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Abstract

A large empirical literature uses historical weather-yield relationships to assess
the potential impacts of climate change on agricultural production. Technological
change, however, may alter the sensitivity of agricultural production to climate
stress in ways not fully captured by the simple time trends commonly used in
empirical models. This paper examines whether climate-yield relationships in
US corn production exhibit structural changes following the commercialization
and widespread diffusion of biotechnology traits. Using county-level panel data
on corn yields and weather variables from 1950–2024, we estimate fixed-effects
models incorporating a structural break in 2003, corresponding to the commercial-
ization of rootworm-resistant biotechnology traits in US corn production. The
analysis incorporates alternative drought measures, precipitation controls, and
nonlinear climate specifications. The results provide consistent evidence that
corn yields became less sensitive to heat stress, drought conditions, and precipi-
tation variability after 2003. The findings remain robust across alternative model
specifications and structural break years between 2001 and 2005. Overall, the
results suggest that technological advances may have altered historical climate-
yield relationships, with important implications for climate-impact assessments
and projections of future agricultural damages.
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1 Introduction

Climate change has intensified concerns regarding the vulnerability of agricultural pro-

duction to weather and climate extremes (IPCC, 2021). A large empirical literature

uses historical weather-yield relationships to assess the potential impacts of climate

change on agricultural production (Deschênes and Greenstone, 2007; Lobell et al., 2011;

Roberts et al., 2013). Seminal work by Schlenker and Roberts (2009) documented crit-

ical temperature thresholds beyond which corn, soybean, and cotton yields decline

sharply. Their framework has been widely adopted in subsequent research examining

the effects of extreme heat and precipitation variability on agricultural productivity.

In much of this literature, technological change is incorporated through linear or

quadratic time trends in yields (e.g., Roberts et al., 2013). Major technological ad-

vances, however, may have altered agricultural responses to climatic stress (Burke and

Emerick, 2016; Ortiz-Bobea et al., 2021). In particular, biotechnology adoption and

advances in crop genetics may improve resilience to heat, drought, and other environ-

mental stresses (Goodwin and Piggott, 2020; Lee et al., 2022). Huffman et al. (2018)

show that biotechnology adoption and related technological innovations may alter the

effects of weather conditions on corn yields by reducing downside yield losses associ-

ated with soil moisture stress, although they find little evidence that existing biotech

corn hybrids mitigate damages from excess heat. As agricultural technologies con-

tinue to evolve, historical climate-yield relationships may also shift over time. Simple

time-trend specifications may therefore fail to fully capture shifts in crop responses to

climatic stress associated with technological change.

In corn production, Bt corn for rootworm control became commercially available

in 2003, following the earlier adoption of herbicide-tolerant crops and Bt corn varieties

targeting other insect pests (Fernandez-Cornejo et al., 2014).1 Subsequent years saw

the rapid diffusion of stacked-trait varieties, and genetically engineered varieties soon

1Corn rootworm infestations damage root systems in growing corn plants, potentially increasing
vulnerability to heat and drought stress by reducing plant resilience to adverse environmental condi-
tions.
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became dominant in US corn production.2 These technological developments may have

altered how crop yields respond to climatic stress.

This paper examines whether technological change has altered the relationships be-

tween climate variables and corn yields in the US. Using county-level panel data on

corn yields and weather variables from 1950–2024, we estimate fixed-effects models

that allow for a structural break in climate-yield relationships. The analysis focuses

on whether climate sensitivities changed after 2003, corresponding to the commercial-

ization of rootworm-resistant biotechnology traits in US corn production. We evaluate

robustness across alternative specifications, drought measures, nonlinear climate con-

trols, and alternative break points.

The results indicate substantial changes in climate-yield relationships following ma-

jor biotechnology advances in corn production. Across specifications, corn yields be-

came less sensitive to extreme heat exposure, drought conditions, and precipitation vari-

ability after 2003. In particular, estimated effects of cooling degree days and drought

measures generally declined in magnitude in the post-2003 period, indicating reduced

sensitivity to both heat stress and moisture variability. Wald tests consistently reject

parameter stability across periods, providing statistical evidence of structural change

in climate-yield relationships after 2003. The results also remain broadly robust across

alternative drought measures, nonlinear climate specifications, and nearby structural

break dates between 2001 and 2005, consistent with the gradual diffusion of biotech-

nology traits during the early 2000s. Overall, the findings suggest that technological

change improved crop resilience and reduced the sensitivity of corn yields to climatic

stress.

The findings have several implications for the literature on climate change and

agricultural production. First, the results suggest that climate sensitivities in agricul-

ture may evolve over time as production technologies change, implying that the simple

time-trend specifications commonly used in empirical models may not fully capture

2According to USDA data, genetically engineered varieties now account for more than 90 percent
of U.S. corn acreage, with stacked trait varieties representing approximately 84 percent of corn acreage
in 2025 (U.S. Department of Agriculture, Economic Research Service, 2025).
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structural changes in climate-yield relationships. As a result, climate-impact assess-

ments that rely on historical weather-yield relationships to project future agricultural

damages may inaccurately characterize future climate risks if technological adaptation

alters crop resilience over time. Second, the analysis suggests that agricultural innova-

tion and advances in crop genetics may play an important role in mitigating exposure

to heat stress, drought conditions, and precipitation variability. More broadly, the find-

ings suggest that technological adaptation should be considered when evaluating the

long-run impacts of climate change on agricultural production.

The remainder of the paper is organized as follows. Section 2 describes the empirical

approach, including the data and empirical specifications used to evaluate structural

changes in climate-yield relationships. Section 3 presents the empirical results and

robustness analyses. Section 4 concludes and discusses implications for climate-impact

assessments and technological adaptation in agriculture.

2 Empirical Approach

2.1 Data

We use county-level panel data on corn yields and weather variables over the period

1950–2024. Yield data are obtained from the USDA National Agricultural Statistics

Service (NASS) and are measured in bushels per harvested acre. Weather variables,

including precipitation, temperature, and drought indices, are constructed over the

May–July corn growing season using data from the NOAA nClimDiv dataset, which

provides county-level climate measures based on gridded weather station data.3 The

sample is geographically restricted to counties east of the 100◦ meridian, where corn

production is concentrated and agricultural production is less dependent on irrigation

(Schlenker and Roberts, 2009). The resulting dataset is an unbalanced panel due to

missing county-year observations. The final sample consists of 134,916 county-year

3For additional details on the NOAA nClimDiv dataset, see https://www.ncei.noaa.gov/access/
metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C00005.
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observations across 2,334 counties in 31 states.

Table 1 presents summary statistics for the final estimation sample. Average corn

yield is 89.22 bushels per harvested acre, with a standard deviation of 45.76 bushels, in-

dicating substantial variation in productivity across county-year observations. Growing-

season precipitation and cumulative cooling degree days (CDD) also exhibit consider-

able dispersion, reflecting substantial heterogeneity in moisture conditions and heat

exposure across the sample. The Palmer Z Index and PDSI span a wide range of val-

ues, indicating substantial variation in both short- and long-term drought conditions.

Figure 1 illustrates the geographic distribution of counties included in the analysis. The

sample covers a broad portion of the eastern and central United States, including the

major corn-producing regions east of the 100◦ meridian.

2.2 Empirical Strategy

We estimate county fixed-effects panel regressions relating log corn yield to climate vari-

ables observed during the growing season. Our specification is broadly consistent with

prior studies examining climate-yield relationships, including Schlenker and Roberts

(2009) and Roberts et al. (2013). The baseline specification is given by:

log(Yit) = αi + β1Pit + β2P
2
it + β3CDDit + β4Dit

+ δ1t+ δ2t
2 + εit,

(1)

where Yit denotes corn yield in county i and year t, and αi represents county fixed effects.

County fixed effects control for time-invariant differences across counties, including soil

quality and other persistent agronomic characteristics. Pit denotes cumulative growing-

season precipitation, and CDDit denotes cumulative cooling degree days (CDD), a mea-

sure of cumulative heat exposure during the growing season. Precipitation and CDD

are accumulated over the May–July growing season, while the drought indices are av-

eraged over the same period. Dit denotes a drought index measured alternatively using

either the Palmer Z Index or the Palmer Drought Severity Index (PDSI), depending
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on the specification. The specification also includes linear and quadratic time trends (t

and t2) to account for gradual technological progress and long-run productivity growth

over time.

Because the Palmer drought indices already incorporate temperature and moisture

information, including additional climate variables may introduce substantial corre-

lation among climate controls. Related work also suggests that estimated drought

impacts may vary across alternative drought measures and climate-control specifica-

tions (Sumner et al., 2026). We therefore estimate a range of specifications that vary

in the inclusion of precipitation terms, CDD measures, and trend controls. This ap-

proach allows us to evaluate the robustness of the estimated climate sensitivities across

alternative specifications.

To evaluate whether climate sensitivities changed over time, we extend the baseline

specification to allow for a structural break in climate-yield relationships after 2003 by

interacting the climate variables with a post-2003 indicator variable. In this sense, the

specification represents a Chow (1960)-type structural break test with a known break

point implemented within a fixed-effects panel framework:

log(Yit) = αi + β1Pit + β2P
2
it + β3CDDit + β4Dit

+ θ1(Pit × Post2003t) + θ2(P
2
it × Post2003t)

+ θ3(CDDit × Post2003t) + θ4(Dit × Post2003t)

+ δ1t+ δ2t
2 + εit,

(2)

where Post2003t equals one for 2003 and subsequent years and zero otherwise. The

coefficients β1 through β4 represent the pre-2003 climate effects, while the interaction

terms θ1 through θ4 capture changes in climate sensitivities after 2003. The post-2003

climate effects are therefore given by the sums βj + θj for the corresponding climate

variables.

The year 2003 is treated as the primary structural break because it coincides with the

commercialization and early diffusion of rootworm-resistant biotechnology traits in US
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corn production. Because adoption occurred gradually over subsequent years, we also

evaluate robustness using alternative break dates between 2001 and 2005. To evaluate

whether climate-yield relationships differ across periods, we conduct joint Wald tests

on the interaction terms associated with the climate variables. Rejection of the null

hypothesis implies structural instability in the climate-yield relationships across periods.

Standard errors are clustered at the county level to account for serial correlation and

heteroskedasticity within counties over time.

3 Empirical Results

Table 2 presents estimates from a range of specifications examining the relationship be-

tween climate variables and corn yields. The analysis begins with simple specifications

that include only drought-related measures, such as the Palmer Z Index and PDSI, and

then progressively incorporates additional weather variables, including precipitation

and heat exposure. The year 2003 is treated as the primary structural break, reflect-

ing the commercialization and widespread diffusion of biotechnology traits that may

have altered the relationship between climate conditions and crop yields by improving

resilience to temperature extremes and drought.

Several consistent patterns are observed across specifications. Moisture availability,

as measured by the Palmer Z Index and PDSI, has a positive and statistically significant

effect on yields in both periods, indicating that wetter conditions are associated with

higher yields. Notably, the magnitude of these effects generally declines in the post-

2003 period, suggesting reduced sensitivity to moisture variability. The results are

broadly similar across the Palmer Z Index and PDSI specifications, indicating that the

estimated changes in climate sensitivity are not driven solely by either short-term or

longer-term drought conditions.

Heat exposure, measured by cooling degree days (CDD), has a consistently negative

effect on yields. Higher CDD values correspond to greater exposure to heat stress

during the growing season. Across specifications, the estimated effects of heat exposure
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decline substantially after 2003, with CDD coefficients generally becoming smaller in

magnitude in the post-2003 period, indicating reduced vulnerability to heat stress.

Precipitation also remains an important determinant of yields, and the inclusion of

a quadratic term highlights nonlinear effects. While precipitation continues to play a

significant role in explaining yield variation, the precipitation coefficients also generally

decline in magnitude after 2003. Overall, the results indicate a structural shift in

climate-yield relationships, with reduced sensitivity to both moisture variability and

heat stress after 2003.

One interpretation of these findings is that advances in seed genetics, pest resistance,

and drought tolerance may have increased the ability of corn plants to withstand adverse

climate conditions, thereby weakening the historical relationship between weather stress

and crop yields. In particular, the results are consistent with evidence suggesting that

genetically modified corn hybrids with rootworm-resistant traits may reduce yield risk

and improve resilience under adverse growing conditions (Goodwin and Piggott, 2020;

Aglasan et al., 2023).

Table 2 also reports Wald tests for structural change. Across all specifications, the

null hypothesis of parameter stability is strongly rejected, providing statistical evidence

that the relationship between climate variables and corn yields differs between the pre-

and post-2003 periods.

The results are robust to alternative structural break years surrounding the 2003

benchmark. Appendix Tables A1–A4 report analogous specifications using break years

between 2001 and 2005. The overall patterns remain qualitatively similar across alter-

native break dates, with post-break estimates consistently indicating reduced sensitivity

to heat stress and moisture variability. In particular, the estimated effects of CDD and

drought measures remain consistently smaller in magnitude in the post-break period

across alternative break dates, while the Wald tests continue to reject parameter stabil-

ity at conventional significance levels. The similarity of the results across nearby break

dates is consistent with the gradual diffusion of biotechnology traits during the early
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2000s rather than an abrupt one-time shift in climate sensitivities.

4 Conclusion

This paper examines whether climate-yield relationships in US agriculture have changed

over time in ways that may reflect evolving agricultural technologies. Using county-

level panel data on corn yields and weather variables from 1950–2024, we estimate

fixed-effects models that allow climate sensitivities to differ across periods through in-

teractions between climate variables and a post-2003 indicator. The analysis considers

a range of specifications incorporating alternative drought measures, precipitation con-

trols, and nonlinear climate effects in order to evaluate the robustness of the estimated

relationships.

The results provide consistent evidence of structural changes in climate-yield rela-

tionships after 2003. Across specifications, corn yields become less sensitive to extreme

heat exposure, drought conditions, and precipitation variability in the post-2003 pe-

riod. In particular, the estimated effects of cooling degree days, drought measures, and

precipitation variables generally become smaller in magnitude after 2003, suggesting

reduced vulnerability to adverse climate conditions. The overall patterns remain quali-

tatively similar across alternative structural break years, providing additional evidence

that climate sensitivities have evolved over time rather than remaining constant across

decades.

Several extensions remain for future research. While the current analysis focuses

on corn production, similar questions may be examined for other major crops such as

soybeans and cotton, where technological change and climate sensitivities may evolve

differently across production systems. Future work could also explore regional hetero-

geneity in climate resilience, differences across management practices, and the effects

of more recent advances in seed genetics and drought-tolerant crop traits. These ex-

tensions may provide additional insight into how agricultural adaptation shapes crop

responses to changing climate conditions.
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Table 1: Summary Statistics

Variable Mean SD Min Max

Yield 89.22 45.76 0.30 248.20
Log yield 4.34 0.59 −1.20 5.51
Precipitation 12.70 3.99 0.44 42.45
CDD 684.23 319.94 19.00 2117.00
Palmer Z Index 0.19 1.44 −5.51 8.26
PDSI 0.32 2.11 −7.68 9.44

Notes: Summary statistics are calculated using the final estima-
tion sample. Yield is measured in bushels per harvested acre.
Precipitation denotes cumulative May–July precipitation mea-
sured in inches. CDD denotes cumulative May–July cooling
degree days.
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Included in sample Not included

Figure 1: Geographic Distribution of Sample Counties
Notes: The figure shows counties included in the final estimation sample at least once during
the sample period. The dashed vertical line denotes the 100th meridian.
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A Appendix

Appendix Tables A1–A4 report analogous specifications using alternative structural

break years surrounding the 2003 benchmark. The overall patterns remain qualitatively

similar across alternative break dates, with post-break estimates consistently indicating

reduced sensitivity to heat stress and moisture variability.
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