈|𝑍] = 0), using 2SLS to estimate Γ would remedy the omitted variables bias, but the
employment-labor supply mismatch bias (𝜃1 ) would remain. The two-stage least squares (2SLS)
coefficient on the employment variable has the following probability limit:
1 cov(𝑍, 𝜈)
=Γ+
= 𝜉1 + 𝜃1 ,
Φ var(𝑍)



Γ2𝑆𝐿𝑆



(28)

where Γ is the OLS coefficient from equation (15) in the case where there are no omitted variables,
and Φ is the coefficient on 𝑍 in the first stage regression (see Appendix E for proof). Of course,
instruments that are highly relevant and satisfy the exclusion restriction are rarely found in practice.
Therefore, I rely upon the following fixed-effects panel regression model and attempt to mitigate
the omitted variables bias through fixed effects and control variables:

𝑙𝑛(𝑂 𝑖𝑐𝑡 ) = Ω𝑙𝑛(𝐴 𝑐𝑡 ) + 𝜙 𝑖𝑐 + 𝜙𝑡 +

𝛼1𝑐 𝑡 𝑐

+

𝛼 2𝑐 𝑡 𝑐2

+

12
Õ

𝑚
𝑚
(𝜏𝑚 𝑇𝑒𝑚𝑝 𝑐𝑡
+ 𝜋𝑚 𝑃𝑟𝑒 𝑐𝑖𝑝 𝑐𝑡
) + 𝜇𝑖𝑐𝑡 ,

(29)

𝑚=1

where ln denotes the natural logarithm, 𝑖 denotes crop, 𝑐 denotes county, and 𝑡 denotes year. The
outcomes of interest 𝑂 𝑖𝑐𝑡 ∈ (𝑄 𝑖𝑐𝑡 , 𝐻𝑖𝑐𝑡 , 𝑌𝑖𝑐𝑡 ) are three measures of crop production, where 𝑄 𝑖𝑐𝑡
is the amount of production of each labor-intensive crop in each county in each year, 𝐻𝑖𝑐𝑡 is the
number of acres harvested, and 𝑌𝑖𝑐𝑡 is the average yield (quantity harvested per acre). The main
variable of interest ln(𝐴 𝑐𝑡 ) is the (log) number of crop workers employed at the county level during
the county’s peak employment quarter.
Table 1 contains a list of potential sources of bias and the corresponding variables that are
assigned to mitigate each one.
[Table 1 about here.]
At a minimum, the model should include a set of county fixed effects (𝜙 𝑐 ), crop fixed effects (𝜙 𝑖 ), and
year fixed effects (𝜙𝑡 ). The county fixed effects would control for time invariant factors that differ
by county, such as senior water rights, geography, and soil quality, which could be correlated with
output and labor use. The crop fixed effects would help control for confounding time-invariant
factors specific to each crop, such as the general labor-intensity and the baseline acreage. However,
these confounding factors may also vary at the crop-county level, so my preferred specification
includes a set of crop-by-county fixed effects (𝜙 𝑖𝑐 ) instead. The model also includes a set of year
fixed effects (𝜙𝑡 ), which control for productivity shocks that are common to all counties within a
year, such as statewide droughts, and non-labor input supply shocks, such as fluctuations in the
price of water, fertilizer, or pesticides. The second set of control variables are quadratic county
trends, defined as 𝑡 𝑐 + 𝑡 𝑐2 , where 𝑡 𝑐 = 𝜙 𝑐 × 𝑡, 𝑡 𝑐2 = 𝜙 𝑐 × 𝑡 2 , and 𝑡 is a continuous time variable. These
15

trends help control for smooth, yet potentially nonlinear, changes in productivity that could be
caused by local technology diffusion, such as smart irrigation technologies, and factors that impact
the non-labor input supply, such as urban expansion, which affects the amount of land that is
available for crop production. The third set of variables includes 12 monthly county-level average
𝑚
temperature variables (𝑇𝑒𝑚𝑝 𝑐𝑡
) and 12 monthly county-level cumulative precipitation variables
𝑚
(𝑃𝑟𝑒𝑐𝑖𝑝 𝑐𝑡
), where 𝑚 is an index for the month (𝑚 = 1, ..., 12). These 24 weather variables help

control for local weather events, such as spring freezes, extreme heat, or rain during pollination,
which can affect the productivity of labor and non-labor inputs. And 𝜇𝑖𝑐𝑡 is the error term.
Although it is plausible that Ω𝑂𝐿𝑆 provides a significant improvement over Γ𝑂𝐿𝑆 due to the
model’s bias mitigation strategy, it may still suffer from upward bias due to the employment-labor
supply mismatch. As a result, it is plausible that 𝜉1 ≤ Ω𝑂𝐿𝑆 < Γ𝑂𝐿𝑆 . Therefore, I interpret Ω𝑂𝐿𝑆
as an upper bound for the elasticity of labor-intensive crop production with respect to the labor
supply (𝜉1 ).
In panel settings that have a natural regional clustering of observations (such as the cropcounty level data used in this analysis), it is common to use standard errors that are clustered at
the region level (Rogers, 1993). In addition to correcting for heteroskedasticity, clustering standard
errors at the region level also corrects for auto-correlation within geographic regions, which, if
present, renders inference based on White (1980)’s heteroskedastic-robust standard errors invalid
due to the violation of the error independence assumption. In order to conduct valid inference with
clustered standard errors, the errors must not be correlated across clusters. However, the intercluster error independence assumption may be difficult to justify in certain settings, particularly
when the clusters are geographic regions that are located within close proximity to each other,
such as the 10 counties used in this study (see Figure 6).23
[Figure 6 about here.]
When the inter-cluster error independence assumption is violated, clustered standard error
estimates are biased, and inference is no longer valid. Using the Frees test, which is appropriate for
use in my setting (De Hoyos and Sarafidis, 2006; Frees, 1995),24 I test for cross-sectional dependence
in the error term to determine if the use of clustered standard errors is appropriate.25 The Frees
tests provide strong evidence of cross-sectional dependence, which likely results from the close
geographic proximity of the 10 labor-intensive crop producing counties considered in the analysis,
23The 10 counties I use are the top labor-intensive crop producing counties, which produce 86% of the value of handharvested crops in the state. I exclude the more marginal counties because there is a greater potential for measurement
error in the employment variable due to a larger share of workers who do not work in labor-intensive crop production.
24The Frees test is appropriate for use with static panel models when the number of years in the data is less than the
number of observations in the cross sectional dimension and year fixed effects are included in the model, which is the
setting that fits my study (De Hoyos and Sarafidis, 2006).
25Inference based on clustered standard errors is also not valid in my setting because the number of clusters (𝐺) must
be large in order for the standard error estimates to be consistent. My analysis is based off of the largest 10 producing
counties (i.e., 𝐺 = 10), which is too small for clustered standard errors to be reliable. Cameron and Miller (2015) propose
the use of the wild cluster bootstrap in cases where the number of clusters is small. However, inference based on the
wild cluster bootstrap also requires the absence of error correlation across clusters, which does not hold in my setting
(see below).
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leading to spatial correlation across counties. To conduct inference that is valid in the presence
of cross-sectional dependence, I use Driscoll-Kraay standard errors (see Driscoll and Kraay, 1998;
Hoechle, 2007), which are robust to general forms of cross-sectional dependence, heteroskedasticity,
and error auto-correlation up to a specified number of lags.26 I determine the value of 𝑞 in the 𝑀𝐴(𝑞)
process by using the heteroskedastic-robust Cumby-Huzinga general test for auto-correlation.27

4

Data

The data used for the empirical analysis span the period 1990 to 2017 and cover 10 of the 44 fruit
and vegetable crop producing California counties.28 The crop production data were obtained from
the California County Agricultural Commissioners’ reports, which are available in .pdf and .csv
format on the website of the USDA’s National Agricultural Statistics Service (NASS, 2018). These
data include the value (in U.S. dollars) and quantity (in U.S. tons) of production, the number of
acres harvested, and the average yield per acre for each crop in each California county in each year.
In a handful of cases, the source .csv data files contained apparent data entry errors, which were
detected by conducting a visual examination of statewide production graphs for each commodity
and investigating outliers.29 When possible, these errors were corrected by entering the values
from the .pdf text reports. Observations were dropped in cases where errors were unable to be
reconciled with values from the text reports.30 Data on the value of production (in dollars) are
available for all crops in all counties in all years. However, in some cases one or more of the
production measures is missing for some crops in some years. In order to maintain a consistent
set of observations throughout the study, observations are also dropped if at least one of the three
production measures is missing. In order to determine the extent to which missing observations
might affect the empirical results, I calculate the share of the total value that the missing production
observations account for. The missing production observations account for less than 1% of the total
value of the labor-intensive crops in any given year, so it is unlikely that the dropped observations
significantly influence the estimates.
The county-level crop employment data were obtained from the public Quarterly Census of
Employment and Wages (QCEW) data files (BLS, 2018). These data include the average quarterly
employment measures for each county based on the North American Industry Classification
System (NAICS). To provide a measure of the hand harvest workforce, I include all crop workers
26For reference, I also report clustered standard error estimates in the tables that follow.
27The number of degrees of error auto-correlation found by the Cumby-Huzinga tests can be found in Appendix G.
28There are a total of 88 labor-intensive crops used in the analysis. For a list of these commodities, see Appendix F.
29A report containing time series graphs for the statewide production of each of the crop used in the analysis can be
found at: https://www.zachrutledge.com/uploads/1/2/5/6/125679559/california_crop_production_graphs_v
3.pdf.
30In a few cases, there were outliers that appeared consistent in the .csv and .pdf files but were an order of magnitude
different from adjacent observations in the data set. I dropped those observations out of an abundance of caution as
they appear to be data entry errors that carried over into both the .pdf text reports and the .csv data files. For example,
there were a few instances when production values were incorrectly reported as the number of boxes instead of tons.
Five data entry errors were updated with values from the .pdf files, and 14 were dropped from the analysis.
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directly hired by farmers (NAICS code 111) and those hired by farm labor contractors (NAICS code
115115). In certain counties, employment measures for one of the NAICS codes are suppressed
in some years to protect employer anonymity. County-year observations with suppressed QCEW
data are dropped from the analysis.31 The employment measures used in the analysis identify the
average employment during each county’s peak employment quarter, assumed to be the period
of time when the majority of the harvest activities take place. This “peak quarter" is identified
by determining the quarter during which each county had its highest average employment over
the time period 1990 to 2017. Once the peak quarter is defined for a county, the employment
values that correspond to that quarter are assigned to the county for the entire sample period.
For example, in Imperial county, where winter lettuce is grown, peak employment occurs during
the first quarter of the calendar year, but in San Joaquin county, peak employment occurs during
the second quarter. Assigning each county the employment measure during its peak employment
quarter captures variation in local farm employment during the period of time when farmers are
particularly susceptible to reduced labor availability because of the spike in harvest labor demand.
Weather data were obtained from the National Oceanic and Atmospheric Administration
Climate Data Online website (NOAA, 2019). These data include information about temperature
and precipitation provided by weather stations located in each county throughout the state. From
these data, I generate 12 monthly county-level average temperature variables and 12 monthly
county-level cumulative precipitation variables.32 There are no temperature data for Sutter county,
and a few precipitation data points are missing in that county, too (which is only relevant for the
falsification tests).
Table 2 shows the summary statistics for the variables used in the analysis. Note that the
production, harvested acres, and yield statistics are aggregated at the crop-county-year level,
and the employment and weather measures are aggregated at the county-year level such that
employment and weather values are repeated in the analysis when there is more than one crop
grown in a county in a given year.
[Table 2 about here.]

5
5.1

Results
Labor-Intensive Crops

The results from equation (29) are shown in Table 3. The table consists of two sets of results: one
for the top 5 producing counties, and the other for the top 10 counties. The top 5 (respectively 10)
31Although not shown here, I also estimated a set of results using imputed data for the suppressed observations. The
results from both methods are qualitatively similar. However, the analysis with imputed values delivers upper bounds
that are slightly larger in magnitude. Values are imputed by estimating a quadratic trend with the non-suppressed
observations (separately for each county and NAICS code that has suppressed data) and assigning the predicted values
to the missing data.
32A report containing time series graphs for the county weather variables can be found at https://www.zachrutled
ge.com/uploads/1/2/5/6/125679559/county_weather_graphs_1990-2017.pdf.
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counties produce 65% (respectively 86%) of the value of all labor-intensive fruit and vegetable crops
produced in the state. Within each set of results is a subset of results for production, harvested acres,
and average yield per acre. Each column in the table displays estimates from models that include
a different set of control variables. When focusing on an individual row, columns (1) through (4)
reveal estimates that are similar in magnitude and level of significance. However, the results in
column (5) are mostly insignificant with coefficients that are substantially smaller than those in
the other columns. These smaller and often insignificant coefficients likely result from the fact that
this specification includes a full set of crop fixed effects interacted with each of the 24 monthly
county-level weather variables, adding more than 2000 additional regressors into the model. The
inclusion of such a large set of control variables likely soaks up the identifying variation in the main
regressor of interest. In light of this, the results from my preferred specification are presented in
column (4), which includes the 24 weather control variables but leaves enough identifying variation
in the main regressor to produce meaningful upper bounds.
[Table 3 about here.]
When focusing on the production results for the top 5 counties, the upper bound indicates that a one percent decrease in the farm labor supply causes at most a 0.53% decrease in
hand-harvested specialty crop production. Reduced production is primarily channeled through a
decrease in the number of acres harvested, although there are some minor effects on the average
yield. One potential explanation for the yield effect is that farmers may be constrained by the
number of times they can get harvest crews to harvest crops, such as strawberries, that do not ripen
uniformly and require multiple rounds of harvest. In the top 5 counties, a one percent decrease
in the farm labor supply causes at most a 0.35% reduction in harvested acres and at most a 0.18%
decrease in the average yield.
As the effects are estimated across a larger set of counties, the coefficients become smaller,
although they remain significant. In the top 10 counties, a one percent reduction in the farm labor
supply causes at most a 0.38% reduction in production, at most a 0.24% reduction in harvested
acres, and at most a 0.14% reduction in the average yield.

5.2

Falsification Tests: Mechanically-Harvested Crops

Nuts and field crops are harvested by machines and require much less labor than hand-harvested
crops to produce.33 As a result, one should not expect to find effects of farm labor supply shocks on
the production of mechanically-harvested crops as large as those found on labor-intensive crops.
In order to test this hypothesis, I estimate the elasticity of production with respect to the farm labor
supply for nuts and field crops, separately.
The estimated impacts for nuts and field crops can be found in Table 4 and Table 5, respectively. A review of these tables reveals two important facts. First, the magnitudes of the
33See Figure 7 (Figure 8) for a map of the top 10 nut (field crop) producing counties.
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coefficients, when positive, are much smaller than those found in the fruit and vegetable crop
analysis. Second, in some cases, the coefficients are statistically significant and negative, indicating
that a smaller labor supply is associated with an increase in the production of these crops, which
could result from a switch out of the production of labor-intensive crops into the production of
those that are mechanically harvested. Although this is consistent with anecdotal evidence (e.g.,
Ryssdal, 2017; Martin, 2019), one should use caution when interpreting these negative coefficients
as causal evidence because they are not statistically significant in the top five nut and field crop
producing counties, and in the broader set of counties where the coefficients are significant (i.e., for
field crops), the results are not robust to different model specifications. Nevertheless, the evidence
from this analysis is consistent with the hypothesis that the effects of farm labor supply shocks
are concentrated within the sub-sector of agriculture that is particularly reliant upon labor inputs
during harvest time.
[Figure 7 about here.]
[Figure 8 about here.]
[Table 4 about here.]
[Table 5 about here.]

6

Conclusion

Recent studies have found a decline in the U.S. farm labor supply, which has been driven by
demographic and structural changes in Mexico, increased U.S. border security measures, and a
decline in the migratory nature of immigrants who have settled down in the U.S. (Zahniser et al.,
2011; Passel et al., 2012; Hertz and Zahniser, 2012; Taylor et al., 2012; Fan et al., 2015; Charlton and
Taylor, 2016; Zahniser et al., 2018, 2019). A smaller farm labor supply has the potential to reduce
the nation’s access to safe and healthy produce, put upward pressure on food prices, or create
significant economic losses for farmers. In order to examine the extent to which changes in the
farm labor supply affect crop production, I estimate fixed-effects panel regressions using a rich set
of production data from California, the leading agricultural producer and employer in the U.S.
I use an equilibrium displacement model to gain insight into the bias of my empirical estimates
under different market scenarios, which indicates that my point estimates should be interpreted
as upper bounds. The empirical results reveal statistically significant upper bounds for the effects
on the production of hand-harvested fruit and vegetable crops but not on mechanically-harvested
nuts or field crops.
Although the bounds are economically meaningful, they indicate that the impacts of the
declining farm labor supply will likely be limited in the foreseeable future. The effects are perhaps
best exemplified by focusing on the top 5 producing counties, which produce 65% of the value
of all labor-intensive crops in the state. According to Charlton and Taylor (2016), the farm labor
20

supply is shrinking by about one percent each year. A decline in the farm labor supply of that
magnitude in the top 5 counties could cause a loss of an additional 65,000 tons (or 0.53%) of fruits
and vegetables each year (i.e., 65,000 tons in the first year, 65,000 + 65,000 = 130,000 tons in the
second year, etc.). Over a decade, the cumulative loss could be as much as $4.0 billion in farm
gate revenue (or roughly 2.9% of the revenue for these crops).34 These results suggest that the
negative trend in the farm labor supply could generate economically meaningful losses for some
farmers, but it will likely not devastate the aggregate production of fruits and vegetables over the
next decade.
The results from this study also reveal that there is not a one-to-one relationship between
labor-intensive crop production and farm labor, which is an indication that, to some extent, labor
inputs can be substituted for other inputs. There are at least two factors that likely contribute to
this result. First, the farm labor supply in this study only considers the number of workers and
does not account for adjustments on the intensive margin, such as changes in the number of weeks
worked per year or hours of work per week. Data from the National Agricultural Workers Survey
indicate that, on average, farm workers are supplying more units of labor each year. Over the
past few decades, farmers have become increasingly reliant upon farm labor contractors to reduce
frictions in the farm labor market (Thilmany and Blank, 1996; Thilmany, 1996; BLS, 2018). The
use of farm labor contractors helps reduce the burden associated with finding harvest workers,
which can increase the number of employee-employer matches throughout the year. An increase
in the number of these matches can translate to intensive margin adjustments as workers find more
employment. As a result, a 10% decrease in the supply of workers may correspond to a smaller
decrease in the supply of labor units, and estimates based on the units of labor could potentially
be larger than those uncovered by this analysis.
Second, farmers are increasingly making use of labor-saving technologies (CFBF and UC
Davis, 2019; Rutledge and Taylor, 2019a). Although mechanical harvesters are currently not available for the vast majority of fruit and vegetable crops, other technologies, such as hydraulic
platforms in tree orchards and conveyor belts in lettuce fields, are readily available and can help
stretch the remaining workforce by increasing efficiency and reducing the physical difficulty associated with harvesting, enabling workers to work longer shifts and maintain employment at an
older age.
The declining farm labor supply is a valid concern for California farmers who face the
possibility of not being able to hire all the workers they need during harvest time. However, the
fact that the region is so well suited to produce high-value labor-intensive crops, coupled with
the fact that farmers are actively making adjustments to mitigate issues stemming from reduced
labor-availability, means that farmers will likely continue producing these high-value crops into
34These amounts are present discounted values that assume 2% inflation and a discount rate of 1%. These figures are
also calculated under the assumption that the production of hand-harvested fruits and vegetables is not replaced with
the production of other crops. These values also do not include crops that are both hand harvested and mechanically
harvested (such as wine and raisin grapes). Wine grapes, for example, generate about $3.5 billion in farm gate revenue
each year, and a significant proportion (perhaps 50%) is harvested by hand.
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the foreseeable future even if fewer workers are available.
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Figure 1: Value of FVH Crop Production in California, 1990-2017

Note: Values have been adjusted to real $2017 using the current CPI for the U.S. city average for all items found at:
https://www.bls.gov/cpi/data.htm.
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Figure 2: Labor-Intensive Fruit and Vegetable Production
and Harvested Acreage in California, 1990-2017
A: Production

B: Harvested Acres
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Figure 3: California Crop Employment by Worker Type
A: Average Monthly Employment, 2017

B: Average Annual Employment, 1990-2017
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Figure 4: Average Direct Hire and FLC Employment
During the Peak Employment Quarter for Select Counties, 1990-2017
A: Fresno County

B: Imperial County

C: Riverside County

D: San Joaquin County
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Figure 5: The Farm Labor Market Under Different Supply and Demand Elasticities
A: Upward-Sloping Labor Supply and
Downward Sloping Labor Demand

B: Perfectly Inelastic Labor Supply and
Downward Sloping Labor Demand

C: Upward Sloping Labor Supply and Perfectly
Elastic Labor Demand
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Figure 6: Geography of the Top 10 Labor-Intensive
Fruit and Vegetable Producing Counties in California

Note: The calculations that determine the top 10 counties exclude all fruit and vegetable crops that have a viable
option for mechanical harvest. After excluding those crops, these 10 counties produce about 86% of the value of all
hand-harvested fruit and vegetable crops in the state.
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Figure 7: Geography of the Top 10 Nut Producing Counties
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Figure 8: Geography of the Top 10 Field Crop Producing Counties
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Table 1: Sources of Bias and Mitigating Variables
Source of Bias
Productivity Shocks

Non-Labor Input Supply Shocks

Example
Drought
Spring Freezes, Extreme Heat
Rain During Pollination
Technology Diffusion (e.g., smart irrigation)
Input Price Shocks
Urban Expansion
Baseline Crop Acreage
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Mitigating Variables
𝜙𝑡
𝑚
𝑡𝑒𝑚𝑝 𝑐𝑡
𝑚
𝑝𝑟𝑒 𝑐𝑖𝑝 𝑐𝑡
2
𝑡𝑐 + 𝑡𝑐
𝜙𝑡
𝑡 𝑐 + 𝑡 𝑐2
𝜙 𝑖𝑐

Table 2: Summary Statistics for Top 10
Labor-Intensive Fruit and Vegetable Crop Producing Counties

Production (in U.S. tons)
Harvested Acres
Yield/Acre (in U.S. tons)
Obs.
Number of Workers
Ave. County Temperature (in Fahrenheit)
Ave. Cumulative County Precipitation (inches annually)
Obs.

Median
15,546
1,480
10.0
6,364
19,194
61.3◦
13.6
279

Mean
60,780
5,066
13.1
6,364
25,513
62.4◦
14.4
279

SD
133,616
9,486
16.9
6,364
16,216
5.1◦
8.3
279

Note: One U.S. ton is equal to 2000 pounds (or 907.18 kilograms). The production, harvested acres, and yield statistics
are aggregated at the crop-county-year level, while the employment and weather variables are aggregated at the
county-year level. The average county temperature and precipitation statistics presented here are each constructed
from 12 monthly variables.
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Table 3: Effects of a Change in the Farm Labor Supply
on Labor-Intensive Crop Production
(1)

Production

Harvested Acres

Yield
𝑁

Production

Harvested Acres

Yield
𝑁
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

0.476∗∗∗
(0.106)
[0.275]
0.286∗∗∗
(0.053)
[0.181]
0.190∗∗∗
(0.066)
[0.102]
3,485
0.388∗∗∗
(0.072)
[0.157]
0.263∗∗∗
(0.028)
[0.103]
0.125∗
(0.063)
[0.080]
6,364
X
X
X
–
–
–
–

(2)

(3)
(4)
Top 5 Counties
0.549∗∗∗ 0.478∗∗∗ 0.531∗∗∗
(0.071) (0.087) (0.079)
[0.195] [0.238] [0.198]
0.340∗∗∗ 0.309∗∗∗ 0.352∗∗∗
(0.057) (0.047) (0.061)
[0.131] [0.116] [0.117]
0.210∗∗ 0.169∗∗
0.179∗
(0.087) (0.067) (0.090)
[0.068] [0.127] [0.095]
3,485
3,485
3,485
Top 10 Counties
0.370∗∗∗ 0.409∗∗∗ 0.381∗∗∗
(0.049) (0.061) (0.060)
[0.147] [0.147] [0.138]
0.239∗∗∗ 0.266∗∗∗ 0.244∗∗∗
(0.034) (0.040) (0.046)
[0.106] [0.095] [0.101]
0.131∗∗ 0.142∗∗ 0.137∗∗∗
(0.058) (0.056) (0.034)
[0.065] [0.090] [0.068]
6,364
6,364
6,364
X
X
X
X
X
X
X
X
X
X
–
X
–
X
X
–
–
–
–
–
–

(5)
0.121
(0.208)
[0.199]
0.109
(0.121)
[0.173]
0.012
(0.180)
[0.151]
3,485
0.216∗∗∗
(0.071)
[0.087]
0.183∗∗
(0.070)
[0.090]
0.032
(0.058)
[0.079]
6,364
X
X
X
–
–
X
X

Significance levels are based on Driscoll-Kraay standard errors, which are reported in parentheses. Standard errors
clustered at the county-level are reported in brackets for reference. ∗ 𝑝 < .1, ∗∗ 𝑝 < .05, ∗∗∗ 𝑝 < .01.
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Table 4: Effects of a Change in the Farm Labor Supply
on Nut Crop Production
(1)

Production

Harvested Acres

Yield
𝑁

Production

Harvested Acres

Yield
𝑁
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

(2)

0.155
(0.218)
[0.071]
0.142
(0.103)
[0.136]
0.013
(0.204)
[0.118]
368
0.098
(0.068)
[0.063]
0.008
(0.027)
[0.041]
0.090
(0.061)
[0.074]
772
X
X
X
–
–
–
–

(3)
(4)
Top 5 Counties
-0.010
0.085
-0.031
(0.088) (0.223) (0.103)
[0.019] [0.113] [0.029]
0.072
0.106
0.105
(0.057) (0.105) (0.119)
[0.111] [0.176] [0.134]
-0.082 -0.021 -0.137
(0.159) (0.196) (0.170)
[0.115] [0.180] [0.112]
368
368
368
Top 10 Counties
0.075
0.057
0.057
(0.063) (0.068) (0.043)
[0.078] [0.070] [0.058]
-0.012
0.031
0.022
(0.036) (0.026) (0.026)
[0.047] [0.036] [0.048]
0.087
0.026
0.035
(0.061) (0.059) (0.052)
[0.088] [0.059] [0.054]
772
760
760
X
X
X
X
X
X
X
X
X
X
–
X
–
X
X
–
–
–
–
–
–

(5)
-0.187
(0.175)
[0.108]
0.025
(0.088)
[0.130]
-0.212
(0.183)
[0.131]
368
-0.000
(0.069)
[0.067]
-0.009
(0.040)
[0.058]
0.009
(0.093)
[0.069]
760
X
X
X
–
–
X
X

Significance levels are based on Driscoll-Kraay standard errors, which are reported in parentheses. Standard errors
clustered at the county-level are reported in brackets for reference. ∗ 𝑝 < .1, ∗∗ 𝑝 < .05, ∗∗∗ 𝑝 < .01.
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Table 5: Effects of a Change in the Farm Labor Supply
on Field Crop Production for the Top 5 and 10
Field Crop Producing California Counties
(1)

Production

Harvested Acres

Yield
𝑁

Production

Harvested Acres

Yield
𝑁
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

0.063
(0.159)
[0.210]
0.073
(0.134)
[0.174]
-0.010
(0.056)
[0.048]
1,525
-0.168
(0.108)
[0.110]
-0.110
(0.083)
[0.075]
-0.058
(0.037)
[0.050]
3,529
X
X
X
–
–
–
–

(2)

(3)
(4)
Top 5 Counties
-0.027
0.050
-0.084
(0.179) (0.152)
(0.138)
[0.170] [0.182]
[0.117]
-0.051
0.089
-0.078
(0.139) (0.109)
(0.113)
[0.171] [0.143]
[0.137]
0.025
-0.039
-0.006
(0.065) (0.059)
(0.058)
[0.049] [0.052]
[0.059]
1,525
1,525
1,525
Top 10 Counties
-0.131 -0.237∗∗
-0.210∗
(0.126) (0.110)
(0.107)
[0.111] [0.126]
[0.126]
-0.079
-0.132
-0.126
(0.114) (0.107)
(0.100)
[0.079] [0.083]
[0.088]
-0.051∗ -0.105∗∗∗ -0.083∗∗∗
(0.028) (0.029)
(0.024)
[0.047] [0.047]
[0.044]
3,025
3,347
2,959
X
X
X
X
X
X
X
X
X
X
–
X
–
X
X
–
–
–
–
–
–

(5)
0.017
(0.174)
[0.163]
0.076
(0.150)
[0.168]
-0.059
(0.075)
[0.090]
1,525
-0.073
(0.092)
[0.162]
-0.015
(0.083)
[0.121]
-0.058∗
(0.030)
[0.054]
2,959
X
X
X
–
–
X
X

Significance levels are based on Driscoll-Kraay standard errors, which are reported in parentheses. Standard errors
clustered at the county-level are reported in brackets for reference. ∗ 𝑝 < .1, ∗∗ 𝑝 < .05, ∗∗∗ 𝑝 < .01.
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A

Proof that County Demand is More Elastic than Aggregate Demand

Let 𝐷 𝐴 (𝑝) denote the aggregate demand for output, 𝑆 𝑂 (𝑝) denote the output supply of all other
regions (i.e., aggregate supply minus the supply of county 𝐶), and 𝐷(𝑝) denote the output demand
in county 𝐶. In Figure A.1, the equilibrium price is denoted by 𝑝 ∗ . At the equilibrium price,
consumers demand 𝑄 1 tons of fruits and vegetables, but suppliers in the all the other regions only
supply 𝑄0 at that price. At price 𝑝 ∗ , the demand facing county 𝐶 is equal to the amount |𝑄1 − 𝑄 0 |.
[Figure A.1 about here.]
Mathematically, the county-level demand can be expressed as follows:
𝐷(𝑝) = 𝐷 𝐴 (𝑝) − 𝑆 𝑂 (𝑝).

(A-1)

By taking the derivative of (A-1), one can derive the following equation:
𝑑𝐷(𝑝) 𝑑𝐷 𝐴 (𝑝) 𝑑𝑆 𝑂 (𝑝)
=
−
.
(A-2)
𝑑𝑝
𝑑𝑝
𝑑𝑝
By multiplying both sides of (A-2) by 𝑝/𝑄, where 𝑄 is the equilibrium quantity in county 𝐶, one
can derive the following equation:
𝜂 = 𝜂𝐴

𝑂
𝑄𝐴
𝑂𝑄
− 𝑒𝑄
,
𝑄
𝑄

(A-3)

where 𝜂 ≤ 0 is the output demand elasticity in county 𝐶, 𝜂 𝐴 ≤ 0 is the aggregate output demand
𝑂
elasticity, 𝑒𝑄
≥ 0 is the output supply elasticity for the other regions (excluding county 𝐶), 𝑄 𝐴 > 𝑄
is the aggregate quantity demanded by the industry, and 𝑄 𝑂 > 𝑄 is the quantity supplied by all
𝑄𝐴

𝑄𝑂

𝑂
other regions. Because 𝜂 𝐴 ≤ 0, 𝑒𝑄
≥ 0, 𝑄 > 1 and 𝑄 > 1, it follows that 𝜂 ≤ 𝜂 𝐴 . Therefore the
demand facing the a county is more elastic that the demand facing the whole industry. Assuming
that the aggregate output demand and output supply of all other regions are not perfectly inelastic,
the extent to which the demand facing the county is more elastic than the aggregate demand
𝑄𝐴

depends on the inverse of the share of output produced by the county ( 𝑄 ), the output supply
𝑂
elasticity of the other regions (𝑒𝑄
), and the ratio of market clearing output in the other counties
relative to the output in the county of interest (

𝑄𝑂
𝑄 ).

𝑄𝐴

Even if a county produces 10% of the total

fruit and vegetable output (i.e. if 𝑄 = 10), the elasticity of demand facing that county will be at
least 10 times larger than the aggregate demand elasticity.
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B

Proof that Λ ≥ 0

Let Λ be defined as35
𝜉3 𝜌1 − 𝜉1 𝜌3
=
Λ≡
𝜌1





(B-1)

𝜎2 (1 + 𝑘 𝐴 𝑒 𝐴 + 𝑘 𝐵 𝑒 𝐵 ) + 𝜎(𝑘 𝐵 𝑒 𝐴 + 𝑘 𝐴 𝑒 𝐵 + 𝑒 𝐴 𝑒 𝐵 ) + 𝜎(1 + 𝑘 𝐴 𝑒 𝐴 + 𝑘 𝐵 𝑒 𝐵 )𝑘 𝐴 𝑒 𝐵
=
+
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )



"
+



2 2
𝑘𝐴 𝑘𝐵 𝑒𝐴 𝑒𝐵 + 𝑘𝐴
𝑒 𝐵 + 𝑘 𝐴 𝑒 𝐴 𝑒 𝐵2 − 𝜎2 𝑘 𝐴 𝑒 𝐴 − 𝜎𝑘 𝐴 𝑒 𝐴 𝑒 𝐵 − 𝜎𝑘 𝐴 𝑒 𝐴 𝑒 𝐵 − 𝑘 𝐴 𝑒 𝐴 𝑒 𝐵2

𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )

"
=

𝑒 𝐴 𝑒 𝐵 𝑘 𝐵 (𝑘 𝐴 + 𝜎𝑘 𝐵 ) + 𝑘 𝐴 𝑒 𝐵2 (𝑘 𝐴 + 𝜎𝑘 𝐵 ) + 𝜎𝑒 𝐵 (𝑘 𝐴 + 𝜎𝑘 𝐵 ) + 𝜎𝐷
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )

"
=

(𝑘 𝐴 + 𝜎𝑘 𝐵 )(𝑒 𝐴 𝑒 𝐵 𝑘 𝐵 + 𝑘 𝐴 𝑒 𝐵2 + 𝜎𝑒 𝐵 ) + 𝜎𝐷
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )

#
=

(B-2)

#
=

(B-3)

#
(B-4)

=

(𝑘 𝐴 + 𝜎𝑘 𝐵 )𝑒 𝐵 𝐷 + 𝜎𝐷
=
=
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )

(B-5)

𝐷[𝜎 + 𝑒 𝐵 (𝑘 𝐴 + 𝜎𝑘 𝐵 )]
=
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )

(B-6)




=





𝜎 + 𝑒 𝐵 (𝑘 𝐴 + 𝜎𝑘 𝐵 )
=
≥ 0.
(𝜎 + 𝑘 𝐴 𝑒 𝐵 )





(B-7)

Therefore, Λ ≥ 0.

C

Proof that Υ ≥ 0

Let Υ be defined as
𝜉2 𝜌1 − 𝜉1 𝜌2
Υ≡
=
𝜌1





(C-1)

𝑘 𝐵 (𝜎 + 𝑒 𝐴 )(𝜎 + 𝑘 𝐴 𝑒 𝐵 ) − 𝑘 𝐴 𝑘 𝐵 𝑒 𝐴 (𝜎 + 𝑒 𝐵 )
=
.
𝐷(𝜎 + 𝑘 𝐴 𝑒 𝐵 )





(C-2)

In order to prove that Υ ≥ 0, it is sufficient to show that
𝑘 𝐵 (𝜎 + 𝑒 𝐴 )(𝜎 + 𝑘 𝐴 𝑒 𝐵 ) ≥ 𝑘 𝐴 𝑘 𝐵 𝑒 𝐴 (𝜎 + 𝑒 𝐵 ).

(C-3)

Dividing both sides of (C-3) by 𝑘 𝐵 𝑒 𝐴 delivers the following inequality:



(𝜎 + 𝑒 𝐴 )
(𝜎 + 𝑘 𝐴 𝑒 𝐵 ) ≥ 𝑘 𝐴 𝜎 + 𝑘 𝐴 𝑒 𝐵 ,
𝑒𝐴



(C-4)

| {z }
𝐺

2𝑒 𝑒 =
35To derive equation (B-3) from (B-2), I make use of the identity 𝑘 𝐵2 = (1− 𝑘 𝐴 )2 such that 𝜎𝑒 𝐴 𝑒 𝐵 −2𝜎𝑘 𝐴 𝑒 𝐴 𝑒 𝐵 +𝜎𝑘 𝐴
𝐴 𝐵
2
𝜎𝑒 𝐴 𝑒 𝐵 𝑘 𝐵 .
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which holds because 𝐺 ≥ 1 ≥ 𝑘 𝐴 and thus 𝐺𝜎 ≥ 𝑘 𝐴 𝜎 and 𝐺𝑘 𝐴 𝑒 𝐵 ≥ 𝑘 𝐴 𝑒 𝐵 . Therefore, Υ ≥ 0.

D

Simulations for the Magnitudes of 𝜃1 , 𝜃2 , and 𝜃3

In order to determine how the magnitudes of each source of bias compare to each other, I assigned
each structural parameter and variance term a value from a random uniform distribution and
simulated estimates for the bias 100,000 times. All parameter values were taken from the U(0, 9999)
distribution exept for 𝑘 𝐴 , which was taken from the U(0, 1) distribution where 𝑘 𝐵 = 1 − 𝑘 𝐴 .

D.1

Relative Magnitude of 𝜃1 and 𝜃2

Let 𝜃1 and 𝜃2 be defined as follows:
𝜃1 =

𝑘 𝐴 𝑘 𝐵 𝑒 𝐴 (𝜎 + 𝑒 𝐵 )
(𝜎 + 𝑘 𝐴 𝑒 𝐵 )(𝜎 + 𝑘 𝐵 𝑒 𝐴 + 𝑘 𝐴 𝑒 𝐵 )

(D-1)

#

"

𝜌23 var(ln(𝛿0))
Λ
.
𝜃2 =
𝜌3 𝜌21 var(ln(𝛽0)) + 𝜌23 var(ln(𝛿0))

(D-2)

If the value determined by the ratio 𝜃1 /𝜃2 is always greater than the value one, then that would
provide evidence that 𝜃1 is always greater than 𝜃2 . However, if there are values that are both
greater than one and less than one, the relative magnitude of the two sources of bias cannot be
determined without additional information. As can be seen in row one of Table D.1, the values
range from very close to zero to very large, indicating that the relative magnitude of 𝜃1 to 𝜃2 is
uncertain.
[Table D.1 about here.]

D.2

Relative Magnitude of 𝜃1 and 𝜃3

Let 𝜃1 be defined as in Appendix D.1 and 𝜃3 be defined as follows:

#

"

"

2
0
2
0
Λ 𝜌3 var(ln(𝛿 ))
Υ 𝜌2 var(ln(𝛿 ))
𝜃3 =
+
𝜌3
𝐸
𝜌2
𝐸

|

{z
𝜃3𝐴

} |

{z
𝜃3𝐵

#
(D-3)

}

where
𝐸 = 𝜌21 var(ln(𝛽0)) + 𝜌22 var(ln(𝛾0)) + 𝜌23 var(ln(𝛿0)).

(D-4)

In order to determine if 𝜃1 < 𝜃3 (or vice versa), I simulated values for each source of bias and
calculated the ratio 𝜃1 /𝜃3 . These results can be seen in the second row of Table D.1. As the table
reveals, the values range from very close to zero to very large. Therefore, the relative magnitude
of 𝜃1 to 𝜃3 cannot be determined without additional information. However, it turns out that the
relative magnitude of the two sources of omitted variables bias, defined as 𝜃3𝐴 and 𝜃3𝐵 in equation
(D-3), can be determined. In fact, 𝜃3𝐴 is always greater than 𝜃3𝐵 , which indicates that the omitted
variables bias that results from unobserved productivity shocks (𝛿) is always greater than the bias
from the unobserved non-labor input supply shocks (𝛾). In all cases, the value of 𝜃3𝐴 is more
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than 100 times the value of 𝜃3𝐵 (in some cases more than 10,000 times greater), revealing that,
when considering the two sources of omitted variables bias, the main source of concern is the
unobserved productivity shocks and not the unobserved non-labor input supply shocks.

E

2SLS Bias

Suppose I want to estimate Γ using equation (15) but there are two omitted variables, ln(𝛾0)
and ln(𝛿0). Assuming there is an instrumental variable (Z) that satisfies the following exclusion
restriction: 𝐸[𝜈|𝑍] = cov(𝑍, ln(𝛾0)) = cov(𝑍, ln(𝛿0)) = cov(𝑍, 𝑒) = 0, Γ could be estimated using the
following 2SLS model:
ln(𝑄) = 𝑐 + Γ ln(𝐴) + Υ ln(𝛾0) + Λ ln(𝛿0) + 𝑒

|

{z

(E-1)

}

𝜈

ln(𝐴) = 𝑑 + Π𝑍 + 𝑢

(E-2)

 = 𝑑 + Π𝑍.
ln(𝐴)

(E-3)

where

cov(𝑍,ln(𝐴))

Note that Π = var(𝑍)
on the variable ln(𝐴) is

 = Π2 var(𝑍). The probability limit of the 2SLS coefficient
and var(ln(𝐴))

Γ2𝑆𝐿𝑆 =

 ln(𝑄))
cov(ln(𝐴),

.

(E-4)


var(ln(𝐴))
(E-5)

 into (E-4), one can derive the following
By substituting (E-1), (E-3), and the formula for var(ln(𝐴))
formula for Γ2𝑆𝐿𝑆 :
=Π

z


Γ2𝑆𝐿𝑆

}|

=0

{


z


=0

}|

{


z


}|

=0

{


z


}|

{


Γ cov(𝑍, ln(𝐴))
Υ cov(𝑍, ln(𝛾0))
Λ cov(𝑍, ln(𝛿0))
1 cov(𝑍, 𝑒)
=
+
+
+
Π
Π
Π
Π var(𝑍)
var(𝑍)
var(𝑍)
var(𝑍)

(E-6)

= Γ.
(E-7)
But Γ is the OLS coefficient from equation (15) under the case where there are no omitted variables,
and it was shown in section 3.2.1 that

Γ=

𝜉1
= 𝜉1 + 𝜃1 .
𝜌1

(E-8)

Therefore, using 2SLS with an instrument that satisfies the exclusion restriction will alleviate the
omitted variables bias but not the employment-labor supply mismatch bias (i.e., 𝜃1 will remain).
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F

List of Labor-Intensive Commodities Used in Analysis
[Table F.1 about here.]

G

Lag Length Used in Driscoll-Kraay Standard Errors
[Table G.1 about here.]
[Table G.2 about here.]
[Table G.3 about here.]
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Figure A.1: Aggregate and County-Level Demand
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Table D.1: Summary Statistics from Simulations for Bias Magnitudes
Value of 𝜃1 /𝜃2
Value of 𝜃1 /𝜃3
Value of 𝜃1 /𝜃3𝐴
Value of 𝜃1 /𝜃3𝐵
Value of 𝜃3𝐴 /𝜃3𝐵

Mean
3.26
3.26
3.26
5.43 × 109
1.36 × 1011

Median
0.45
0.45
0.45
3.59 × 107
9.93 × 107
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Min
1.72 × 10−9
1.72 × 10−9
1.72 × 10−9
0.07
116.6

Max
2473.2
2473.2
2473.2
8.51 × 1013
1.24 × 1016

Table E.1: List of Commodities
ANISE (FENNEL)
APPLES ALL
APRICOTS ALL
ARTICHOKES
ASPARAGUS FRESH MARKET
AVOCADOS ALL
BEANS FRESH UNSPECIFIED
BEANS SNAP FRESH MARKET
BERRIES BLACKBERRIES
BERRIES BLUEBERRIES
BERRIES BUSHBERRIES UNSPECIFIED
BERRIES LOGANBERRIES
BERRIES RASPBERRIES
BERRIES STRAWBERRIES FRESH MARKET
BERRIES STRAWBERRIES PROCESSING
BROCCOLI FOOD SERVICE
BROCCOLI FRESH MARKET
BROCCOLI PROCESSING
BRUSSELS SPROUTS
CABBAGE CHINESE & SPECIALTY
CABBAGE HEAD
CAULIFLOWER FOOD SERVICE
CAULIFLOWER FRESH MARKET
CAULIFLOWER PROCESSING
CELERY FOOD SERVICE
CELERY FRESH MARKET
CELERY PROCESSING
CHERRIES SWEET
CITRUS UNSPECIFIED
CORN SWEET ALL
CUCUMBERS
CUCUMBERS GREENHOUSE
DATES
EGGPLANT ALL
ENDIVE ALL
ESCAROLE ALL
GRAPEFRUIT ALL
GRAPES TABLE
GREENS TURNIP & MUSTARD
KALE
KIWIFRUIT
KUMQUATS
LEMONS ALL
LETTUCE BULK SALAD PRODUCTS
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LETTUCE HEAD
LETTUCE LEAF
LETTUCE ROMAINE
LETTUCE UNSPECIFIED
LIMES ALL
MELONS CANTALOUPE
MELONS CASABA
MELONS CRENSHAW
MELONS HONEYDEW
MELONS UNSPECIFIED
MELONS WATERMELON
MUSHROOMS
NECTARINES
OKRA
OLIVES
ONIONS GREEN & SHALLOT
ORANGES NAVEL
ORANGES UNSPECIFIED
ORANGES VALENCIA
PARSLEY
PEACHES CLINGSTONE
PEACHES FREESTONE
PEACHES UNSPECIFIED
PEARS ASIAN
PEARS UNSPECIFIED
PEAS EDIBLE POD (SNOW)
PEPPERS BELL
PEPPERS CHILI HOT
PERSIMMONS
PLUMCOTS
PLUMS
POMEGRANATES
PUMPKINS
QUINCE
RADICCHIO
RAPPINI
SALAD GREENS MISC.
SQUASH
SWISS CHARD
TANGELOS
TANGERINES & MANDARINS
TOMATILLO
TOMATOES CHERRY
TOMATOES FRESH MARKET

Table F.1: Degree of Serial Correlation in the Error Term for Table 3
(1)
Production
Harvested Acres
Yield

6
6
3

Production
Harvested Acres
Yield
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

6
6
4
X
X
X
–
–
–
–
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(2) (3) (4) (5)
Top 5 Counties
6
6
6
2
6
6
6
3
3
3
3
2
Top 10 Counties
6
6
6
3
6
6
6
0
0
4
4
1
X
X
X
X
X
X
X
X
X
X
X
X
X
–
X
–
–
X
X
–
–
–
–
X
–
–
–
X

Table F.2: Degree of Serial Correlation in the Error Term for Table 4
(1)
Production
Harvested Acres
Yield

6
7
0

Production
Harvested Acres
Yield
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

7
8
2
X
X
X
–
–
–
–
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(2) (3) (4) (5)
Top 5 Counties
6
6
6
4
7
7
7
6
0
0
0
0
Top 10 Counties
7
7
7
6
7
7
8
4
4
2
2
0
X
X
X
X
X
X
X
X
X
X
X
X
X
–
X
–
–
X
X
–
–
–
–
X
–
–
–
X

Table F.3: Degree of Serial Correlation in the Error Term for Table 5
(1)
Production
Harvested Acres
Yield

5
6
1

Production
Harvested Acres
Yield
Year FE
Crop-x-County FE
Quadratic County Trends
Monthly Temp. Controls
Monthly Precip. Controls
Crop-x-Temp. Controls
Crop-x-Precip. Controls

5
0
0
X
X
X
–
–
–
–
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(2) (3) (4) (5)
Top 5 Counties
5
4
5
1
6
6
2
1
1
1
1
1
Top 10 Counties
5
5
5
2
6
6
6
1
3
3
3
1
X
X
X
X
X
X
X
X
X
X
X
X
X
–
X
–
–
X
X
–
–
–
–
X
–
–
–
X

