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Historical Weather Shocks: Impacts on the Adoption of Conservation
Practices

Abstract

This study investigates the dynamic impact of multi-year weather histories on the adoption of
conservation practices in Iowa, Illinois, and Indiana. Using county-level panel data from the
Census of Agriculture (2012, 2017, 2022) and monthly weather records from 2007 to 2022, we
employ a two-way fixed effects distributed lag model (TWFE-DLM) and a modified Almon-Ridge
(AR) estimator. This modified estimator allows us to recover smooth, interpretable lag profiles
while mitigating the multicollinearity inherent in multi-ysear climate variables. Our results
demonstrate that weather shocks exert persistent effects on adoption for up to five years. Notably,
we find that variations in precipitation during the crop planting season trigger distinctly different
responses: historically abundant spring rainfall consistently fosters the adoption of conservation
tillage techniques, yet it is negatively correlated with the adoption of cover cropping. These
findings underscore that climate adaptation is a path dependent process, one in which short-term
operational constraints often precipitate long-term shifts in behavioral patterns. Consequently,
effective agricultural conservation policies must move beyond purely static incentive mechanisms
to fully account for these seasonally asymmetric effects, striving instead to support flexible and
forward-looking long-term management strategies.

Key words: distributed lag model, conservation tillage, cover cropping, climate adoption, Almon-
ridge estimator, land economics
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1. Introduction

In recent years, the global ecosystem has experienced an unprecedented warming period (IPCC,
2021). Researchers have observed that extreme weather events are becoming more frequent and
more intense worldwide (Karl, 2009), and this pattern is expected to persist in the near future
(Malhi et al., 2021). Since farming in the United States heavily depends on the favorable weather
conditions, it makes the agricultural sector especially vulnerable to the changing climate (Won et
al., 2024). Conservation practice is therefore increasingly being adopted as an effective approach
to protect the agricultural sectors. Conservation practice represents a combination of practices that
have historically been used in the ecosystem, conservation, climate change, and agriculture fields
(Chandra et al., 2018). Many Conservation practices are imperative to increase sustainable
productivity and improve agricultural resilience to climate change. In the U.S., conservation
practices are already widely adopted. According to USDA (Bowman et al., 2025), about 75.5% of
corn acres (2021), 42.9 of cotton acres (2019), 80.7% of soybean acres (2023), and 75.7% of
sorghum acres (2019) are managed with conservation tillage. In terms of cover cropping, about
8.4% of corn acres (2021), 11.1% of soybean acres (2023), and 18.8% of cotton acres (2019) are
adopted, so even modest weather-induced changes in adoption translate into millions of acres.
However, weather history does not just simply damage or disrupt the crop yield. More importantly,
it also shapes farmers’ perceptions of risk, influencing their willingness to participate in
conservation practices (Etumnu et al., 2023). Therefore, understanding how multi-year weather

histories impact conservation practices adoption is crucial to the U.S. agriculture.

Cover cropping and conservation tillage are two widely promoted conservation practices
because they directly alter soil cover and soil disturbance, which are two key drivers for erosion

control and soil-health improvement. The USDA Natural Resources Conservation Service
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(NRCS)' defines a cover crop as “grasses, legumes, and other forbs planted for seasonal vegetative
cover”. Its primary purpose is to protect and improve agroecosystems, including reducing
sheet/rill/wind erosion, maintaining or increasing soil organic matter, improving aggregate
stability and soil moisture, rather than generating direct marketable yield. Conservation tillage
includes reduced-disturbance systems (e.g., no-till, strip-till, mulch-till) that maintain substantial
crop residue on the soil surface. In U.S. monitoring and outreach contexts, it is commonly
characterized by a residue-retention threshold (e.g., at least 30% residue cover at planting) and is
often framed as a technology that reduces erosion while also potentially improving soil moisture
retention and lowering certain field-operation costs relative to conventional inversion tillage
(Claassen et al., 2018; Bergtold and Sailus, 2020). Importantly, these measures can complement
each other. Cover crops can increase vegetation cover and biomass during the non-growing season,
thus improving surface protection. While conservation tillage helps maintain crop residue and soil

structure, thereby enhancing resilience to heavy rainfall and water stress.

From an economic perspective, the adoption of conservation practices reflects dynamic choices
made by producers under conditions of uncertainty. They must weigh readily apparent initial costs
against potential, lagged, variable, and partially externalized benefits. A central theme in the cover
crop economics literature is that actual private benefits depend on cost conditions and yield
responses, which vary across farms and years. Therefore, producers may experiment on a small
scale before scaling up, and widespread adoption may require mechanisms to better align private
incentives with environmental benefits (Bergtold et al., 2019; Thompson et al., 2021). Similarly,

research on conservation tillage emphasizes that its adoption is influenced by expected profitability

" For more details, please access NRCS website at https://www.nrcs.usda.gov/resources/guides-and-
instructions/cover-crop-ac-340-conservation-practice-standard.
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and yield risk, perceptions of soil health benefits, land ownership and long-term land tenure, and
policy incentives such as government subsidies (Ogieriakhi and Woodward, 2022). Broader
research on the adoption of best management practices suggests that expected profits and
constraints interact with behavioral and social drivers to jointly determine adoption decisions (Liu
et al., 2018). While this literature provides a rich foundation on incentives and constraints, few
studies explicitly model how the impact of multi-year extreme weather events alters perceptions
of net benefits and risks, thereby having a persistent and lagged effect on the adoption of
conservation tillage practices. This question is particularly important for soil health practices, as

their agronomic and economic benefits can accumulate over multiple seasons.

Interest in practices adoption has grown rapidly, but the empirical models for measuring
weather’s dynamic effects are still limited. Most empirical environmental studies relate outcomes
to contemporaneous, single-year weather, but there is growing evidence that weather shocks have
persistent effects on production and input decisions (Amare et al., 2018; Bohorquez-Pefiuela, 2021;
Crofils, 2024; IMF, 2023). In response, several studies incorporate multi-year or lagged climate
measures, such as 5-year averages or lagged counts of drought events, directly into their
econometric specifications (Cho and McCarl., 2017; Zaveri et al., 2020; Fang et al, 2022; Yun &
Gramig, 2022). However, when multiple years are included, the aggregated measures are highly
autocorrelated, inducing multicollinearity that inflates uncertainty in the results. In this regard,
some analyses use moving-average smoothing (Carleton et al, 2022; Deryugina et al, 2019) or the
Principal Component Analysis (Shapiro, 2025). However, while moving averages help reduce
noise, they also blur the timing of events and flatten important peaks (Guifion et al., 2007). PCA
replaces original variables with rotations that are harder to map to specific seasons or lags, reducing

interpretability (Jolliffe and Cadima, 2016). Other popular shrinkage methods such as ridge and
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lasso regression can stabilize estimates under collinearity, but they do not impose a coherent lag
shape. These gaps motivate approaches that smooth the lag dimension while preserving the
interpret ability, such as penalized distributed-lag frameworks, which directly target the lag profile

and facilitate reporting of cumulative effects.

In this study, our first objective is to assess if the effects of weather on conservation practice
adoption are persistent and to quantify how multi-season weather patterns shape adoption
outcomes. We construct seasonal measures of temperature and precipitation and examine their
lagged effects to identify which aspects of past weather most strongly influence adoption
preferences. Our second objective is methodology. We recover the smooth, interpretable
distributed-lag response functions linking weather histories to adoption through the modified
Almon-ridge estimator. Smooth lag profiles are preferable because they reflect economic and
agronomic logic. Farmers adjust gradually to multi-year weather patterns rather than isolated
shocks. The modified estimator improves interpretability by avoiding erratic swings in adjacent
lag coefficients. At the same time, it also improves statistical stability when highly correlated
lagged variables introduce multicollinearity. Together, these modeling choices provide a robust

framework for understanding the dynamics between climate variability and adoption preferences.

2. Data And Methodology

2.1 Data Source

In this study, we focus on Iowa, Illinois, and Indiana because they represent a core part of the
historical U.S. Corn Belt and a central region for corn and soybean production (Hunt et al., 2020;
Xu et al., 2013; Wang et al., 2020). Conservation practices are especially relevant in this region

because intensive row-crop production is closely tied to soil and water quality concerns, including
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nutrient loss and downstream water-quality impacts (McLellan et al., 2015, 2018; Kladivko et al.,
2014). Restricting the analysis to this region also helps limit heterogeneity in cropping systems,
management, and decision environments that can otherwise complicate inference in broader Corn
Belt samples (Haigh et al., 2015; Guo et al., 2023). At the same time, the region exhibits
meaningful variability in precipitation and temperature, and prior work suggests that climate risk
perceptions and adaptation behavior are shaped by weather and climate conditions over time,
making the region well suited for studying how multi-year weather histories influence
conservation practice decisions (Kellner and Niyogi, 2015; Mase et al., 2017; Roesch-McNally et
al., 2017; Morton et al., 2015). Therefore, we compiled a panel dataset as follows. First, we
collected the cover cropping and conservation tillage practices data from the 2012, 2017 and 2022
Census of Agriculture at the county level. To avoid the scaling issue, both variables were processed
as the percentage of the total cropland area within each county. Next, we collected the monthly
weather day from 2007 to 2022 from the Parameter Regression Independent Slopes Models
(PRISM). Figures 1 and 2 present the temperature and precipitation measures used in the analysis.
Because temperature variation plays a critical role in agricultural decision-making, we further
classified degree days into three temperature ranges following previous climate econometrics
literatures (Burke and Emerick, 2016; Schlenker and Roberts, 2009; Won et al., 2024): cumulative
temperature below 10°C (DD10), between 10°C and 29°C (DD1029), and above 29°C (DD29).
This representation can effectively capture the nonlinear effects of temperature on agricultural
outcomes. We also defined several seasonal periods to better capture the timing of weather impacts.
The planting season (March—May) reflects conditions that influence the establishment of the main
cash crop. The growing season (June—September) represents the period when weather affects both

yield and harvest timing, which in turn determines the window available for fall cover crop
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planting. The winter season (January—February) accounts for conditions that may affect the
survival and effectiveness of already planted cover crops. Finally, we merged the weather and
adoption variables at the county level to create a comprehensive dataset that combines time-

varying weather information with static geographic characteristics.

[Figure 1][Figure 2]

To account for potential factors influencing adoption behavior, we included a few county-level,
time-varying control variables drawn from the 2012, 2017, and 2022 agricultural censuses. In all
model specifications, we controlled cash crop composition (corn and soybean production intensity)
and farm size, as crop composition and size affect the profitability, operational feasibility, and
equipment constraints of cover crops and conservation tillage. When the dependent variable was
the share of cover crop adoption rate, we additionally controlled for livestock intensity, as the
livestock presence can be directly linked to cover crop adoption through feed demand, grazing
opportunities, manure nutrient management, and broader crop—livestock systems integration. In
contrast, when the dependent variable was the proportion of conservation tillage, we exclude the
livestock control and instead focus on cash crop composition and size, which are the most direct
observable variables for tillage-system choice in our county-level study context. After excluding
counties with missing values in the dependent variable, there are 293 U.S. counties in our final

dataset. We present the statistical summary in the below Table 1.

[Table 1]

2.2 The Two-Way Fixed Effects Distributed Lag Model (TWFE-DLM)
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To estimate how historical weather exposure influences county-level conservation practice
adoption, we estimate a two-way fixed effects distributed lag model as the baseline model in the

following form:
5
Yie = a; + 6 + Z B'yWit—o +v'Xie + & (D
=1

where y;;denotes the adoption outcome in county i and Census year t(2012, 2017, 2022),
measured as the share of county cropland under the practices. The vector W;,._, contains
constructed lagged weather variables in year t — k. a; denotes county fixed effects, which absorb
time-invariant county characteristics such as soil type and soil quality. 6, denotes year fixed effects,
which control for shocks common to all counties in a given Census year. The vector X;;includes

time-varying control variables as explained in the last subsection.
2.3 The Modified Almon-Ridge Estimator

However, the above implemented specification may induce the multicollinearity issue because
adjacent constructed weather variables are naturally highly correlated. Individual lag coefticients
can be noisy and may change in sign, making it hard to interpret. Moreover, many related penalized
distributed lag implementations do not explicitly incorporate control variables in addition to the
lag profile. To address these issues, we estimate a modified Almon distributed lag model (Almon,

1965) and apply ridge regularization to the polynomial parameters.
2.3.1 Almon Polynomial transformation

The Almon distributed lag model, also known as polynomial distributed lag model in

econometrics literature, was originally proposed by Almon (Almon, 1965) in the last century. By
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the Weierstrass Approximation Theorem?, it is assumed that each coefficient § can be uniformly

approximated by a polynomial function of finite degree. For each constructed seasonal weather

variable Wl-(tj),

and based on the gaps between each census year, we consider L = 5 annual lags and
approximate the lag coefficients with a quadratic polynomial in the lag index. Namely, for lag £ €
{1,..,L},

r

BO@ =) alhr,  r=2 @

m=0

where h,is a centered lag index. In our implementation, h, = £ — £ with £ = (L + 1)/2, so
that for L =5, h = (—2,—1,0,1,2). Centering the lag index improves numerical stability and
reduces collinearity among polynomial terms. The reason we set order r = 2 for the polynomial
function as it is the most common and popular choice in the polynomial DLM literatures (Koop,
2013; Ozbay, 2019). Higher-order polynomials can fit more complex patterns but may possibly

introduce overfitting issue.

Substituting the polynomial lag structure into the distributed lag component yields:

5 T
D pO@OwD, = ) a2, ©
£=1 m=0
Where Zl(tjzn = Zlel hi* Wg)_l.

2 Weierstrass Approximation Theorem: It states that any continuous function defined on a closed and bounded
interval (e.g., [a, b]) can be uniformly approximated as closely as desired by a polynomial function.

10
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Thus, each original lagged weather variable is replaced by (r+1) Almon regressors

Z l(t] 2), A l(t] )r We stack these Almon regressors across all weather variables j to form the penalized

design matrix Z;;, while retaining the standard controls X;; as unpenalized regressors.
2.3.2 Two-way fixed effects and Frisch—Waugh—Lovell partialling out

To ensure consistency, we maintain the same fixed effects term as we did in the equation (1).

We then rewrite equation (1) into following Almon specification:
Yie=a; + 6+ Z'a+ X'yy + &, (4)

where a stacks all polynomial parameters ag). To ensure that shrinkage applies only to the
Almon lag block, we proceed in two steps consistent with the Frisch—-Waugh—Lovell theorem. Let
B denote the N X p matrix stacking the unpenalized regressors and let Zdenote the N X g matrix
stacking the Almon regressors associated with the distributed lag weather block. By the Frisch—
Waugh-Lovell theorem?, we partial out the contribution of B before applying ridge shrinkage to

the lag structure. Specifically, we define the residual-maker matrix
Mg = Iy — B(B'B)™'B/,

and construct the residualized outcome and regressors as

3 Frisch-Waugh—Lovell Theorem: In a linear regression with controls, the estimated effect of X on Yis the same as
first removing from both Yand X whatever the controls explain, then regressing one leftover on the other
(“partialling out™).

11
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We then estimate the penalized Almon coefficients using (37' Z ), which ensures that the ridge

penalty is applied only to the Almon lag block, while the unpenalized controls are partialled out

and are not affected by shrinkage.
2.3.3. Ridge Estimation

Following previous work (Maddala, 1974), we estimate the penalized Almon coefficients a

by ridge regression:

ail) = argmain 17 — Zal|l3+ 21 a II? (5)

The ridge estimator implies a linear smoother representation ¥(1) = H,¥, where
Hy = Z(Z'Z+ A~ 'Z'

We select the ridge penalty Ausing generalized cross-validation (GCV), which provides a
computationally convenient approximation to leave-one-out cross-validation for linear smoothers
(Craven and Wahba, 1979; Golub et al., 1979). Specifically, letting N denote the number of
observations in the estimation sample and df (1) = tr(H,) denote the effective degrees of freedom,
we choose A to minimize

Iy =5 1Z I U —H)y I3
(N—df())* (N —tr(H))?

GCV(A) = (6)

In implementation, we evaluate GCV(A) over a grid of candidate penalties on the residualized
design (37' Z ) and select the minimizer. Prior to estimation we standardize the columns of Z so that

the penalty is comparable across regressors with different scales.

After estimating @, we recover the implied lag coefficients for each weather variable j and lag

£ using the polynomial mapping:

12



262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

r

By = Z a¥ hm e =1,..5. (7)

m=0

To quantify uncertainty in these recovered lag coefficients, we implement a cluster (county)
bootstrap with B = 300 replications. In each replication, counties are resampled with replacement,
the two-way within transformation and control residualization are recomputed, and the ridge model
is reestimated using the same 4. (conditional inference). We construct 90% bootstrap confidence
intervals for each ) (£)using the empirical 5th and 95th percentiles of the bootstrap distribution,
and compute two-sided bootstrap p-values based on the share of bootstrap draws on either side of

Z€10.

In addition to reporting lag-specific effects {B W (#)}%_,, we summarize the overall response

to historical exposure by the cumulative L-year effect:

L

tam) = z AU (#),L =5, (8)

£=1

which captures the total association between adoption in Census year t and the sequence of
weather realizations in the preceding L years for weather variable j, holding fixed effects and

controls constant.

For inference, we apply the same cluster (county) bootstrap used for the lag coefficients. In

each bootstrap replication b, we re-estimate the model and compute the cumulative effect

Cumgj ) = Béj ) (¥). We then construct percentile confidence intervals for Cum® using the

£=1

empirical distribution of {Cuml(,j )}‘,3:1, and compute two-sided bootstrap p-values as

13
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pdm = 2min{pr(Cumy’ <0),pr(Cumy’ > 0)}, 9)
where probabilities are approximated by sample shares across bootstrap replications.
3. Empirical Results
[Figure 3][Figure 4]
[Figure 5][Figure 6]
[Table 2-9]

3.1. Overview

Figure 3, 4 and Tables 2-5 report two-way fixed effects distributed lag model (TWFE-DLM)
estimates for conservation tillage and cover cropping adoption. Figure 3, 4 and Tables 69 report
the corresponding Almon-ridge (AR) distributed lag estimates that impose a smoother lag structure
and serve as a more interpretable and stable representation. All specifications include county and
census year fixed effects, and standard errors are clustered at the county level. The control variables
additionally account for local production-system characteristics. Corn and soybean intensity and
farm size for both outcomes, and livestock intensity only for the cover cropping outcome. In each
figure, panel A corresponds to the baseline specification without controls, while panel B adds

county-level production controls.
3.2. Conservation Tillage Models

Based on Table 2 and Table 3, the TWFE-DLM results indicate that conservation tillage
adoption is most strongly related to winter temperature conditions and planting season
precipitation, with effects that often persist multiple years. The most robust temperature result is

for winter GDD: coefficients at short to medium horizons are negative and statistically significant

14
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and the cumulative winter GDD effect is large and strongly significant in both the baseline and
controlled specifications. This pattern suggests that warmer winter conditions are systematically
associated with lower subsequent conservation tillage adoption over several years. Cold exposure
during key periods also appears relevant. In both TWFE-DLM specifications, planting season
CDD at lag 4 is negative and statistically significant, consistent with the interpretation that weather
conditions that disrupt fieldwork timing and establishment decisions can influence longer-run

adjustments in tillage systems.

For precipitation, the most consistent relationship is observed in the planting season. Planting-
season precipitation has a positive and significant lagged association, particularly at lag 2, and the
cumulative planting-season precipitation effect is positive and significant in both baseline and
controlled models. By contrast, winter precipitation is negative and significant at lag 1 in both
TWFE-DLM specifications. indicating that near-term winter moisture shocks are associated with
reduced adoption. Growing season precipitation displays a non-monotonic pattern, and the
cumulative effect is near zero and insignificant, suggesting offsetting short-run responses rather
than a stable multi-year association. Overall, these precipitation results are consistent with prior
work finding that moisture conditions can be linked to tillage choices, though the sign can reflect
competing mechanisms, wetness may raise perceived erosion while also constraining field

operations (Wade and Claassen, 2017; Osman and Bergtold, 2015; Wu et al., 2004).

In the Figure 2, The AR estimates confirm the persistence of key temperature and precipitation
relationships while providing smoother lag profiles. Most notably, winter GDD is negative and
significant across multiple lags, and its cumulative effect remains negative and statistically
significant. Compared with the baseline fixed effect model, the AR specification suggests that the

winter temperature association is distributed more evenly across several years rather than

15
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concentrated in one or two lags, consistent with the motivation for smoothing when adjacent lags
are highly correlated. For precipitation, AR results again emphasize the planting season: planting-
season precipitation becomes statistically significant at longer horizons, and the cumulative effect
is positive and significant in both AR specifications. Winter precipitation remains negative and

significant at lag 1, repeating the short-run adverse relationship seen in the TWFE-DLM.

Regarding control variables, across both specifications, corn intensity is positively associated
with conservation tillage adoption. In contrast, soybean intensity and farm size are not statistically

significant in either specification.

3.3. Cover Cropping Models

Relative to conservation tillage, cover cropping shows a clearer pattern of longer-horizon
temperature and precipitation effects, consistent with cover crops being more management
intensive and requiring learning about establishment and termination under local conditions

(Roesch-McNally, 2018; Nichols, 2023; Crespo et al., 2024).

In the baseline TWFE-DLM, Table 4, several individual lags are significant, but the strongest
and most stable results emerge once controls are added. In particular, winter CDD exhibits negative
and statistically significant effects at lags 3—4 in the controlled model, and the cumulative winter
CDD effect is also negative and significant in Table 5. This indicates that colder winter exposure
histories are associated with lower subsequent cover cropping adoption, and importantly, that the

relationship persists well beyond a one-year window.

Precipitation effects differ by season and horizon. The most prominent precipitation result is
for planting-season precipitation at lag 5, which is negative and highly significant in both

TWFE-DLM specifications. This finding points to a persistent weather memory pattern: adverse
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planting season moisture conditions can shape later adoption decisions, potentially through
learning, perceived management difficulty, or delayed adjustment costs rather than immediate
responses (Chen et al., 2022; Yoder et al., 2021). The AR results further strengthen the evidence
for multi-year persistence in cover crop responses and clarify which patterns are robust to
smoothing. The most consistent finding is again winter cold exposure. Winter CDD is negative at

lags 3—4 and the cumulative effect is negative and statistically significant in both AR specifications.

AR models also confirm that planting season precipitation at lag 5 is negative and highly
significant. While the cumulative planting precipitation effect is only marginal in the baseline AR,
the consistent lag-5 effect across all specifications underscores that longer horizon precipitation
shocks, particularly those affecting spring fieldwork and crop establishment, may have durable
effects on beliefs and perceived net benefits of cover cropping (Wilson et al., 2024; Deines et al.,
2023; Grady et al., 2021). The AR with controls also suggests a weakly significant cumulative
negative association for growing season HDD, which indicates that sustained heat exposure
histories may reduce cover crop adoption, plausibly by increasing perceived risk or reducing

expected cover crop performance.

Control variable patterns in AR are consistent with the TWFE-DLM directionally. the
TWFE-DLM with controls shows that soybean intensity is positively associated with cover crop
adoption, while livestock intensity is negative and significant. Corn intensity and farm size are not
statistically significant. The soybean result aligns with the view that rotations and agronomic com,
plementarities may make cover crops more attractive in soybean-oriented systems, while the
negative livestock estimate suggests that livestock presence at the county level may capture
production structures or land-use allocations that are less conducive to cover cropping in this

regional setting.
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4. Discussion and Conclusion

Our results highlight that conservation practice adoption in the three U.S. Corn Belt states,
Iowa, Illinois, and Indiana, responds not only to contemporaneous weather, but also to multi-year
weather histories. Across both specifications, several weather variables retain statistical
significance at lags of three to five years, indicating persistence in the adoption response. This
persistence matters for empirical work as single-year weather measures may substantially
understate the role of climate in shaping management decisions. This is consistent with the view
that adoption should be considered a dynamic decision made under conditions of uncertainty (Tran
and Kurkalova, 2019). Moreover, weather history influences different conservation practices
through divergent channels. Using the smoothed lag curves of the modified AR estimator, we find
planting season precipitation is positively correlated with the adoption of conservation tillage but
negatively correlated with the use of cover crops. This divergence suggests that while wet springs
increase the attractiveness of reduced tillage as a necessary operational adjustment, they
simultaneously decrease the feasibility of cover crops by complicating termination and delaying
cash crop planting. These patterns support previous evidence that farmers’ weather experiences
influence risk perceptions (Etumnu et al., 2023) and highlight the importance of adjustment costs

in delaying management changes (Bergtold et al., 2019; Thompson et al., 2021).

For the conservation tillage, our results identify a series of dominant seasonal drivers,
exhibiting consistent directional patterns across different model specifications. Winter temperature
is the most important thermal factor. Higher winter growing degree days are associated with a
lower likelihood of adopting conservation tillage. This relationship across multiple lag periods and
has a significant negative cumulative impact on both specifications. Previous research has

emphasized that climatic conditions help differentiate continuous no-till systems from intermittent
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or conventional tillage systems (Wade and Claassen, 2017), and that the economic benefits of no-
till increase with longer periods of continuous use (Che et al., 2023), making it plausible that the
historical influence of winter temperatures affects long-term assessments of low-disturbance
tillage systems. In terms of precipitation, planting season precipitation is positively associated with
the adoption of conservation tillage in both cases. This aligns with the idea that wet springs
increase erosion and runoff risks, thus increasing the value of crop residue retention (Morton et al.,
2015) and the relative value of conservation tillage under extreme precipitation events (Skidmore
et al., 2023). In contrast, winter precipitation is negatively correlated with the adoption of
conservation tillage at first lag in both methods, suggesting that soil saturation leads to short-term
operational constraints. In the TWFE-DLM model, exposure to low temperatures during the
planting season also shows a significant negative impact at lag 4, indicating long-term adjustments
under unfavorable planting conditions, consistent with the idea that weather-induced limitations
on field work windows have persistent behavioral effects (Huber et al., 2023). Finally, growing
season precipitation exhibited a non-monotonic lagged pattern and a near-zero cumulative effect,
which we interpret as resulting from mutually offsetting mechanisms operating at different time
scales, rather than a complete lack of association. This pattern has also been noted in previous

studies on climate adaptation and land-use responses (Ramsey et al., 2020).

Compared to conservation tillage, cover cropping demonstrates clearer and more persistent
long-term effects. Under different specifications, several weather variables display statistically
meaningful effects at lags three to five, and their cumulative impacts further highlight the
importance of multi-year adjustment. This pattern aligns with prior work emphasizing that cover
crops require tight coordination of fall planting, spring termination, and cash-crop establishment,

making adoption particularly sensitive to learning, experimentation, and accumulated experience
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rather than single-season outcomes (Roesch-McNally et al., 2018). In addition, some studies also
emphasize that limitations in labor, management, and system timing are key constraints to the
sustained cover crop use, and the continued use of cover cropping often reflects self-learning and
gradual adjustment (Lee et al., 2019; Duke et al., 2022; Dunn et al., 2016). Within this context, the
negative impacts of winter cold exposure are consistent with cold season feasibility constraints
and limited fall growth in northern Corn Belt environments (Wilson et al., 2014), as well as broader
evidence that climate conditions help shape spatial and temporal patterns of cover crop presence
(Jain et al., 2024). We also find a negative effect of planting season precipitation at lag 5,which
suggests a durable weather memory channel, whereby repeated experiences with wet springs,
delayed planting, or compressed termination windows influence long-term beliefs about
management difficulty and risk (Yoder et al., 2021, Morton et al., 2015), and is consistent with
evidence of systematic multi-year variation in cover crop use across time and space (Guo et al.,
2023). Control variables further emphasize how production structures dictate adoption. We find
that soybean-heavy systems favor adoption, benefiting from increased planting flexibility (Singer
et al., 2007). In contrast, livestock intensity is negatively associated with conservation practices in
our county-level analysis. This diverges from farm-level evidence of livestock-cover crop
synergies (Roesch-McNally et al., 2018) and suggests that aggregate production density may

capture broader landscape constraints that outweigh individual farm-level benefits.

These findings emphasize that the timing, targeting, and duration of conservation support
policies are crucial for effectiveness under variable weather conditions. Since wet springs reduce
cover crop adoption but promote conservation tillage, program designs must be adaptable to
seasonal variations. Agencies such as the USDA-NRCS could improve adoption rates by providing

flexible timing standards and adaptive termination guidance rather than rigid compliance deadlines,
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which exacerbate financial and disease risks in wet years (Acharya et al., 2017; Almeida et al.,
2024; Moriles-Miller et al., 2025; Rosa et al., 2021). Furthermore, outreach efforts should avoid a
"one-size-fits-all" approach; while conservation tillage may be promoted as an operational fix for
time-constrained seasons, cover crop promotion should focus on overcoming management
complexity (Han and Niles, 2023). Finally, the multi-year persistence of weather impacts suggests
that short-term cost-sharing cycles are insufficient. Sustained engagement and long-term
incentives are essential to bridge the learning phase, transforming temporary adjustments into

resilient, permanent behavioral change (Guo et al., 2023).

However, we also acknowledge several limitations when interpreting these results. First,
adoption is measured at the county level across three Census waves, masking within-county
heterogeneity and the precise timing of individual farm adoption. Second, although the AR
estimator stabilizes estimates, lagged variables are mechanically correlated, meaning individual
lag coefficients should be interpreted with caution. Future research could address these limitations
by combining high-frequency adoption measures, such as remote sensing, with farm-level data to
better identify timing and heterogeneity. Additionally, we mainly focus on additive and cumulative
effects of seasonal temperature and precipitation histories. While agronomic mechanisms suggest
potential interactions, estimating interactions of temperature and precipitation in a multi-lag setting
requires identifying an additional distributed-lag profile. Given the limited number of outcome
intervals and the strong autocorrelation among lagged weather measures, such interactions are
difficult to estimate precisely and can reduce interpretability. We therefore treat interaction effects

as an extension for future work.

In summary, climate variability plays a crucial role in influencing farmers' adoption behavior.

For researchers and policymakers, a deeper understanding of the temporal dynamics of adoption
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behavior is essential for designing conservation programs. This study provides a detailed analysis
and a novel framework for capturing the persistent impact of weather history over the past few
decades. The findings indicate that the main drivers influencing the adoption of conservation
practices extend far beyond current climatic conditions, with the effects of precipitation and
temperature lasting for approximately five years. By stabilizing the lag distribution and mitigating
multicollinearity, the approach employed in this study overcomes the limitations of single-year
models and clarifies how climate variability can trigger adaptive shifts or abandonment of adoption
behaviors depending on the constraints. These insights are valuable for designing support systems
that go beyond static frameworks and emphasize the need for practice-specific, season-responsive

policies that align with the actual adaptive behaviors of farmers.
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Figure 1: TWFE-DLM Estimated Result for Adopting Conservation Tillage
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710 Figure 2: AR Estimated Result for Adopting Conservation Tillage
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715 Figure 3: TWFE-DLM Result for Adopting Cover Cropping

Weather Effects on Adopting Cover Cropping (TWFE-DLM)
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Figure 4: AR Estimated Result for Adopting Cover Cropping

CDD - Winter

r—i

Weather Effects on Adopting Cover Cropping (AR)

]

GDD - Planting

v
I

Prec - Winter

Ly
—

M L i
1 2 3 5
CDD - Winter

GDD - Planting

Prec - Winter

(4]

4e-04

2e-04

0e+00

2e-04

1e-04

0e+00

-1e-04

-2e-04

5e-05

0e+00

-5e-05

-1e-04

4e-04

2e-04

Oe+00

-2e-04

1e-04

0e+00

-1e-04

-2e-04

5e-05

0e+00

-5e-05

-1e-04

¥

CDD - Planting

GDD - Growing

—u

—

—

—

T T

Prec - Planting

2 3 4
Lag (years)

o

CDD - Planting

—

GDD - Growing

.

i

T 1 1

Prec - Planting

2 3 4
Lag (years)

<]

0.004

0.002

0.000

-0.002

-0.004

0.001

0.000

-0.001

-0.002

-0.003

4e-05

2e-05

0e+00

-2e-05

-4e-05

0.004

0.002

0.000

-0.002

-0.004

0.001

0.000

-0.001

-0.002

-0.003

4e-05

2e-05

Oe+00

-2e-05

Lo

GDD - Winter

HDD - Growing

-

Prec - Growing

[a—

L

Ll

Lo

8]
w
S
@

GDD - Winter

HDD - Growing

S I |

Prec - Growing

i

—_

N
w
EN
(4]

35



720 Table 1: Summary statistics of variables used in the empirical models, 2007-2022 (n = 879).
721

Variables Mean SD Min Max
Conservation Tillage (%) 65.084 12.808 0.000 92.654
Cover Cropping (%) 4.382 4.069 0.000 42.052
CDD-Winter 827 212 291 1429
CDD-Planting 266 122 20 700
GDD-Winter 34 7.2 0 63
GDD-Planting 318 107 99 790
GDD-Growing 1464 154 953 1952
HDD-Growing 1.6 5 0 53
Prec-Winter 111 63 11 386
Prec-Planting 310 102 100 811
Prec-Growing 426 136 118 1071
Corn (%) 44.559 11.172 0.000 71.815
Soybean (%) 40.329 8.631 0.000 72.933
Farmsize 338.852 118.05 14 1078
Livestock (%) 9.027 9.912 0.000 92.194

722  Note: Each weather variable contains 4688 observations. Abbreviations: CDD: cooling degree days, degree days below 10 degrees
723  Celsius; GDD: growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29
724  degrees Celsius.
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735

736
737
738
739
740
741
742
743

Table 2: TWFE distributed lag estimates of weather effects on conservation tillage adoption (baseline)

Season Lagl Lag2 Lag3 Lag4 Lag5 Cumulative
(Overall)
CDD Winter -0.676 -1.062 -3.450%* 1.939 -0.868 -4.117
(-0.370) (-0.527) (-1.948) (1.012) (-0.340) (-1.048)
Planting -4.103 0.0271 2.462*10™ -6.472%* -0.9013 -8.986
(-1.225) (0.010) (0.775) (-2.242) (-0.233) (-1.114)
GDD Winter -75.21%* -175.7%%* 40.512 -42.08%* 15.25 -237.25%%*
(-1.928) (-2.867) (1.082) (-1.671) (1.016) (-3.113)
Planting -1.408 3.864 -4.691 -5.232 3.019 -4.447
(-0.397) (0.994) (-1.017) (-1.461) (1.045) (-0.531)
Growing 0.348 -2.725 -1.840 -0.417 1.465 -3.168
(0.194) (-1.449) (-1.012) (-0.208) (0.708) (-0.976)
HDD Growing -3.599 -16.05 42.92 196.6%* -13.74 206.14
(-0.222) (-0.507) (0.593) (2.430) (-1.264) (1.242)
Precipitation Winter -5.310%** -2.522 2.346 -0.7091 2.120 -4.075
(-2.875) (-1.170) (1.489) (-0.509) (1.019) (-0.873)
Planting 0.258 1.970%** 0.238 0.5382 0.599 3.603%*
(0.349) (2.693) (0.368) (0.916) (0.973) (2.396)
Growing 0.727* -0.906* -0.0531 0.05123 0.119 -0.0623
(1.971) (-2.407) (-0.126) (0.140) (0.234) -(0.0706)
# of Obs 879
Adj R? 0.156

Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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744 Table 3: TWFE distributed lag estimates of weather effects on conservation tillage adoption (with controls)
745

Season Lag1 Lag 2 Lag 3 Lag 4 Lag$5 Cumulative
(Overall)
CDD Winter -0.213 -1.151 -3.178* 2.632 -1.297 -3.207
(-0.117) (-0.574) (-1.800) (1.370) (-0.512) (-0.766)
Planting -3.901 -0.341 2.885 -6.955%* 0.307 -8.006
(-1.168) (-0.125) (0.914) (-2.423) (0.080) (-0.992)
GDD Winter -85.421 -198.130%*** 24.326 -30.589 16.980 -272.831%**
(-2.194) (-3.234) (0.649) (-1.214) (1.132) (-3.365)
Planting 0.711 2.871 -5.275 -5.284 3.041 -3.935
(0.198) (0.738) (-1.139) (-1.475) (1.060) (-0.458)
Growing 0.153 -2.977 -1.217 -0.384 1.446 -2.978
(0.085) (-1.589) (-0.668) (-0.192) (0.703) (-0.914)
HDD Growing -0.775 -13.732 19.643 163.450** -15.796 152.792
(-0.048) (-0.436) (0.269) (2.014) (-1.447) (1.117)
Precipitation Winter -4.891%** -2.106 2.499 -1.106 1.916 -3.688
(-2.661) (-0.981) (1.586) (-0.798) (0.927) (-0.818)
Planting 0.264 2.096%** 0.246 0.576 0.666 3.848**
(0.359) (2.869) (0.382) (0.982) (1.087) (2.567)
Growing 0.664* -0.789%** -0.040 -0.080 0.173 -0.0714
(1.813) (-2.101) (-0.095) (-0.219) (0.342) (-0.0822)
Corn 2543 4%**
(2.612)
Soybean -1171.9
(-1.500)
Farmsize -0.260
(-0.290)
# of Obs 879
Adj R? 0.175

746  Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
747  eftects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
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748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776

5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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778
779
780
781
782

783
784
785
786
787

Table 4: TWFE distributed lag estimates of weather effects on cover cropping adoption (baseline)

Season Lag1 Lag 2 Lag3 Lag 4 Lag 5 Cumulative(Overall)

CDD Winter 0.804 -0.225 -1.396 -1.274 -0.115 -2.205
(0.909) (-0.231) (-1.629) (-1.374) (-0.093) (-1.466)

Planting 2.469 0.147 0.808 0.069 -0.448 3.044

(1.523) (0.111) (0.525) (0.050) (-0.240) (1.078)
GDD Winter -28.080 2.629 29.840* -17.060 -8.556 -21.228
(-1.488) (0.089) (1.648) (-1.401) (-1.178) (-0.513)

Planting -1.614 1.545 0.425 1.673 -0.077 1.952

(-0.940) (0.821) (0.191) (0.966) (-0.055) (0.661)

Growing -0.669 1.576* -0.382 -1.056 -0.177 -0.709
(-0.772) (1.732) (-0.435) (-1.087) (-0.176) (-0.541)

HDD Growing -2.761 -34.870%* 7.659 42.210 1.183 13.420
(-0.352) (-2.276) (0.219) (1.079) (0.225) (0.341)

Precipitation Winter -1.622%* 0.248 0.890 -0.108 1.243 0.650
(-1.816) (0.237) (1.167) (-0.160) (1.236) (0.368)
Planting 0.365 0.046 0.135 0.368 -0.908*** 0.00627

(1.021) (0.130) (0.430) (1.295) (-3.048) (0.010)

Growing 0.273 0.060 -0.233 0.029 -0.014 0.115

(1.532) (0.328) (-1.148) (0.163) (-0.057) (0.275)

# of Obs 879
Adj R? 0.0968

Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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788 Table 5: TWFE distributed lag estimates of weather effects on cover cropping adoption (with controls)

Season Lag1 Lag 2 Lag3 Lag 4 Lag5 Cumulative
(Overall)
CDD Winter 0.695 0.025 -1.597* -1.598* -0.224 -2.699*
(0.792) (0.026) (-1.882) (-1.729) (-0.183) (-1.862)
Planting 2.261 -0.024 0.590 0.504 -0.178 -8.005
(1.4006) (-0.018) (0.389) (0.365) (-0.096) (1.103)
GDD Winter -23.150 8.025 36.660** -19.880 -4.866 -3.212
(-1.237) (0.273) (2.038) (-1.642) (-0.673) (-0.0712)
Planting -1.891 2.370 0.096 2212 -0.089 2.698
(-1.097) (1.267) (0.043) (1.284) (-0.064) (0.925)
Growing -1.015 1.786** -0.380 -1.157 -0.343 -1.108
(-1.178) (1.982) (-0.433) (-1.205) (-0.347) (-0.818)
HDD Growing -3.447 -33.800%** 6.562 59.370 0.169 28.852
(-0.446) (-2.230) (0.187) (1.522) (0.032) (0.743)
Precipitation Winter -1.517* -0.088 0.533 0.016 1.265 0.209
(-1.715) (-0.086) (0.705) (0.024) (1.274) (0.120)
Planting 0.252 0.039 0.211 0.469* -0.953#** 0.0181
(0.714) (0.111) (0.681) (1.664) (-3.230) (0.0304)
Growing 0.221 0.023 0.023 0.042 0.037 0.0435
(1.246) (0.126) (0.126) (0.236) (0.151) (0.0994)
Corn 175.823
(0.372)
Soybean 1228.9%**
(3.173)
Farmsize -0.339
(-0.782)
Livestock -1279.3%*
(-2.334)
# of Obs 879
Adj R? 0.130

789  Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
790  effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
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792
793
794

795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818

5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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819 Table 6: AR distributed-lag estimates of weather effects on conservation tillage adoption (baseline)

Season Lag1 Lag 2 Lag3 Lag 4 Lag 5 Cumulative
(Overall)
CDD Winter 0.138 -0.0877 -0.351 -0.651 -0.989 -1.941
(0.087) (-0.108) (-0.539) (-0.905) (-0.406) (-0.543)
Planting -2.595 0.533 1.248 -0.452 -4.565* -5.830
(-1.153) (0.496) (1.131) (-0.327) (-1.746) (-1.180)
GDD Winter -60.090 -54.260%** -42.230%** -24.010%* 0.404 -180.18%**

(-1.802) (-2.898) (-2.745) (-2.604) (0.027) (-2.953)

Planting 4.075 -0.058 -1.805 -1.167 1.857 2.903

(1.094) (-0.036) (-0.919) (-0.764) (0.564) (0.412)

Growing 0.088 -1.101 -1.369** -0.717 0.857 -2.242
(0.057) (-1.469) (-1.708) (-1.021) (0.569) (-0.796)

HDD Growing -12.550 13.080 23.170 17.740 -3.214 38.233
(-0.795) (0.556) (0.729) (0.749) (-0.376) (0.492)

Precipitation Winter -2.967** -1.272 -0.112 0.512 0.600 -3.240
(-2.205) (-1.317) (-0.106) (0.536) (0.375) (-0.905)
Planting -0.120 0.523 0.877 0.941%* 0.715* 2.934%*

(-0.162) (1.453) (1.393) (1.700) (1.549) (2.242)

Growing 0.102 -0.185 -0.224 -0.0141 0.444 0.124

(0.319) (-0.865) (-0.970) (-0.068) (1.175) (0.152)

# of Obs 879
Adj R? 0.113

820 Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
821  effects. Errors are clustered by county. t-statistics value inside the parenthesis. *** ** and * represent rejecting null hypothesis at 1%,
822 5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
823  growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
824
825
826
827
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828

829
830
831
832

Table 7: AR distributed-lag estimates of weather effects on conservation tillage adoption (with controls)

Season Lag1 Lag?2 Lag 3 Lag 4 Lag5 Cumulative
(Overall)
CDD Winter 0.630 0.206 -0.225 -0.665 -1.113 -1.167
(0.409) (0.258) (-0.345) (-0.889) (-0.464) (-0.313)
Planting -2.167 0.437 0.941 -0.656 -4.353* -5.799
(-0.925) (0.399) (0.839) (-0.435) (-1.565) (-1.131)
GDD Winter -64.741 -59.085%* -46.006** -25.504%%* 2.419 -192.91%**
(-1.832) (-2.703) (-2.726) (-2.563) (0.179) (-2.763)
Planting 5.244 0.168 -2.071 -1.474 1.958 3.825
(1.351) (0.101) (-0.915) (-0.880) (0.627) (0.569)
Growing 0.143 -1.034%* -1.373** -0.874 0.464 -2.673
(0.096) (-1.451) (-1.731) (-1.269) (0.295) (-0.967)
HDD Growing -8.948 9.362 16.283 11.816 -4.041 24.472
(-0.550) (0.454) (0.592) (0.563) (-0.498) (0.347)
Precipitation Winter -2.788%** -0.955 0.088 0.342 -0.194 -3.507
(-2.072) (-1.025) (0.084) (0.339) (-0.124) (-0.937)
Planting 0.131 0.611* 0.886%* 0.955%* 0.820 3.402%*
(0.230) (1.740) (1.765) (2.105) (1.596) (2.413)
Growing 0.123 -0.185 -0.240 -0.043 0.407 0.0615
(0.404) (-0.913) (-1.066) (-0.204) (1.080) (0.076)
Corn 2557.93%*
(1.963)
Soybean 1179.39
(-0.513)
-0.32
Farmsize (-0.391)
# of Obs 879
Adj R? 0.134

Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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834
835
836
837
838
839
840
841

Table 8: AR distributed-lag estimates of weather effects on cover cropping adoption (baseline)

Season Lag1 Lag 2 Lag 3 Lag 4 Lag 5 Cumulative
(Overall)
CDD Winter 0.111 -0.217 -0.513* -0.777%** -1.009 -2.404**
(0.243) (-0.605) (-1.786) (-2.842) (-1.239) (-2.159)
Planting 1.953** 1.175%** 0.485 -0.119 -0.637 2.856
(2.371) (2.282) (0.922) (-0.217) (-0.665) (1.310)
GDD Winter -10.427 0.238 4.290 1.728 -7.446 -11.617
(-0.505) (0.023) (0.690) (0.398) (-1.427) (-0.309)
Planting -0.671 0.210 0.553 0.360 -0.371 0.0801
(-0.674) (0.324) (0.743) (0.495) (-0.314) (0.034)
Growing -0.325 0.298 0.480 0.221 -0.478 0.196
(-0.546) (0.876) (1.037) (0.706) (-0.468) (0.159)
HDD Growing -10.531 -14.538 -14.356 -9.986 -1.426 -50.836
(-1.573) (-1.650) (-1.268) (-1.191) (-0.331) (-1.688)
Precipitation Winter -0.742 -0.145 0.297 0.585 0.719 0.714
(-1.152) (-0.295) (0.460) (1.140) (0.912) (0.451)
Planting -0.141 0.080 0.064 -0.190 -0.680%** -0.867*
(-0.537) (0.589) (0.408) (-1.175) (-3.007) (-1.807)
Growing 0.084 0.106 0.089 0.034 -0.059 0.253
(0.559) (1.076) (0.864) (0.343) (-0.326) (0.569)
# of Obs 879
Adj R? 0.0619

Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed
effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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842 Table 9: AR distributed-lag estimates of weather effects on cover cropping adoption (with controls)
Season Lag1 Lag 2 Lag 3 Lag 4 Lag 5 Cumulative(Overall)
CDD Winter 0.091 -0.176 -0.471%* -0.797*** -1.151 -2.504%**
(0.192) (-0.493) (-1.653) (-2.782) (-1.358) (2.152)
Planting 1.706** 1.050%** 0.537 0.168 -0.058 3.402
(2.022) (2.081) (1.013) (0.282) (-0.057) (1.476)
GDD Winter -6.305 1.975 4.994 2.750 -4.755 -1.340
(-0.303) (0.187) (0.771) (0.636) (-0.965) (-0.035)
Planting -0.694 0.446 0.870 0.578 -0.431 -0.823
(-0.630) (0.623) (1.036) (0.740) (-0.352) (-1.598)
Growing -0.549 0.262 0.528 0.250 -0.574 0.205
(-0.820) (0.778) (1.082) (0.820) (-0.540) (0.449)
HDD Growing -10.420 -12.850 -12.260 -8.644 -2.012 -46.184*
(-1.473) (-1.470) (-1.087) (-1.035) (-0.471) (-1.562)
Precipitation Winter -0.646 -0.303 0.070 0.471 0.901 0.492
(-1.003) (-0.658) (0.123) (0.944) (1.079) (0.309)
Planting -0.306 0.098 0.169 -0.094 -0.690*** -0.823
(-1.243) (0.679) (0.974) (-0.597) (-3.087) (-1.599)
Growing 0.038 0.071 0.073 0.042 -0.019 0.205
(0.243) (0.696) (0.699) (0.438) (-0.111) (0.449)
Corn 259.34
(0.366)
Soybean 8905.9*
(1.694)
Farmsize -23.45
(-0.6226)
Livestock -1436.28**
(-1.831)
# of Obs 879
Adj R? 0.0895

843  Notes: To improve readability, we rescale and multiply all estimated parameters by 10,000. All columns include county and year fixed

844  effects. Errors are clustered by county. t-statistics value inside the parenthesis. ***, ** and * represent rejecting null hypothesis at 1%,
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5%, and 10% significant level, respectively. Abbreviations: CDD: cooling degree days, degree days below 10 degrees Celsius; GDD:
growing degree days, degree days between 10 and 29 degrees Celsius; HDD: heating degree days, degree days above 29 degrees Celsius.
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