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Abstract 

This paper explores productivity gaps between family farms managed by male and female. 

operators, and by socially disadvantaged farmers and ranchers (SDFR) and non-socially 

disadvantaged farmers and ranchers (non-SDFR) operators. We use data from the Agricultural 

Resource Management Surveys (ARMS) conducted between 2017 and 2020 and propensity score 

matching techniques to obtain comparable samples based on observable covariates. Then, 

stochastic production frontier methods are implemented to test for technology differentials and 

perform a technical efficiency (TE) analysis. The results reveal that the production technologies 

of SDFR and non-SDFR farm operators, and male and female are structurally different. In addition, 

given their production technologies, TE estimates for SDFR and female headed farms are 

significantly lower compared to their non-SDFR and male counterparts providing evidence that 

these groups may not have similar access to USDA programs, or they are not as adept at combining 

various inputs to maximize output. 
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1.  INTRODUCTION 

The USDA defines socially disadvantaged farmers and ranchers (SDFR) as those 

belonging to groups that have been subject to racial or ethnic prejudice in some USDA programs. 

The SDFR community includes Native American, Asians, Blacks or African Americans, Hispanic 

Americans, and Women. According to the 2017 US Census of Agriculture, 4.6% of all producers 

are non-white, 3.3% are Hispanic (of any race) and 36.1% are female (USDA, 2019).  

Research indicates that SDFRs typically have received lower levels and poorer quality 

education, inferior quality extension services, and restricted access to key resources such as 

irrigation water (Huffman 1981; Burton 1987). Horst and Marion (2019) report that findings drawn 

from recent data reveal that historical disparities based on race, ethnicity, and gender have 

exhibited little change over time, leaving the SDFR community at a socio-economic disadvantage 

and likely lagging in terms of productivity relative to their non-SDFR counterparts.  These 

disparities have been a matter of concern and the subject of numerous reports published over the 

years (e.g., Ackerman, Bustos, and Muller, 2012). 

Over the past few decades, the USDA has enacted reforms designed to improve access to 

USDA programs by minority farmers (USDA. 2005).  Several USDA agencies now have programs 

that target SDFRs, but it remains an open question whether and to what extent current differences 

in lending - and USDA program participation more generally - are the result of ongoing racial 

discrimination (e.g., Escalante et al. 2018). In 2021, the American Rescue Plan Act authorized debt 

relief to socially disadvantaged producers holding direct or guaranteed farm loans as well as Farm 

Storage Facility Loans. Moreover, SDFRs may also suffer from discrimination in the private 

sector, contributing to lower rates of farm investment and productivity. For example, several 

studies of small business loans have found evidence that minority-owned operations were charged 
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higher interest rates or were less likely to be offered credit than similar non-minority businesses 

(e.g., Asiedu, et al. 2012; Blanchard et al. 2008; Blanchflower, et al. 2003).  

Despite an extensive literature focusing on the problems faced by the SDFRs in the US, 

there is a dearth of econometric analysis of these issues. An important unanswered question is 

whether farms operated by SDFRs are as productive as otherwise similar farms operated by non-

SDFRs. Evidence of a productivity gap would suggest that SDFRs continue to suffer from 

discrimination in access to government programs or private sector resources.  In contrast to the 

lack of studies in the U.S., an extensive literature has emerged concerning disparities in developing 

countries focusing on female-male productivity differentials (e.g., Owusu and Bravo-Ureta 2021; 

Ben Yishay et al. 2020; Kilic, Palacios-López, and Goldstein (2015).  

In sum, there is substantial evidence that SDFRs have faced discrimination in access to 

financial resources and inputs to production which could be expected to have adverse 

consequences for their farm productivity relative to non-SDFRs. However, rigorous econometric 

analyses to evaluate and compare the productivity of these two groups of producers is a major gap 

in the literature. Therefore, the objective and novelty of this paper is to explore productivity gaps 

between family farms managed by male and female operators, and by SDFRs and non-SDFR 

operators applying state of the art econometric procedures using rich micro level data.  

The data used comes from the Agricultural Resource Management Surveys (ARMS) 

conducted between 2017 and 2020. These data comprise production practices, and cost and returns 

for several commodities. We apply propensity score matching (PSM) to obtain comparable 

samples based on observable covariates. Stochastic production frontier methods are implemented 

to test for technology differentials and perform a technical efficiency analysis.  
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The remainder of the paper is organized into five additional sections. Section 2 outlines the 

methodology and section 3 contains a discussion of the data and the empirical model. Section 4 

displays the results and analysis, and the paper ends with a summary and concluding remarks in 

Section 5.  

2.  METHODOLOGY  

The methodology used in this paper entails two main steps. First, we use Propensity Score 

Matching (PSM) to define the sample. Second, we estimate separate SPF models for the SDFR 

and non-SDFR operators, as well as for male and female principal operators then test the null 

hypothesis that the technologies used across the different groups are the same.  

2.1 Propensity Score Matching (PSM) 

We use PSM to pre-process the data and match SDFR and non-SDFR farms as well male 

and female farms in order to find comparable control groups (Ho et al., 2007). A major rationale 

for doing this is to mitigate model dependence relating to functional forms and other assumptions 

that could yield different causal effects and thus to improve the statistical efficiency of the 

estimated parameters (Ho et al., 2007; Ñopo, 2008; Owusu and Bravo-Ureta, 2021).  

As explained in the results section, statistical tests indicate an unbalanced distribution of 

observable attributes between SDFR and non-SDFR headed farms, and male and female headed 

farms pre matching. Propensity scores, 𝑃𝑖 , are derived from a Probit model of the likelihood for a 

farmer to belong to SDFR or female and is expressed, following Frölich (2007) and Mishra et al. 

(2017), as:  

𝑃𝑖 = Φ(𝑋′𝛾) + 𝜀𝑖,        (1) 

where 𝑃𝑖 equals 1 for SDFR or female and 0 for non-SDFR or male; 𝑋 is a set of covariates which 

include age, gender, education, experience, ethnicity, value of farm assets, government payments 
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received, farm specialization, and regional specific and year effects; 𝛾 is a parameter vector to be 

estimated; and Φ(∙) is the cumulative distribution function. The results of the Probit model make 

it possible to calculate propensity scores and then determine the area of common support (Caliendo 

and Kopeinig 2008; Lachaud, et al. 2018). The aim is to define a data set in which the treated 

(SDFR and female) and control groups (non-SDFR and male) exhibit similar characteristics (Ho 

et al., 2007). More formally:  

�̃� = (𝑋|𝑇 = 1) = �̃� = (𝑋|𝑇 = 0)                                                                                                     (2) 

where �̃� is the observed empirical density of the data, 𝑇 = 1 for treated and 0 otherwise.  For 

equation (2) to be satisfied, each SDFR or female farm should be matched with non-SDFR or male 

counterparts, so that the distributions of the observed characteristics across groups are equivalent. 

This can be accomplished using several alternative matching algorithms (Caliendo and Kopeinig, 

2008). Here we rely on radius matching within a caliper of 0.25 standard deviations of the 

propensity score and without replacement. All non-SDFR and male observations that cannot be 

matched with an SDFR or female counterparts are discarded.  

2.2 Stochastic Production Frontiers (SPF) 

In the second step we assume that farm operators use a non-negative vector of inputs 

denoted by 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛) ∈ ℜ+
𝐾 to produce a strictly positive scalar output denoted 𝑦 ∈ ℜ++. 

The set of all feasible input-output combinations can be characterized as follows: 

𝕋 ={(𝑦, 𝑥): 𝑥 can produce 𝑦}.       (3) 

Following Aigner et al., (1977) and Meeusen and van den Broeck (1977), given the technology 

set, the SPF for farm operator 𝑖 from group 𝑔 is given by: 

𝑌𝑖𝑔
𝐹 = 𝑋𝑘𝑖𝑔

′ 𝛽𝑘𝑔 + 𝑣𝑖𝑔 − 𝑢𝑖𝑔                                                                                                                        (4) 
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where 𝑌𝑖𝑔
𝐹  and 𝑋𝑘𝑖𝑔

′  are respectively, a scalar output and a column vector of k inputs, in logs, for 

the 𝑖𝑡ℎ farm in the 𝑔𝑡ℎ group; 𝛽𝑘𝑔 is a vector of parameters to be estimated; 𝑣𝑖𝑔 is the standard 2-

sided normally distributed error term and 𝑢𝑖𝑔 the one-sided error denoting inefficiency that is 

assumed to follow a half-normal distribution. The TE for the 𝑖𝑡ℎ unit in group 𝑔, 𝑇𝐸𝑖
𝑔

, is given by 

𝑒−𝑢𝑖𝑔 (Jondrow et al., 1982). In other words, we allow for each group to utilize its own technology 

set given by:  

𝕋𝑔 ={(𝑦, 𝑥): 𝑥 can be used by farm operators of ethnic group 𝑔 to produce 𝑦}.          (5)            

If statistical tests support the hypothesis that the technologies exhibited by the different groups are 

different, then the stochastic meta-frontier technology framework is implemented to generate a 

common technology benchmark. 

3.  DATA AND EMPIRICAL MODEL 

This study relies on data generated from the Agricultural Resource and Management 

Survey (ARMS). The ARMS is a cross-sectional, multi-phased, multi-framed, stratified, 

probability weighted survey that is conducted jointly by the Economic Research Service (ERS) 

and the National Agricultural Statistics Service (NASS) of the U.S. Department of Agriculture. 

The surveys used in this study cover four years, from 2017 to 2020. They were administered on a 

diverse national sample of crop and livestock farm operations. The focus of this study is on family 

farms therefore we exclude farms that are designated corporate, legal partnerships, estates, trusts 

and cooperatives. A summary of input-output variables used in this study is provided in Tables 1 

and 2 for the SDFR and non-SDFR farms, and the male and female farms, respectively, where 

farms are classified by the ethnicity or gender of the farm’s principal operator. Maximum and 

minimum values have been suppressed to preserve anonymity. 
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 The output and input variables are defined as follows: output is equal to the value of total 

agricultural output; land corresponds to harvested acres; labor comprises both paid and unpaid 

labor hours; intermediate materials include expenditures on fuel and oil, fertilizers and pesticides, 

seeds, and purchased feed; and capital is the sum of depreciation expenses, value of livestock 

inventory, and maintenance and repair expenses. All monetary values were converted to implicit 

quantities using price indices generated by the National Agricultural Statistics Service.  

4. RESULTS 

As mentioned above propensity score matching is used to restrict estimation to a region of common 

support. Several recent stochastic production frontier studies have utilized propensity score 

matching including Bravo-Ureta et al. (2020) and Owusu and Bravo-Ureta (2021). A PSM 

approach helps to improve comparability of productivity outcomes across the various groups: 

SDFR and non-SDFR, as well as male and female.  The Probit results for selection into non-SDFR, 

and male principal operator categories are provided in Tables 3 and 4, respectively. Similarly, the 

kernel densities of the propensity scores are shown in the panels of Figure 1 and Figure 2 for the 

ethnic, and gender categories, respectively. Additional results on the balancing statistics and 

balancing tests for the matched and unmatched samples are presented in the Appendix Tables A1, 

A2, A3 and A4 and Figures A1 and A2. 

Separate stochastic production frontiers are estimated for the SDFR and non-SDFR (Table 5), and 

for the male and female headed farms (Table 6). The individual group production technologies 

assume that there are inherent structural differences in the production technologies across the 

groups. Following estimation of the j-group stochastic production frontiers we test the null 

hypothesis (𝐻0) that the j-group production technologies are equal. For the SDFR and non-SDFR 

j-group production technologies a Wald test with chi-squared distribution, (𝜒𝜌
2) with 𝜌 = 16 
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degrees of freedom, generates a test-statistic of 20.70 with a p-value of 0.190 indicating a failure 

to reject the null hypothesis. 

Similarly, for the male and female production technologies a Wald test, with a chi-squared 

distribution, (𝜒𝜌
2) with 𝜌 = 18 degrees of freedom, yields a test-statistic of 31.37 with a p-value 

of 0.261 suggesting the no-rejection of the null hypothesis. Simply stated, both statistical tests 

reveal structural differences in production technologies across ethnic groups and gender. We use 

a Cobb-Douglas functional form so that the parameter estimates for inputs can be interpreted 

directly as partial production elasticities.  

The findings suggest that a 1-percent increase in land results in a 0.121 and 0.170 percent 

augmentation in output for the SDFR and non-SDFR groups, respectively. The parameter 

estimates 𝛾𝑗 and 𝜏𝑡 capture regional and year fixed effects. The evidence suggests, in general, that 

the production environment in the Southern Seaboard, Fruitful Rim, and Basin Range is more 

favorable for farm operators compared to those in the other regions and in particular Prairie 

Gateway. This difference in production environments is more significant for males across both 

groups. Estimates of 𝜎𝑢 and 𝜎𝑣 where 𝜎𝑢 𝜎𝑣⁄ = 𝜆 measure the relative contribution of inefficiency 

to the composed error term or output variability.  

Similarly, a 1-percent increase in land leads to a 0.233 and 0.161 percent increase in output 

for the female and male farm operators, respectively. It is worth noting that there is a statistically 

significant decline in output in female operated non-SDFR farms, and in non-Hispanic Non-White 

(NHNW) operated male farms.  

Average technical efficiency (ATE) estimates, which measure where the average farm 

operates relative to its group frontier are provided in Table 7 and 8 for the SDFR and non-SDR, 

and male and female headed farms, respectively. 
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 The within-group estimates of technical efficiency indicate that the average SDFR and 

non-SDFR headed farms had technical efficiency estimates of 66.4 percent and 75.0 percent, 

respectively. Meanwhile, relative to their specific group frontiers, the average female and male 

headed farms have technical efficiency estimates of 62.9 and 75.4 percent, respectively.    

5. SUMMARY AND CONCLUSIONS 

The results generated in this study establish that the production technologies of farms with 

SDFR and non-SDFR principal operators, and male and female principal operators are structurally 

different. We also observe that, given their production technologies, the technical efficiency 

estimates for SDFR and female headed farms are significantly lower compared to their non-SDFR 

and male headed farms providing evidence that these groups are not as adept at combining various 

inputs to maximize output.  

The preliminary results presented in this study provide the basis for additional research, 

including the estimation of stochastic metafrontiers and the decomposition of total factor 

productivity, to generate more refined evidence of productivity differentials across the various 

groups. Most important is to generate results that can be used to inform public policy and 

stakeholders. 
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Table 1: Descriptive statistics of farms by ethnicity of principal operator 

 

  

 
non-SDFR SDFR 

Variable Mean Std. Dev. Mean Std. Dev. 
     

Value of farm assets ('000)           3,026.52         6,167.34          2,861.88          6,683.46  

Value of agricultural products           6,542.99        19,320.52          6,769.84        20,425.28  

Land acres           1,100.96         2,320.87             776.35          2,117.47  

Cropland acres              708.07         1,260.26             418.84             884.41  

Harvested acres              624.43         1,126.44             348.75             783.12  

Labor hours           3,246.55         2,255.28          2,961.43          2,060.83  

Capital ($)           1,885.39         9,375.71          1,928.24          6,955.67  

Materials ($)           2,144.79         6,681.79          1,935.68          7,049.66  

Livestock units           1,217.21         8,490.70          1,276.68          6,357.83  

Principal operator education class                  2.81                0.90                2.74                0.99  

Principal operator college                   0.28                0.45                0.30                0.46  

Principal operator age                60.05              12.87              59.95               12.42  

Principal operator retired indicator                  0.05                0.21                0.05                0.22  

Principal operator experience                32.91              14.81              27.90               15.20  

Received government payment                   0.55                0.50                0.35                0.48  

Government payments received              112.03            316.69              69.72             260.32  

Value of land and buildings ('000)           2,296.46         5,209.81          2,257.51          5,932.29  

Cash grain specializations                  0.38                0.48                0.17                0.38  

Other field crops specialization                  0.11                0.32                0.13                0.33  

High value crops specialization                  0.08                0.27                0.29                0.46  

Beef specialization                  0.30                0.46                0.29                0.45  

Other livestock specialization                  0.13                0.34                0.12                0.33  

Limited resource farm indicator                  0.05                0.21                0.07                0.26  

N              25,040                1,257    
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Table 2: Descriptive statistics of farms by gender of principal operator 

 

 

 

 

 

 

 

 

 

 

 
Male Female 

Variable Mean Std. Dev. Mean Std. Dev. 
     

Value of farm assets ('000)         2,869.01         4,261.03          2,192.59          3,971.24  

Value of agricultural products         6,478.51        17,623.34          3,314.22        10,182.73  

Land acres         1,077.89         2,192.83             640.94          1,382.75  

Cropland acres            687.84         1,180.22             350.00             900.83  

Harvested acres            604.22         1,044.56             277.46             768.61  

Labor hours         3,244.07         2,232.77          2,616.24          2,140.23  

Capital ($)         1,851.66         5,933.78          1,096.91          2,469.18  

Materials ($)         2,100.52         5,566.61             970.57          3,096.38  

Livestock units         1,196.07         5,269.06             694.73          2,008.21  

Principal operator education class                2.81                0.90                3.03                0.87  

Principal operator college                 0.28                0.45                0.37                0.48  

Principal operator age              59.98              12.78               63.42               13.38  

Principal operator retired indicator                0.05                0.21                0.08                0.27  

Principal operator experience              32.87              14.75               28.68               17.37  

Received government payment                 0.55                0.50                0.36                0.48  

Government payments received            107.83            299.16               57.42             227.57  

Value of land and buildings ('000)         2,158.90         3,646.31          1,796.03          3,601.75  

Cash grain specializations                0.37                0.48                0.17                0.37  

Other field crops specialization                0.12                0.32                0.12                0.33  

High value crops specialization                0.09                0.29                0.19                0.39  

Beef specialization                0.29                0.46                0.38                0.49  

Other livestock specialization                0.13                0.34                0.14                0.35  

Limited resource farm indicator                0.04                0.21                0.10                0.31  

N            25,358                 1,079    
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Table 3: Probit results for selection into non-SDFR principal operator category 

Ethnicity Coefficient Std. Err. 
   

Gender 0.1276** 0.0533 

Value of farm assets -0.0000 0.0000 

Heartland -0.6420*** 0.0663 

Northern crescent -0.6426*** 0.0778 

Northern great plains -0.1316* 0.0787 

Prairie gateway -0.0987 0.0651 

Eastern uplands -0.2803*** 0.0700 

Southern seaboard -0.1200 0.0640 

Fruitful rim 0.2455*** 0.0648 

Basin range 0.0578 0.0838 

Principal operator experience -0.0109*** 0.0012 

Principal operator age 0.0041*** 0.0014 

Principal operator college  0.2427*** 0.0518 

Principal operator education class -0.2094*** 0.0253 

High value crops specialization 0.3527 0.0409 

Cash grain specializations -0.1059*** 0.0362 

Government payments received -0.0001* 0.0000 

2018 0.0623* 0.0348 

2019 0.0365 0.0364 

2020 0.0986*** 0.0384 

Constant -0.9101*** 0.1060 

   
Log likelihood                               -5398.12 

 
N 29,188   
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Table 4: Probit results for selection into male principal operator category 

Gender Coefficient Std. Err. 
   

Value of farm assets -0.0000*** 0.0000 

Heartland 0.0020 0.0755 

Northern crescent 0.0794 0.0809 

Northern great plains 0.0505 0.0934 

Prairie gateway 0.0600 0.0777 

Eastern uplands 0.0131 0.0802 

Southern seaboard -0.0849 0.0780 

Fruitful rim 0.1524* 0.0784 

Basin range 0.2637 0.0924 

Principal operator experience -0.0186*** 0.0011 

Principal operator age 0.0241*** 0.0014 

Principal operator college  -0.1781*** 0.0524 

Principal operator education class 0.1757*** 0.0282 

Nonhispanic white 0.1502 0.1184 

Nonhispanic Nonwhite 0.3500*** 0.1354 

Hispanic 0.2312*** 0.1364 

High value crops specialization 0.0372 0.0453 

Cash grain specializations -0.3227*** 0.0374 

Government payments received -0.0001 0.0001 

2018 0.0496 0.0361 

2019 0.1145*** 0.0368 

2020 0.0401 0.0403 

Constant -3.1735*** 0.1712 

   
Log likelihood                               -5020.6969 

 
N 29,316   
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Table 5: Stochastic production frontier estimates by ethnicity of principal operator 
  

SDFR non-SDFR 

Coefficient/Variable Coefficient Std. Err. Coefficient Std. Err. 

 

     

𝛽1 Harvested acres 0.1208*** 0.0270 0.1701*** 0.0063 

𝛽2 Labor hours 0.1533*** 0.0470 0.1387***. 0.0095 

𝛽3 Capital 0.1657*** 0.0233 0.1192*** 0.0045 

𝛽4 Materials 0.6584*** 0.0288 0.6367*** 0.0065 

𝛼1 Gender -0.1042 0.1207 -0.0828*** 0.0298 

𝜏1 2018 0.0359 0.0852 0.0459*** 0.0147 

𝜏2 2019 0.0855 0.0879 0.0905*** 0.0156 

𝜏3 2020 0.0447 0.0921 0.1991*** 0.0169 

𝛾1 Heartland 0.1498 0.1561 0.1174*** 0.0278 

𝛾2 Northern crescent 0.0854 0.1913 0.0451 0.0313 

𝛾3 Northern great plains 0.1885 0.1831 -0.0502 0.0352 

𝛾4 Prairie gateway -0.1246 0.1481 -0.0546* 0.0307 

𝛾5 Eastern uplands 0.1845 0.1656 0.0371 0.0326 

𝛾6 Southern seaboard 0.2548* 0.1418 0.2475*** 0.0306 

𝛾7 Fruitful rim 0.5575*** 0.1345 0.4536*** 0.0318 

𝛾8 Basin range 0.4885** 0.1929 0.2029*** 0.0430 

     𝛽0 Constant 0.6216* 0.3571 0.8015*** 0.0706 

 

 

 

   

𝜎𝑣 Sigma (v) 0.9545 0.0318 0.8276 0.0056 

𝜎𝑢 Sigma (u) 0.5087 0.0576 0.3346 0.0114 

𝜆 Lambda 0.5329 0.0819 0.4044 0.0157 

 Log likelihood -1881.4722 
 

-32745.51 
 

  N 1,257   25,040   
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Table 6: Stochastic production frontier estimates by gender of principal operator 
  

Female Male 

Coefficient/Variable Coefficient Std. Err. Coefficient Std. Err. 

 

     

𝛽1 Harvested acres 0.2334*** 0.0308 0.1614*** 0.0062 

𝛽2 Labor hours 0.0800** 0.0443 0.1467*** 0.0095 

𝛽3 Capital 0.0834*** 0.0250 0.1218*** 0.0045 

𝛽4 Materials 0.6255*** 0.0322 0.6412*** 0.0064 

𝛼1 Nonhispanic white -0.1642 0.2906 -0.0563 0.0506 

𝛼2 Hispanic -0.3933 0.3332 0.0123 0.0619 

𝛼3 Nonhispanic Nonwhite 0.0849 0.3314 -0.1331** 0.0632 

𝜏1 2018 0.0208 0.0945 0.0448*** 0.0148 

𝜏2 2019 -0.0805 0.0962 0.0941*** 0.0155 

𝜏3 2020 0.0894 0.1062 0.1939*** 0.0168 

𝛾1 Heartland -0.0590 0.1942 0.1311*** 0.0277 

𝛾2 Northern crescent 0.0085 0.2113 0.0516*** 0.0313 

𝛾3 Northern great plains -0.0552 0.2400 -0.0324*** 0.0351 

𝛾4 Prairie gateway -0.0571 0.2015 -0.0578* 0.0305 

𝛾5 Eastern uplands 0.1232 0.2099 0.0420 0.0325 

𝛾6 Southern seaboard 0.2434 0.2095 0.2586*** 0.0304 

𝛾7 Fruitful rim 0.4615 0.1960 0.4565*** 0.0314 

𝛾8 Basin range 0.3319 0.2339 0.2234*** 0.0428 

     𝛽0 Constant 1.6376*** 0.4600 0.7812*** 0.0870 

 

     

𝜎𝑣 Sigma (v) 0.9696 0.0363 0.8306 0.0056 

𝜎𝑢 Sigma (u) 0.5933 0.0627 0.3272 0.0117 

𝜆 Lambda 0.6119 0.0904 0.3939 0.0159 

 Log likelihood -1665.41 
 

-33161.69 
 

  N 1,079   25,358   
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Table 7: Average technical efficiency estimates by ethnicity of principal operator 

Variable 
Observation Mean Std. dev. Min Max  

     
SDFR 

1,257 0.664 0.108 0.012 0.889 

non-SDFR 
25,040 0.750 0.075 0.005 0.916 

 

 

 

Table 8: Average technical efficiency estimates by gender of principal operator 

Variable Observations Mean Std. dev. Min Max 
      

Female 1,079 0.629 0.124 0.030 0.867 

Male 25,358 0.754 0.073 0.014 0.916 
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Figure 1: Kernel density of propensity scores by gender, and ethnicity of principal operator 
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Appendix 

 

Table A1: Balancing statistics for matched and unmatched samples for gender 

 
  Unmatched Mean   %reduct t-test V(T)

/ 

Variable Matched Treated Control %bia

s 

|bias| t p>|t| V(C) 

Heartland U 0.155 0.272 -28.9 
 

-9.49 0 . 

  M 0.155 0.153 0.5 98.3 0.15 0.88

4 

. 

Value of farm assets 

('000) 

 U 2200.00

0 

3100.00

0 

-16 0.7 -5.06 0 0.39

* 

  M 2200.00

0 

2200.00

0 

0.8 95.4 -0.28 0.77

7 

1.31

* 

Northern crescent U 0.094 0.102 -2.5 
 

-0.89 0.37

4 

. 

  M 0.094 0.092 0.8 66.9 0.22 0.82

5 

. 

Northern great plains U 0.038 0.054 -7.5 
 

-2.51 0.01

2 

. 

  M 0.038 0.039 -0.2 97.2 -0.06 0.95

3 

. 

Prairie gateway U 0.131 0.128 0.9 
 

0.34 0.73

4 

. 

  M 0.131 0.130 0.1 88.6 0.03 0.97

8 

. 

Eastern uplands U 0.111 0.098 4.4 
 

1.61 0.10

7 

. 

  M 0.111 0.113 -0.7 83.7 -0.18 0.85

8 

. 

Southern seaboard U 0.128 0.140 -3.5 
 

-1.23 0.21

9 

. 

  M 0.128 0.129 -0.5 85.5 -0.13 0.89

4 

. 

Fruitful rim U 0.252 0.132 30.8 
 

12.4

8 

0 . 

  M 0.252 0.250 0.4 98.8 0.08 0.93

3 

. 

Basin range U 0.058 0.029 14.5 
 

6.19 0 . 

  M 0.058 0.057 0.5 96.5 0.12 0.90

8 

. 

Principal operator 

experience 

U 28.668 32.866 -26.1 
 

-

10.0

9 

0 1.39

* 

  M 28.668 29.059 -2.4 90.7 -0.62 0.53

5 

1.31

* 

Principal operator age U 63.444 59.915 26.9 
 

9.83 0 1.1 
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  M 63.444 63.515 -0.5 98 -0.15 0.88

5 

1.22

* 

Prinicpal operator 

college 

U 0.366 0.278 18.9 
 

6.98 0 . 

  M 0.366 0.370 -0.8 95.6 -0.21 0.83

7 

. 

Prinicpal operator 

education 

U 3.028 2.806 25.1 
 

8.85 0 0.93 

  M 3.028 3.030 -0.1 99.5 -0.03 0.97

5 

0.99 

Non-Hispanic White U 0.895 0.936 -15 
 

-6.03 0 . 

  M 0.895 0.894 0.3 98.2 0.06 0.94

9 

. 

Non-Hispanic Non-

White 

U 0.049 0.024 13.4 
 

5.73 0 . 

  M 0.049 0.050 -0.3 97.7 -0.07 0.94

6 

. 

Hispanic U 0.043 0.026 9.3 
 

3.75 0 . 

  M 0.043 0.043 0.1 98.9 0.02 0.98

1 

. 

High value crop 

specialization 

U 0.187 0.090 28.4 
 

11.9 0 . 

  M 0.187 0.187 -0.2 99.4 -0.04 0.97

1 

. 

Cash grains 

specialization 

U 0.168 0.374 -47.7 
 

-

15.3

9 

0 . 

  M 0.168 0.169 -0.2 99.6 -0.05 0.95

7 

. 

Total payment 

received 

U 57.382 113.760 -20.1 
 

-6.29 0 0.49

* 

  M 57.382 59.847 -0.9 95.6 -0.29 0.77

2 

1.14

* 

2018 U 0.282 0.281 0.1 
 

0.04 0.96

6 

. 

  M 0.282 0.280 0.3 -132.7 0.07 0.94

2 

. 

2019 U 0.270 0.237 7.6 
 

2.78 0.00

5 

. 

  M 0.270 0.272 -0.5 93.7 -0.12 0.90

4 

. 

2020 U 0.193 0.183 2.5 
 

0.92 0.36 . 

  M 0.193 0.190 0.8 68.6 0.2 0.83

8 

. 

* if variance ratio outside [0.90; 1.11] for U and [0.90; 1.11] for M 
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Table A2: Balancing test for matched and unmatched samples for gender 

 
Sample Ps R2 LR chi2 p>chi2 Mean 

Bias 

Med 

Bias 

B R %Var 

         

Unmatched 0.079 857.23 0.000 16 14.8 83.2* 1.16 60 

Matched 0.000 1.08 1.000 0.5 0.5 4.0 1.15 80 

* if B>25%, R outside [0.5; 2] 

 

Figure A1: Standardized percentage bias plots 
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Table A3: Balancing statistics for matched and unmatched samples for ethnicity 

 
  Unmatched Mean   %reduct t-test V(T)/ 

Variable Matched Treated Control %bias |bias| t p>|t| V(C) 

Heartland U 0.07 0.28 -57 
 

-18.13 0.000 . 

  M 0.07 0.09 -5.2 90.9 -1.93 0.053 . 

Value of farm assets ('000) U 2900.00 3000.00 -2 0.7 -1.08 0.278 1.16* 

  M 2900.00 2900.00 0.2 92.7 -0.05 0.958 0.99 

Northern crescent U 0.04 0.11 -27.4 
 

-8.83 0.000 . 

  M 0.04 0.04 -2.4 91.3 -0.87 0.384 . 

Northern great plains U 0.04 0.05 -5.4 
 

-1.97 0.049 . 

  M 0.04 0.04 0.7 87 0.21 0.835 . 

Prairie gateway U 0.12 0.13 -1.8 
 

-0.67 0.505 . 

  M 0.12 0.11 2.5 -45 0.73 0.468 . 

Eastern uplands U 0.08 0.10 -6.4 
 

-2.35 0.019 . 

  M 0.08 0.08 0.7 89.3 0.2 0.842 . 

Southern seaboard U 0.16 0.14 5.1 
 

2.01 0.044 . 

  M 0.16 0.15 2.6 49.2 0.71 0.475 . 

Fruitful rim U 0.39 0.12 64.9 
 

30.66 0.000 . 

  M 0.39 0.39 -0.9 98.6 -0.22 0.829 . 

Basin range U 0.05 0.03 8.8 
 

3.75 0.000 . 

  M 0.05 0.04 1.9 78.2 0.49 0.621 . 

Principal operator 

experience 

U 27.91 32.95 -33.6 
 

-13.01 0.000 1.05 

  M 27.94 27.87 0.5 98.6 0.13 0.899 0.99 

Principal operator age U 59.96 60.08 -1 
 

-0.37 0.714 0.93 

  M 59.95 60.42 -3.6 -275.1 -1.00 0.318 0.88* 

Principal operator college U 0.30 0.28 3.5 
 

1.33 0.182 . 

  M 0.30 0.30 -1.8 48.2 -0.49 0.623 . 

Principal operator education U 2.74 2.82 -7.8 
 

-3.14 0.002 1.24* 

  M 2.75 2.78 -4.1 47.6 -1.11 0.267 1.1 

Gender U 0.08 0.04 15.3 
 

6.77 0.000 . 

  M 0.08 0.09 -6.2 59.2 -1.48 0.138 . 

High value crops 

specialization 

U 0.29 0.08 56.8 
 

28.63 0.000 . 

  M 0.29 0.31 -4.1 92.8 -0.93 0.352 . 

Cash grains specialization U 0.17 0.38 -48.1 
 

-16.66 0.000 . 

  M 0.17 0.18 -2.7 94.4 -0.85 0.395 . 

Total payment received U 69.72 113.33 -14.9 
 

-5.23 0.000 0.65* 

  M 69.85 71.13 -0.4 97.1 -0.14 0.889 1.08 

2018 U 0.29 0.28 0.6 
 

0.21 0.831 . 

  M 0.29 0.29 -0.1 84.1 -0.02 0.980 . 
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2019 U 0.24 0.23 2 
 

0.77 0.444 . 

  M 0.24 0.24 0.8 57.5 0.23 0.815 . 

2020 U 0.21 0.18 6.7 
 

2.63 0.008 . 

  M 0.21 0.22 -2.6 60.6 -0.71 0.476 . 

* if variance ratio outside [0.91; 1.10] for U and [0.91; 1.10] for M 

 

Table A4: Balancing test for matched and unmatched samples for gender 

 
Sample Ps R2 LR chi2 p>chi2 Mean 

Bias 

Med 

Bias 

B R %Var 

         

Unmatched 0.109 1314.24 0.000 18.5 7.3 94.9* 1.31 60 

Matched 0.003 13.8 0.841 2.2 2.2 13.4 0.85 20 

* if B>25%, R outside [0.5; 2] 

 

Figure A2: Standardized percentage bias plots 

 

 
 


