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Abstract

This dissertation examines how government payments, extreme weather, and renewable energy
expansion shape U.S. farm income. Sustaining growth, stability, and resilience in farm income has
become increasingly difficult amid volatile markets, policy shifts, and extreme weather events.
Understanding these dynamics is crucial for designing effective agricultural and climate policies.
Existing studies often analyze these factors separately, or capture only average effects, or overlook
emerging influences such as renewable energy. This dissertation addresses these gaps by either

jointly analyzing these drivers or using improved estimation techniques with extended datasets.

Chapter I examines the impacts of two major federal programs—the Conservation Reserve
Program (CRP) and the Federal Crop Insurance Program—on the stability and resilience of
market-based farm income, excluding government payments. Using panel data from 1969 to 2022
and an instrumental variable regression framework with fixed effects, the analysis finds that CRP
rental payments strengthen both income stability and resilience, while crop insurance payments
weaken them. Specifically, a 1% increase in CRP rental payments raises absolute resilience by
about 0.97 percent, equivalent to approximately $132,000 per county annually. In contrast, crop
insurance, measured by the proportion of subsidized premium dollars (PSPDL), is associated with
reduced relative resilience, with a 1% increase in PSPDL lowering relative resilience by roughly
0.48 percent, or $65,000 per county annually. These results offer novel evidence on the divergent

effects of major federal farm support programs on income stability and resilience.

Chapter 2 investigates how temperature variations affect farm profitability across the entire
distribution of U.S. counties using recentered influence function regressions. A shift of one

growing-season day from moderate (12°C—-15°C) to extreme heat (>36°C) reduces profitability by
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about 0.8% at the 5th percentile (roughly $32,000 in annual cash receipts), while median impacts
remain insignificant. Government payments partly offset these losses for the most heat-vulnerable
regions. Projections for 2040-2059 suggest declines of 2%—24% among the bottom 30th—40th

percentiles, underscoring the need for targeted adaptation support.

Chapter 3 analyzes how the expansion of wind and solar energy influences the stability
and resilience of market-based farm income. The rapid growth of renewable energy projects
generates new income sources through land leases and rural investment, yet their broader income
impacts remain insufficiently understood. Empirical results show that solar capacity expansion
significantly reduces income instability and enhances resilience, while wind capacity exhibits no
statistically significant effects. Specifically, each additional megawatt of solar energy capacity
reduces the downward anomaly in market-based farm income by about $18,000 per county
annually and lowers income volatility by approximately $79,000 per county per year. Moreover,
each additional megawatt of solar capacity increases income resilience by roughly 0.51 percent,

equivalent to around $745,000 per county annually.

Overall, findings across the three chapters carry important policy implications. First, since
CRP rental payments enhance income stability and strengthen farms’ shock-absorbing capacity—
whereas crop insurance has the opposite effect—shifting part of crop insurance funding toward the
CRP program may improve overall stability and resilience. Second, because rising temperatures
disproportionately harm low-profit counties and government payments mitigate these effects,
targeted adaptation policies are needed to support these vulnerable regions. Finally, as solar energy
expansion reduces income instability and strengthens resilience, policymakers should consider
increasing incentives such as tax credits, grants, and technical assistance to encourage further

deployment.
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CHAPTER 1

Stability and Resilience in U.S. Farm Income: The Role of Federal
Farm Programs

1.1 Introduction

Federal agricultural support programs, such as conservation initiatives and crop insurance
subsidies, allocate billions of dollars annually (Cox, 2006; Glauber, 2013). Despite this substantial
investment, the efficacy of these programs in stabilizing and bolstering farm income stability and
resilience remains a subject of ongoing debate. Historical data reveals that U.S. farmers have
consistently faced income instability (Mishra & Sandretto, 2002) and farm income fluctuates far
more than non-farm income (Beckman & Schimmelpfennig, 2015). While a few studies have
examined the effects of similar programs at the farm level (Key et al., 2018), a significant
knowledge gap persists at the county level, hindering a comprehensive understanding of broader
policy implications. As the frequency and intensity of internal and external shocks increase,
policymakers are increasingly focused on enhancing farm income resilience. Given this context,
our research investigates the role of Conservation Reserve Program (CRP) and crop insurance
programs in stabilizing and enhancing resilience in market-based farm income across U.S.
counties. Here, the market-based farm income is calculated by excluding all government payments.
Figures 1, 2, and 3 respectively illustrate the trends in the overall distribution, variability, and

downward anomalies of market-based farm income in the United States from 1969 to 2022.

Exploring market-based farm income stability and resilience is crucial for several reasons.
First, agricultural income is inherently volatile, subject to fluctuations in crop yields, prices, and a
myriad of external shocks. Understanding the factors that contribute to the stability in the market-
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based farm income is essential for mitigating risk and ensuring the long-term viability of farming
operations. Second, the degree of income instability varies significantly across U.S. counties
(Mishra et al., 2002). This underscores the need for a county-level analysis to identify factors that
promote stability and resilience. In fact, empirical research demonstrates that regional disparities
in agricultural performance can be substantial, with some areas thriving while others suffer (Key
et al., 2018). Finally, while stability (consistent income flows) and resilience (the capacity to adapt
to shocks) are often examined separately, a holistic approach that considers both is essential. These
two concepts are interconnected, and their joint exploration is necessary to build a robust and

resilient agricultural system (Berardi et al., 2011; Volkov et al., 2022).

CRP and crop insurance programs can significantly influence a county’s market-based farm
income stability and resilience. Firstly, CRP payments provide a steady income stream for farmers,
independent of market or weather fluctuations. This stability allows farmers to invest in their
operations, adopt new technologies, and expand their businesses, ultimately leading to greater
efficiency and income stability. Secondly, crop insurance offers financial protection against crop
losses from natural disasters or price declines. This reduces risk, encourages farmers to take
calculated risks, and contributes to overall income stability. Additionally, by retiring marginal
lands, CRP helps to reduce overproduction, stabilize commodity prices, and lower input costs,
further enhancing farm income. Finally, it is important to note that excessive reliance on crop
insurance can potentially lead to moral hazard (Wu et al., 2020), where farmers may become less
diligent in their farming practices, knowing they are insured against losses. Therefore, it is crucial
to examine how these two federally funded programs impact the stability and resilience of market-

based farm income.



Existing research identifies several key factors positively influencing U.S. farm income
stability: non-farm income (Firch, 1964; Mishra & Sandretto, 2002), crop insurance (Key et al.,
2018), efficient pricing system (Schultz, 1947), and government efforts with price and income
support programs (Guither et al., 2019). However, no prior studies have examined the impact of
CRP and crop insurance payments on market-based farm income stability, presenting a substantial
research gap. While Key et al. (2018) is the closest existing study, it differs from our research in
two ways. First, unlike their focus on total farm income volatility, we analyze market-based farm
income volatility to assess how crop insurance affects farmers’ efficiency in pure market activities.
Second, instead of farm-level data as used by Key et al. (2018), we utilize county-level data to

examine aggregate farmer behavior in response to crop insurance participation.

Similarly, existing literature highlights several factors contributing to farm income
resilience. Quaicoe et al. (2024) find that larger farm size, commercial production, paid family
labor, full-time farming, and non-White minority farmer status were positively associated with
higher farm profitability (a measure of resilience) among North Carolina farms. Durant et al.
(2023) examine the resilience of California direct market farmers during the COVID-19 pandemic,
finding that online sales, larger-scale operations, and diverse crop and livestock production were
associated with greater resilience. Similarly, other studies have shown that diversification is
positively correlated with farm income resilience (Brune et al., 2023; Lindbloom et al., 2022).
Finally, reviewing climate change resilience literature, Gil et al. (2017) concluded that integrated
agricultural systems are more resilient to climate variability and change than specialized systems.
However, the impact of CRP and crop insurance on market-based farm income resilience remains

unexplored, leaving a significant research gap.



To fill these research gaps, we first determine market-based farm income by removing all
government payments from county-level farm income. This separates income earned solely from
agricultural production and marketing. Next, we assess stability by measuring variability in the
market-based farm income over time. We define downward anomalies as deviations between
observed income and expected income (five-year moving averages). This unique method captures
trends and short-term fluctuations, crucial for understanding county-level stability. We then assess
resilience by identifying shock years (periods of significant decline in farm income followed by
rebound) and quantifying both the absolute and relative resilience of U.S. counties. Finally, we
estimate the impact of government programs (CRP and crop insurance) on stability and resilience
in the market-based farm income using panel data fixed effect and probit model with instrumental

variables to address potential endogeneity issues between CRP and crop insurance.

We collect all data from publicly available sources. The county-level farm income data is
obtained from the Bureau of Economic Analysis (BEA). We further complemented this data with
information on CRP rental payments from Farm Services Agency (FSA) and crop insurance data
from the Risk Management Agency (RMA). We collect population density from BEA and U.S.

Census, and climate variables from PRISM Climate Group. Our data spans from 1969 to 2022.

Through this study, we make significant contributions to the existing literature. First, we
show that CRP rental payments reduce both absolute and relative anomaly in market-based farm
income, suggesting that CRP participation stabilizes farm income and mitigates volatility. Second,
we reveal a contrasting effect of crop insurance program compared to CRP. Our results show that
crop insurance payments increase both absolute and relative downward anomalies. This highlights
the potential for unintended consequences of crop insurance programs in worsening income

volatility. Third, we find a positive association between CRP payments and absolute resilience,



indicating that CRP participation enhances farms’ ability to withstand shocks. Finally, the study
sheds light on potential moral hazard issues associated with crop insurance by demonstrating its
negative impact on relative resilience. These findings of our study contribute to the ongoing debate

on the overall effectiveness and potential downsides of crop insurance programs.

1.2 Method

Our analysis proceeds in several stages. We begin by defining the market-based farm income, m,
as the profit generated solely from agricultural production and sales, excluding any government
payments. ! This approach allows us to assess the pure market-based performance of farms within
a county and examine how CRP and crop insurance program affect the market-based farm income

stability and resilience.

1.2.1 Measuring Stability

We determine stability in the market-based farm income by measuring its variability, following
similar methods used by Harkness et al. (2021). We define high stability as low variability in farm
income and vice versa. We define absolute downward anomaly as the absolute deviation in market-
based farm income from the expected market-based farm income when the former is less than the
latter. We determine the expected market-based farm income by calculating the five-year moving
average. The formula for these measures can be shown as follows:

|y — Tyl if mye <y
0 if my <y

ADA;, = { (D

! We get the net income including corporate farms from BEA (Line code 310). Then, we deduct two items from this
net income: (1) Government payments (Line code 130) and (2) Imputed and miscellaneous income received (Line
code 140). We deduct imputed and miscellaneous income from the net income because it includes indemnity payments
from crop insurance. It also includes income from home consumption and recreational activities. However, we cannot
separate these incomes from the total imputed and miscellaneous income due to lack of additional data. Thus, we
ignored it.



where ADA;; stands for absolute downward anomaly and the subscripts i and t represents counties
and year, respectively. The term ;; is the five-year simple moving average of the market-based

farm income. We calculate the five-years of moving averages using the following formula:

_ thg Tt
T = 2 @

where t + 2 and ¢t — 2 represents 2-lead years and 2-lagged years, respectively. We employ a
balanced approach, utilizing current, two lagged, and two lead years for several reasons. First, this
symmetry prevents bias in trend detection by ensuring equal weight is given to past and future
data. In fact, this approach strikes a balance between historical context and forward-looking
expectations. Second, incorporating two lagged years allows us to account for historical factors
influencing current market-based farm income, such as past yields, prices, or policy decisions.
Similarly, two lead years capture future expectations, reflecting the forward-looking nature of farm
operations, where income is often shaped by decisions or events planned years in advance (e.g.,
crop rotations, contracts, or market outlooks). Finally, a five-year window provides sufficient
temporal scope to capture medium-term patterns in market-based farm income, such as policy

cycles (e.g., Farm Bill impacts) or climate anomalies (e.g., drought or flooding cycles).

While the absolute measure of downward anomaly indicates the deviation of the actual
market-based farm income from the expected performance of a county, we calculate the relative
measure of downward anomaly (RDA;;) using the following formula:

ADA;,

| ;|

RDA; = 3)

where ADA;; stands for absolute downward anomaly and 7; is the whole sample mean of the

market-based farm income the county i. Since we measure the downward anomaly in absolute
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values, we also use the absolute values of the county-level means to avoid negative relative

anomaly.

The last two measures of stability are widely used in the literature which are standard
deviation (SD) and coefficient of variance (CV). We measure the SD of the market-based farm

income for county i and year t as follows:

1 _
SD; = gzttjzz(ﬂit — ). (4)

We also measure the CV of the market-based farm income for county i and year t as follows:

SD;;
CVie == )

| Tt
where SD;; is the standard deviation of the market-based farm income and 7; is the whole sample

mean of the market-based farm income the county i.

1.2.2 Measuring Resilience

To measure resilience of U.S. counties, we first identify several shock years observing the trend in
the market-based farm income over the years at the national level. We keep two aspects in mind
while choosing shock years. First, there must be a significant decline in the market-based farm
income in that year compared to the previous year, Second, there must be a significant rebound or
improvement in the market-based farm income in the following year (next to the shock year). This
is important because our resilience measure is based on the concepts of drop and rebound. Based
on our criterion, we identified six shock years when farm income dropped dramatically and there

were rebounds in the following years. Therefore, the shock years are: 1980, 1983, 1995, 1999,



2009, and 2020. Based on these six shock years, we quantify the degree of resilience of U.S.

counties.

The method of selecting shock years based on significant income drops followed by
rebounds offers several advantages for studying resilience. Firstly, this approach guarantees that
the chosen years are directly relevant to resilience, as they represent periods of substantial
disruption and recovery. Secondly, by applying a uniform selection criterion to all counties, this
method ensures comparability and replicability across the analysis. Lastly, the dual requirement of
a significant drop and subsequent rebound filters out years with persistent declines, focusing solely
on the full cycle of shock and recovery. This criterion helps to exclude years of prolonged

downturns, preventing misinterpretation of resilience as a mere ability to withstand shocks.

These shock years serve as a benchmark for measuring both absolute and relative resilience
across the U.S. counties. To measure the absolute resilience (AR), we follow similar methodology
used by Han & Goetz (2015 and 2019). Following these studies, we first measure the changes in
market-based farm income in the drop years and rebound years. A drop year represents the year
when the market-based farm income declines due to the negative impact of a shock or a
combination of shocks. A rebound year represents when the market-based farm income bounces
back after the shock is over or negative impact becomes lesser. Figure 4 illustrates the concept of

drop and rebound.

We formularize “Drop” in the market-based farm income for the county i in year t in the

following way:

Texp — Tlobs .
— %100 if m >
Drop;; = ( Texp ) ! exp obs (6)

0 if 7Texp < Tobs



where 7,,,, and 7, represent expected and observed values of the market-based farm income of
county i inyeart € [1980,1983, 1995, 1999, 2009, 2020]. A larger drop signifies a less resilient
county. Nevertheless, in instances where observed values surpass expectations, the “Drop” is
assigned a value of 0. This is because negative values for "Drop" are inconsistent with its
conceptual definition. We calculate the expected market-based farm income for a particular county
and year using the Compound Annual Growth Rate (CAGR). We assume that the expected market-
based farm income of a county follows a long-run growth path in the absence of any shock. Thus,
we calculate this path for each county at the pre-shock year t — 1 using the following CAGR

formula:

1
( Ending Value )Number of years

CAGR;,_, = —1|* 100%. (7)

Beginning Value

where the “ending value” corresponds to the observed market-based farm income in the pre-shock
year, t— 1 and the “beginning value” indicates the observed market-based farm income three
years prior to the pre-shock year. This short-time lag of three years ensures that the beginning
value is unaffected by subsequent shocks. Thus, if the CAGR in the market-based farm income for
county i at pre-shock year is “6;,_,”, given that the drop in market-based farm income takes place

in the year t. Then the compound annual growth rate, 6;, at the year t — 1 is calculated as follows:

1
Te_1\3
0r = () 1 ®)

Using the CAGR, we compute the expected market-based farm income for county i in the year t

and t + 1 as follows:

Ty = me—1(1+ ;1) )



Ter1 = 10 (14 Bie—1)’ (10)
where 0;;_, represents the CAGR in the pre-shock year. A rebound is the ability of a county to
bounce back after the shock years is over. Thus, we measure the “rebound” in market-based farm
income using the following formula:

Tops — Tex ,
B 222 P 14100 if Tops > Texp
Rebound;; ;1= Texp

0 lf Tobs < 7Texp

(11).

Absolute resilience (AR) is the ratio of the above two measures: drop and rebound. We measure

AR for county i in the year t using the following formula:

Rebound;;,, — min(Rebound;) + 1

AR, =1
it = 09 Drop; — min(Drop;) + 1

(12)

where min(Rebound;) and min(Drop;) denote the smallest values observed for “Rebound” and
“Drop” within the complete dataset. By subtracting these minimum values, we standardize the
“Rebound” and “Drop” metrics across all counties. To avoid division by zero, we increment both
the numerator and denominator by 1. The AR measure suggests that counties with smaller drops
and larger rebounds in the same shock year exhibit greater resilience. For each year in t €
(1980, 1983, 1995, 1999, 2009, 2020), we obtain a cross-sectional dataset containing AR values.

By combining these datasets across multiple years, we construct a panel dataset.

To measure relative resilience (RR) of a county, we calculate a sensitivity index, following
Faggian et al. (2018). This sensitivity index compares how much a county bounces back compared
to other counties within the same state or region. To compute this sensitivity index, we only focus
on recovery phase. First, we calculate the change in market-based farm income at the county, state,

and regional level in the following way:
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Tit+1 — Tyt

AT[CL'+1 = IT[ | (13)
it
Tst+1 — Tlst
Amgyq = # (14)
st
T - T
ATypyy = _rel Tt (15)

| 7Ty

where A .41, A g 41, and A w4 represents percentage change in market-based farm income
in the rebound year for each county c, state s, and region r. We calculate the relative resilience

(RR) by the following formula:

ATtoryq — ATrgryq
RR; = 16
ict+1 |A T[St+1| ( )

ATloryr — ATlppqq

|A 70744

RRict41 = (17)

where RR;s;4+1 and RR;;,1 represents relative resilience of county i compared with state s or
region r in year t + 1. However, since the denominators of these measures vary, their relative
values cannot be directly compared across counties. To address this, we create binary variables: 1
if the RR is positive, and 0 if the RR is negative. Given multiple years of cross-sectional RR data,

we pool these datasets to form a panel dataset.

1.2.3 Model Specification

To estimate the impact of CRP and crop insurance on stability and absolute resilience (AR) in the
market-based farm income the following two equations have been estimated using county-level

panel data with fixed effect to account for unobserved heterogeneity across counties:

Ystabitity;, = Bo + Bi1 ' Conservation; + B, - Insurance; + B3 Xy +a; + & (18)
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YARit = By + By Conservation;; + B, - Insurance;; + B3 Zy+a; + € (19)

where Ystapiiity;, and Yz, are the outcome variables which represent the measures of stability and

absolute resilience in the market-based farm income of county i in year t. The variables
Conservation;; and Insurance;; are the two key predictors in our econometric model which
represents the payments to farmers under the CRP and crop insurance programs, respectively.
Therefore, f; and S, are our key regression coefficients of interest. The vector X;; and Z;;
represents other control variables, including time trend, time trend squared, population density,
temperature, and precipitation. The terms ; is the county fixed effects. Finally, ¢;; and €;; are the
error terms. The difference between the control vectors X;; and Z;; is that the later one does not
contain time trend squared. We do not include time trend squared in Z;; because of high level of

multicollinearity.

To measure the extent of the CRP program’s implementation at the county level, we use
the log of total CRP rental payments as a primary metric. These payments serve as a reliable
indicator of the government’s financial investment dedicated to conservation efforts within specific
counties. By considering both the acreage enrolled and the associated payment rates, total CRP

rental payments offer a comprehensive representation of the program’s impact on local landscapes.

To assess the county-level impact of the crop insurance program, we use the log of premium
subsidy per dollar of liability (PSPDL), a metric utilized by Yu et al. (2018). PSPDL provides a
robust measure of the program’s financial support, mitigating the potential influence of crop price
fluctuations on premium subsidy amounts. To calculate PSPDL, we follow a multi-step process.
First, we aggregate the total premium subsidy amounts for all insurance plans and insured crops

within each county-year. Next, we compute the total liability amount for each county-year. Finally,
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we derive PSPDL by dividing the total premium subsidy amount by the corresponding total

liability amount. Therefore, we can re-write the equations (12) and (13) in the following ways:
YStabilityit = ﬁo + ﬁl - lnCTpRentallt + ﬁz b lTlPSPDth + 33 - Xit + a; + Eit (20)
Yar,, = Bo + PB1-InCrpRentaly + B, - INPSPDLyy + B3~ Zy + a; + € (21)

where InCrpRental;; and InPSPDL;, represent the log of total CRP rental payments and premium

subsidy per dollar of liability (PSPDL), respectively.

Finally, we include three types of control variables in our econometric models to account
for potential confounding factors that might influence the stability and resilience of county-level
market-based farm income, including control for time trend, degree of urbanization, and weather

variables. Therefore, we can re-write the equations (14) and (15) in the following ways:

Ystavitity,, = Bo + B1 - InCrpRentaly; + B, - InPSPDL; + B3 - TimeTrend;,
+ B4 TimeTrendSquared;; + PBs - PopDensity;, + P¢ - Precipitation;,

+ p,-Temperature;, + €; (22)

Yir; = Bo+ B1* InCrpRentaly + B, * InPSPDL;; + B3 * TimeTrend;;
+ [, * PopDensity;; + fs * Precipitation;; + [¢ * Temperature;;

+ Eit (23)

where TimeTrend and TimeTrendSquared control for temporal trends, capturing both linear
and nonlinear changes over time that may reflect broader economic, technological, or policy shifts
affecting agriculture. The variable PopDensity represents the population density by county, which

serves as a proxy for the degree of urbanization and local market dynamics that could impact
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agricultural profitability and land-use decisions. Finally, Precipitation and Temperature
represent key weather variables, accounting for the direct effects of climate variability on crop
yields and farm productivity, which are critical determinants of income stability and resilience.
These control variables ensure that the estimated effects of the CRP and crop insurance are not
biased by omitted factors that evolve over time, vary across counties, or are influenced by climatic

conditions.

Since the measure of the relative resilience (RR) is a binary variable, we use the probit
model with instrumental variables (IVs) to estimate the regression coefficients. Thus, the

probability of a county being relatively resilient or Yzg,, =1 is obtained by the cumulative

distribution function (CDF) of the standard normal distribution:

P(Yrp; = 1) = ®(Bo + By * InCrpRentaly, + B, * INPSPDLy + B3 * TimeTrend;,
+ [, * PopDensity;; + Bs * Precipitation;,

+ B¢ * Temperature;;) (24)
where @ is the CDF of the standard normal distribution.

1.2.4 Endogeneity and Instrumental Variables

Existing literature reveals the potential endogeneity issues between CRP and crop insurance as
mentioned by DeLay (2019). Thus, we use instrumental variables for both these endogenous
variables: total CRP rental payments and PSPDL. For CRP rental payments, we use create an
instrumental variable by multiplying one-fourth of the total harvested acres in 1968 with the CRP
Conservation Accomplishment Plan (CAP). We name it as ConservationLand and this is

calculated as follows:

ConservationLand = (AcresHarvested qgg * 0.25) * CRP4p (25)
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where AcresHarvested represents total crop acreage harvested in the year 1968 and CRP4p
represents conservation reserve program CAP. We use total crop acreage harvested in the year
1968 because it is outside of our data frame of this study, showing the exogeneity of these
quantities. We multiply this harvested area by 0.25 because no more than 25 percent of a county’s
cropland can be enrolled in CRP. Finally, we use CRP.4p because it is exogenously determined by
the federal legislature. Total crop acreage harvested exhibits spatial variation, while Conservation
Reserve Program (CRP) acreage displays temporal fluctuations, making it a suitable candidate for

analysis of both types of variation.

For crop insurance (in our case, for PSPDL), we generate an IV naming it as

“CropSubsidy” and calculate using the following formula:

CropSubsidy = A InsuredAcreage;q94 * SubsidyRate (26)

where A InsuredAcreage;q9, and SubsidyRate represent the insured acreage in 1994 and
county-level subsidy rate, respectively. We use insured acreage in 1994 because a significant
changes occurred in the U.S. crop insurance program due to the passage of the Federal Crop
Insurance Reform Act of 1994. Farmers were required to purchase crop insurance to qualify for
other federal farm program benefits, such as deficiency payments. This change yields increasing
participation in the program. Thus, insured acreage in 1994 is exogenously derived by federal

policy change. To calculate the change in insured acres in 1994, we use the following formula:

InsuredAcreage q9s — InsuredAcreage gg,

A InsuredAcreage;gg, = (27)

InsuredAcreage;go,

We use county-level subsidy rate because the subsidy portion of premiums is set by federal

policy, not by individual farmers. We also calculate the subsidy rate as follows:
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TotalSubsidy;;
TotalPremium;;

SubsidyRate;; = (28)

where TotalSubsidy;; and TotalPremium;; represent county-level total crop insurance
subsidies and total premiums, respectively. Government agencies, such as the USDA’s Risk
Management Agency, standardize subsidy rates and coverage structures. This means that variations
in subsidy rates across counties or over time primarily reflect overarching policy decisions, making
them exogenous to individual farm choices. Similarly, the total premium is largely determined by
actuarial calculations based on risk factors like historical yield data, crop type, and regional risk.
These calculations are conducted by insurers or government agencies. While farmers can select

coverage levels, they have limited influence over the risk-based premium calculation.

1.3 Data

Table 1 shows the list of variables used in this study and their descriptive statistics. The main
variable based on which all the stability and resilience measures are calculated is the county-level
farm income data. We collect this detailed farm income data from the U.S. Bureau of Economic
Analysis (BEA)?. The original data in nominal values (in thousands of dollars). Later, we
transform these values into inflation-free dollars by deflating these using the Producers Price Index
(PPI) from the U.S. Bureau of Labor Statistics. We also aggregate this county-level farm income
data at the U.S. states and BEA regions for further analysis. BEA has grouped the U.S. states into
eight regions: New England, Mideast, Great Lakes, Plains, Southeast, Southwest, Rocky

Mountain, and Far West.

2 These data can be download from the following link: https://www.bea.gov/itable/regional-gdp-and-personal-income.

16


https://www.bea.gov/itable/regional-gdp-and-personal-income

Data on CRP rental payments is collected from the Farm Services Agency (FSA) of the
U.S. Department of Agriculture®. We get the crop insurance data from the Risk Management
Agency (RMA) website. Data on the harvested acres by counties in 1968 is downloaded from
USDA NASS. Population data is collected from BEA county profiles. Data on county-level land
area is retrieved from U.S. Census website to calculate population density. Finally, climate
variables are sourced from the PRISM Climate Group. The unit of observations for this study is

U.S. counties and the temporal framework is between is 1969-2021.

1.4 Results

Tables 2 and 3 summarize the main estimation results. Table 2 examines the effects of CRP
participation and crop insurance on income stability, assessed through absolute and relative
downward anomalies as well as variability measures (standard deviation and coefficient of
variation). The results show that CRP participation significantly enhances income stability. A 1%
increase in CRP rental payments reduces the absolute downward anomaly by about 0.16%,
equivalent to an annual $21,000 decline in income shortfalls per county. Similarly, a 1% increase
in CRP payments lowers the standard deviation of market-based farm income by 0.04%,
corresponding to approximately $5,000 per county annually. These findings suggest that CRP
contributes to more stable farm incomes by ensuring consistent rental payments that cushion
producers against market and environmental shocks, especially in high-risk regions. In contrast,
crop insurance, measured by the proportion of subsidized premium dollars (PSPDL), appears to
worsen income instability. A 1% increase in PSPDL raises the absolute downward anomaly by

about 1.12%, equivalent to $152,000 annually per county, and increases the standard deviation of

3 Historical data on CRP can be download from the following FSA website using the following url:
https://www.fsa.usda.gov/programs-and-services/conservation-programs/reports-and-statistics/conservation-reserve-
program-statistics/index
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market-based income by 0.31%, or roughly $42,000 per county each year. This destabilizing effect
may arise from moral hazard, as insured producers could engage in riskier practices or operate less
efficiently, thereby amplifying income volatility. Although CRP exhibits a clear stabilizing role,
neither CRP nor crop insurance significantly affects the coefficient of variation of farm income,

indicating that their effects are more pronounced in absolute rather than relative terms.

Table 3 reports the regression results examining the effects of CRP participation and crop
insurance on absolute and relative resilience in market-based farm income. The results indicate
that CRP enhances resilience, whereas crop insurance reduces it. A 1% increase in CRP rental
payments raises absolute resilience by approximately 0.97%, equivalent to about $132,000 per
county annually. This positive effect likely reflects CRP’s stabilizing influence through income
diversification and risk mitigation against market and weather-related fluctuations. In contrast,
crop insurance, measured by the proportion of subsidized premium dollars (PSPDL), is associated
with reduced relative resilience. A 1% increase in PSPDL lowers relative resilience by roughly
0.48%, equivalent to $65,000 per county annually. This adverse effect may be driven by moral
hazard, as documented in previous studies, whereby insured producers have weaker incentives to
enhance operational efficiency, reducing their capacity to remain competitive and adapt effectively

to income shocks.

The control variables exhibit mixed effects across Tables 2 and 3, indicating that
demographic and climatic factors influence farm income dynamics in complex ways. Population
density shows a negative association with both the instability and resilience measures of market-
based farm income, suggesting that regions with more concentrated populations may face
structural constraints such as limited access to land, resource competition, or market pressures that

dampen both income volatility and adaptive capacity. These patterns may reflect the distinct
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production environments of densely populated areas, where diversified or small-scale operations
respond differently to market and environmental fluctuations than less densely populated,

production-intensive regions.

Annual total precipitation exhibits contrasting effects across dimensions of income
stability. It has a positive association with the absolute downward anomaly, implying that higher
precipitation may occasionally coincide with large income declines, possibly due to localized
flooding or excessive moisture conditions that disrupt yields. However, its negative impact on the
relative downward anomaly suggests that such effects are less severe when expressed in
proportionate terms, reflecting farmers’ partial adaptation to rainfall variability. The observed
inverse relationship between precipitation and standard deviation, alongside a positive effect on
the coefficient of variation, implies that precipitation variability may reduce absolute income
fluctuations while increasing relative variability across farms or regions, depending on their
exposure and adaptive strategies. Regarding resilience, precipitation does not show statistically
significant effects, suggesting that moderate variation in annual rainfall may not systematically

alter farmers’ ability to recover from income shocks.

Annual average temperature exerts no significant influence on absolute or relative
downward anomalies but demonstrates statistically significant negative effects on both the
standard deviation and coefficient of variation. This relationship implies that regions experiencing
higher average temperatures may have more stable income patterns, potentially due to longer
growing seasons or the concentration of temperature-tolerant crops. In terms of resilience,
temperature exerts a statistically significant and positive effect on relative resilience, indicating
that moderate warmth may enhance adaptive capacity by supporting crop productivity, extending

growing periods, and reducing sensitivity to income shocks. Together, these findings highlight that
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the impact of demographic and climatic factors on agricultural income stability and resilience
depends not only on the magnitude of these variables but also on how producers adjust their

production systems and management practices to local environmental conditions.

1.5 Robustness Checks

We conducted several robustness checks, and the results are summarized in Tables 4 through 6.
Table 4 reports regression estimates for market-based farm income instability obtained from a
simple panel fixed-effects model, serving as an alternative specification to the two-stage least
squares results presented in Table 2. Similarly, Table 5 provides regression results for the resilience
measures using the same fixed-effects framework as an alternative to the two-stage least squares
estimates reported in Table 3. Table 6 shows additional robustness checks in which all income
stability measures are recalculated using three-year moving averages instead of the five-year

averages employed in the main analysis.

Overall, the robustness results are largely consistent with the primary findings, reinforcing
the reliability of the estimated effects. In most specifications, Conservation Reserve Program
(CRP) participation continues to reduce instability in market-based farm income and to strengthen
resilience, thereby validating its stabilizing role. Conversely, crop insurance generally increases
farm income instability and weakens resilience, suggesting that the destabilizing patterns observed
earlier are not model-specific. A few exceptions appear, such as the finding in Table 3 that crop
insurance reduces the standard deviation of market-based farm income; however, this result should
be interpreted with caution since the fixed-effects regressions do not explicitly address potential

endogeneity.
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1.6 Policy Implications

The results reveal important insights for the design and coordination of federal agricultural and
risk management programs. The strong positive relationship between Conservation Reserve
Program (CRP) participation and farm income stability underscores the program’s value as a
financial buffer for producers facing environmental and market uncertainty. By providing steady
rental payments independent of short-term price or yield fluctuations, CRP enhances farmers’
ability to manage risk and maintain stable income streams. These findings highlight the broader
socioeconomic role of land conservation policies—not only in achieving environmental objectives
but also in promoting income security and economic resilience in rural communities. Policymakers
could therefore frame CRP as a dual-purpose program that simultaneously supports environmental

sustainability and bolsters the financial stability of the agricultural sector.

The evidence also suggests that expanding CRP enrollment, particularly in high-risk or
climate-sensitive regions, could deliver strong risk mitigation benefits. Policymakers might
prioritize flexible CRP contracts, tiered payment structures, or targeted incentives for areas most
prone to income volatility or drought-related risk. Such tailored adjustments could further enhance
the program’s stabilizing effect while aligning conservation outcomes with rural economic goals.
Additionally, incorporating complementary land management incentives—such as support for
agroforestry, carbon sequestration, or pollinator habitats—may extend CRP’s economic and

ecological benefits beyond income stabilization.

Conversely, the destabilizing effect of crop insurance participation raises concerns about
unintended behavioral responses. The positive association between subsidized insurance intensity
and income volatility suggests the possibility of moral hazard, as producers shielded by insurance

may take on greater risk or reduce investment in efficiency-enhancing practices. This finding calls
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for a careful reassessment of crop insurance design and oversight. Policymakers could explore
mechanisms that strengthen risk-reduction incentives, such as linking insurance subsidies to
conservation compliance, diversified rotations, or performance-based risk management practices.
Such adjustments would preserve the safety-net function of crop insurance while reducing the

likelihood of reinforcing income instability.

The contrasting impacts of CRP and crop insurance point to the importance of integrated
policy design. While CRP fosters stability and resilience through predictable payments and land-
use diversification, current crop insurance structures may unintentionally weaken adaptive
capacity. Coordinating these programs—by aligning eligibility criteria, ensuring complementarity
in their risk management objectives, and promoting joint participation—could yield more balanced
and sustainable outcomes. A policy framework that couples conservation-based payments with
prudent insurance mechanisms would help safeguard farm incomes, reinforce environmental

stewardship, and enhance long-term resilience across U.S. agriculture.

1.7 Conclusion

The primary objective of this study is to examine the roles of two major federal farm programs,
the Conservation Reserve Program (CRP) and the Federal Crop Insurance Program, in promoting
stability and resilience in market-based farm income across the United States. Farm income is
inherently volatile, influenced by fluctuations in yields, prices, and external shocks, which makes
understanding its stability and resilience critically important. CRP affects county-level land use
and income diversification, while crop insurance shapes farmers’ efficiency, risk behavior, and
investment decisions. Analyzing how these programs influence farm income dynamics provides

valuable insights for both economic assessment and policy formulation.

22



The results make several noteworthy contributions to the existing literature. The analysis
shows that CRP rental payments substantially reduce instability in county-level market-based farm
income and enhance its resilience. These findings suggest that policies promoting CRP
participation can help stabilize farm income and strengthen producers’ capacity to withstand
economic and environmental shocks. Conversely, the results reveal that crop insurance increases
income instability and weakens resilience, highlighting the need to recognize and address the
program’s unintended consequences. The evidence aligns with prior research pointing to moral
hazard in crop insurance participation, suggesting that insured producers may assume higher risks
or operate less efficiently. Collectively, these findings enrich the broader discourse on the
performance and trade-offs of farm safety net programs in fostering sustainable agricultural
stability. From a policy standpoint, the results underscore CRP’s stabilizing role and crop
insurance’s potential destabilizing effects. Policymakers could consider expanding CRP
enrollment and prioritizing areas most vulnerable to income volatility. To counteract the adverse
impacts of crop insurance, future reforms might focus on discouraging moral hazard by linking
subsidies to risk-reducing conservation practices or incentivizing efficient farm management.
Overall, these insights highlight the need for a balanced policy framework that strengthens the

resilience of farm income while maintaining the economic sustainability of U.S. agriculture.
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U.S. Market Farm Income
(Without Government Payments)
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Figure 1. Distribution of U.S. Market-based Farm Income from 1969 to 2022.

Notes: (1) Market-based farm income is calculated by deducting all types of government payments to producers
including payments from CRP and crop insurance. (2) Producer price index (PPI) has been used to deflate the nominal
farm income. (3) The unit of market-based farm income is in millions of 2022 dollars. (4) The five- year rolling
average has been calculated by summing up market-based farm income of current year, 2 previous years, and 2 forward
years and then dividing by 5.
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Variability in U.S. Market Farm Income
(5-Year Moving Average and Standard Deviation)
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Figure 2. Distribution of Variability in the U.S. Market-based Farm Income from 1969 to 2022.
Notes: (1) The five- year rolling average has been calculated by summing up market-based farm income of current
year, 2 previous years, and 2 forward years and then dividing by 5. (2) The five- year rolling SD has been calculated
by summing up squared mean deviation (difference between farm income and five-year rolling average) in market-
based farm income of current year, 2 previous years, and 2 forward years and then dividing by 5. (3) Market-based
farm income is calculated by deducting all types of government payments to producers including payments from CRP
and crop insurance. (4) Producer price index (PPI) has been used to deflate the nominal farm income. (5) The unit of
market-based farm income is in millions of 2022 dollars.
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Downward Anomaly in U.S. Market Farm Income
(Farm Income < 5-Year Moving Average)
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Figure 3. Distribution of Downward Anomaly in the U.S. Market-based Farm Income from 1969
to 2022.

Notes: (1) The five- year rolling average has been calculated by summing up market-based farm income of current
year, 2 previous years, and 2 forward years and then dividing by 5. (2) Downward anomaly by year is the absolute
mean deviation (absolute value of the difference between farm income and five-year rolling average) in market-based
farm income. (3) Market-based farm income is calculated by deducting all types of government payments to producers
including payments from CRP and crop insurance. (4) Producer price index (PPI) has been used to deflate the nominal
farm income. (5) The unit of market-based farm income is in millions of 2022 dollars.
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Figure 4. Concept of Drop and Rebound in Resilience.

Notes: (1) t, t-1, and t+1 represent the shock year (drop), pre-shock year, and post-shock year (rebound). (2) In this
study, shock or drop years, t, are 1980, 1983, 1995, 1999, 2009, and 2020. (3) Drop and rebound represent the
difference between the expected and observed market-based farm income of a county. (4) According to the selection
criteria of shock years, if there is a drop in the year t, there must be a rebound in the year t+1. (5) We do not set any
assumptions for the pre-shock years t-1. However, these pre-shock years are important for the expected value
calculations for the market-based farm income.
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Table 1. Chapter 1: Summary Statistics

Observation Mean Std. Dev. Min Max
Qutcome Variables
Market-based Farm Income (MFI)
By Counties 167,919.00 13.63 66.06 -338.19  2,849.73
By States 169,560.00 1,041.05 2,270.87 -5,868.49 21,870.37
Stability Measures
Absolute Downward Anomaly (ADA) 174,112.00 432 13.51 0.00 855.12
Relative Downward Anomaly (RDA) 174,112.00 0.04 3.39 0.00 577.20
Standard Deviation (SD) 155,361.00 12.52 20.58 0.00 766.56
Coefficient of Variation (CV) 152,424.00 4.58 116.06 0.01 24,517.35
Resilience Measures
Absolute Resilience (AR) 18,244.00 0.76 2.81 0.00 52.07
Relative Resilience (RR) 18,294.00 0.36 0.48 0.00 1.00
Key Explanatory Variables
Total Rental Payment of Conservation Reserve Program (CRP) 174,112.00 559.15 1,497.42 0.00 24,321.49
Crop Insurance: Premium Subsidy Per Dollar of Liability (PSPDL) 144,723.00 0.05 0.04 0.00 0.79
Control Variables
Population Density 163,008.00 0.18 1.18 0.00 50.56
Annual Total Precipitation 167,454.00 1.01 0.41 0.01 4.31
Annual Average Temperature 167,616.00 12.49 4.58 -0.91 26.01
Instrumental Variables
Instrumental Variable for CRP 148,285.00 110.82 198.26 0.00 2,823.75
Instrumental Variable for PSPDL 129,534.00 7.82 29.44 -7.43 1,483.16

Note: (1) Market farm income at both county and state levels are reported in millions of U.S. dollars. (2) County-level total rental payments under the Conservation
Reserve Program (CRP) are reported in thousands of U.S. dollars. (3) Annual total precipitation is reported in thousands of inches.




Table 2. Determinants of Farm Income Stability (Two-Stage Least Squares Estimates)

Stability Measures
Anomaly Variability

Absolute Downward Relative Downward Standard Coefficient of

Anomaly (ADA) Anomaly (RDA) Deviation (SD) Variation (CV)
Conservation Reserve Program -0.157" -0.023 -0.038" -0.038

(0.032) (0.029) (0.013) (0.029)
Crop Insurance 1.115™ 0.183 0.310"™" 0.244"

(0.152) (0.139) (0.058) (0.133)
Population Density -0.408" -0.289 -0.781"" -0.427"

(0.215) (0.198) (0.085) (0.192)
Annual Total Precipitation 0.404™" -0.092™ -0.043™ 0.047"

(0.027) (0.025) (0.011) (0.024)
Annual Average Temperature -0.002 0.005 -0.078"™" -0.088""

(0.007) (0.006) (0.003) (0.006)
Number of Observations 73526 73526 71460 71460

Note: County-level Conservation Reserve Program (CRP) participation and crop insurance intensity are measured as the logarithm of total CRP rental payments
and the logarithm of the premium subsidy per dollar of liability (PSPDL), respectively. Instrumental variable estimation is employed to address the endogeneity of
these measures. All models include a linear time trend and its squared term; however, their coefficients are omitted for brevity. Standard errors are reported in
parentheses. Asterisks denote statistical significance at the following levels: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3. Determinants of Resilience (Two-Stage Least Squares Estimates)

Resilience Measures

Absolute Relative
Resilience (AR) Resilience (RR)
Conservation Reserve Program 0.971°* -0.080
(0.290) (0.052)
Crop Insurance -0.630 -0.482"
(1.421) (0.258)
Population Density 0.883 -0.656"""
(1.651) (0.221)
Annual Total Precipitation -0.320 -0.171
(0.340) (0.109)
Annual Average Temperature 0.129 0.024™
(0.237) (0.005)
Number of Observations 8378 8442

Note: County-level Conservation Reserve Program (CRP) participation and crop insurance intensity are measured
as the logarithm of total CRP rental payments and the logarithm of the premium subsidy per dollar of liability
(PSPDL), respectively. Instrumental variable estimation is employed to address the endogeneity of these measures.
All models include a linear time trend and its squared term; however, their coefficients are omitted for brevity.
Standard errors are reported in parentheses. Asterisks denote statistical significance at the following levels: * p <

0.10, ** p < 0.05, *** p <0.01.
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Table 4. Robustness Checks: Determinants of Farm Income Stability (Panel Fixed Effect Estimates)

Stability Measures
Anomaly Variability

Absolute Downward Relative Downward Standard Coefficient of

Anomaly (ADA) Anomaly (RDA) Deviation (SD) Variation (CV)
Conservation Reserve Program -0.021™ 0.006 -0.025™ -0.006

(0.004) (0.006) (0.004) (0.009)
Crop Insurance 0.018 0.012 -0.036™" 0.003

(0.011) (0.018) (0.011) (0.023)
Population Density -0.573"* -0.204 -0.890™" -0.299

(0.148) (0.278) (0.199) (0.405)
Annual Total Precipitation 0.352™ -0.096"" -0.030" 0.034

(0.024) (0.022) (0.010) (0.021)
Annual Average Temperature -0.003 0.004 -0.075™ -0.085™"

(0.005) (0.006) (0.002) (0.006)
Number of Observations 81961 81961 79588 79588

Note: This table reports results from a simple panel fixed effects model, serving as an alternative to the two-stage least squares estimates presented in Table 2.
County-level Conservation Reserve Program (CRP) participation and crop insurance intensity are measured as the logarithm of total CRP rental payments and the
logarithm of the premium subsidy per dollar of liability (PSPDL), respectively. All models include a linear time trend and its squared term; however, their
coefficients are omitted for brevity. Standard errors are reported in parentheses. Asterisks denote statistical significance at the following levels: * p <0.10, ** p <
0.05, *** p <0.01.
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Table 5. Robustness Checks: Determinants of Resilience (Panel Fixed Effect Estimates)

Resilience Measures

Absolute Relative
Resilience (AR) Resilience (RR)
Conservation Reserve Program 0.172"* 0.011"
(0.040) (0.006)
Crop Insurance 0.052 -0.014
(0.104) (0.023)
Population Density -0.556 -0.196™"
(1.322) (0.067)
Annual Total Precipitation 0.126 0.005
(0.248) (0.039)
Annual Average Temperature 0.162™" 0.016™
(0.049) (0.003)
Number of Observations 9457 9472

Note: This table reports results from a simple panel fixed effects model, serving as an alternative to the two-stage
least squares estimates presented in Table 3. County-level Conservation Reserve Program (CRP) participation and
crop insurance intensity are measured as the logarithm of total CRP rental payments and the logarithm of the
premium subsidy per dollar of liability (PSPDL), respectively. All models include a linear time trend and its squared
term; however, their coefficients are omitted for brevity. Standard errors are reported in parentheses. Asterisks
denote statistical significance at the following levels: * p <0.10, ** p <0.05, *** p <0.01.
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Table 6. Robustness Checks: Determinants of Farm Income Stability (Two-Stage Least Squares Estimates using Three Year Moving

Averages)
Stability Measures
Anomaly Variability
Absolute Downward Relative Downward Standard Coefficient of
Anomaly (ADA) Anomaly (RDA) Deviation (SD) Variation (CV)
Conservation Reserve Program -0.304™" -0.143™* -0.067"" -0.065™
(0.030) (0.030) (0.015) (0.029)
Crop Insurance 0.285™ -0.157 0.242™ -0.090
(0.143) (0.145) (0.070) (0.138)
Population Density -0.901™* -0.618™" -0.835™ -0.791**
(0.204) (0.206) (0.100) (0.195)
Annual Total Precipitation 0.391™ -0.058™ -0.109"* -0.028
(0.026) (0.026) (0.012) (0.025)
Annual Average Temperature -0.026™" 0.006 -0.076™" -0.086™"
(0.007) (0.007) (0.003) (0.006)
Number of Observations 73526 73526 73524 73524

Note: All stability measures used as outcome variables in this table are computed using three-year moving averages, rather than the five-year moving averages
employed in the main results reported in Table 2. County-level Conservation Reserve Program (CRP) participation and crop insurance intensity are measured as
the logarithm of total CRP rental payments and the logarithm of the premium subsidy per dollar of liability (PSPDL), respectively. Instrumental variable estimation
is employed to address the endogeneity of these measures. All models include a linear time trend and its squared term; however, their coefficients are omitted for

brevity. Standard errors are reported in parentheses. Asterisks denote statistical significance at the following levels: * p < 0.10, ** p < 0.05, *** p <0.01.
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CHAPTER 2

Effects of Increasing Heat Incidence on U.S. Farm Profitability
Distribution

2.1 Introduction

This chapter investigates the distributional effects of increasing heat incidence on farm profitability
in the United States. farm profitability is increasingly threatened by the impacts of climate change
(Chambers & Pieralli, 2020; Nawaz et al., 2025). Increasing heat incidences have been shown to
reduce crop yields (Schuurman & Ker, 2025), place additional strain on critical resources such as
water and energy (Delarue et al., 2025), and drive up overall production costs (Chambers &
Pieralli, 2020; Misra, 2014; Smith et al., 2016). Together, these factors contribute to a decline in
farm profitability. While the negative consequences of rising temperatures for agriculture are well
documented (Burke & Emerick, 2016; Dall’erba & Dominguez, 2016; Deschénes & Greenstone,
2007; Hsiang et al., 2017; Schlenker & Roberts, 2009), much of the existing literature focuses on
estimating the “average” effects of temperature increases. This approach risks masking significant
disparities in vulnerability to climate change, as the impacts of rising temperatures vary
considerably across firms and agricultural regions (McCarl, 2025). To complement these studies
by providing a more holistic analysis, our study aims to estimate the distributional effects of

increasing heat incidence on farm profitability at the county level across the United States.

Increasing heat incidences can disproportionately harm farms with varying levels of farm
profitability, especially those with lower profitability. Low-profitable farms frequently lack the
financial, technological, and labor resources required to adapt to heat stress—for instance,
investments in irrigation systems, shade infrastructure, or heat-resilient crop varieties are often out
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of reach (Lacy et al., 2023; Mosheim & Lovell, 2009). Their higher per-unit production costs also
leave little financial buffer to absorb losses resulting from climate disruptions (Key, 2019).
Extreme heat further undermines labor productivity and exacerbates existing vulnerabilities
(Zhang et al., 2024). Additionally, inadequate storage capacity, limited adoption of precision
agricultural technologies, and transportation constraints can increase post-harvest losses in high-
temperature conditions (Srivastava, 2019). These farms also tend to adopt innovations such as
automated cooling systems, precision agriculture, or remote monitoring less rapidly, and may lack
systematic tracking of performance indicators needed for climate risk management (Sumner,
2014). Consequently, analyses focusing solely on the “average” effects of rising temperatures risk
overlooking the heightened challenges faced by less profitable farms or regions, underscoring the

importance of distributional approaches to climate impact assessment.

Existing literature extensively estimate the effects of increasing temperature or heat stress
on key metrics related to the farming sector, including (1) impacts on crop yields and livestock
production (Hutchins et al., 2025; Jacoby et al., 2015; Kawasaki & Uchida, 2016; Miller et al.,
2021; Ramsey, 2020; Roberts et al., 2013; Schlenker & Roberts, 2009; Schuurman & Ker, 2025;
Tack et al., 2012; Zhang et al., 2025), (2) influences on farm decision-making (Olen et al., 2016;
Ramsey et al., 2021; Sesmero et al., 2018; Wimmer et al., 2024), (3) consequences for farm
profitability (Deschénes & Greenstone, 2007; Kaiser et al., 1993; Lee, 2025; Maggio et al., 2022;
Mendelsohn & Nordhaus, 1999), (4) disruptions in agricultural markets (Lee, 2025; Maggio et al.,
2022; Maystadt & Ecker, 2014), and (5) effects on farm productivity and welfare (Baldos et al.,
2019; Chambers & Pieralli, 2020; Hill et al., 2024; Key & Sneeringer, 2014; Marshall et al., 2015;

Mayorga et al., 2025; Ortiz-Bobea et al., 2018). Our study differs from the existing literature in
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two key respects: it estimates the distributional effects of rising temperatures on farm profitability

and employs the revenue—cost ratio as a relative measure of farm performance.

First, previous research on climate and agriculture has focused primarily on the “average”
effects of rising temperatures. In contrast, to capture their distributional impacts we employ
Recentered Influence Function (RIF) regression which allows us to examine how a climate-
change-induced increase in the incidence of heat, or heat stress, affects not only the mean but also
different points of the outcome distribution, as well as its shape characteristics. While there have
been some attempts at measuring the effects of temperature beyond “on average”—e.g., Tack et
al. (2012) who analyze the effects on the first three moments of yields, or Malikov et al. (2020)
and Ramsey (2020) who model conditional quantile effects—our RIF-based approach to
estimating the effects heat stress on distributional statistics offers several distinct advantages with
important implications for spatial farm income inequality across the country. While quantifying
the usual “on average” impacts remains essential, such estimates provide only a partial picture of
climate change effects. Global warming affects farmers differently across the profitability
distribution, leading to changes not only in the mean but also in the overall shape of the
distribution—particularly its dispersion. Given the already uneven distribution of farm
profitability, accounting for this distributional heterogeneity is crucial for generating more accurate
picture of climate-induced damage and projections of future profitability losses under climate

change, allowing policymakers effectively targeting mitigation efforts.

Second, our study diverges from most existing research by using revenue-to-cost ratio to
measure farm profitability as the primary outcome variable, rather than traditional metrics such as
yield. Yield-based studies, while informative about biophysical impacts of heat stress, often miss

key economic factors such as market dynamics and cost structures. For example, declining yields

38



due to heat stress may not reduce farm revenue if crop prices rise, and higher yields do not always
mean greater profitability if oversupply reduces prices. Thus, yield alone fails to capture the full
economic impact. On the other hand, the revenue-to-cost ratio effectively captures both yield and
price effects simultaneously and is widely employed in the literature as a comprehensive measure
of farming sector performance (Sanchez et al., 2022). Moreover, unlike profit, which is an absolute
measure of revenue minus costs and varies greatly with farm size, we use a revenue-to-cost ratio
that normalizes for scale, enabling meaningful comparisons across counties of different sizes. This
ratio indicates how much revenue is generated per dollar of cost and is unitless, allowing for direct
comparison regardless of operation size. We also exclude government payments from revenue to
reflect pure market performance, as subsidies can distort profit measures. Additionally, profits can
be negative, complicating logarithmic transformations needed for elasticity interpretation. Using
the revenue-to-cost ratio as a relative measure overcomes these issues and offers a more
comprehensive metric that integrates both production and price considerations (supply and demand

sides, combined) to better assess the impacts of rising temperatures on farm performance.

We employ county-level data on farm revenue and production costs from 1969 to 2022 to
measure farm profitability. Farm revenue is further disaggregated into three primary sources: cash
receipts from marketing, federal government payments, and other imputed and miscellaneous
income. Our main analysis is based on cash receipts from marketing, while the latter two sources
are included in supplementary analyses to examine the role of government transfers and other
income in mitigating the financial impacts of rising temperatures. To quantify heat exposure, we
construct a discretized (using bins) within-growing-season frequency distribution of daily
maximum temperatures recorded between March and October, capturing the incidence of different

temperatures throughout the season while also permitting for nonlinearity in how heat stress affects
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farm outcomes. Then, we apply the RIF regression to estimate unconditional partial effects of heat
stress on key distributional statistics of farm profitability, including the mean, selected quantiles,

standard deviation, and inter-decile ratios.

Our research contributes to the understanding of how climate change affects farm financial
performance by providing both analytical insights and practical implications. First, we show that
increasing heat incidence reduces farm profitability, posing risks to agricultural financial stability.
While moderate temperatures (6°C—15°C) have little impact, profitability declines sharply at
temperatures below 6°C and, more critically, above 18°C. For example, at the median or 50th
percentile, for permanently relocating a day within a year from a moderate (12°C-15°C)
temperature to slightly higher temperature bin (21°C-24°C) reduces farm profitability by 0.09%,
equivalent to approximately $71,000 in average annual cash receipts under constant production
costs. Importantly, our distributional analysis shows that these effects are highly uneven: counties
with lower farm profitability are disproportionately vulnerable. An additional day of extreme heat
significantly reduces profitability among less profitable farms, with no measurable impact above
the median. At the 5th, 10th, and 20th percentiles, profitability declines by 0.8%, 0.5%, and 3%,
corresponding to annual losses of around $32,000, $56,000, and $72,000, respectively, under
constant production costs. Such heterogeneous responses are masked in mean-based analyses. By
capturing these disparities, our approach enables more precise identification of vulnerable regions

and supports the design of targeted, rather than one-size-fits-all, policy responses.

Our findings indicate that greater exposure to extreme heat increases both the dispersion
(standard deviation) and disparity (inter-decile ratio) of farm profitability, highlighting how
climate change amplifies uncertainty and inequality within the agricultural sector. Specifically,

each additional day of extreme heat raises the average dispersion of profitability by 2%, equivalent
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to a $308,000 increase in the standard deviation of annual cash receipts when production costs
remain constant. We also find that government support and non-agricultural income—such as
Conservation Reserve Program (CRP) payments, direct payments, and crop insurance
indemnities—play a significant role in cushioning these financial shocks, particularly for less
profitable counties. At the 5th, 10th, and 20th percentiles, these transfers offset average annual
losses by approximately $16,000, $33,000, and $41,000, respectively, under constant production

costs.

Finally, we conclude our analysis by incorporating projected temperature data from
multiple global climate scenarios for the period 2040-2059 to assess the future impacts of rising
heat stress on farm profitability. The projections indicate substantial declines in profitability among
counties in the lower third of the current distribution, while the most profitable counties remain
largely unaffected. For example, counties in the 30th—40th percentiles are projected to experience
profitability reductions of 2% to 24%, corresponding to declines of about $1.2 million to $14.3
million in average annual cash receipts under constant production costs. These findings point to
widening disparities in agricultural performance, with pronounced financial vulnerabilities in
already disadvantaged regions. Recognizing and addressing these vulnerabilities is essential for
maintaining the long-term stability of the agricultural sector and the resilience of farm finances

under climate change.

The remainder of the article is structured as follows: Section 2 presents the empirical
framework; Section 3 describes the data; Section 4 reports the empirical results; Section 5 projects
future damages from rising temperatures; Section 6 examines resilience to heat stress; Section 7

provides robustness checks; and Section 8 concludes.
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2.2 Empirical Framework

In this section, we discuss the concept of RIF regression proposed by Firpo et al. (2009) and lay

out the empirical framework of our analysis.

2.2.1 RIF Regression

The RIF regression is a method for assessing how a small location shift in the entire distribution
of the explanatory variable affects distributional statistics (i.e., functionals such as mean, variance,
quantiles, inter-quantile ratios, etc.) of the outcome variable’s marginal distribution. This is distinct
from the standard conditional mean regression, which—by design—facilitates the measurement
of the partial effect of the covariate only on the conditional mean of the outcome variable. The RIF
regression framework thus provides richer insights into heterogeneous impacts across the entire
outcome distribution. The method involves two steps: first, transforming each observation of the
outcome variable using the RIF for the functional of interest; second, regressing these estimated

RIF values on the explanatory variables.

To fix ideas, let Y be the outcome variable representing the log of farm profitability across
US counties with the corresponding cumulative distribution function Fy. Let X be the covariate
vector of | weather variables, with Fy representing its joint distribution. Given the conditional
distribution function Fy x(-), which completely describes the relationship between Y and X, the

marginal (unconditional) distribution function of Y can be written as

F0) = [ sl X = 0dF ). (1)
Letting v = v(Fy) represent an unconditional distributional statistic—say, a quantile—of

the farm profitability, our objective is to estimate the effect on it of a small location shift in the

42



distribution of weather, from Fy to Gy, holding the relationship between Y and X unchanged.
Heuristically, of interest is the rate of change in v:

_ v(Gy) = v(Fy)

A ,
TG —F

(2)
where Gy (y) = | Fyix(y] X = x)dGx (x) is a counterfactual outcome distribution resultant from

the shift Fy — Gy, assuming that Fy |y stayed unaffected.

If the change in the outcome distribution Fy — Gy is an infinitesimally small perturbation,
the quantity in equation (2) effectively becomes the directional derivative used for defining
influence functions (IFs) that measure robustness of functionals to outliers. Specifically, redefining
Gy as a mixing distribution Gy = (1 — €)Fy + €H,, with 0 < € < 1, where H,, is a distribution that
only puts mass at the value y (the outlier), the analogue of (2) in the limit is a one-sided Gateaux
derivative:

- v ((1 —e)Fy + eHy) —v(Fy)

e—>0*t €

= IF(y;v, Fy), 3)
where we recognize in the denominator that, for a small mixing parameter €, the shift F,, = Gy is
just €. The above equation defines the IF that describes the effect of an infinitesimal perturbation

of Fy at the value y on the distributional statistic v.

Firpo et al.’s (2009) key insight is in proposing to work with the recentered influence
function (RIF) defined as RIF(y; v, Fy) = v(Fy) + IF (y; v, Fy) which, conveniently, gives the

chosen distributional statistic v(Fy) when averaged over the distribution of Y

E[RIF(Y;v,Fy)] = [ RIF(y; v, Fy)dFy(y) = v, 4)

because it can be shown that [ IF (y; v, Fy)dFy(y) = 0 by definition, and it is also obvious that

[ v(Fy)dFy(y) = v. The property in (4) is useful because it facilitates the measurement of any
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distributional statistic v as an expectation. Furthermore, it enables us to make use of the law of
iterated expectations, which is how one can introduce regressors into the consideration. Recall, our
interest is in measuring Av not due to any change in the marginal outcome distribution Fy, — Gy
but that in response to Fy — Gy. Recognizing that Fy(y) = ny|X(y| X = x)dFx(x) and

substituting for it in (4), we have

dFy(y)
v(Fy) = [ RIF(y; v, Fy)) [ dFyix(y| X = x)dFx(x)

= ff RIF(y; v, Fy) dFy|X(y| X = x)dFx(x)

= j E[RIF(Y; v, Fy)| X = x] dFyx(x), (5)
m(X)

where E[RIF(Y; v, Fy)| X = x] is an “RIF regression,” i.e., a mean regression of RIF (Y; v, Fy) on

covariates X denoted as some conditional expectation function m(X).

2.2.2 UPEs

Equation (5) indicates that any distributional statistic can be obtained by averaging the conditional
(on X) expectations of the RIF of Y over the distribution of regressors. More importantly, it
facilitates the measurement of unconditional partial effects (UPE) of a small location shift in the

distribution of covariates Fy on the distributional statistic v of Y as the average derivative of an

v(Gy)—v(Fy) per

RIF regression. Namely, we are after the marginal change in v—the derivative H%‘+ -
€

equation (3)—resulting from the change Fy — Gy. Then, consider a small location shift €
triggering the said change in the covariate distribution. Informally, using the relationship

established in (5), we then have
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. v(Gy) —v(Fy) | E[mX+e)] - E[mX)] . m(X+e) —m(X) dm(X)
lim = lim = E [lim ]z[E[ .
€—0 € €—0 € €—0 € ax

Thus, we have that the UPE of a small location shift in the jth regressor’s distribution on the v

functional of the distribution of Y is (also see Corollary 1 in Firpo et al. (2009))

dFy(x). (6)

UPE(v), = E dE[RIF(Y; v, Fy)|X = x ]l _ deE[RIF(Y; v, F)IX = x]

dX dX
To emphasize, this partial effect of shifting the regressor distribution is “unconditional” because it
measures the resultant change in a statistic that describes the marginal—not the conditional—
distribution of the outcome variable. This is achieved via integrating over the joint distribution of

covariates, as is apparent from equation (6).

From (5)-(6), it follows that, to estimate the UPE of the increasing heat stress on the selected
distributional statistic v of farm profitability Y, we need to estimate the corresponding RIF
regression of RIF (Y, v, Fy) on X. If the latter is a linear approximation, as suggested by Firpo et

al. (2009), then marginalization over of Fy to identify UPE(v); becomes a moot point as

dE[RIF(Y;v,Fy)|X=x]

ax;

is just a constant. The use of a linear projection for RIF regressions is also
opportune because it allows controlling for confounders via fixed effects.

Concretely, let i denote the county and t denote the year. Drawing on Zhang et al. (2024),
for a v of choice we run the following fixed-effect RIF regression of the log farm profitability on

weather variables using the estimated RIF (Y;;, v, Fy) series instead of “raw” Y;;:

RIF (Y, v, Fy) = X, B+ ai+ A + &, (7
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where a; and A; are the county and year fixed effects, respectively. The error term &;; is
Ele;:|1Xie, aiy At] = E[g;:] = 0 under the quasi-random exogeneity of the within variation in

weather. Taking expectations of both sides of the equation (7), we get
E[RIF (Y, v, F) 1 = E[Xie] B+ a0+ Ao, (8)
where @, and A, are respective means of fixed effects. Suppose the X; element of X represents the

overheat degree days (=36°C) with fB; being the corresponding coefficient. Since

E[RIF (Y;;, v, Fy) | = v, it is then immediate from equation (8) that

_ 0v(E) _ v(F)
)T OB Xyl ow, )

whereby the ; coefficient in the RIF regression measures the UPE of a location shift in the

overheat degree days distribution (the permanent shift in the population mean of X;, ,qu) on an

unconditional distributional statistic of the log farm profitability v(Fy).

2.2.3 RIF’s of Selected Distributional Statistics

We consider four distributional statistics (v) of the farm profitability to estimate the effects of the
increasing heat stress incidence. These are: (i) mean uy = E[Y;]; (i) tth quantile g, =
inf{q: Fy(q) = t} for selected = €(0,1); (iii) variance % = E[(Y;; — n)?]; and (iv) selected inter-

quantile ratios q;,/q.,. The RIFs of these distributional statistics are as follows:

Mean RIF (Y; py, Fy) = Yo, (10)

T+ l{ylt < q‘[}

RIF(Yy; g, Fy) = q, + ,
it q‘[ Y q‘[ fy(qr)

(1D

tth quantile

Variance (%) RIF (Yy; 0%, Fy) = (v — uy)?, (12)
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T, +1 {Yit < qT2}>
(q‘fz " fY(qu)

71+ 1 {Yit < qf1}>.
<qT1 * fY(qT1)

Equation (10) shows that the mean of RIF for any value of Y;; is simply itself, unsurprisingly

Inter-quantile ratio (qﬁ) RIF (Yit; Gzyr ey Fy) = (13)

T1

implying that the RIF regression for the mean collapses to the standard conditional mean model.
Moreover, fy is the probability density function such that fy (y) = dFy(y)/dy; 1{:} is an indicator

function.

2.3 Data

2.3.1 Outcome Variables

Our primary outcome variable is the farm profitability, calculated by dividing total revenue by
total production costs. We obtain county-level data on farm revenue and production costs from the
US Bureau of Economic Analysis (BEA). The BEA categorizes farm revenue into three main
sources: cash receipts from marketing, federal government payments, and other imputed and
miscellaneous income. For our main analysis, we define farm revenue using only cash receipts
from marketing. This category exclusively includes income generated from the sale of agricultural
products, encompassing crops, livestock, and related products. To explore how other income
sources can mitigate financial damage from rising temperatures, we also calculate farm
profitability considering farm revenue from other two sources including federal government

payments and the imputed and miscellaneous income.

Federal government payments to farmers consist of various forms of support, such as
deficiency payments from price support programs for specific commodities, disaster relief

payments, conservation payments, and direct payments. Imputed and miscellaneous income
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comprises several elements: the imputed market value of food produced and consumed on farms
(home consumption), indemnity payments (benefits) from crop insurance, and income from other
farm-related activities. These farm-related activities can include revenue from recreational uses of
farmland (e.g., hunting or fishing), the sale of forest products, and custom work performed for

other farm operators, like land clearing or crop harvesting.

Farm production costs at the county level encompass a broad range of expenditures,
including the purchase of feed, livestock and poultry, seed, fertilizer, agricultural chemicals and
lime, and petroleum products. These costs also include labor expenses, which consist of payments
to farm labor contractors as well as cash wages, pay-in-kind compensation, and wage supplements
provided to hired labor. Additional expenditures cover machinery rental, custom work, and animal
health services. A significant portion of total costs is categorized as "all other expenses," which
primarily includes estimates of overhead such as depreciation, mortgage interest, property taxes,
and utility costs, including electricity and telephone services. To ensure consistency with its own
definitions and classifications, the BEA adjusts the U.S. Department of Agriculture’s state-level
estimates of production expenses, particularly to account for methodological differences in the

treatment of depreciation.

Table 7 presents the summary statistics for farm profitability across all three sources of
farm revenue. The data indicate that the mean farm profitability is 1.05 when only cash receipts
from marketing are considered. This average increases slightly to 1.11 when federal government
payments are included. When all three revenue sources—cash receipts from marketing, federal
government payments, and other imputed and miscellaneous income—are taken into account, the
mean farm profitability rises further to 1.20. Table A.1 in the Appendix reports the mean and

selected quantiles of farm income and production costs. Figure A.1 in the appendix maps farm
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profitability across U.S. counties, while Figure A.2 presents farm profitability trends across U.S.
regions over time. Together, these figures reveal substantial spatial and temporal variation in farm

profitability.

2.3.2 Explanatory variables

Our key in outcome variables consist of 16 non-overlapping temperature bins, derived from data
on daily maximum temperature, and annual total precipitation by county. We obtain both these
weather variables from the PRISM climate group. We use daily maximum temperatures to measure
the heat exposure of a county's farming activities for two key reasons. First, they serve as a reliable
proxy for heat exposure, as existing literature consistently demonstrates that extreme weather, not
just average conditions, significantly harms agricultural outcomes (Schlenker & Roberts, 2009).
Second, and crucially, daily averages can obscure brief yet biologically critical episodes of extreme
heat. Since crop damage and livestock stress are primarily driven by short-term thermal spikes
(Teixeira et al., 2013), daily maximum temperatures provide a more accurate and relevant measure

of agricultural heat exposure than smoothed daily averages.

To allow for non-linear effects of temperature, we divide the temperature distribution into
16 bins, each spanning a 3°C range. These bins range from extreme cold to extreme heat, such as
(-00, —=6°C], [-6°C, —3°C), [-3°C, —0°C), up to [36°C, +x). For each bin, we calculate the number
of days during the growing season (March to October) in which the maximum daily temperature
falls within that range. We also control for precipitation in our analysis by including both the annual
total (measured in centimeters) and its square. Summary statistics for all variables are presented in
Table 7. Among the temperature bins, the [27°C, 30°C) range records the highest average number

of days during the growing season (42.21), while the extreme cold bin (—o0, —6°C] has the lowest
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average at just 0.33 days. The average total precipitation during the growing season is 714.91

centimeters.

Finally, to quantify potential impacts of increasing temperature on the farm profitability in
the near to medium future, we obtain projected future climate data (2040-2059) from the
Multivariate Adaptive Constructed Analogs dataset. We use data generated by two global climate
models: HadGEM2-ES365 and NorESM1-M. The former (latter) model represents the prediction
of the largest (lowest) temperature increases among a host of global climate models (Warszawski
et al., 2014). Moreover, each model projects climate data under two greenhouse gas representative
concentration pathways RCP4.5 (medium warming scenarios) and RCP8.5 (the warmest scenario).

Summary statistics for the future climate data are provided in Tables A.3.

2.4 Empirical Results

Our main empirical results present RIF-regression-based UPEs of growing-season weather
variables on various distributional statistics of the log of farm profitability. In our context, these
UPEs measure the impact of a marginal increase in the long-run mean of within-growing season
overheat incidence, driven by a permanent shift in the entire temperature distribution from low- to
high-temperature days (given that the total number of days in a year is fixed). While we model
temperature using 16 non-overlapping bins to capture the full nonlinear relationship between
temperature and the outcome distribution, our primary regressor of interest is the count of days in
the highest temperature bins that measures the incidence of heat stress. This focus reflects the
growing evidence that extreme heat—particularly, temperatures above key physiological or
agronomic thresholds—can have disproportionately negative impacts on livestock health, labor

productivity, and crop yields (Malikov et al., 2020; Schlenker & Roberts, 2009; Zhang et al., 2024).

50



2.4.1 Effects on Mean and Quantiles of Farm Profitability

Figure 5 illustrates the estimated temperature effects of permanently reallocating one growing-
season day from the reference (omitted) temperature bin of [12°C, 15°C) to each of the other
temperature bins shown along the horizontal axis, for both the mean and selected quantiles of the
unconditional farm profitability distribution. Panel (a) displays the estimated unconditional partial
effects (UPEs) using circular bubbles at various percentiles of profitability, while the solid black
line traces the corresponding impacts on mean farm profitability. Filled bubbles indicate
statistically significant UPEs at the 5% level, and unfilled bubbles represent statistically
insignificant estimates, regardless of their sign or magnitude. The two colors distinguish quantile-
specific effects, where green represents positive UPEs and purple represents negative ones. The
variation of UPEs across the profitability distribution, often diverging from the mean effect,
reveals substantial distributional heterogeneity in temperature impacts. This underscores the
limitation of relying solely on average estimates—as is common in climate change impact
assessments—which can mask critical differences in how farms positioned differently within the
profitability distribution respond to temperature changes. The figure further shows that the adverse
effects of overheating incidents on farm profitability intensify with higher temperatures,
highlighting the sharp contrast between low- and high-temperature conditions.

Panel (b) reports these same estimated temperature effects in a matrix format. It confirms
that the most severe adverse impacts of extreme heat are concentrated in the lower quantiles of the
profitability distribution (bottom right of the figure) and diminish as profitability increases.
Although some negative effects of extreme cool temperatures appear in higher quantiles,
overheating primarily undermines low-profitable counties, thereby exacerbating income inequality

within the farming sector. The corresponding point estimates are reported in Table 8.
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Figure 6 compares the differential impacts of rising heat incidence on the bottom and top
vigintiles of the farm profitability distribution. It plots the UPEs of temperature on the mean and
on the lowest and highest 5% (bottom and top vigintiles) of profitability. The results show that
permanently reallocating a growing-season day from a moderate (12°C—15°C) temperature range
to higher temperature bins above 30°C negatively affects profitability primarily among counties
in the bottom vigintile. In contrast, counties in the top vigintile appear less vulnerable, likely due

to their use of climate-resilient practices or inputs.

2.4.2 Effects on Variance and Inter-Decile Ratio

The diverse effects of rising temperatures across different quantiles, as reported in Figure 6,
motivate an investigation into their impact on the variance and inter-decile ratios (IDR) of farm
profitability. To assess the extent to which increasing temperatures influence profitability
dispersion, we analyze both its standard deviation and inter-decile ratio. Figure 7 illustrates how
shifts in the temperature distribution affect these dispersion measures. Our results indicate that
more frequent hot days significantly exacerbate farm profitability dispersion. Given that farm
profitability varies across both space and time, an increase in overheating episodes widens this
dispersion along both spatial and temporal dimensions. For example, permanently reallocating a
single growing-season day from the moderate [12°C, 15°C) temperature range to an extreme heat

day (=36°C) raises the variance by 0.21% and the inter-decile ratio by 1.89%.

2.4.3 Role of Government Payments and Other Income

To assess how government payments and other income sources mitigate the financial impact of
rising temperatures, we incorporate these additional income streams into farm revenue, alongside
cash receipts from marketing activities. We then recalculate farm profitability and estimate the

effects of increasing temperature. This allows us to compare the impact of heat exposure on farm
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profitability under three distinct revenue scenarios: (1) cash receipts only, (2) cash receipts plus
government payments (including CRP and direct payments), and (3) total income, which includes
cash receipts, government payments (CRP, direct payments, and crop insurance indemnity
payments), and other nonfarm income.

This approach has several advantages. First, cash receipts alone do not capture the full
financial picture of farms, while government payments and nonfarm income often serve as critical
safety nets during extreme weather events. Including these additional income streams offers a more
accurate assessment of how farms withstand climate stress. Second, support programs such as the
Conservation Reserve Program (CRP), direct payments, and crop insurance are designed to help
farmers cope with economic and environmental shocks. By incorporating these programs into our
analysis, we can better evaluate their effectiveness in mitigating the adverse effects of climate
change on farm performance. Finally, comparing multiple revenue definitions ensures our
conclusions about the relationship between rising temperatures and farm profitability are robust,
thereby enhancing the credibility and policy relevance of our findings.

Figure 8 demonstrates that government payments and non-farm income substantially
mitigate the negative financial effects of heat stress on less profitable counties, thereby enhancing
their resilience to rising temperatures. Figure 9 further illustrates how these additional income
sources affect the dispersion of farm profitability across the three revenue scenarios. While higher
temperatures significantly increase variability in farm profitability—as shown by the red boxes—
incorporating government payments and non-farm income notably reduces this variability, as
indicated by the lower green boxes. Since greater standard deviation reflects increased dispersion,
these financial supports help stabilize the farming sector by dampening fluctuations in farm

profitability. Detailed point estimates of these effects are presented in Tables 9 and 10.
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2.5 Projected Future Damage of Temperature Increase (2040-2029)

To examine how future climate change would affect farm profitability, we use climate forecasts
for the mid-century (2040-2059) to predict the future distribution of farm profitability at different
percentiles. The difference between these projections and historical estimates from 1969-2022
measures the expected impact of a warming climate. Figure 10 presents the historical farm
profitability estimates from 1969-2022 and their corresponding future projections for 2040-2059,
using two global climate models—HadGEM2-ES365 and NorESMI1-M—under medium
(RCP4.5) and high (RCP8.5) emission scenarios. Our analysis predicts that rising temperatures
will cause most of the farm profitability distribution to shift downward (towards further negative)
in the future. As counties with lower farm profitability suffer more from severe climate impacts,
the gap between historical and forecast unconditional partial effects widens as a county’s
profitability rank falls. On the contrary, the most profitable counties are expected to remain largely
unaffected. This indicates that cross-county inequality in farm profitability is expected to increase
as the climate continues to warm.

Table 11 quantifies the projected decline in farm profitability or the distances between the
historical distribution and its future forecasts in Figure 10, providing estimated values with their
statistical significance. Compared to historical levels (1969-2022), farm profitability for the
bottom 30-40 percentile is estimated to decline by 1.7% to 23.5% by the mid-century, varies based
on global climate projections and the position in farm profitability distribution. Therefore, it is

clear that the least profitable counties are to experience the largest declines.

2.6 Resilience to Heat Stress

To investigate how US agriculture has adapted to rising temperatures over time, we divide our

sample into two periods: 1969-1999 and 2000-2022, and re-estimate our model separately for
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each interval. We then compare the unconditional partial effects from both periods to assess
whether the influence of temperature extremes on farm profitability has intensified or diminished.
Our working hypothesis is that negative impacts from heat stress could decrease over time if
adaptation strategies have successfully bolstered resilience, or conversely, become more
pronounced if maladaptation has occurred. This analysis provides valuable insight into the

evolving resilience of US agriculture in the face of climate change.

Figure 11 illustrates how the unconditional partial effects of temperature on farm
profitability have shifted over time. This figure compares the estimated effects between the earlier
period (1969—-1999, shown as orange dots) and the more recent period (2000-2022, shown as blue
dots), examining both the mean and various quantiles of farm profitability. Across the mean and
nearly all quantiles, we observe a marked decline in resilience, as evidenced by a downward shift
in the unconditional partial effects—from positive or neutral in the earlier period to more negative
in the later period. In other words, the blue dots (later period effects) consistently indicate stronger
negative impacts. Taking statistical significance into account, Figure 12 further corroborates this
trend, demonstrating that, over time, US counties have generally become less resilient to

temperature increases across the entire distribution of farm profitability.

This diminished resilience likely results from several intertwined factors. First, the
increasing frequency and severity of extreme heat and cold events are outpacing current adaptation
efforts, compounded by resource degradation and shifts in farming practices that reduce flexibility
(Ouyang et al., 2023; Smith et al., 2016). Second, because farm profitability is calculated solely
on revenue from marketing operations and does not account for government payments, the
observed trends might reflect an increasing, albeit hidden, dependency on government support

programs rather than an intrinsic growth in farm resilience (Meuwissen et al., 2019). This suggests
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that without such external aid, the true operational vulnerability could be even greater. Third,
policy tools like crop insurance may unintentionally discourage proactive risk management (Wu
et al., 2020). Finally, uneven technological adoption across counties means that while some areas
adapt effectively, lagging regions drive the overall decline in resilience (Sumner, 2014). Together,
these factors suggest many counties—especially those with lower initial profitability—face
increasing vulnerability, highlighting the urgent need for targeted, effective climate adaptation

strategies.

2.7 Robustness Checks

A potential concern arises because our primary estimates are based on weather variables measured
solely during the growing season (March to October), yet livestock production revenue is
influenced by year-round conditions. To address this issue and test the robustness of our results,
we replicate our main analysis using climate variables computed over the entire year instead of
just the growing season. Importantly, our key findings regarding the relationship between
temperature increases and farm profitability remain consistent when using year-round weather

data.

Figure B.1 in the appendix illustrates the unconditional partial effects of temperature on
both the mean and quantiles of farm profitability, further supporting our principal conclusions.
Panel (a) displays how shifting a single day from the base temperature range [12°C—15°C) to other
bins affects different percentiles of farm profitability. Consistent with our main results, the effect
is generally insignificant for moderate temperatures (3°C—15°C). However, both cold days (below
3°C) and comparatively hot days (above 18°C) are associated with declines in profitability across
most percentiles, highlighting a stronger negative impact with increasing temperature extremes.

Panel (b) corroborates this pattern across the entire distribution of profitability. Figure B.2 presents
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the unconditional partial effects of temperature on the central tendency (mean) and the tails (5th
and 95th percentiles) of farm profitability. Figure B.3 examines how temperature affects the
dispersion of profitability, including both the standard deviation and the inter-decile ratio. Across
all these figures, the results closely mirror those from our primary estimations, reinforcing the

robustness of our key findings. The underlying point estimates are provided in Table 12.

2.8 Concluding Remarks

Maintaining high farm profitability is crucial for ensuring long-term agricultural sustainability in
the face of climate change (Bojnec & Latruffe, 2008; Hansson & Ohlmér, 2008). Numerous studies
estimate the effects of rising temperatures on agricultural outcomes. While existing literature
extensively documents the detrimental effects of climate change on agricultural systems, most
studies focus predominantly on "on average" impacts of increasing temperature. To address the
limitations of average-effect studies that mask location disparities, we estimate the distributional
effects of increasing heat on U.S. farm profitability. Using 16 temperature bins and recentered
influence function regression on county data (1969-2022), we find significant heterogeneity across
profitability percentiles. Permanently shifting one day from moderate (12—-15°C) to extreme
(=36°C) temperatures reduces profitability significantly in lower quantiles (up to 0.8%) but not in
upper quantiles. Government payments mitigate financial losses in vulnerable farms. Projections
indicate a 2%—24% decline in profitability for the bottom 30-40% by mid-century (2040-2059),

underscoring the need for targeted support

Our research yields several pivotal insights with considerable economic and policy
implications. We confirm a statistically significant decline in the average farm profitability as heat
incidences increase, aligning with broader climate impact assessments. More critically, our

distributional analysis reveals that counties characterized by lower farm profitability are
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demonstrably more vulnerable to the financial strain imposed by extreme heat. This finding
suggests a potential widening of the profitability gap between high-performing and economically
struggling agricultural regions. Furthermore, extreme heat events contribute to heightened farm
profitability variability, particularly for less profitable counties, thereby introducing increased

financial uncertainty that can impede critical investment and jeopardize long-term sustainability.

Effective climate change adaptation, rather than altering future climatic conditions, aims
to modify agricultural operations to enhance their performance under evolving environmental
realities (McCarl, 2025; Miao & Malikov, 2025). The existing literature identifies several
empirically supported mechanisms for adapting to the deleterious effects of increasing
temperatures (Miao & Malikov, 2025). One prominent category is regenerative agriculture, where
numerous studies underscore the benefits of practices such as cover cropping (Aglasan et al.,
2024), double cropping (Gammans et al., 2025; Kawasaki, 2019), optimized beef rotation systems
(Brokken, 1971), and broader conservation agriculture principles (Tambet & Stopnitzky, 2021) as
effective adaptation strategies that foster soil health and improve systemic resilience. Another
crucial avenue is climate-smart agriculture, which encompasses a range of innovative approaches
including microclimate engineering designed to reduce heat stress (Trilnick & Zilberman, 2021),
strategic allocation of land among optimal crop-technology bundles to maximize profits (Kaminski
et al., 2013), precise adjustments to growing season timings (Cui & Xie, 2022), and enhancing the
resilience of irrigated agriculture through access to multiple water sources (Mukherjee & Schwabe,
2015).

Looking forward, our projections for mid-century (2040-2059) paint a stark picture: we
predict a substantial and disproportionate decline in farm profitability, particularly for the bottom

40 percent counties in the farm profitability distribution. While top-performing counties are
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projected to remain relatively unaffected, low-performing counties could experience a severe
decline of up to 24% relative to historical levels. These findings underscore the urgent imperative
for proactive and multifaceted climate adaptation strategies to ensure the long-term viability and
equitable growth of the US agricultural sector. To address these projected challenges and foster
resilience, we recommend several critical policy directions.

To mitigate the projected negative impacts on farm profitability, particularly among
vulnerable agricultural regions, robust policy support is essential. Experts advocate for reducing
barriers to effective climate change policies (Vu, 2025) and significantly increasing funding for
research and development specifically aimed at mitigating climate change impacts (Hendricks,
2018). Furthermore, enhancing market and supply chain adaptation through strategies that
facilitate interstate trade and strategic agricultural supply relocation can help reduce the negative
ramifications of future climate change effects by enabling regions to specialize or shift production
(Dall’Erba et al., 2021; Henry, 2023).

Investment in technological and agronomic innovation is also paramount. Empirical
studies indicate the positive effects of biotechnology adoption (Goodwin & Piggott, 2020) and
highlight the necessity of increasing incentives for other advanced climate change adaptation
methods, such as soil carbon sequestration (Antle & Diagana, 2003). Finally, the development and
refinement of sophisticated risk management tools, particularly insurance products based on
specific weather conditions, are well-documented in the existing literature as crucial mechanisms
to help producers mitigate future damages stemming from increasing temperatures and extreme
weather events (Barnett & Mahul, 2007; Belasco et al., 2020). By strategically investing in and

diligently implementing these adaptive and mitigating measures, policymakers can significantly
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contribute to ensuring that the US agricultural sector remains productive, resilient, and equitable

in the face of an increasingly uncertain climate.
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Figure 5. Unconditional Partial Effects of Temperature on Mean and Quantiles of Farm
Profitability.

Note: Graph (a) shows estimates of unconditional partial effects (UPEs) of permanently relocating a day within a year
from a [12°C, 15°C) temperature interval (reference bin) to another bin. Bubbles depict UPEs on different quantiles
of farm profitability and are filled with solid color if they are statistically significant at 5% significance level. The
solid black line, with a 95% gray-shaded confidence band, corresponds to UPEs on the mean. Graph (b) summarizes
how temperature affects farm profitability across its entire distribution. The color-coded matrix plots the UPEs
according to their sign, size and statistical significance at the 5% level. All statistically insignificant estimates
(regardless of their sign and size) are shown using gray color.
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Figure 6. Unconditional Partial Effects of Temperature on Centrality and Tails of the Farm
Profitability Distribution (x100).

Notes: The red (blue) line with a 95% shaded confidence band around it shows the estimates of unconditional partial
effects on the 5th (95th) farm profitability percentile of permanently relocating a day within a year from a [12°C,
15°C) temperature interval—the omitted reference bin—to each one of the other temperature bins on the horizontal
axis. The black line shows the corresponding effects on the mean of farm profitability.
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Figure 7. Unconditional Partial Effects of Temperature on Dispersion of the Farm Profitability
Distribution (x100).

Note: Plotted are the estimates, along with 95% confidence bands, of unconditional partial effects on (a) the standard
deviation and (b) the inter-decile ratio of farm profitability resulting from permanently relocating a day within a year
from a [12°C, 15°C) temperature interval—the omitted reference bin—to each one of the other temperature bins on

the horizontal axis.
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Figure 8. Unconditional Partial Effects of Top Three Temperature Bins on Farm Profitability

with and without Government Payments

Note: Red bars represent the estimates of Unconditional Partial Effects (UPEs) when farm profitability is calculated
using revenue that includes only cash receipts without any government payments. Blue bars represent the estimates
of UPEs when farm profitability is calculated using revenue that includes cash receipts, CRP, and direct payments.
Finally, green bars represent the estimates of UPEs when farm profitability is calculated using revenue that includes
cash receipts, CRP, direct payments, indemnity payments, and other incomes. All statistically insignificant estimates
(regardless of their sign and size) are shown using gray color.
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Figure 9. Unconditional Partial Effects of Temperature on Standard Deviation of Farm
Profitability with and without Government Payments

Note: Red boxes represent the estimates of Unconditional Partial Effects (UPEs) when SD of farm profitability is
calculated using revenue that includes only cash receipts without any government payments. Light red boxes
represent the estimates of UPEs when SD of farm profitability is calculated using revenue that includes cash
receipts, CRP, and direct payments. Finally, green bars represent the estimates of UPEs when SD of farm
profitability is calculated using revenue that includes cash receipts, CRP, direct payments, indemnity payments, and
other incomes. All statistically insignificant estimates (regardless of their sign and size) are shown using gray color.
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Figure 10. Historical and Projected Farm Profitability Distributions
Note: Reported are historical quantiles of the 1969-2022 farm profitability and their 2040-2059 analogues predicted
using two global climate models—HadGEM2-ES365 and NorESM1-M—and two scenarios: medium (RCP4.5) and

the warmest (RCP8.5).
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., 90th, 95th percentiles of farm profitability estimated using 1969-1999 (2000—2022) sub-samples. The

Note: Orange (teal) solid dots show estimated unconditional partial effects of temperature on the mean and the 5th,

Figure 11. Temporal Shifts in Unconditional Partial Effects of Temperature on the Mean and
10th, 20th, ..

Deciles of Farm Profitability from 1969-1999 to 2000-2022 (x100)

omitted reference temperature bin is [12°C, 15°C).
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Figure 12. Temporal Differences in Unconditional Partial Effects of Temperature on the Mean
and Deciles of Farm Profitability from 1969-1999 to 2000-2022 (x100)

Note: The matrix summarizes difference in unconditional partial effects of temperature on the mean and the 5th, 10th,
20th, ..., 90th, 95th percentiles of farm profitability estimated using 1969-1999 (2000-2022) sub-samples. Estimated
differences are color-coded based on their sign, size and statistical significance at the 5% level. Red (green) colors
indicate diminished (increased) resilience over time. Regardless of their sign and magnitude, all statistically
insignificant differences are shown using the same shade of gray. The omitted reference temperature bin is [12°C,

15°C).
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Table 7. Chapter 2: Summary Statistics

Mean 10th Pctl. Median 90th Pctl. SD
Outcome Variables
Farm Profitability I 1.05 0.75 1.04 1.33 0.29
(Based on Revenue from Cash Receipts Only)
Farm Profitability I1 1.11 0.81 1.10 1.39 0.29
(Based on Revenue from Cash Receipts, CRP and Direct Payments)
Farm Profitability I1I 1.20 0.92 1.18 1.46 0.29
(Based on Revenue from Cash Receipts, CRP, Direct Payments, Crop
Insurance, and Other Incomes)
Explanatory Variables
T.>36°C 6.89 0.00 0.00 22.00 14.98
Ti€[33°C, 36°C) 21.35 0.00 16.00 52.00 20.65
T,€[30°C, 33°C) 38.28 10.00 37.00 66.00 21.97
T,e[27°C, 30°C) 42.21 26.00 42.00 59.00 13.19
Ti€[24°C, 27°C) 35.76 24.00 35.00 49.00 10.08
T,e[21°C, 24°C) 2791 17.00 28.00 39.00 9.16
T,e[ 18°C, 21°C) 21.45 10.00 22.00 32.00 9.27
T,e[15°C, 18°C) 16.36 5.00 16.00 27.00 9.04
T,e[12°C, 15°C) 12.14 2.00 12.00 23.00 8.25
T.e[9°C, 12°C) 8.58 0.00 8.00 18.00 6.97
Tie[ 6°C, 9°C) 5.88 0.00 5.00 14.00 5.70
Ts€[3°C, 6°C) 3.94 0.00 2.00 11.00 4.72
T,e[0°C, 3°C) 2.38 0.00 1.00 7.00 3.55
Tie[-3°C, 0°C) 1.09 0.00 0.00 4.00 2.08
Tie[-6°C, -3°C) 0.47 0.00 0.00 2.00 1.21
T,<-6°C 0.33 0.00 0.00 1.00 1.23
Annual Precipitation (Growing Season) 714.91 314.24 736.46 1049.52 276.25

Note: County-level farm profitability is measured using the annual total revenue divided by total production costs (in thousands of dollars). Three
measures of revenue are used to calculate farm profitability. First, revenue only includes cash receipts from crops and livestock. Second, revenue
includes cash receipts, Conservation Reserve Program (CRP), and direct payments. In the final calculation, revenue includes cash receipts, CRP,
direct payments, crop insurance, and other farm incomes. Summary statistics of these revenue measures and total production costs are presented
in the Appendix (Table A.1). Temperature bins measure the count of days within the growing season a year (from March to October) on which daily
maximums in a county (T,) fell within each one of non-overlapping temperature bins. Annual precipitation in the growing season is measured in
cm. Historical weather data come from the PRISM Climate Group.
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Table 8. Unconditional Partial Effects (UPEs) of Temperature on Distributional Statistics of Farm Profitability (x100)

Operational Ef ficiency = log (

Total Revenue
Total Costs

) where Total Revenue = Cash Receipts from Crops and Livestock Marketing

Variable Mean Q(5) Q(10) Q(20) Q(30) Q(40) QG0 Q60)  Q(70)  Q(80)  Q(90) Q(93) SD IDR
T,>36°C 0.162%% | -0.755%*  -0.525%*  -0.288%*  -0.147%*  -0.088* 0.043  -0011 0013  0.021 0.017 0.012 | 0214%*  1.890%*
Ty € [ 33°C, 36°C) 0.108** | -0.403** 0308  -0.202%*%  -0.123**  -0.080* 0.041  -0.002 0015 0014  -0.009 20.015 | 0.134%%  1.178%*
Ty e[ 30°C, 33°C) 20.059% | -0361%*  0.244%  0.157%*  -0.084* -0.043 20.004 0035 0.063* 0.067*  0.042 0.048 | 0.117%%  0.754*
Ty e[ 27°C, 30°C) -0.007 0.185  -0.125* -0.067 -0.007 0.010 0029  0.043 0.074* 0076*  0.067 0.046 0.057 0.227
Ty € [ 24°C, 27°C) -0.036 0.004 0.017  -0.081*  -0.062* -0.074**  -0.060* -0.037 -0.008  0.003  -0.001 0.065 0.029 0.068
Tye[ 21°C, 24°C) -0.089%* 20105 -0.120%  -0.151%*  -0.128%*  -0.114**  -0.087**  -0.048  -0.029 -0.019  -0.028 -0.033 0041  0.547*
Ty e[ 18°C, 21°C) 0.085% | -0.394%*  0229%%  _0.167%*%  -0.107%*  -0.083%* 0.049  -0.005  0.032  0.048  0.030 0.047 | 0.115%%  0.744*
Tye[ 15°C, 18°C) -0.010 -0.188 20103 -0.087* -0.043 -0.028 0.014 0015 0030 0040  0.047 0.064 0.054 0211
Ty e[ 9°C, 12°C) 0.022 0.085 0.090 -0.013 -0.013 -0.015 20013 -0.032  -0.032  -0.001 0.027 0.111 0032 -0.428
Ty e[ 6°C, 9°C) -0.003 -0.046 -0.030 -0.034 -0.010 -0.018 -0.008 -0.002 -0.008 -0.002 0050  0.127* 0.037  -0.067
Ty e[ 3°C, 6°C) -0.052 -0.176 0.038  -0.105* -0.053 -0.033 0.031  -0.022 -0.043  -0.023  -0.029 0.037 0.054 0.245
Ty e[ 0°C, 3°C) 20.056 | -0.322% 0.168  -0.165* -0.101 -0.093 20.008  0.044 0.121*  0.120%+  -0.089  -0.332%* 0.088  0.945*
Tye[ -3°C, 0°C) -0.061 -0.170 0.039 0.093 -0.022 -0.070 0.016 0023 -0.006 -0.012 -0.224* -0.391%* | -0.054 0.658
Tye[ -6°C, -3°C) -0.026 -0.104 -0.192 -0.209 -0.123 20.105  -0.213*  -0.095 0065 0241  0313* 0.224 0.126  -0.411
T, <-6°C -0.021 0.377 0.284 0.067 0.016 -0.013 20.003 0087 0037 -0.027  0.001 0012 | -0.115  -1.057
Precipitation 0.003 0.024 0.018 0.007 0.004 0.004 0002 -0.002  -0.004  -0.005  -0.004 20.008 | -0.010*  -0.053
Precipitation® /1000 0.000 | -0.000*  -0.000%*  -0.000* 0.000 0.000 0.000  0.000  0.000  0.000 _ 0.000 0.000 | 0.000%  0.001*

Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ..., 90"
and 95th percentiles, iii) standard deviation, iv) the 90th-to-10th inter-decile ratio (IDR). County and year effects are included throughout. The omitted reference category is Ty € (12°C,15°C). Statistical
significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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Table 9. Unconditional Partial Effects (UPEs) of Temperature on Distributional Statistics of Farm Profitability (x100)

Operational Ef ficiency = log (

Total Revenue
Total Costs

) where Total Revenue = Cash Receipts + CRP Rents + Direct Payments

Variable Mean Q(5) Q(10) Q(20) Q(30) Q(40) Q(50) Q(60) Q(70) __ Q(30) Q(90) Q(93) SD IDR
T,>36°C 0.167%% | -0.770%*  -0.464%*  -0266**  -0.160**  -0.121%*  -0.087** -0.030 0.006 0.037 0.010 20.039 | 0.194%*%  3.659%*
Ty € [ 33°C, 36°C) S0.113%% | -0.415%%  -0.256%%  -0.183**%  -0.120%*  -0.098**  -0.068* -0.019 -0.005 0.014 -0.014 20.057 | 0.122%%  2.118**
Ty e[ 30°C, 33°C) 20.056 | -0.442%% 0246  .0.134%*  -0.068* -0.044 -0.014 0039  0.066* 0.079%* 0.058 0.038 | 0.120%*  1.683%*
Ty e[ 27°C, 30°C) 20.019 | -0.242% -0.113 -0.059 -0.020 -0.010 0.003 0.046  0.059*  0.070% 0.039 -0.001 0.053 0.711
Ty € [ 24°C, 27°C) -0.051% -0.077 20.061  -0.098%*%  -0.101%*  -0.106%*  -0.078** -0.031 -0.005 0.014 0.011 0.031 0.035 0.432
Tye[ 21°C, 24°C) -0.096%** 20.154  -0.140%  -0.142%%  .0.112%%  -0.107**  -0.083%* -0.043 20.029  -0.040  -0.083*  -0.091* 0.025 1.531%*
Ty e[ 18°C, 21°C) 20.107%% | -0.440%*  -0202%%  -0.175%*%  -0.119%*  -0.098**  -0.065* -0.021 0.008 0.019 0.007 20.015 | 0.100%*% 2297+
Tye[ 15°C, 18°C) -0.013 -0.169 -0.083 -0.053 -0.028 -0.033 -0.029 -0.002 0.007 0.038 0.028 0.062 0.040 0.523
Ty e[ 9°C, 12°C) 0.020 0.036 0.026 -0.020 -0.008 -0.017 -0.041 -0.010 0.007 0.024 0.011 0.138* 0054  -0.262
Ty e[ 6°C, 9°C) -0.042 -0.136 -0.087 20.055  -0.077%  -0.070* -0.049 -0.031 0022 -0.042 -0.007 0.055 0.030 0.728
Ty e[ 3°C, 6°C) -0.080% 20211 0.118  -0.132%* -0.072 -0.049 -0.059 -0.067 0.050  -0.034 -0.041 -0.026 0.061 1.149
Ty e[ 0°C, 3°C) 0.108%% | -0.376*  -0.253%%  -0.183**  -0.114*  -0.099* -0.059 -0.016 0.007  -0.025 20116 -0271%* | 0.094%  2.597**
Tye[ -3°C, 0°C) -0.113% -0.121 0.028 0.026 -0.036 -0.033 -0.067 -0.055 0.063  -0.173%  -0.466**  -0.482%* | -0.090  2.071*
Tye[ -6°C, -3°C) -0.138* -0.061 20.087  -0.228%  -0.340%*  -0.434%%  0.403%*  -0.323%* -0.080 0.186  0.538**  0.346* 0064  -1.963
T, <-6°C -0.187** -0.063 0.135 -0.001 0144 -0260%*%  -0276**  -0.263%*  -0.215%  .0.125 0.089 0211 | -0.111  -1.513
Precipitation 0.001 0.008 0.010 0.002 0.002 0.003 0.000 -0.001 20.004  -0.002 -0.002 20.008 | -0.005  -0.071
Precipitation® /1000 0.000 0.000  -0.000* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001

Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ..., 90"
and 95th percentiles, iii) standard deviation, and iv) the 90th-to-10th inter-decile ratio (IDR). County and year effects are included throughout. The omitted reference category is T, € (12°C,15°C).
Statistical significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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Table 10. Unconditional Partial Effects (UPEs) of Temperature on Distributional Statistics of Farm Profitability (x100)

Operational Ef ficiency = log (

Total Revenue

Total Costs

) where Total Revenue = Cash Receipts + CRP Rents + Direct Payments + Insurance Payment + Other Income

Variable Mean Q%) Q(10) Q(20) Q(30) Q(40) Q(50) Q(60) Q(70) Q(80) Q(90) Q(95) SD IDR
T.>36°C -0.088** | -0.376%*  -0.214**  -0.124** -0.085* -0.072% -0.030 -0.003 0.023 0.039 0.000 -0.035 0.096*  15.380%*
T.€[33°C, 36°C) -0.073%* -0.200* -0.119%  -0.096** -0.071* -0.050 -0.022 -0.009 -0.005 0.009 -0.039 -0.073 0.061%* 9.097*
Ts €[ 30°C, 33°C) -0.027 | -0.218** -0.108* -0.074* -0.047 -0.027 0.004 0.033 0.053*  0.070** 0.062 0.059 | 0.083** 6.919*
T.€[27°C, 30°C) -0.014 -0.126 -0.059 -0.043 -0.022 -0.017 0.016 0.037 0.046 0.065%* 0.034 0.023 0.048* 3.795
Ts€[24°C, 27°C) -0.034 -0.010 -0.018  -0.086**  -0.085**  -0.070** -0.040 -0.020 -0.001 0.032 0.033 0.055 0.038 0.862
Tie[21°C, 24°C) -0.065%* -0.065 -0.078  -0.080**  -0.077**  -0.064** -0.040 -0.020 -0.029 -0.028 -0.078* -0.069 0.013 6.655%*
T.€[18°C, 21°C) -0.081** | -0.266%*  -0.201**  -0.148**  -0.106**  -0.070** -0.030 -0.011 0.014 0.035 0.006 0.006 | 0.083**  14.336%*
T.€[15°C, 18°C) 0.002 -0.136 -0.036 -0.024 -0.030 -0.024 -0.002 0.010 0.016 0.048 0.063 0.095 0.062* 1.740
T.€[9°C, 12°C) 0.001 -0.042 -0.063 -0.042 -0.036 -0.046 -0.039 -0.022 0.000 0.019 0.067 0.158* | 0.080** 3.601
T.€[ 6°C, 9°C) -0.050 -0.115 -0.116%  -0.105*%*  -0.092%** -0.071* -0.044 -0.038 -0.026 -0.018 0.066 0.092 0.063* 7.415
Ts€[3°C, 6°C) -0.088%** -0.132 -0.137%  -0.107** -0.077* -0.083*  -0.093** -0.067*  -0.079* -0.044 -0.061 -0.041 0.048 10.684*
T €[ 0°C, 3°C) -0.089* | -0.447**  -0.298**  -0.212%* -0.075 -0.012 0.012 0.013 0.039 -0.013 -0.142 -0.178* | 0.109%*  23.355%*
Ts€[-3°C, 0°C) -0.122% -0.143 -0.049 -0.007 -0.047 -0.091 -0.053 -0.045 -0.049  -0.136%  -0.356%*  -0.364** -0.037 8.403
Ts€[-6°C,-3°C) -0.103 -0.235 -0.070 -0.142  -0.292*%*  -0.310*%*  -0.297** -0.203* 0.012 0.230 0.487** 0.058 0.140%* -1.629
T4<-6°C -0.144* -0.006 0.028 -0.014 -0.136 -0.192*  -0.214**  -0.203**  -0.184* -0.052 0.042 -0.080 | -0.120* -2.575
Precipitation -0.002 -0.001 0.000 -0.001 0.000 -0.002 -0.003 -0.004 -0.004 -0.003 -0.003 -0.008 -0.003 0.026
Precipitation® /1000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002
Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ..., 90"

and 95th percentiles, iii) standard deviation, and iv) the 90th-to-10th inter-decile ratio (IDRI. County and year effects are included throughout. The omitted reference category is T, € (12°C,15°C).
Statistical significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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Table 11. Projected US Farm Profitability Damages due to Climate Change by the Mid-Century

Future Climate Scenarios

Distributional HadGEM2-ES365 NorESM1-M
Statistics RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5
Q(5) -0.235 -0.313 -0.162 -0.207
(0.062) (0.089) (0.037) (0.049)
Q(10) -0.168 -0.221 -0.116 -0.150
(0.035) (0.049) (0.022) (0.029)
Q(20) -0.078 -0.101 -0.053 -0.069
(0.015) (0.02) (0.01) (0.013)
Q(30) -0.038 -0.048 -0.025 -0.033
(0.01) (0.012) (0.007) (0.009)
Q(40) -0.017 -0.022 -0.010 -0.014
(0.008) (0.01) (0.006) (0.007)
Q(50) -0.007 -0.009 -0.002 -0.004
(0.007) (0.009) (0.005) (0.007)
Q(60) -0.002 -0.004 0.001 0.001
(0.007) (0.008) (0.005) (0.007)
Q(70) -0.002 -0.003 0.001 0.001
(0.007) (0.009) (0.005) (0.007)
Q(80) -0.004 -0.004 -0.001 -0.001
(0.008) (0.01) (0.006) (0.008)
Q(90) -0.003 -0.001 -0.002 -0.003
(0.009) (0.012) (0.007) (0.009)
Q(95) -0.009 -0.009 -0.008 -0.011
(0.011) (0.015) (0.008) (0.011)
Mean -0.050 -0.064 -0.033 -0.043
(0.01) (0.014) (0.007) (0.009)

Note: Reported are logarithmic differences between historical 1969-2022 farm
profitability mean/quantile estimates and their 2040-2059 analogues predicted using
two global climate models—HadGEM?2-ES365 and NorESM1-M—and two warming
scenarios: medium (RCP4.5) and the warmest (RCPS.5). A negative (positive)
difference indicates that the future farm profitability is smaller (larger) than the
historical value. Robust standard errors are clustered at the climate divisions.
Statistically significant (at the 5% level) predictions are boldfaced.
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Table 12. Unconditional Partial Effects (UPEs) of Temperature (Whole Year) on Distributional Statistics of Farm Profitability (x100)

Total Revenue

Farm Profitability = log (m

) where Total Revenue = Cash Receipts from Marketings

Variable Mean Q(5) Q(10) Q(20) Q(30) Q(40) QG0 Q60 Q(70) Q(30) Q90)  Q(95) SD IDR
T,>36°C 0.126%% | -0.634%%  -0.467%*  -0219%*  -0.103**  -0.054*  -0.020  -0.001  0.013 0.022 0.037 0.043 0.181%%  1.603%*
Ty € [ 33°C, 36°C) 20.073%% | -0.202%%  -0.259%*%  0.136%*  -0.079%*  -0.044 20.016  0.010 0.018 0.018 0.012 0.013 0.103%*  0.919%*
Ty e[ 30°C, 33°C) -0.024 20.257%%  -0.197%%  -0.091%*  -0.040 -0.005 0.023 0.048%*  0.065**  0.069%*  0.062*  0.080* | 0.084** 0.510*
Ty e[ 27°C, 30°C) 0.030 -0.067 -0.074 0.001 0.039 0.048%  0.056**  0.055%*  0.076%*  0.078**  0.089** 0.079* | 0.021 -0.044
Ty € [ 24°C, 27°C) -0.017 0.053 -0.006 -0.029 -0.024 -0.040 0.038  -0.031  -0.014 -0.002 0.007 0.078%* | 0.007 -0.005
Tye[ 21°C, 24°C) -0.038 0.003 -0.057 -0.064 20.063*  -0.053*  -0.039  -0.020  -0.016 -0.009 0.008 0.032 0.006 0.181
Ty e[ 18°C, 21°C) 20.040% | -0.159%  -0.131%*  -0.095%*  -0.075**  -0.063** -0.036  -0.013  0.010 0.034 0.049 0.099%* | 0.057% 0311
Tye[ 15°C, 18°C) -0.009 -0.097 -0.065 -0.042 -0.027 -0.026 20.027  -0.008  -0.003 0.006 0.029 0.061 0.004 0.138
Ty e[ 9°C, 12°C) 0.034 0.140 0.056 -0.009 -0.024 -0.021 20.017  -0.008  -0.008 0.030 0.071*  0.112%% | -0.050  -0.465*
Ty e[ 6°C, 9°C) 0.065% | 0237%*  0.124*  0.051 0.034 0.023 0.030 0.037 0.018 0.011 0.056*  0.130%* | -0.070  -0.663**
Ty e[ 3°C, 6°C) -0.020 -0.091 -0.065 -0.053 -0.026 -0.017 20.022  -0.002  -0.005 -0.010 20.008  0.003 20.005  0.269
Ty e[ 0°C, 3°C) 0.019 -0.110 20.106*  -0.038 0.000 0.006 0.018 0.053*  0.070%**  0.083**  0.074*  0.079 0.042 0.127
Tye[ -3°C, 0°C) 0.100%* | 0.171*  0.179%*  0.076*  0.049 0.061%  0.079%%  0.089%*  0.095%*  0.144**  0.112%*  0.068 0.023  -1.069%*
Tye[ -6°C, -3°C) 0.119%* | 0.086 0.092 0.051 0.089%*%  0.117%%  0.111**  0.138%*%  0.127%%  0.120%*  0.091*  0.136** | 0.004 -0.665*
T, <-6°C 0.001 20.260%%  -0.181%*  -0.087*  -0.020 0.032 0.070%  0.127*%  0.149%*  0.126%*  0.052 -0.040 0.045 0.485*
Precipitation 0.001 0.025 0.020%*  0.007 0.003 0.001 20.001  -0.004  -0.007%*  -0.008**  -0.008*  -0.012%* | -0.010%  -0.046
Precipitation® /1000 0.000 -0.000%*  -0.000%*  -0.000** _ 0.000 0.000 0.000 0.000*  0.000** _ 0.000**  0.000 0.000* | 0.000* _ 0.000%

Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ..., 90"
and 95th percentiles, iii) standard deviation, and iv) the 90th-to-10th inter-decile ratio (IDR). County and year effects are included throughout. The omitted reference category is T, € (12°C,15°C).
Statistical significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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Appendix
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Above 2

Figure A.1. Spatial Distribution of US Farm Profitability

Note: Shown are county-level 1969-2022 averages of farm profitability, measured as the ratio of annual farm
revenues and production costs (in Millions of 2022 USD). Revenues include only cash receipts from crops and
livestock marketing. Color-coded based on a decile interval of the cross-county distribution they fall in.
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Farm Profitability of U.S. Regions from 1969 to 2022
(Farm Profitability = Total Revenue / Total Production Costs)
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Figure A.2. Temporal Distribution of US Farm Profitability

Note: Shown are annual averages of farm profitability across US regions, measured as the ratio of annual farm
revenues and production costs (in Millions of 2022 USD). Revenues include only cash receipts from crops and
livestock marketing.
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Figure B.1. Unconditional Partial Effects (UPEs) of Temperature (whole year) on Mean and

Quantiles of Farm Profitability

Note: Graph (a) shows estimates of UPEs of permanently relocating a day within a year from a [12°C, 15°C)
temperature interval (reference bin) to another bin. Bubbles depict UPEs on different quantiles of farm profitability
(FOE) and are filled with solid color if they are statistically significant at 5% significance level. The solid black line,
with a 95% gray-shaded confidence band, corresponds to UPEs on the mean. Graph (b) summarizes how temperature
affects FOE across its entire distribution. The color-coded matrix plots the UPEs according to their sign, size and
statistical significance at the 5% level. All statistically insignificant estimates (regardless of their sign and size) are
shown using gray color.
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Figure B.2. Unconditional Partial Effects (UPEs) of Temperature (whole year) on Centrality and
Tails of the Farm Profitability Distribution (x100)
Note: The red (blue) line with a 95% shaded confidence band around it shows the estimates of UPEs on the 5th (95th)

farm profitability percentile of permanently relocating a day within a year from a [12°C, 15°C) temperature interval—
the omitted reference bin—to each one of the other temperature bins on the horizontal axis. The black line shows the

corresponding effects on mean farm profitability.

84



(a) Standard Deviation (b) Inter-decile Ratio

0.300
2.500
L

0.175
1.500

Unconditional Partial Effects
0.500

Unconditional Partial Effects
0.050

n o
~ (=)
o 0
] <
o (=]
o o
« B
(? T T T T T 1T T T T T T T T T "T\II\III\III\II\\
M O M O 0O N W0 W0 — I ~ O M W Ww o M O M O O N W W — = ~ O M Wwu w
saaaa\—rrmmmmmmm '5))1(1—1—1—(\!(\](\!(0(0("3(‘)
V @ ®m o™ o o o2 o o o Vv M O ™M O ¢ o o oo oot
D M N W W — I~ O M A ©o D oD W = < M~ O ™M A
'\—'\—'\—.NNN("JK'? FFF_NNN(‘)(‘)
Temperature Bins Temperature Bins

Figure B.3. Unconditional Partial Effects (UPEs) of Temperature (whole year) on Dispersion of

the Farm Profitability Distribution (x100)

Note: Plotted are the estimates, along with 95% confidence bands, of UPEs on (a) the standard deviation and (b) the
inter-decile ratio of farm profitability resulting from permanently relocating a day within a year from a [12°C, 15°C)
temperature interval—the omitted reference bin—to each one of the other temperature bins on the horizontal axis.
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Table A.1. Mean and Quantiles of Revenue and Production Costs (1969-2022)

Mean Q(5) Q(0) Q(20) Q(30) Q(40) Q(50) Q(60) Q(70) Q(80) Q(90) Q(95)
Revenue
Cash Receipts from 144186.00  4261.59  10651.90  24978.71  41159.50  59457.17  81712.36  108564.90 14550840 199984.80 303126.40  434288.80
Marketings
;;ZZ?:;‘;“ andRelated 2471609 126108 3912.44 9758.86  16863.91 2523934  35762.57  49124.05 6847497 100756.50 170236.60  253814.30
Crop Production 69469.13  658.90 177844  4919.08 9967.80 1756126 2850122 4374177  66095.74  98183.65 156421.70  227833.10
Cash Receipts from Other
Sources
Government Payments ~ 151019.00 448221  11139.89  26474.34  43546.97  63282.05  87244.31 116092.60 154978.90 211857.80 318248.10  452471.90
Imputed and 158889.50 549771  13071.38  29744.60  47852.14 6841548 9353454 123360.10 163673.10 22285630 33339340  471517.00
miscellaneous income
Total Production Costs 130028.50  5339.84  12094.56  26460.88  41375.86  58981.13  79643.95 10362230 135059.90 181637.90 271208.80  379004.00

Note: County-level farm revenue and total production costs are measured in thousands of dollars. Government payments include deficiency payments, disaster relief, conservation payments, and direct
payments. Imputed and miscellaneous income comprises home consumption of farm products, crop insurance indemnities, and revenue from farm-related activities such as recreational land use, forest
products, and custom work. Farm production costs include feed, livestock and poultry, seed, fertilizer, chemicals, lime, and petroleum products.
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Table A.2. Summary Statistics of Historical Climate Variables (Whole Year; 1969-2022)

Variable Mean Q10 Median Q90 SD
T.>36°C 6.88 0.00 0.00 22.00 14.98
Ti€[33°C, 36°C) 21.35 0.00 16.00 52.00 20.65
Ts €[ 30°C, 33°C) 38.40 10.00 37.00 67.00 22.14
T.€[27°C, 30°C) 43.35 26.00 43.00 61.00 14.10
Ti€[24°C, 27°C) 39.38 27.00 39.00 53.00 10.47
Tie[21°C, 24°C) 34.62 24.00 34.00 46.00 9.05
T.€[18°C, 21°C) 30.85 21.00 30.00 41.00 8.60
Ts e[ 15°C, 18°C) 28.01 18.00 27.00 38.00 8.73
Ti e[ 12°C, 15°C) 25.50 15.00 25.00 36.00 9.13
T1€[9°C, 12°C) 22.60 11.00 22.00 34.00 9.98
T €[ 6°C, 9°C) 19.98 5.00 20.00 33.00 10.59
T €[ 3°C, 6°C) 17.50 2.00 18.00 32.00 11.52
T.€[0°C, 3°C) 14.63 0.00 13.00 31.00 12.22
Ti€e[-3°C, 0°C) 9.52 0.00 6.00 24.00 9.71
Ti€e[ -6°C, -3°C) 5.65 0.00 3.00 17.00 7.06
T.<-6°C 7.03 0.00 1.00 23.00 12.24
Annual Precipitation (Whole Year) 992.81 417.41 1015.99 1496.16 403.23

Note: Temperature variables measure the count of days within a whole year (from January to December) on which daily maximums in a county (T,) fell within each one of non-overlapping temperature
bins. Annual precipitation is measured in cm. Historical weather data come from the PRISM Climate Group.
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Table A.3. Summary Statistics of Future Climate Variables (Growing Season; 2040-2059)

Variable Mean  10th Pctl. Median 90th Pctl. SD | Mean 10th Pctl. Median 90th Pctl. SD
HadGEM2-ES365 RCP 4.5 HadGEM2-ES365 RCP 8.5
T,>36°C 40.26 3.00 34.00 87.00 32.89 54.84 6.00 51.00 108.00 37.74
T,€[33°C, 36°C) 32.90 13.00 31.00 53.00 17.76 30.99 15.00 29.00 48.00 15.36
T.€[30°C, 33°C) 35.77 21.00 34.00 53.00 13.18 33.29 20.00 32.00 49.00 11.92
T,e[27°C, 30°C) 32.68 20.00 32.00 46.00 10.15 30.44 19.00 30.00 43.00 9.93
T €[ 24°C,27°C) 27.05 16.00 27.00 39.00 9.30 25.21 14.00 24.00 37.00 9.47
T.e[21°C, 24°C) 21.66 10.00 21.00 33.00 9.47 19.65 8.00 19.00 31.00 9.14
T,e[18°C, 21°C) 16.83 5.00 17.00 28.00 9.15 15.00 4.00 14.00 25.00 8.63
T,e[15°C, 18°C) 12.73 2.00 12.00 23.00 8.49 11.55 2.00 11.00 21.00 8.09
T.e[12°C, 15°C) 9.28 1.00 8.00 19.00 7.38 8.65 0.00 8.00 18.00 7.20
T.e[9°C, 12°C) 6.57 0.00 5.00 15.00 6.15 6.32 0.00 5.00 14.00 5.99
T,e[ 6°C, 9°C) 4.49 0.00 3.00 12.00 5.12 4.40 0.00 2.00 12.00 5.05
T.€[3°C, 6°C) 2.69 0.00 1.00 8.00 3.83 2.62 0.00 1.00 8.00 3.63
T.€[0°C, 3°C) 1.24 0.00 0.00 4.00 2.33 1.27 0.00 0.00 4.00 2.35
Ts€e[-3°C, 0°C) 0.50 0.00 0.00 2.00 1.29 0.52 0.00 0.00 2.00 1.33
T.e[-6°C, -3°C) 0.20 0.00 0.00 1.00 0.74 0.18 0.00 0.00 0.00 0.69
T, <-6°C 0.13 0.00 0.00 0.00 0.75 0.07 0.00 0.00 0.00 0.42
Annual Precipitation 689.80 309.00 698.95 1026.78 277.34 637.69 292.57 640.31 958.79 261.17
NorESM1-M RCP 4.5 NorESM1-M RCP 8.5
T,>36°C 26.17 1.00 18.00 65.00 26.98 32.39 2.00 24.00 78.00 30.14
T.€[33°C, 36°C) 34.55 10.00 32.00 63.00 20.87 35.81 12.00 33.00 62.00 20.05
T.€[30°C, 33°C) 40.94 22.00 40.00 60.00 15.11 41.14 23.00 40.00 61.00 15.40
T,e[27°C, 30°C) 35.78 23.00 36.00 48.00 9.99 34.84 23.00 34.00 48.00 10.28
T,€[24°C, 27°C) 28.17 16.00 28.00 40.00 9.22 27.30 17.00 27.00 38.00 8.96
T.e[21°C, 24°C) 21.49 10.00 21.00 33.00 9.05 20.96 10.00 21.00 31.00 8.75
T,e[18°C, 21°C) 16.68 5.00 16.00 28.00 8.87 15.77 5.00 16.00 26.00 8.39
T.e[15°C, 18°C) 12.67 3.00 12.00 23.00 8.22 11.58 2.00 11.00 21.00 7.64
T.e[12°C, 15°C) 9.75 1.00 9.00 19.00 7.55 8.53 0.00 8.00 17.00 6.90
Tie[9°C, 12°C) 7.45 0.00 6.00 17.00 6.64 6.57 0.00 5.00 15.00 6.27
T.€[ 6°C, 9°C) 5.35 0.00 3.00 14.00 5.70 481 0.00 3.00 13.00 5.57
T.€[3°C, 6°C) 3.13 0.00 2.00 9.00 3.99 2.77 0.00 1.00 9.00 3.86
T,e[0°C, 3°C) 1.66 0.00 0.00 5.00 2.60 1.40 0.00 0.00 5.00 2.50
Tie[-3°C, 0°C) 0.78 0.00 0.00 3.00 1.58 0.68 0.00 0.00 2.00 1.60
T.e[-6°C, -3°C) 0.29 0.00 0.00 1.00 0.84 0.28 0.00 0.00 1.00 0.89
T, <-6°C 0.14 0.00 0.00 0.00 0.57 0.15 0.00 0.00 0.00 0.67
Annual Precipitation 717.80 328.07 734.30 1061.31 276.85 737.28 318.52 766.38 1107.11 296.62

Note: Predicted future weather data come from two global climate models (HadGEM?2-ES365 and NorESM1-M) under two warming scenarios (RCP4.5 and RCPS.5). These annual measures of climate
variables are calculated based on the growing season (March to October) climate only. The definitions of variables are the same as of their historical analogues summarized in Table A.1.
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Table A.4. Summary Statistics of Future Climate Variables (Whole Year; 2040-2059)

Variable Mean  10th Pctl. Median 90th Pctl. SD | Mean 10th Pctl. Median 90th Pctl. SD
HadGEM2-ES365 RCP 4.5 HadGEM2-ES365 RCP 8.5
T,>36°C 40.27 3.00 34.00 87.00 3291 54.85 6.00 51.00 108.00 37.76
T,€[33°C, 36°C) 32.98 13.00 31.00 53.00 17.84 31.14 15.00 30.00 48.00 15.44
T.€[30°C, 33°C) 36.57 21.00 35.00 54.00 14.12 34.51 21.00 33.00 51.00 13.12
T,e[27°C, 30°C) 36.06 22.00 35.00 51.00 11.97 34.09 21.00 33.00 49.00 11.47
T €[ 24°C,27°C) 33.94 22.00 33.00 47.00 10.02 32.15 20.00 31.00 46.00 10.01
T.e[21°C, 24°C) 31.48 21.00 31.00 43.00 9.03 29.02 19.00 28.00 40.00 8.47
T,e[18°C, 21°C) 28.76 19.00 28.00 39.00 8.50 26.72 17.00 26.00 36.00 8.14
T,e[15°C, 18°C) 25.98 16.00 25.00 36.00 9.03 24.85 15.00 24.00 35.00 8.89
T.e[12°C, 15°C) 23.31 11.00 23.00 35.00 9.80 22.59 12.00 22.00 34.00 9.70
T.e[9°C, 12°C) 20.81 6.00 21.00 34.00 10.62 20.41 7.00 20.00 33.00 10.19
T,e[ 6°C, 9°C) 18.62 2.00 19.00 35.00 12.18 18.70 2.00 19.00 34.00 11.87
T.€[3°C, 6°C) 15.96 0.00 14.00 35.00 13.38 15.92 0.00 14.00 34.00 12.91
T.€[0°C, 3°C) 9.98 0.00 6.00 26.00 10.70 9.92 0.00 7.00 25.00 10.46
Ts€e[-3°C, 0°C) 5.16 0.00 2.00 15.00 6.99 5.19 0.00 2.00 15.00 6.86
T.e[-6°C, -3°C) 2.63 0.00 0.00 9.00 448 2.62 0.00 0.00 9.00 4.53
T, <-6°C 2.76 0.00 0.00 9.00 6.54 2.58 0.00 0.00 8.00 6.30
Annual Precipitation 1006.83 427.82 1033.83 1495.45 416.90 947.74 411.02 956.67 1435.71 394.34
NorESM1-M RCP 4.5 NorESM1-M RCP 8.5
T,>36°C 26.18 1.00 18.00 65.00 27.01 32.39 2.00 24.00 78.00 30.15
T.€[33°C, 36°C) 34.61 10.00 32.00 63.00 20.94 35.88 12.00 33.00 62.00 20.11
T.€[30°C, 33°C) 41.66 23.00 41.00 62.00 15.75 41.85 24.00 40.00 62.00 16.02
T,e[27°C, 30°C) 38.57 26.00 38.00 52.00 10.98 38.07 25.00 37.00 53.00 11.76
T,€[24°C, 27°C) 33.59 23.00 33.00 45.00 9.07 33.49 22.00 33.00 46.00 9.41
T.e[21°C, 24°C) 29.44 20.00 29.00 40.00 8.49 29.65 20.00 29.00 40.00 8.30
T,e[18°C, 21°C) 27.12 18.00 26.00 37.00 8.30 27.06 17.00 27.00 37.00 8.13
T.e[15°C, 18°C) 25.19 15.00 24.00 36.00 8.78 24.61 15.00 24.00 35.00 8.38
T.e[12°C, 15°C) 23.42 12.00 23.00 34.00 9.97 22.10 11.00 22.00 32.00 9.29
Tie[9°C, 12°C) 21.33 8.00 21.00 33.00 10.46 20.24 6.00 20.00 32.00 10.58
T.€[ 6°C, 9°C) 18.91 3.00 19.00 33.00 10.95 18.14 2.00 19.00 32.00 11.15
T.€[3°C, 6°C) 16.28 1.00 16.00 32.00 11.84 15.69 0.00 15.00 32.00 12.05
T,e[0°C, 3°C) 13.18 0.00 11.00 31.00 12.08 11.87 0.00 9.00 29.00 11.42
Tie[-3°C, 0°C) 8.11 0.00 4.00 23.00 9.37 7.05 0.00 4.00 20.00 8.56
T.e[-6°C, -3°C) 4.18 0.00 1.00 13.00 5.92 3.60 0.00 1.00 11.00 5.25
T, <-6°C 3.49 0.00 0.00 11.00 6.86 3.57 0.00 0.00 12.00 7.18
Annual Precipitation 982.30 433.01 993.82 1468.30 402.15 1033.56 424.77 1062.47 1561.25 440.66

Note: Predicted future weather data come from two global climate models (HadGEM?2-ES365 and NorESM1-M) under two warming scenarios (RCP4.5 and RCPS.5). These annual measures of climate

variables are calculated based on the entire year (January to December). The definitions of variables are the same as of their historical analogues summarized in Table A.2.
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Table B.1. UPEs of Temperature (Whole Year) on Distributional Statistics of Farm Profitability (x100)

Farm Profitability = log (

Total Revenue
Total Costs

) where Total Revenue = Cash Receipts + CRP Rents + Direct Payments

Variable Mean Q(5) Q(10) Q(20) Q(30) Q(40) Q(0)  Q(60)  Q(70) Q80)  Q(90)  Q(95) | SD IDR1 IDR2
T,>36°C 0.124%% | -0.618%*% -0.363%* -0.190%* -0.104** -0.080** -0.055* -0.026  0.005 0.033 0033  -0.009 | 0.155%  2.740%*  23.668%*
Tye[33°C,36°C)  -0.073%* | -0.280%* -0.166** -0.112%* -0.068** -0.057*  -0.035 -0.013  -0.004 0013 0011  -0.029 | 0.086** 1275%  15.935%*
Tye[30°C,33°C)  -0.014 | -0.314** -0.159%** -0.064*  -0.014  0.001 0.021  0.047%  0.069%*  0.080** 0.084** 0.071* | 0.084** 0853*  4.086
Tye[27°C,30°C)  0.025 0.114  -0.026  0.010 0.034 0.034 0.037%  0.053**%  0.063**  0.076** 0.074** 0040 | 0.016  -0.153  -6.022
Tye[24°C,27°C)  -0.027 | -0.014  -0.012  -0.047  -0.057%  -0.070%* -0.050* -0.031  -0.010  0.007 0024  0.042 | 0.008  -0.026  10.254*
Tye[21°C,24°C)  -0.036 | -0.027  -0.034  -0.053  -0.037  -0.039  -0.027 -0.018  -0.011  -0.021  -0.031  -0.045 | -0.011  0.423 9.661
Tye[18°C,21°C)  -0.039% | -0.185*%  -0.140**  -0.086** -0.060%* -0.047*  -0.028  -0.009  0.005 0017 0039  0.062* | 0.046*  0.927%  13.564%*
Tye[15°C, 18°C)  -0.007 | -0.087  -0.050  -0.018  -0.004  -0.024  -0.025 -0.025  -0.017 0008 0024 0044 | -0.009 0279 2275
Tye[ 9°C, 12°C) 0.028 0.106 0.047 0.001 20.002  -0.020  -0.028  -0.023  -0.007  0.021  0.057%  0.101** | .0.045  -0.654 1258

Ty €[ 6°C, 9°C) 0.053* | 0.182*  0.106*  0.055 0.032 0.016 0031 0017  0.009 0011 0039  0.089%* | -0.069  -1.043*  -6.004
Tye[ 3°C, 6°C) 20.031 | -0.095  -0.048  -0.057* -0.025  -0.024  -0.025  -0.028  -0.033  -0.031  -0.026  -0.027 | -0.016  0.511 7.888
Tye[ 0°C, 3°C) 20.005 | -0.134  -0095  -0.027  -0.007  -0.010  0.003 0007  0.022 0028 0031 0049 | 0.035  0.607 2.826
Tye[ -3°C, 0°C) 0.063** | 0.164*  0.114*  0.052 0.032 0.026 0042 0036 0.052*  0.064* 0040 0036 | -0.037  -1.113*  -9.958
Tye[-6°C,-3°C)  0.088** | 0.097 0.125%  0.089%*  O.111%*  0.078%*  0.075* 0048  0.037 0043  0.085%  0.067 | -0.029  -1.422%*  -18.092%*
T, <-6°C 20.033 | -0.216%  -0.135%%  -0.089** -0.059*  -0.036  -0.002  0.031  0.064* 0043  0.035  0.002 | 0028  0909%  12.424*
Precipitation 0.000 0.016 0.014*  0.004 0.001 0.000 20.002  -0.004  -0.006** -0.005* -0.006  -0.010% | -0.007  -0.086  -0.416
Precipitation? /1000 0.000 0.000 -0.000%*  -0.000*  0.000 0.000 0.000  0.000  0.000*  0.000  0.000  0.00 | 0.000  0.000*  0.003

Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ...,
90™ and 95th percentiles, iii) standard deviation, iv) the 90th-to-10th inter-decile ratio (IDR1), and v) the 75th-to-25th inter-decile ratio (IDR2). County and year effects are included throughout. The
omitted reference category is T, € (12°C,15°C). Statistical significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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Table B.2. UPEs of Temperature (Whole Year) on Distributional Statistics of Farm Profitability (x100)

Total Revenue

Farm Profitability = log (W

) where Total Revenue = Cash Receipts + CRP Rents + Direct Payments + Insurance Payment + Other Income

Variable Mean | Q(5) Q(10) Q(20) Q(30) Q(40) QG0 Q(60) Q(70)  Q(80)  Q(90) Q@95 | SD DRI IDR2
T,>36°C 0052 | -0255% -0.143*  -0.078*  -0.048  -0.044  -0.015  0.005 0020 0034 0021  -0.012 | 0.068  10.000*  8.500*
Tye[33°C,36°C)  -0.039 | -0.092  -0.052  -0.053* -0.035  -0.024  -0.007 -0.001  -0.007  0.006  -0.018  -0.053 | 0.034  4.008 6.927*
Tye[30°C,33°C)  0.007 | -0.118* -0.045  -0.030  -0.009  0.001 0.020  0.041*  0.051%F 0.067%* 0.086** 0.083* | 0.058** 2.042 4.506
Tye[27°C,30°C)  0.022 | -0.022  0.005 0.000 0.016 0.010 0.031  0.046%*  0.045%  0.066** 0.066** 0056 | 0.022  -1.245 1.478
Tye[24°C,27°C)  -0.019 | 0039  0.014 20.059%  -0.059%*  -0.053%* -0.035  -0.023  -0.012 0020 0039 0051 | 0020  -1.543 9.088**
Tye[21°C,24°C)  -0.021 | 0024  -0011  -0.020  -0.020  -0.019  -0.008 -0.002  -0.017  -0.014  -0.036 -0.040 | -0.016  1.289 3.343
T,e[18°C,21°C)  -0.016 | -0.059  -0.090%* -0.084** -0.044*  -0.024  -0.005  0.004 0.009 0034  0.054*  0.085%* | 0.050%  5.711%*  9.346%*
Tye[15°C, 18°C)  -0.002 | -0.079  -0.017  -0.021  -0.027  -0.032  -0.016 -0.006  -0.009  0.020  0.054  0.081* | 0.040*  0.461 3.868
Tye[ 9°C, 12°C) 0017 | 0050  0.008 20.006  -0.003  -0.016  -0.016 -0.015  -0.016 -0.001  0.045  0.085* | -0.007  -1.159 1.167

Ty €[ 6°C, 9°C) 0024 | 0087  0.030 0.002 0.000 0.000 0005  -0.001  -0.019  -0.006  0.067** 0.084* | -0.020  -3.033 0.253
Tye[ 3°C, 6°C) 20.026 | -0.003  -0.037  -0.043*  -0.021  -0.021  -0.018  -0.029  -0.046* -0.039  -0.025  -0.037 | -0.010 2972 4.493*
Tye[ 0°C, 3°C) 20.003 | -0.096  -0.047  -0.033  -0.003  0.004 0.006  0.010 0008 0003 0027 0051 | 0.044* 2985 2224
Tye[ -3°C, 0°C) 0.059%* | 0.175%* 0.101*  0.062*  0.060*  0.043 0.043  0.042 0043 0045 0031 0009 | -0.020 -7.671*  -5.671
Tye[ -6°C, -3°C) 0.103** | 0.096  0.133%%  0.112%%  0.115%  0.109%*  0.102** 0.070*  0.059  0.060  0.091* 0085 | -0.006  -10.755%* -10.613**
T, <-6°C 0.000 | -0.084  -0.049  -0.045  -0.018  -0.002  0.031  0.051* 0039 0046 0054 0014 | 0030  2.757 4760
Precipitation 20.003 | 0.006  0.002 20.001  -0.002  -0.003  -0.005% -0.006** -0.005* -0.005  -0.005  -0.009% | -0.003  -0.102 0.189
Precipitation® /1000 0.000 | 0.000 _ 0.000 0.000 0.000 0.000 0.000*  0.000%*  0.000 _ 0.000 __ 0.000 _ 0.000 | 0.000 0.0l 0.000

Note: Reported are the coefficient estimates from RIF fixed-effects regressions in equation (9) estimated for the following distributional statistics v of farm profitability: i) mean, ii) 5th, 10th, 20th, ...,
90™ and 95th percentiles, iii) standard deviation, iv) the 90th-to-10th inter-decile ratio (IDR1), and v) the 75th-to-25th inter-decile ratio (IDR2). County and year effects are included throughout. The
omitted reference category is T, € (12°C,15°C). Statistical significance is determined using robust standard errors clustered at the climate division and year level. **p <0.01, *p <0.05.
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CHAPTER 3

Impact of Wind and Solar Expansion on U.S. Farm Income Stability
and Resilience

3.1 Introduction

The rapid expansion of utility-scale wind and solar in the United States presents both opportunities
and challenges for the farming sector. These large-scale projects compete with agriculture for land,
as evidenced by a recent Economic Research Service (ERS) report indicating that most wind and solar
farms are developed on former cropland (56% and 43% for wind and solar, respectively) and pasture-
rangeland (36% and 21% for wind and solar, respectively) (Maguire et al., 2024). Furthermore, the
American Farmland Trust (AFT) forecasts that an overwhelming 83% (about 3 million acres) of future
solar projects may be located on agricultural lands by 2040 due to their suitability for construction
(Session & Berke, 2022). This projected expansion raises significant concerns about the potential
implications for the farming sector. While land competition poses a threat to the agricultural
landscape, it also offers farmers and local landowners a unique opportunity to diversify their income
through leasing their land to renewable energy developers. Given the rapid growth of wind and solar
projects and their substantial land footprints, the potential for additional income from land leases and
rural community development is expected to increase significantly. How would this additional income
source for farmers and infrastructure development in rural communities affect the U.S. market-based
farm income stability (steady flows of income) and resilience (the capacity to withstand or to recover
quickly from shocks)? Existing studies offer little insights on this emerging question, leaving a
significant gap in the literature. Here, the market-based farm income will be calculated by excluding

all government payments.
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Expansion of wind and solar energy can significantly influence the stability and resilience of
the market-based farm income in various ways. First, large-scale renewable energy projects can
revitalize local communities by creating new jobs and increasing off-farm income opportunities for
farmers (Marchetti et al., 2024). This diversification of income sources is often associated with greater
farm stability and resilience (Samuel et al., 2024). Second, leasing land to renewable energy
developers can reduce the overall land available for farming, potentially forcing farmers to
concentrate on their most productive acreage. This shift might enhance farm efficiency and
performance, ultimately increasing the market-based farm income stability and resilience. Finally, the
fixed and steady rental income from renewable energy developers can provide farmers with a greater
sense of financial security, potentially encouraging increased investment in their farming operations
(Spangler et al., 2024). However, the long-term impact of this increased investment behavior on the
market-based farm income stability and resilience remains uncertain, necessitating further research
into this crucial relationship.

Regarding the relationship between renewable energy development and farming, existing
literature primarily addresses the challenges associated with (1) evaluating alternative land uses,
including a combination of wind and solar termed hybrid system and of solar and agriculture termed
agrivoltaics (Grubbs et al., 2024; Gupta et al., 2024; Kassem et al., 2024; Lopez et al., 2024; Pascaris,
A., 2024; Sun et al., 2024; Xu et al., 2024; Zhang et al., 2024), (2) selecting suitable sites and
optimizing the micro-environment of wind and solar farms (Edor, G., 2024; Glasberg et al., 2024;
Kaffine, D. T., 2019; Kim & Skaggs, 2024; Li et al., 2024; Mulla et al., 2024; Saraji et al., 2024), and
(3) addressing local community concerns related to wind and solar projects (Huang & Kahn, 2024;
Jackson et al., 2024; Mulvaney, D., 2024; Session & Berke, 2022). However, a critical gap remains
in empirical research examining the impact of wind and solar expansion on the market-based farm
income stability and resilience.
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To address this research gap, we analyze county-level farm income data spanning 1969-2023
and employ an instrumental variable (IV) estimation strategy to identify the causal effects of wind
and solar energy expansion on the stability and resilience of market-based farm income (MFI). Wind
and solar capacity are likely endogenous for several reasons. First, local economic conditions—such
as infrastructure investment, policy incentives, or social acceptance of renewable energy—may
simultaneously influence both renewable energy development and farm income outcomes, resulting
in omitted variable bias. Second, causality may run in the opposite direction, as more stable and
resilient counties are better positioned to attract renewable energy investments due to their lower
financial and operational risks. These issues suggest that ordinary least squares estimates could be
biased and inconsistent. To mitigate endogeneity concerns, we adopt an instrumental variable
approach using one-, two-, and three-year lagged patent counts for wind and solar technologies as
instruments. These lagged innovation measures capture technological progress and industry dynamics
that influence subsequent renewable capacity expansion but are plausibly exogenous to current farm
income performance. This strategy enables a more credible identification of the causal effects of
renewable energy growth on agricultural income stability and resilience across U.S. counties.

The results indicate that each additional megawatt of installed solar energy capacity reduces
the downward anomalies in MFI by roughly $18,000 per county per year and decreases MFI volatility
by approximately $79,000 annually. Moreover, each added megawatt of solar capacity is associated
with a 0.51% improvement in MFI resilience, equivalent to about $745,000 per county per year. These
findings suggest that solar energy development enhances income stability and resilience in the
agricultural sector, likely by providing alternative revenue streams through land lease agreements and
other local economic spillovers. Such diversification enables producers to reinvest in their operations,
adopt adaptive technologies, and better withstand market or climatic shocks. In contrast, we find no
statistically significant effect of wind capacity expansion on MFI stability or resilience.
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This study contributes to the growing literature on renewable energy and agricultural
resilience by providing novel, county-level evidence on how solar energy expansion influences the
stability and resilience of MFI in the United States. By quantifying the marginal effects of wind and
solar capacity additions, the analysis reveals that solar energy development produces significant
stabilizing impacts on MFI, while wind energy capacity shows no comparable effect. These findings
highlight solar farms as an emerging mechanism for income diversification and risk mitigation within
the agricultural sector. Through land lease payments and related local investments, solar projects can
buffer farm operations against price and production volatility, reinforcing economic robustness in
rural regions. More broadly, the results underscore the potential for renewable energy policy to yield
co-benefits in agricultural sustainability and rural income security, an area that remains underexplored

in existing empirical work.

3.2 Conceptual Framework

Wind and solar energy expansion create new economic opportunities in rural areas, reshaping local
economic structures, diversifying farm income sources, and transforming farmers’ risk exposure and
operational efficiency. The following sections discuss in detail the direct and indirect effects of wind

and solar energy development.

3.2.1 Direct Effects

Table 13 summarizes the direct pathways through which wind and solar energy development can
influence the stability and resilience of market-based farm income. These effects occur at the farm
and local levels and stem from immediate economic interactions between renewable energy projects
and agricultural operations. For instance, land lease payments from renewable developers provide
farmers with a stable, predictable source of cash flow that can buffer against market and production
risks. Similarly, renewable energy projects create local off-farm employment opportunities, reducing
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dependence on volatile commodity markets. The reduction in cultivated acreage—due to land leased
for energy production—may encourage more efficient use of remaining farmland, potentially
improving productivity per acre. Additionally, local spending multipliers and increased land values
can further strengthen farm and community financial positions, contributing directly to farm income

stability and resilience.

Table 13. Direct Effects of Wind and Solar Expansion on Farm Income Stability and Resilience

Mechanism Direction of Effect Expected Impact on
Stability/Resilience
Land lease income (fixed 1 Stable, predictable cash Reduces income volatility; enhances
payments from renewable flow resilience to market shocks
developers)
Reduced cultivated acreage | Land in production but 1 | Potential increase in productivity per
efficiency on remaining acre; greater stability
land
Off-farm employment 1 Diversified income Smooths total income; buffers against
(renewable energy sector jobs) sources farm market downturns
Local spending multiplier 1 Local economic activity Stabilizes regional markets supporting
(increased demand for farms
goods/services)
Land value appreciation 1 Asset value Strengthens balance sheets but may
raise barriers for farm expansion

3.2.2 Indirect Effects

Table 14 outlines the indirect or secondary mechanisms through which renewable energy expansion
affects farm income dynamics. These effects operate through broader economic, financial, and
environmental channels. The financial security provided by stable energy-related income streams
enhances farmers’ ability to invest in modern technologies and adopt risk management practices,
strengthening their capacity to withstand shocks. Community-level benefits—such as improved
infrastructure, economic diversification, and environmental co-benefits—further enhance resilience
by stabilizing the rural economy. However, these indirect effects can be mixed; for example,
renewable development may tighten rural labor markets and raise operational costs for some farms.

Overall, the indirect effects complement the direct mechanisms by fostering a more adaptive and
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shock-absorbent farming environment, thereby improving long-term market-based income stability

and resilience.

Table 14. Indirect Effects of Wind and Solar Expansion on Farm Income Stability and Resilience

Mechanism Direction of Effect Expected Impact on
Stability/Resilience

Improved financial security 1 Creditworthiness, liquidity | Facilitates investment and innovation
in farm operations

Investment in technology and 1 Efficiency, adaptation Enhances resilience to climatic and

risk management capacity market variability

Community-level economic 1 Local income Reduces regional vulnerability to

resilience diversification agricultural downturns

Improved infrastructure 1 Market access Stabilizes input and output price

(roads, grid connectivity) margins

Labor market adjustments Mixed (higher wages vs. Ambiguous—depends on farm size and

labor shortages) mechanization level

Environmental benefits (lower | | Climate-related risks Supports long-term farm productivity

GHG emissions) and resilience

Land-use synergy through 1 Combined energy—crop Promotes sustainable dual-income

agrivoltaics productivity systems

3.3 Data

All our data used in this analysis are from publicly available sources. Table 13 shows the list of
variables used in this study and their descriptive statistics. Our county-level dataset spans from 1969

to 2022.

3.3.1 Outcome Variables

The primary variable used to construct all stability and resilience measures is the county-level farm
income. We obtain these detailed data from the U.S. Bureau of Economic Analysis (BEA). To ensure
comparability over time, the original income values, reported in thousands of nominal dollars, are
converted into real (inflation-adjusted) terms using the Producer Price Index (PPI) from the U.S.
Bureau of Labor Statistics. Furthermore, we exclude all forms of government payments to derive the
Market Farm Income (MFI), which reflects the underlying market-driven performance of the

agricultural sector without policy-related distortions. Figure 14 presents the national distribution of
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market-based farm income in the United States. Figure 15 illustrates this distribution across individual
states, while Figure 16 depicts variations by U.S. regions. Figure 17 highlights the regional
distribution of income instability, measured by the absolute downward anomaly in market-based farm

Income.

3.3.2 Key Explanatory Variables

Our key explanatory variables include the measures for wind and solar energy capacity expansion.
For this, we collect the county-level wind and solar expansion data from the U.S. Geological Survey
(USGS). The U.S. Large-Scale Solar Photovoltaic Database (USPVDB) is a detailed and
comprehensive dataset for ground-mounted large-scale solar (1 megawatt or more) photovoltaic
energy facilities in the US. This dataset contains detailed information of 3,699 large-scale solar
facilities and their attributes (e.g. location, capacity, and establishment year) from 1985 to 2023.
Similarly, the U.S. Wind Turbine Database (USWTDB) provides the locations of 48,956 land-based
and offshore wind turbines in the US from 1982 to 2023. Both these databases provide information
on annual cumulative energy generation capacity in megawatts. These county-level wind and solar
energy capacity are our main variables of interest. Figures 18 and 19 show the county level

distribution of solar and wind energy capacity in 2024.

3.3.3 Instrumental and Control Variables

The wind and solar capacity are likely to be endogenous for several reasons. First, local economic
conditions, including infrastructure investment, policy incentives, and community attitudes toward
renewable energy can simultaneously influence both renewable capacity development and farm
income stability, leading to omitted variable bias. Second, more stable and resilient counties may
attract renewable energy projects because of their lower financial and operational risks, creating

potential reverse causality. To address these endogeneity concerns, we will employ an instrumental
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variable approach. Specifically, we use one-, two-, and three-year lags of patent counts related to wind
and solar technologies as instruments. These lagged technology indicators plausibly capture
exogenous innovation shocks and technological diffusion that affect capacity expansion without
directly influencing near-term farm income stability, except through their impact on renewable
development. This approach helps isolate the causal effect of renewable capacity growth on
agricultural resilience. We also collect several other control variables from various sources such as
population and county land area (U.S. Census) and weather variables including temperature and

precipitation (PRISM climate group).

3.4 Method

Our analysis proceeds in several stages. We begin by defining the market-based farm income (MFI)
as the profit generated solely from agricultural production and sales, excluding any government
payments. This approach allows us to assess the pure market-based performance of farms within a
county and examine how wind and solar expansion impacts the market-based farm income stability

and resilience.

3.3.1 Measuring Stability

We measure the stability of the market-based farm income (MFT) by its variability, following a similar
approach used by Harkness et al. (2021). We define high stability as low variability in the market-
based farm income and vice versa. We will calculate two measures of stability. First, we calculate the
absolute downward anomaly (ADA) which is defined as an annual income that is lower than the
rolling means of the market-based farm income and can be expressed in the following way:

| — Tyl if my <y
0 lf TTit < ﬁit

ADA;, = { (D
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where m;; stands for MFI for county i and year t. The term 7;; is the five-year simple moving average

of the MFI. We calculate the five-year-moving averages using the following formula:

t+2
_ t-2 Tt
T[lt = 5 l . (2)

where t + 2 and t — 2 denote two lead and two lagged years, respectively. We adopt a balanced
window encompassing the current year, two preceding years, and two subsequent years for several
reasons. First, this symmetric structure avoids bias in trend estimation by assigning equal importance
to historical and forward-looking observations, thereby maintaining consistency in temporal analysis.
Second, including two lagged years captures historical influences on current market-based farm
income, such as prior yields, prices, and policy decisions. Similarly, two lead years reflect the
forward-looking nature of farm operations, where income expectations depend on planned actions
like crop rotations, production contracts, or anticipated market conditions. Finally, this five-year
window offers sufficient temporal depth to represent medium-term dynamics in market-based farm
income driven by policy cycles (e.g., Farm Bill provisions) or climate anomalies (e.g., drought or
flooding cycles). The second measure of stability is standard deviation, which is widely used in
literature to measure income instabilities (Reckling et al., 2021). We measure the SD of the market-

based farm income for county i and year t as follows:

1 _
SDyy = gxszz(ﬂit — ). 3)

3.4.1 Measuring Resilience

To assess the resilience of U.S. counties, we first identify several shock years by examining
national trends in market-based farm income (MFI) over time. Two key criteria guide this selection.

First, a shock year must exhibit a substantial decline in MFI relative to the preceding year. Second, it
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must be followed by a noticeable rebound or improvement in MFI in the subsequent year. This
distinction is essential because our resilience measure relies on the paired concepts of drop and
rebound. Applying these criteria, we identify six prominent shock years—1980, 1983, 1995, 1999,
2009, and 2020—each marked by a sharp income contraction followed by recovery. These years form

the foundation for quantifying county-level resilience across the United States.

Selecting shock years based on pronounced declines and recoveries offers several
methodological advantages. First, this approach ensures that the identified periods are directly tied to
resilience dynamics, as they capture both substantial disruption and subsequent recovery. Second,
applying a uniform selection criterion across all counties enhances the comparability and replicability
of the analysis. Third, requiring both a drop and rebound effectively filters out periods of sustained
decline, thereby focusing the analysis on complete cycles of shock and recovery. This distinction

prevents misinterpreting resilience as merely the capacity to withstand economic downturns.

The identified shock years serve as benchmarks for measuring both absolute and relative
resilience across U.S. counties. To estimate absolute resilience (AR), we adopt the approach
developed by Han & Goetz (2015 and 2019). Consistent with their framework, we first compute
changes in MFI during both the drop and rebound phases. A drop year denotes a period in which MFI
declines due to one or more adverse shocks, while a rebound year captures the subsequent recovery
when conditions improve or the negative impacts subside. The first chapter conceptually illustrates

these drop and rebound dynamics (see Figure 4 in Chapter 1).
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Figure 13. Drop and Rebound in Resilience Calculation.

Note: t, t-1, and t+1 denote the shock year (drop), pre-shock year, and post-shock year (rebound), respectively. The
identified shock years (t) are 1980, 1983, 1995, 1999, 2009, and 2020. Drop and rebound indicate the deviations between
the expected and observed market-based farm income for each county. By definition, a drop in year is followed by a
rebound in year t+1, while no specific assumptions are imposed on pre-shock years (t-1), which are used to estimate the
expected market-based farm income.

We formularize “Drop” in the market-based farm income for the county i in year t in the

following way:

Texp — Tlobs .
— %100 if m >
Drop;; = < Texp ) ! exp obs 4)

0 lf 7Texp < Tobs

where 7,,, and 7, represent expected and observed values of the market-based farm income of
county i inyear t € [1980,1983,1995,1999, 2009, 2020]. A larger drop signifies a less resilient county.
Nevertheless, in instances where observed values surpass expectations, the “Drop” is assigned a value
of 0. This is because negative values for "Drop" are inconsistent with its conceptual definition. We
calculate the expected market-based farm income for a particular county and year using the

Compound Annual Growth Rate (CAGR). We assume that the expected market-based farm income
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of a county follows a long-run growth path in the absence of any shock. Thus, we calculate this path

for each county at the pre-shock year t — 1 using the following CAGR formula:

1
Ending Value )Number of years

Beginning Value

where the “ending value” corresponds to the observed market-based farm income in the pre-shock
year, t — 1 and the “beginning value” indicates the observed market-based farm income three years
prior to the pre-shock year. This short-time lag of three years ensures that the beginning value is
unaffected by subsequent shocks. Thus, if the CAGR in the market-based farm income for county i
at pre-shock year is “6;;_1”, given that the drop in market-based farm income takes place in the year

t. Then the compound annual growth rate, 8;, at the year t — 1 is calculated as follows:

1
Ty_1\3
0r = () =1 (6)

Using the CAGR, we compute the expected market-based farm income for county i in the year ¢t and

t + 1 as follows:

T = M1 (14 6it4)

Tern = e (14 0-1)°
where 0;,_4 represents the CAGR in the pre-shock year. A rebound is the ability of a county to bounce
back after the shock years is over. Thus, we measure the “rebound” in market-based farm income
using the following formula:

Tlops — Tlexp
—— | % 100 if m > T
Rebound;;, 1= < Texp f' Tobs exp

0 if Tops < 7Texp

(7).
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Absolute resilience (AR) is the ratio of the above two measures: drop and rebound. We measure AR

for county i in the year t using the following formula:

Rebound;;,; — min(Rebound;) + 1

AR, =1
it = 109 Drop;; — min(Drop;) + 1

(8)

where min(Rebound;) and min(Drop;) denote the smallest values observed for “Rebound” and
“Drop” within the complete dataset. By subtracting these minimum values, we standardize the
“Rebound” and “Drop” metrics across all counties. To avoid division by zero, we increment both the
numerator and denominator by 1. The AR measure suggests that counties with smaller drops and
larger rebounds in the same shock year exhibit greater resilience. For each year in t €
(1980, 1983, 1995, 1999, 2009, 2020), we obtain a cross-sectional dataset containing AR values.

By combining these datasets across multiple years, we construct a panel dataset.

3.4.3 Model Specification

To estimate the impact of wind and solar capacity on the stability and resilience of the market-based
farm income, we will employ a county-level panel data model with fixed effects (FE) to control for
unobserved heterogeneity across counties. The following equation will be estimated:

Yii = Bo + B WindCapacity;, + B, - SolarCapacity;; + 93Xy +a;+ ve + € (9)
where Y;; represents the outcome variables: stability and resilience measures. WindCapacity and
SolarCapacity are the key explanatory variables, denoting the utility-scale wind and solar capacity,
respectively, in megawatts by county i and year t. The vector X;; represents other control variables,
including time trend, time trend squared, population density, GDP, temperature, and precipitation.
The terms «a; and y, are the county and the year fixed effects, respectively. Finally, ¢;; is the error

term.
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3.4.4 Construction of Instrumental Variables

The wind and solar capacity are likely to be endogenous for several reasons. First, local economic
conditions—such as infrastructure investment, policy incentives, and community attitudes toward
renewable energy—can simultaneously influence both renewable capacity development and farm
income stability, leading to omitted variable bias. Second, more stable and resilient counties may
attract renewable energy projects because of their lower financial and operational risks, creating
potential reverse causality. To address these endogeneity concerns, we employ an instrumental
variable approach. Specifically, we use one-, two-, and three-year lags of patent counts related to wind

and solar technologies as instruments. Thus, the first stage regression looks as follows:

WindCapacity;, = 6y + 6, - WindPatents,_, + 6, - WindPatents,_, + 65 - WindPatents;_3 + ®" - X;; + a; + y¢ + vy (10)

SolarCapacity;, = 6y + 0, - SolarPatents,_, + 0, - SolarPatents,_, + 83 - SolarPatents,_3z + @° - X + a; + y; + u; (11)

These lagged technology indicators plausibly capture exogenous innovation shocks and technological
diffusion that affect capacity expansion without directly influencing near-term farm income stability,
except through their impact on renewable development. This approach helps isolate the causal effect
of renewable capacity growth on agricultural income stability and resilience.

In addition, we employ alternative instruments for robustness checks. Specifically, wind
capacity is instrumented using the product of county-level transmission line coverage and annual
average wind construction costs, while solar capacity is instrumented using the product of county-
level transmission line coverage and the annual average global photovoltaic (PV) price. For combined
wind and solar capacity, we construct the instrument by multiplying these three variables together.

Transmission line coverage is employed as an instrument for renewable energy capacity to
address potential endogeneity stemming from omitted variable bias or reverse causality. There is
strong theoretical and empirical support for the relevance of transmission infrastructure in

determining the feasibility and scale of wind and solar deployments, as the availability of grid
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connections is a necessary precondition for installing new projects. Given that decisions around grid
expansion are generally made independently from contemporaneous county-level economic shocks
or outcomes, especially after including fixed effects and relevant controls, transmission line coverage
is plausibly exogenous with respect to local outcome error terms.

Annual average wind construction costs and global photovoltaic (PV) prices are incorporated
as additional instruments, capturing exogenous variation in technological and global market
conditions that substantially influence the likelihood and scale of capacity additions. Shifts in
technology costs directly affect investment decisions by altering the cost-benefit calculus for project
developers, thereby impacting deployment timing and magnitude. Importantly, these technology cost
indicators predominantly reflect external developments in equipment manufacturing, supply chains,
or global policy trends, mitigating direct links to local county-level outcomes after controls.

For models estimating combined renewable capacity, the instrument is defined as the
interaction of transmission line coverage, wind construction costs, and global PV price. This
specification captures joint variation in infrastructure readiness and renewable technology costs,
reflecting real-world conditions underpinning the economic feasibility of local renewable energy
expansion. Since each component of the interaction is theoretically and empirically unrelated to
unobserved county-specific shocks in the outcome variable, their combination further enhances the
plausibility of instrument exogeneity in the empirical setting.

Lagged patent counts for wind and solar technologies are also used as instruments to ensure
robustness in addressing endogeneity. These counts proxy for technological innovation and
knowledge spillovers that drive future renewable investments. The use of one-, two-, and three-year
lags helps mitigate simultaneity and reverse causality concerns, as past innovation is unlikely to be

affected by present economic outcomes, particularly after accounting for fixed effects and relevant
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covariates. This approach aligns with existing literature employing technology shocks as instruments
in energy economics research.

Finally, all first-stage equations include unit and year fixed effects, as well as standard
controls, to absorb factors potentially correlated with both the instruments and the dependent variable,
further supporting the validity of the exclusion restriction. Overidentification tests and first-stage F-
statistics for the excluded instruments are reported to document instrument strength and empirical

validity, in accordance with recommended best practices.
3.5 Empirical Results

3.5.1 Main Results

The main results are summarized in Tables 16. Models (1) and (2) report the effects of wind and solar
capacity expansion on the instability of U.S. market farm income, while Model (3) presents the effects
on the resilience in market farm income. Across all models, the expansion of solar energy capacity
exhibits a positive and statistically significant effect on both stability and resilience measures,
whereas the effects of wind energy capacity expansion are statistically insignificant. These findings
suggest that solar energy development may provide more consistent income-stabilizing benefits for
the agricultural sector, possibly due to the broader geographic distribution and higher predictability
of solar generation relative to wind. By contrast, the uneven spatial concentration and intermittency
of wind resources appear to limit their ability to reinforce income stability or resilience in agricultural
markets.

Model (1) indicates that each additional megawatt of solar energy capacity reduces the
downward anomaly in market farm income by approximately $18,000 per county per year. Similarly,
Model (2) shows that a one-megawatt increase in solar capacity lowers market farm income volatility

by about $79,000 annually per county. Model (3) further reveals that each additional megawatt of
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solar capacity improves market farm income resilience by 0.51%, equivalent to roughly $745,000 per
county per year. These results suggest that solar energy expansion supports income stability and
resilience in the agricultural sector, likely through alternative revenue streams generated from land
leases to solar developers. Such income diversification can enable farmers to reinvest in their
operations, adopt adaptive technologies, and strengthen their capacity to absorb and recover from
economic shocks.

The control variables exhibit mixed effects. For instance, population density shows a
statistically significant and positive effect on the standard deviation in market farm income,
suggesting that more densely populated regions may experience greater volatility in farm income,
possibly due to intensified competition or diversified production structures that amplify income
fluctuation. In contrast, population density has a negative relationship with resilience in market farm
income, implying that areas with higher population pressures may have fewer adaptive resources or
limited access to land and capital buffers to absorb shocks. We find no statistically significant impact
of population density on the absolute downward anomaly, indicating that population concentration
does not systematically influence the frequency of large negative deviations in farm income. Both
weather variables display statistically significant and positive effects on resilience in market farm
income, suggesting that moderate climate variability might encourage adaptive investment or risk
management behavior. However, these variables show mixed associations with the instability
measures, likely reflecting heterogeneous regional responses to weather shocks depending on local

adaptation strategies and production systems.

3.5.2 Robustness Checks

We conduct several robustness checks to assess the stability of our regression estimates. Tables 17—
22 summarize the results from these analyses. Table 17 reports results using a simple panel fixed

effects specification instead of the two-stage least squares (2SLS) estimates presented in the main
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results. Table 18 presents results based on the combined wind and solar capacity rather than estimating
them separately as follows:

Yie = Bo+ P1:WindSolarCapacity;, + 93 Xy + a; + y¢ + & (12)
where WindSolarCapacity;; represents the combined capacity of wind and solar energy. We
estimate the models in Equation (12) by employing the simple fixed effects approach. Table 19
examines an alternative approach to calculating instability measures by applying a four-year moving
average instead of the five-year average used in the main analysis, allowing for a sharper reflection
of recent trends. Both wind and solar energy capacities are treated as endogenous variables in these
models, and the one-, two-, and three-year lagged patent counts for wind and solar technologies are
used as instrumental variables for their respective capacities.

Table 20 provides results based on alternative instrumental variables, replacing the lagged
patent counts from the main analysis. Specifically, wind capacity is instrumented with the product of
county-level transmission line coverage and annual average wind construction costs, while solar
capacity is instrumented with the product of county-level transmission line coverage and the annual
average global photovoltaic (PV) price. Table 21 extends this approach by applying the alternative
instruments to the combined capacity of wind and solar energy, defined as the product of transmission
line coverage, annual average wind construction costs, and the global PV price. Finally, Table 22
presents results using alternative sample periods: the first two models use data from 2000 to 2022 to
capture recent developments, whereas the remaining models use the extended 1990-2022 sample.
Both wind and solar capacities are treated as endogenous variables and estimated using the 2SLS
method. Overall, the robustness checks yield results consistent with the main findings, reinforcing the

reliability of the estimated impacts.

109



3.6 Policy Implications

The results emphasize the important role of renewable energy policy in promoting farm income
stability and resilience. The positive and statistically significant effects of solar energy capacity
expansion indicate that solar development provides meaningful income-stabilizing benefits for the
agricultural sector. Policies that encourage the integration of solar energy into rural landscapes can
therefore serve as both an economic and environmental strategy, supporting farmers through lease
revenue and local infrastructure investment. Expanding incentives for solar deployment on marginal
or underutilized farmland could enhance financial diversification and reduce vulnerability to market
or climatic shocks.

The absence of significant effects from wind energy capacity expansion highlights the need
for targeted renewable policy design. While wind energy remains a valuable component of the
national renewable portfolio, its limited contribution to stabilizing farm income suggests that solar
energy is comparatively better suited for promoting agricultural resilience. Policymakers should
consider region-specific characteristics, such as resource consistency and land-use compatibility,
when designing incentives and infrastructure investments. Supporting solar projects in regions with
favorable resource potential may yield more immediate and widespread economic benefits for the
farm sector.

Overall, these findings point to the value of integrating renewable energy development into
broader agricultural resilience planning. Prioritizing solar energy expansion through streamlined
permitting, financial incentives, and technical assistance can strengthen the economic foundation of

rural communities while advancing national goals for clean energy and climate adaptation.
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3.7 Conclusion

This study investigates how the expansion of wind and solar energy capacity influences the stability
and resilience of market-based farm income in the United States. Although competition for land from
the renewable energy sector may pose challenges for traditional agricultural uses, it also presents
farmers and landowners with new opportunities to diversify income through leasing arrangements
with energy developers. Yet, the extent to which these alternative income sources affect the stability
and resilience of farm income has remained largely unexplored. To address this gap, we employ
county-level data spanning 1969-2022 to estimate the relationship between renewable energy
capacity growth and market farm income dynamics, excluding all government payments. The
empirical results indicate that the expansion of solar energy capacity has a positive and statistically
significant effect on both income stability and resilience, while the effects of wind energy expansion
are not statistically significant. These findings suggest that solar energy development can serve as an
important mechanism for enhancing the economic robustness of U.S. agriculture through income

diversification and improved adaptive capacity.

The findings offer several policy-relevant insights for advancing agricultural income stability
and resilience. Given that solar capacity expansion demonstrates a measurable positive effect on
mitigating income volatility and enhancing resilience in U.S. farm economies, policymakers could
view solar energy development as a complementary tool within broader rural development and
climate adaptation strategies. Encouraging farmer participation in solar projects by leasing
arrangements, shared ownership models, or incentive-based programs can diversify income streams
and reduce exposure to commodity and weather-related risks. Integrating renewable energy planning
into farm policy frameworks, such as USDA renewable energy initiatives and state-level clean energy

standards, may thus not only promote decarbonization but also strengthen the financial sustainability
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of agricultural operations. These results underscore the importance of coordinated policy design that

links energy infrastructure expansion with agricultural stability and income resilience objectives.
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U.S. Market Farm Income
(Without Government Payments)
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Figure 14. Distribution of Market-based Farm Income in the United States (1969-2022).
Notes: Market farm income is calculated by deducting all types of government payments to producers. Producer price index (PPI) has been used to deflate the

nominal farm income. The unit of market-based farm income is in billions of 2022 dollars. The five- year rolling average has been calculated by summing up
market-based farm income for the current year, 2 previous years, and 2 forward years and then dividing by 5.
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U.S. Market Farm Income by State (1969-2022)
(Without Government Payments)
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Figure 15. Distribution of Market-based Farm Income by U.S. States (1969-2022).
Notes: Market farm income is calculated by deducting all types of government payments to producers. Producer price index (PPI) has been used to deflate the
nominal farm income. The unit of market-based farm income is in billions of 2022 dollars.
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Market Farm Income by U.S. Region (1969-2022)
(Without Government Payments)
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Figure 16. Distribution of Market Farm Income by U.S. Regions (1969-2022).

Notes: Market farm income is calculated by deducting all types of government payments to producers. Producer price index (PPI) has been used to deflate the
nominal farm income. The unit of market-based farm income is in billions of 2022 dollars. The five- year rolling average has been calculated by summing up
market-based farm income for the current year, 2 previous years, and 2 forward years and then dividing by 5.
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Instability in Market Farm Income by U.S. Region
(Absolute Downward Anomaly)
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Figure 17. Distribution of Instability in Market Farm Income (Absolute Downward Anomaly) from 1969 to 2022.

Notes: Market farm income is calculated by deducting all types of government payments to producers. Producer price index (PPI) has been used to deflate the
nominal farm income. The unit of market-based farm income is in billions of 2022 dollars. Downward anomaly by year is the absolute mean deviation (absolute
value of the difference between farm income and five-year rolling average) in market-based farm income. The five- year rolling average has been calculated by
summing up market-based farm income of current year, 2 previous years, and 2 forward years and then dividing by 5.
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Figure 18. Solar Energy Capacity in 2024 by U.S. Counties.

Note: Solar energy capacity is measured in megawatts.
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Figure 19. Wind Energy Capacity in 2024 by U.S. Counties.

Note: Wind energy capacity is measured in megawatts.
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Table 15. Chapter 3: Summary Statistics

Observations Mean Std. Dev. Min Max
QOutcome Variable
Market Farm Income (MFI) 146,156.00 11,030.67 66,995.21 -338,193.60 2,849,725.00
MFTI: Absolute Downward Anomaly 227,573.00 2,794.72 11,245.20 0.00 855,117.70
MFTI: Rolling Standard Deviation 133,617.00 12,068.72 20,315.01 0.00 766,559.70
MFI: Resilience 18,244.00 0.76 2.81 0.00 52.07
Key Explanatory Variable
Wind Energy Capacity 227,573.00 2.15 240.74 0.00 74,983.00
Solar Energy Capacity 227,573.00 8.73 514.65 0.00 88,198.60
Control Variables
Population Density 141,567.00 183.90 1,180.57 0.03 50,561.07
Annual Total Precipitation 145,747.00 1,005.90 410.59 12.73 4,306.12
Annual Average Temperature 145,888.00 12.53 4.58 -0.91 26.01
Instrumental Variables
Patent Count for Wind Energy 227,448.00 1,479.65 833.84 579.00 3,547.00
Patent Count for Solar Energy 227,448.00 624.04 518.56 186.00 1,789.00
Transmission line coverage 149,836.00 237.82 263.05 0.02 4,714.20
Annual average wind construction costs 227,448.00 3,175.66 1,103.76 1,306.06 5,052.13
Annual average world PV price 227,448.00 12.96 18.90 0.32 98.34

Note: Farm income is measured in thousands of U.S. dollars. Both wind and solar energy capacity are measured in megawatts. Transmission line coverage at the
county level is measured in miles. Both annual average wind construction costs and annual average world PV price are measured in U.S. dollars per kilowatt hour.
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Table 16. Determinants of Farm Income Instability and Resilience (Method: Two Stage Least Squares Estimates with Instrumental
Variables)

1) () 3)
Variables Absolute Downward  Standard Resilience
Anomaly (ADA) Deviation (SD)
Wind Energy Capacity 21.867 28.225 0.011
(30.902) (70.242) (0.009)
Solar Energy Capacity -18.180™" -79.124™° 0.005™
(6.145) (16.438) (0.002)
Population Density 0.537 3.040™ -0.002™
(0.467) (1.270) (0.001)
Annual Total Precipitation 1.534™ -2.489™ 0.000™
(0.333) (0.625) (0.000)
Annual Average Temperature -522.544" -517.875™" 0.109™
(70.987) (174.413) (0.034)
Number of Observations 131338 128275 18044

Note: Both wind and solar energy capacity are considered endogenous in our model. Thus, one, two, and three years lagged values for
patent count for the wind and solar energy have been used as instrumental variables for both wind and solar energy capacity. A linear
time trend and its squared term have been included in the model to capture the technological advancements in the overall renewable
energy sector.
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Table 17. Robustness Checks: Alternative Estimation Method (Panel Fixed Effect Estimates)

Variables Absolute Downward  Standard Resilience
Anomaly (ADA) Deviation (SD)
Wind Energy Capacity -0.071 1.019™ -0.000™
(0.196) (0.407) (0.000)
Solar Energy Capacity -0.662"" -1.085™" -0.000"
(0.127) (0.143) (0.000)
Population Density -0.589™" -1.190"" -0.000
(0.169) (0.413) (0.001)
Annual Total Precipitation 2.120™ -0.7917 0.000
(0.152) (0.168) (0.000)
Annual Average Temperature -694.779"" -980.178" 0.133™
(52.798) (46.997) (0.034)
Number of Observations 140491 131326 18044

Note: This table reports the results from the simple panel fixed effect, rather than two stage least square estimates in the main results.
A linear time trend and its squared term have been included in all the models to capture the technological advancements in the overall
renewable energy sector.
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Table 18. Robustness Checks: Alternative Estimation Method with Combined Capacity (Panel Fixed Effect Estimates)

Variables Absolute Downward  Standard Resilience
Anomaly (ADA) Deviation (SD)

Combined Capacity (Wind & Solar) -48.183™ -118.348™" 0.006"
(11.580) (28.177) (0.003)

Population Density 2.348"™ 5392 -0.003"
(0.893) (1.992) (0.001)

Annual Total Precipitation 0.343 -3.782™" 0.000™
(0.496) (0.918) (0.000)

Annual Average Temperature -474.697"" -634.097"" 0.089"
(95.941) (211.839) (0.052)

Number of Observations 131338 128275 18044

Note: This table presents results based on the combined wind and solar capacity, rather than estimating them separately. The models
use a simple panel fixed effects specification instead of the two-stage least squares approach employed in the main analysis. A linear
time trend and its squared term are included in all models to account for technological advancements in the renewable energy sector.
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Table 19. Robustness Checks: Alternative Method to Calculate Instability Measures (Method: Two Stage Least Squares Estimates with
Instrumental Variables)

Variables Absolute Downward  Standard
Anomaly (ADA) Deviation (SD)
Wind Energy Capacity -16.273 289.034°
(28.803) (170.285)
Solar Energy Capacity -18.287" -52.665
(5.327) (41.585)
Population Density 0.998" 2.762
(0.410) (3.230)
Annual Total Precipitation 0.838"" -1.388
(0.305) (1.661)
Annual Average Temperature -546.367"" 112.720
(68.012) (216.362)
Number of Observations 131338 131330

Note: This table presents results based on an alternative approach to calculating instability measures. Instead of
the five-year moving average used in the main analysis, a four-year moving average is applied here to better
capture recent trends. Both wind and solar energy capacities are treated as endogenous variables. Accordingly,
the one-, two-, and three-year lagged patent counts for wind and solar technologies are used as instrumental
variables for their respective capacities. A linear time trend and its squared term are included in the model to
account for technological advancements in the renewable energy sector.
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Table 20. Robustness Checks: Alternative Instrumental Variables (Method: Two Stage Least Squares Estimates with Instrumental
Variables)

Variables Absolute Downward  Standard Resilience
Anomaly (ADA) Deviation (SD)
Wind Energy Capacity 254.341 -100.978 0.007
(162.924) (68.682) (0.008)
Solar Energy Capacity -27.877" 18.298™" -0.000
(13.802) (7.090) (0.000)
Population Density 1.496 2,167 -0.000
(1.268) (0.483) (0.001)
Annual Total Precipitation 2391 -0.668" 0.000
(0.681) (0.312) (0.000)
Annual Average Temperature 39.613 -1340.034™ 0.143™
(376.610) (146.159) (0.037)
Number of Observations 140123 130982 18002

Note: This table reports results based on alternative instrumental variables, replacing the one-, two-, and three-year lagged patent
counts used in the main analysis. For wind energy capacity, the instrument is defined as the product of county-level transmission line
coverage and annual average wind construction costs. For solar energy capacity, the instrument is defined as the product of county-
level transmission line coverage and the annual average global photovoltaic (PV) price. A linear time trend and its squared term are
included in all models to capture technological advancements in the renewable energy sector.
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Table 21. Robustness Checks: Alternative Instrumental Variables with Combined Capacity Method: Two Stage Least Squares Estimates
with Instrumental Variables)

Variables Absolute Downward  Standard Resilience
Anomaly (ADA) Deviation (SD)

Combined Capacity (Wind & Solar) 10.086™" 0.993 0.000
(2.527) (1.281) (0.000)

Population Density -1.275™ -1.3117 -0.001
(0.219) (0.154) (0.001)

Annual Total Precipitation 2452 -0.748" 0.000
(0.182) (0.134) (0.000)

Annual Average Temperature -745.4117 -993.715™" 0.131™
(54.992) (37.275) (0.034)

Number of Observations 140123 130982 18002

Note: This table presents results based on alternative instrumental variables, replacing the one-, two-, and three-year lagged patent
counts used in the main analysis. The models use the combined capacity of wind and solar energy rather than treating them separately.
The instrument for the combined capacity is defined as the product of county-level transmission line coverage, annual average wind
construction costs, and the annual average global photovoltaic (PV) price. A linear time trend and its squared term are included in all
models to account for technological advancements in the renewable energy sector.
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Table 22. Robustness Checks: Alternative Sample by Splitting Dataset (Method: Two Stage Least Squares Estimates with Instrumental
Variables)

Instability Measures Resilience

Absolute Downward  Standard Absolute Downward Standard

Anomaly (ADA) Deyviation (SD) Anomaly (ADA) Deviation (SD)

(2000-2022) (2000-2022) (1990-2022) (1990-2022) (1990-2022)
Wind Energy Capacity -43.456 -75.656 -20.044 45.053 -0.004

(75.566) (142.958) (36.468) (99.419) (0.020)
Solar Energy Capacity -84.539" -165.481" -26.373" -61.166" 0.006™

(44.208) (74.415) (12.098) (34.978) (0.003)
Population Density 4.061 6.612 0.762 1.693 -0.003"

(2.779) (4.435) (0.830) (2.268) (0.002)
Annual Total Precipitation -1.924 -4.608" 0.267 -1.804 0.000

(1.645) (2.275) (0.587) (1.271) (0.000)
Annual Average Temperature -1726.012™* -423.692 -808.422™ -693.069™" 0.014

(314.826) (660.389) (88.466) (167.962) (0.072)
Number of Observations 64155 61100 94705 91650 12045

Note: This table presents results based on alternative sample periods. The first two models use data from 2000 to 2022 to capture more recent trends and effects, while
the last three models employ an extended sample period from 1990 to 2022. Both wind and solar energy capacities are treated as endogenous variables. Accordingly,
the one-, two-, and three-year lagged patent counts for wind and solar technologies are used as instrumental variables for their respective capacities. A linear time trend
and its squared term are included in the model to account for technological advancements in the renewable energy sector.
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