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Abstract

We estimate how heat and cold exposure affect milk yield and fat content in a monthly
panel of 21 major U.S. dairy states from 2003 through 2025. USDA NASS outcomes are
matched to hourly ERA5-Land weather aggregated with county milk-cow inventory weights.
State x calendar-month fixed effects absorb each state’s seasonal cycle and year-month
fixed effects absorb national monthly shocks, so responses are identified from differences in
weather across states within the same month. We compare linear and cubic regressions with
LASSO and neural-network learners, with and without automatic debiasing, and select the
reported estimator for each stress tail based on its performance in synthetic-data simulations:
the cubic regression for heat and the debiased neural network for cold, both with two-way
clustered intervals. An additional 24-hour-equivalent day at or above THI 69 lowers milk per
cow by 0.29 percent, cumulated over the exposure month and three lags. The cold estimate,
—0.22 percent per day below THI 39, has a 95 percent interval that includes zero. Removing
heat stress would have raised production by about 1.7 percent, and removing both tails by
2.9 percent. The size of these effects depends on the functional form of the response, which
the data cannot pin down. Applied uniformly to 2003-2024 production in the 48 contiguous
states, the joint share is worth about $23.9 billion, or $1.09 billion per year. Evaluated at
each state’s exposure, the heat share ranges from 0.7 percent of production in Oregon to 4.5
percent in Florida. Heat lowers and cold raises milk fat content. A break search finds no
detectable change in the yield responses, but the heat effect on fat content weakens after the
mid-2010s. Climate-normal diagnostics give suggestive but specification-sensitive evidence

of adaptation.



1 Introduction

The U.S. dairy sector supports more than 3 million jobs and nearly $780 billion in annual
economic activity (International Dairy Foods Association (IDFA), 2025). Dairy production
also anchors rural demand for labor and services, while milk provides concentrated sources
of calcium, protein, and vitamin D (Garcia & Kalscheur, 2004; Goérska-Warsewicz et al.,
2019; Heaney, 2014). This economic and nutritional role has been further amplified by
growing consumer demand and commercial processing for protein-dense dairy products (e.g.,
OECD/FAO, 2022; USDA Economic Research Service, 2023), heightening the economic
stakes of climate-driven yield and component shocks. How national milk production and fat
content respond to the thermal environment determines the stability of this sector.

Temperature stress alters both milk volume per cow and milk composition. Heat sup-
presses feed intake and induces metabolic and endocrine responses that reduce mammary
productivity (Kadzere et al., 2002; West, 2003). Heat can also lower fat and protein mea-
sures that matter for manufacturing yield and component-based payment (Moore et al., 2023;
Vroege et al., 2023). Cold creates a different energy allocation problem: it raises the energy
cows need for maintenance and thermoregulation, which can lower milk volume (Fu et al.,
2022), even as measured fat content rises in winter (Heck et al., 2009; Salfer et al., 2019).
A complete economic assessment must therefore examine both tails of the Temperature-
Humidity Index (THI) distribution and keep quantity and composition on their distinct
scales.

Identifying climate-stress responses is difficult even though short-run weather is outside
producer control (exogenous to production decisions). Exposure follows seasonal patterns
and differs across states alongside herd geography, productivity, and management. National
shocks to feed costs, milk prices, and policy can coincide with weather that is correlated
across states. We therefore first-difference the panel and include two sets of fixed effects
(FE). State x calendar-month FE absorb each state’s seasonal cycle and, because the panel
is differenced, state-specific linear trends. Year-month FE absorb every national monthly
shock. Responses are then identified from differences in weather across states within the
same month. Because responses can be nonlinear and persist beyond the exposure month,

we estimate the cumulative response over the exposure month and three lags.



We compare seven estimators. Linear OLS and Full OLS are linear and cubic series
regressions; Full OLS year FE replaces the year-month FE with year FE. A LASSO with
unpenalized time FE (UTF-LASSO) and a neural network (NNET') each enter as a plug-in
estimator and with automatic debiasing (ADML), which adds a Riesz-representer correction
(Chernozhukov et al., 2022; Klosin & Vilgalys, 2025). Rather than choosing an estimator
after inspecting the estimates, we established decision rules and then ran a synthetic-data
simulation that applies them. The simulation keeps the observed weather, generates syn-
thetic outcomes from response shapes fitted to the data, and adds noise that preserves the
observed cross-state correlation and persistence. An estimator qualifies if its 95 percent in-
tervals contain the true effect in at least 93 percent of simulated samples (a coverage rate of
at least 93 percent) under each of the three shapes used to evaluate the estimators. Among
qualifying estimators, the rules select the one with the smallest worst-case bias, separately
for heat and cold.

The rules select Full OLS for heat and the debiased neural network (NNET ADML)
for cold, both with two-way clustered intervals. An additional 24-hour-equivalent heat day
lowers milk per cow by 0.289 percent on the cumulative derivative scale (95 percent interval
0.110 to 0.468 percent). The debiased learners give somewhat larger heat estimates, in line
with the overstatement the simulation documents for NNET ADML. The cold estimate is
—0.220 percent per day, and its interval includes zero. The cold choice is also fragile: NNET
ADML qualifies at exactly the coverage threshold, and every candidate estimator overstates
the cold effect by about half under one plausible shape. Because five response shapes fit the
data equally well and imply different effects, we report the range across them, a functional-
form sensitivity range, alongside each estimate.

Four further results complete the picture. Heat lowers and cold raises milk fat content.
A debiased valuation functional, which targets the production-weighted change in log yield
directly, implies that removing heat stress would have raised production by about 1.7 percent
and removing both tails, adding the two shares, by 2.9 percent. Applied uniformly to 2003—
2024 production in the 48 contiguous states, that corresponds to $23.9 billion; evaluated at
each state’s own exposure, the heat share ranges from 0.7 percent in Oregon to 4.5 percent

in Florida. Decade averages of the estimated scores do not differ detectably between 2006—



2015 and 2016-2025, and a break search finds no detectable change in the yield responses,
although the heat effect on fat content weakens after the mid-2010s. Finally, climate-normal
diagnostics suggest smaller heat damage where heat is historically common, but this evidence
is sensitive to specification.

The paper contributes in three ways. It estimates both stress tails and both production
margins in a common design that absorbs national monthly shocks. It selects among linear,
regularized, and neural estimators by pre-specified simulation rules, and it shows how the
debiased LASSO of Klosin and Vilgalys (2025) performs once the time FE are left unpe-
nalized. It also values stress through a debiased functional and reports the range of effects
across plausible response shapes rather than a single functional form. Section 2 reviews
related work, Section 3 describes the data, Section 4 sets out the econometric framework,
and Section 5 presents the simulation. Sections 6-8 report the estimates, the temporal and

adaptation diagnostics, and the economic magnitudes, and Section 9 concludes.

2 Related literature and contribution
2.1 Animal-science dose response

Animal-science research provides the physiological mechanism and threshold ranges that
motivate our exposure design. Dairy cows generate substantial metabolic heat through ru-
men fermentation and lactation. When heat dissipation is constrained, respiration and body
temperature rise, feed intake falls, and milk synthesis declines (Armstrong, 1994; Kadzere
et al., 2002; West, 2003). Historical work often used THI 72 as the onset of heat stress, but
evidence for modern high-producing cows places the threshold closer to 68 or 69 (McWhorter
et al., 2023). We therefore define heat exposure at THI 69 rather than waiting for more severe
conditions.

Cold stress receives less attention, partly because lactating cows generate substantial
internal heat. Yet the lower tail matters in large observational panels. U.S. evidence shows
productivity losses below approximately THI 39 and a gradual cold-response gradient rather
than a single sharp break (Choi et al., 2024; Gisbert-Queral et al., 2021). We use THI 39
as the lower boundary of the reference range. These thresholds summarize exposure rather

than claim that every breed, housing system, or lactation stage shares an identical biological



cutoff.

2.2 Measuring climate stress in agricultural economics

Agricultural climate economics represents nonlinear thermal exposure in two related ways.
Duration measures record time spent in temperature bins or beyond a threshold: Schlenker
and Roberts (2009) reconstruct the within-day temperature distribution, Zaveri and Lobell
(2019) count growing-season days above 30 degrees Celsius, and Tack et al. (2015) combine
duration below freezing with heat degree days. Such measures preserve damaging tails that
seasonal averages obscure (Hsiang, 2016). Degree-day measures instead weight exposure by
its distance beyond a threshold; their use in crop-yield, insurance, and adaptation studies
has made them a standard convention (Annan & Schlenker, 2015; Burke & Emerick, 2016;
Schlenker & Roberts, 2009; Tack et al., 2015).

Dairy research draws the same distinction with THI. St-Pierre et al. (2003) calculate both
heat-stress duration and THI Load, the integral of THI above a threshold, and Mbuthia et

’ adds information

al. (2022) show that a similar hourly accumulation, “cooling THI-days,’
beyond conventional THI models. Our THI69_Days measure records duration: every hour at
or above THI 69 contributes 1/24 of a stress day, irrespective of severity. THI69_Load is the
intensity-duration counterpart, closer to degree days. Section 3.3 defines both and Section

6.4 reports estimates for both; their coefficients are not directly comparable because their

units differ.

2.3 Damage estimates

Heat stress imposes well-documented costs on U.S. dairy production. St-Pierre et al.
(2003) combine animal-response functions with long weather histories and estimate average
annual losses near $897 million without heat abatement. With operation-level survey data
and finely scaled climate records, Key et al. (2014) find that heat stress reduced the aver-
age farm’s 2010 production value by roughly $39,000, with losses concentrated in southern
states. Mauger et al. (2015) estimate historical national yield losses of 1.9 percent relative
to an idealized no-heat-stress baseline (1950-1999 climate, 2009 cow populations, no heat
abatement), rising to 6.3 percent by the end of the century. Cooling can offset part of these

losses, though the response varies across climate zones and production systems (Lopez et al.,



2022; Mukherjee et al., 2013), and Hutchins et al. (2025) find the greatest heat vulnerability
in small herds, suggesting barriers to adaptation.

Heat also degrades milk composition, which matters for revenue under component pricing.
Ravagnolo et al. (2000) show that fat and protein yields decline once THI exceeds 72. Vroege
et al. (2023) find that composition losses amplify the revenue effect of lower volume, and
Hutchins et al. (2025) that quality effects on farm income exceed the volume effect. Most
directly relevant to our setting, Prieto et al. (2026) link 2007-2016 test-day records for
roughly 6.5 million U.S. cows to gridded THI and show that fat and protein content begin
declining at lower THI than yield. Priced through Federal Milk Marketing Order component
rates, their revenue damage under a uniform ten-unit THI increase is about twice the yield-
only estimate, 2.8 percent or about $1.65 billion at 2022 national milk revenue, in a warming
scenario that differs from our observed-exposure accounting.

At our geographic unit, Fan and Ma (2024) use spatial-error and spatial-Durbin models of
a U.S. state-year panel and find an inverted-U relationship between heat stress and milk per
cow. They show that two-way fixed-effects residuals carry spatial dependence, which matters
for inference and possibly identification. We do not model spatial errors; our intervals instead
allow arbitrary correlation across states within a month and within states over time.

Cold stress has received less attention in economic studies. In monthly U.S. state data
for 1981-2018, Gisbert-Queral et al. (2021) associate extreme heat above THI 79 and cold
below THI 39 with daily yield reductions of about 3.7 and 6.1 percent relative to THI 65-69,
and Choi et al. (2024) find continuous nonlinear responses in both tails across four thermal
indices for 1981-2020. Seasonal studies report higher winter milk fat concentration (e.g.,
Heck et al., 2009; Salfer et al., 2019), but seasonal patterns alone do not identify a cold-
stress effect, and cold-related composition responses remain little studied. These findings
motivate our two-sided design.

Evidence on response change differs. Choi et al. (2024) report lower yield sensitivity in the
most recent two decades of their panel, whereas Prieto et al. (2026) find similar heat-response
curves for 2007-2011 and 2012-2016 and caution that outcome stability does not establish

the presence or absence of adaptation, because management practices are unobserved.



3 Data and exposure construction
3.1 Outcomes

Monthly milk production per cow and milk fat content come from USDA NASS Quick-
Stats (USDA National Agricultural Statistics Service (NASS), n.d.). The balanced produc-
tion panel covers 21 major dairy states from 2003 through 2025 and represents roughly 90
percent of U.S. milk output. The quantity outcome is log monthly pounds of milk per cow
(Impc). The composition outcome is milk fat content (fc) in percentage points.

Both margins matter economically. Volume per cow determines raw milk supply and
farm receipts, while fat content determines manufacturing yields for products such as butter
and cheese and payments under Federal Milk Marketing Order (FMMO) component pricing.
Both are co-primary outcomes in the estimation. The monetary accounting covers quantity
only, because valuing fat content would require a component-pricing framework that com-
bines composition with quantity. The temporal diagnostics cover both outcomes, except the
climate-normal diagnostics, which use 1mpc.

USDA records omit milk per cow for March through June 2013. We impute these months
with the state-calendar-month average of 2012 and 2014, which keeps a complete calendar for
first differences and lags. Treating them as missing instead changes the Full OLS cumulative
effects only slightly, from —0.289 to —0.292 percent per day for heat and from —0.237 to
—0.228 percent for cold. Fat content is missing for Colorado in 2003-2004 and for Kansas and
Oregon in 2004 (48 observations), and we leave it missing rather than impute composition.
Lags are built on the complete monthly calendar, and differences use only adjacent observed

months, so no difference spans a missing month.

3.2 Hourly weather and THI

ERAb5-Land supplies hourly 2-meter air temperature, dew point, and precipitation. We
convert temperature and dew point from Kelvin to degrees Celsius and calculate relative
humidity RH using the standard Magnus approximation, and then apply the Yeck THI

formula:

THI = 1.8T + 32 — (0.55 — 0.0055RH ) (1.8T — 26),



where T is 2-meter air temperature in degrees Celsius and RH is relative humidity in
percent.

THI is computed hourly for each grid cell, accumulated into 24-hour-equivalent expo-
sure days within each county-month, and aggregated from counties to states with milk-cow

inventory weights (Section 3.4). Monthly precipitation is the sum of hourly millimeters.

3.3 Climate stress measurements
The main model uses duration-day measures. For a county-month with H hourly obser-

vations, we define

1 & 1 &
THI39 D = — 1(THI THIEO D = — 1(THI, > .

Each stress day represents 24 possibly nonconsecutive stressful hours within the county-
month, without extra weight for more severe hours. The omitted thermoneutral range is
39 < THI < 69. The thresholds follow the lower-tail U.S. evidence and the lower heat
threshold observed for modern high-producing cows (Choi et al., 2024; Gisbert-Queral et al.,
2021; McWhorter et al., 2023).

The model adds quadratic and cubic terms in both measures and their interactions with
precipitation, but duration terms do not capture thermal intensity. As an intensity-weighted

alternative, load measures accumulate each hourly deviation beyond the same thresholds:

H H
THI39 Load = » max(0,39 —THI,),  THI69 Load = Y max(0,THI, —69).
h=1 h=1

Load is measured in THI-hours per county-month, so an hour farther beyond the thresh-
old contributes more. Because raw loads are highly skewed and can be zero, estimation uses

shifted logs:

1n_THI39 Load = In(0.001 4+ THI39 Load),

1n THI69 Load = In(0.001 4+ THI69 Load).



The 0.001 shift retains zero-load months, and the logarithm compresses the upper tail.
For log yield, the derivative with respect to shifted-log load approximates a raw-load elasticity
where load is large relative to 0.001; for fat content, its units are percentage points per shifted-
log-load unit. The two-bin design trades resolution for statistical power in a 21-state panel

and recovers within-tail nonlinearity through the cubic and interaction terms.

3.4 Dairy-cow-weighted spatial aggregation

Averaging weather over land without dairy cattle can attenuate extremes. Crop studies
address this aggregation bias by weighting exposure toward cropland or planted area (Burke
& Emerick, 2016; Deschénes & Greenstone, 2007; Schlenker & Roberts, 2009); we weight
county exposure by time-varying milk-cow inventories, so the state-month treatment mea-
sures weather where cows are located. This matters most in large states with concentrated
dairy regions.

We first aggregate ERAbS-Land grid cells to counties. County exposures are then averaged
within each state-month using county milk-cow inventories from the 2007, 2012, 2017, and
2022 agricultural censuses. Each sample year uses its nearest designated census anchor: 2007
for 2003-2009, 2012 for 2010-2014, 2017 for 2015-2019, and 2022 for 2020-2025. Counties

without supported cow inventory receive zero weight.

3.5 Descriptive statistics
3.5.1 Summary statistics

Table 1 summarizes the main variables before differencing and lag construction. After lags
and first differences, the yield sample has 5,712 state-months (May 2003 through December
2025) and the fat sample 5,665, because the first difference after each fat-content gap is
dropped.



Table 1. Summary statistics for the main state-month modeling variables.

Variable Unit N Mean SD Min P25 Median P75 Max
lmpc log 1b/cow 5,796 7.500 0.122 6.928 7.415 7.507 7.596 7.783
mpc 1b/cow 5,796 1,821 218 1,020 1,660 1,820 1,990 2,400
fc percent 5,748 3.824 0.241 3.310 3.650 3.780 3.950 4.760
THI69 Days days/mo 5,796 6.223 8.473 0.000 0.000 1.345 10.613 31.000
THI39 Days days/mo 5,796 6.601 9.191 0.000 0.000 1.004 11.609 30.997
precip_mm mm/mo 5,796  71.682  49.265 0.023 32.832 65.613 100.884 373.098

Note: lmpc is log milk production per cow; mpc is monthly milk production per cow in pounds; fc is milk
fat content in percent; THI69_ Days is days with THI > 69; THI39_Days is days with THI < 39; precip_mm
is monthly precipitation in millimeters. Sample covers 21 major dairy states from 2003 through 2025.

3.5.2 Temporal and spatial patterns

Figure 1 shows the monthly dynamics across the 21 study states. Heat exposure peaks in
July and August and cold exposure in December through February (Panels A and B). Milk
per cow (Panel C) combines a strong seasonal cycle, peaking in spring and falling in summer,
with a long-run rise; fat content (Panel D) falls in summer, rises in cold months, and trends
upward in later years. These aggregate series do not separate the roles of genetics, nutrition,

technology, or pricing incentives.



Figure 1. Monthly temporal variations in weather stress exposure and dairy productivity

(2003-2025).
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Note: Panel A plots the monthly average heat-stress days (TTHI69_ Days, THI > 69); Panel B plots
the monthly average cold-stress days (T"HI39_Days, THI < 39); Panel C plots monthly average milk
production per cow (mpc in pounds); Panel D plots monthly average milk fat content (fc in percent). All
series are equally weighted state averages over 2003-2025. Panels A-C use all 21 study states. Panel D uses
available fat-content observations: 20 states in 2003, 18 in 2004, and 21 thereafter.

Figure 2 maps long-run averages. Heat exposure is concentrated in southern and south-
western states such as Texas, Florida, and Arizona, where herds experience over 100 heat-
stress days per year, and cold exposure in northern and midwestern states such as Wisconsin,
Minnesota, and Idaho. Yield per cow is highest in the West and Southwest (e.g., Colorado,
California, Idaho) and fat content in northern states (e.g., Oregon, Minnesota, Vermont),

although the maps do not separate climate from herd composition or management.
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Figure 2. Spatial distribution of average annual weather stress and dairy productivity
(2003-2025).
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Note: Panel A maps average annual heat-stress days (THI > 69); Panel B maps average annual cold-
stress days (THI < 39); Panel C maps long-run average monthly milk production per cow (lbs/month); Panel
D maps long-run average milk fat content (percent). Weather panels cover the 48 contiguous states. The
21 study states are highlighted with dark outlines. Production and fat averages use available observations;
non-study states in Panels C and D are light grey.

4 Econometric framework
4.1 Targets and identifying assumptions

Let W, collect the heat and cold exposures and precipitation of state ¢ in month ¢ and

the three preceding months. The level model is
Yit = My m) T Kt + A+ Go(Wip) + €44, Elee | ps 565 A {Wis}s] = 0. (1)
Here y,, is log monthly milk production per cow (1lmpc) or milk fat content in percent (fc).

The state x calendar-month FE p; ., absorb each state’s seasonal cycle, the seasonal
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confounding that arises because stress exposure and production follow annual cycles that
differ across states. x,t is a state-specific linear trend, and the year-month FE ), absorb any
national shock in month ¢. The response function g, is common to all states, a maintained
restriction on state-level averages rather than on individual herds. Strict exogeneity excludes
omitted time-varying determinants that differ across states within a month and are correlated
with the exposure history. Weather being outside producer control supports this condition
but does not establish it. In particular, the year-month FE do not remove regional shocks
that coincide with regional weather.

For stress tail r € {C, H} with exposure D", the per-day effect is the cumulative average

partial derivative over lags 0-3:
3
dgo (W,
E . (2)
Z0 [ ath 0
For duration measures, an additional 24-hour-equivalent stress day replaces thermoneutral
exposure (39 < THI < 69) at the same lag, holding the other tail and precipitation fixed.
For 1mpc, 1004, is the approximate percentage response on the cumulative derivative scale;
it is not a percentage loss in total milk over four months. For fc, ¢, is in percentage points.
Because the year-month FE absorb every national monthly change, d, is identified from
differences in exposure across states within a month.
The second target is a production share. For a counterfactual W}, that removes stress
tail 7 in the current and three preceding months,
it wi{go(Wi) — go(Wie)}
r — ’ (3)

it Wit

where w;, is the state’s milk production in month ¢. Removing a duration tail sets its stress
days to zero; removing a load tail sets the shifted-log load to its zero-load value, In(0.001).
The joint counterfactual WgH removes both tails and defines 0, in the same way. For
lmpc, 6, is the production-weighted mean change in log yield. The proportional gain in
production, Zi,t w;, {edit —1}/ Zi,t w;, with d;; = go(W5) — go(W,,), is at least e — 1 and

differs from it because d,, varies across state-months; for the Full OLS stress-day shares the
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difference is under 1 percent of the gain (Appendix F). Unlike the product of an average
derivative and average exposure, ,. evaluates the nonlinear response at each state-month’s

observed exposure.

4.2 Basis, transformation, and estimators

The weather basis b(W,,) contains, at each of the four lags, linear, quadratic, and cubic
terms in both stress measures and precipitation, plus the two stress-by-precipitation interac-
tions: 44 weather columns. Lags are built on the complete monthly calendar. The estimating
equation first-differences (1) and then removes the mean of each differenced variable within
state x calendar month, using only that state’s rows. This removes py; ,,,4) and r; exactly.
The year-month FE enter as 272 indicator columns that are differenced and demeaned along
with the weather basis and are never penalized. Differencing requires the outcome in two
adjacent months, so the yield sample has 5,712 state-months (May 2003 through December
2025) and the fat sample has 5,665.

The seven estimators share this transformed design.

e Linear OLS uses the linear weather terms and the FE. Full OLS uses the full cubic
basis; its per-day effect averages the analytical derivative of the fitted basis. Full OLS
year FE replaces the year-month FE with year FE and is reported as a comparison.

« UTF-LASSO Plug-in fits a LASSO to the weather columns after partialling the
FE out of the outcome and the weather columns, so the FE are unpenalized; its
per-day effect averages the derivative of the fitted function. NNET Plug-in uses a
feed-forward network f that maps the level weather history to a level response. Its
differenced prediction f(z;) — f(x;, 1), plus linear terms in the transformed FE, is
transformed like the outcome and fitted by least squares. The network’s derivative
Of(xy)/ oD7, , is therefore a level derivative by construction. Weight decay applies
to the network weights but not to the FE.

« UTF-LASSO ADML and NNET ADML add the Riesz correction described below
to the two plug-ins (Klosin & Vilgalys, 2025).
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For the debiased estimators, the held-out score for lag ¢ is

—~ ~ ~

- - - 1 3.~
¢r€,it = QM,it + arE(Zit>{Ayit - f<Z1t>}7 67" = N Z rl,it» (4)

where ¢ is the plug-in derivative, Ay the transformed outcome, f the fitted transformed
prediction, and &,.,(Z) = Z’p,, a linear Riesz representer (Chernozhukov et al., 2022). The
representer is fitted on the transformed basis Z, with the FE partialled out so that they are
not penalized. For NNET ADML this basis also includes natural cubic spline terms in each
exposure and lag. Their knots are the exposure floor, the quartiles of exposure above it, and
the maximum, which lets the representer bend where the cubic dictionary cannot. The ¢,
penalty is the theory rate times a multiplier chosen by held-out-state Riesz loss (Appendix
A). The production share (3) uses the same scores with the derivative direction replaced
by the production-weighted counterfactual change w;, {b(W/,) —b(W;,)}. For Full OLS, the
score of (2) or (3) is the influence function of a linear combination of the OLS coefficients,

so Full OLS uses the same inference formulas.

4.3 Cross-fitting and inference

The learners use five outer folds that hold out whole states, so no observation from an
evaluation state enters its nuisance fit. To remove dependence on a single fold assignment,
we repeat cross-fitting over 20 assignments and report the median estimate. Each standard
error is {median, (§ESQ + (8, — 5)2)}1/ 2 over assignments s, with & the median (Chernozhukov
et al., 2018). OLS estimators are fitted once on the full sample.

Holding out states prevents overlap between the training and evaluation samples but not
dependence between them, because residuals of different states in the same month can be
correlated. The cross-fitting therefore assumes that the dependence left after the year-month
FE is weak enough for the nuisance fits to be approximately independent of the held-out
residuals. The simulation in Section 5 supports this for the per-day effect: its noise keeps
the observed cross-state correlation within each month, and the cross-fitted estimators still
reach the coverage reported there. Holding out months as well, as multiway cross-fitting does
(Chiang et al., 2022), would leave the year-month FE of held-out months without training

data and would cut through the lag structure, so we do not use it.
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Residual correlation across states within a month is the main inferential concern in a
state panel, because weather and its consequences are spatially correlated (Fan & Ma, 2024).
Year-month FE remove the national component of this correlation, but regional correlation

within a month remains. We report two variance estimators of the score mean.

e The two-way clustered variance clusters by state and by sample month and allows
arbitrary correlation within either dimension (Cameron et al., 2011). Intervals use
t(20) critical values for 21 states.

e The Driscoll-Kraay variance sums scores across states within each month and applies
a Bartlett kernel with a 12-month bandwidth to the monthly sums. It allows cross-
sectional dependence of unknown form and serial correlation (Driscoll & Kraay, 1998).

Intervals use normal critical values.

State-clustered standard errors are shown for comparison only. The simulation in Section 5
shows that they understate uncertainty in this design. Following decision rule 1 of Section 5,
the text quotes two-way intervals, and every table also shows the Driscoll-Kraay standard

errors.

4.4 Lag window

We choose the lag window by adding lags one at a time on a fixed sample, from the
exposure month alone (0-0) to twelve lags (0-12). For each estimator and stress tail, the
window stops before the first newly added lag whose two-way 95 percent interval includes zero.
The rule keeps lags 0-3 if every stopping point is at lag 3 or earlier, and it never shortens the
window below 0-3. The procedure was run for Linear OLS, Full OLS, UTF-LASSO ADML,
and NNET ADML for both outcomes. Every two-way stopping point is at lag 3 or earlier, so
all estimates use lags 0-3. Appendix D reports the stopping points. Stopping points beyond
lag 3 arise only under the Driscoll-Kraay and state-clustered intervals, for the NNET ADML
fat-heat response.

An insignificant added lag does not show that later lags have no effect, so Appendix
Table A4 (Panel C) also reports the selected estimators’ cumulative effects over windows
0-3 to 0-6 on the same sample, with the sum of the lag 4-6 effects within the 0-6 window.
The cumulative yield effects grow with the window, from —0.283 to —0.431 percent per day
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for heat (Full OLS) and from —0.201 to —0.515 percent for cold (NNET ADML, one fold
assignment), and they become less precise. The lag 4-6 effects are not significant for either
tail or outcome (two-way p-values 0.16 to 0.67). For heat they are small (—0.040 percent);
most of the change comes from the lag 0-3 terms, which shift when later lags enter. We keep
lags 0-3. The production shares remove stress at these lags only, so they would understate

the loss if later lags add damage.

5 Simulation evidence and estimator choice
5.1 Design

The simulation asks which estimators recover the per-day effect and give reliable intervals
in this panel, and how much the effect depends on the shape of the response. It is a synthetic-
data simulation: it keeps the observed weather and the 5,712-row yield sample fixed and

generates synthetic outcomes as

Y™ = basey, + gr(Wyy) + uy. (5)

The baseline and the noise come from a levels regression of log yield on state x calendar-
month indicators, state-specific linear trends, year indicators, and the weather basis. The
baseline is the fitted non-weather component. The noise u,, reuses the regression residuals:
each replication applies one circular time shift, one sign, and one optional time reversal to
every state’s residual series. Because the same transformation applies to all states, the noise
keeps the observed correlation across states within a month, including common national
shocks, and each state’s persistence.

The structural component g, takes one of five response shapes, each fitted to the observed
data in the estimation space (year-month FE, lags 0-3): linear; cubic, which equals the Full
OLS fit; convex, built from hinge terms so that damage accelerates with exposure; concave,
built from capped terms so that damage saturates; and a natural cubic spline. The convex
and concave fits constrain the stress terms to be monotone in exposure; their interactions with
precipitation are left free. Each shape is zero at zero exposure and shares the precipitation
terms. The true per-day effect (2) and production share (3) of every shape are exact functions

of its fitted coeflicients.
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The design has two tiers. The first tests whether the data can distinguish the shapes. It
runs 500 replications of Linear and Full OLS under each shape and compares two fingerprints
with their observed values: the difference between the Linear and Full OLS heat effects, and
the same difference for cold. A shape passes if each observed fingerprint lies within the
central 95 percent of its simulated distribution. All five shapes pass (Appendix Table A3):
the observed fingerprints fall at the 28th to 79th percentiles for heat and the 48th to 85th
for cold, and the fits’ R? differ by at most 0.012. The data therefore cannot tell these shapes
apart.

The second tier runs all seven estimators, 500 replications under each of three shapes.
Under the cubic shape, Full OLS is correctly specified, so its coverage measures standard-
error calibration alone. The natural-spline shape departs from the cubic dictionary shared
by the OLS and LASSO arms and by the Riesz representers. Under the convex shape,
damage accelerates with exposure. The linear and concave shapes enter the first tier and

the sensitivity range but are not replicated with the learners.

5.2 Decision rules

The following rules were established before the simulation was run.

1. Inference. An estimator qualifies if its two-way or its Driscoll-Kraay interval covers
the true effect at least 93 percent of the time under every second-tier shape. Coverage
above 97 percent counts as conservative rather than as failure. The text quotes the
two-way interval if it qualifies, and the Driscoll-Kraay interval otherwise.

2. Estimator. The candidates are Linear OLS, Full OLS, UTF-LASSO ADML, and
NNET ADML, all with year-month FE. Separately for heat and cold, the reported
estimator is the qualifying candidate with the smallest worst-case absolute relative
bias across the second-tier shapes. Candidates within two paired Monte Carlo standard
errors of that minimum are tied, and a tie goes to the smaller worst-case root mean
squared error (RMSE). The plug-ins and Full OLS year FE are comparisons, not
candidates.

3. Headline target. If the true per-day effect differs by more than 25 percent across
the shapes that pass the first tier while the production share differs by less, the paper
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leads with the production share. If both differ by more than 25 percent, the paper

reports a range across plausible shapes.

5.3 Results

Table 2 reports relative bias and coverage, and Figure 3 shows the error distributions.
For heat, three candidates qualify with two-way intervals: Full OLS covers 94.6 to 96.0
percent of the time, UTF-LASSO ADML 96.6 to 97.4 percent, and NNET ADML 96.8 to
97.4 percent. Linear OLS fails, covering only 81.4 to 91.6 percent. Full OLS has the smallest
worst-case bias, a 9.9 percent overstatement of the damage under the natural-spline shape.
UTF-LASSO ADML is tied with it (10.4 percent; the paired difference is 0.6 percentage
points with a paired Monte Carlo standard error of 0.7). The tie goes to Full OLS, whose
worst-case RMSE is lower (0.98 against 1.19 x1073 log points). NNET ADML overstates
heat damage under every shape, by 8.7 to 14.3 percent, and is not tied. Its plug-in recovers
only about a third of the effect, so the correction carries the estimate and passes on the
approximation error of its Riesz representer.

For cold, the shapes disagree. Under the cubic and convex shapes Full OLS and both
debiased learners are within 7 percent of the truth. Under the natural-spline shape every
candidate overstates the cold effect by roughly half: by 54.9 percent for Full OLS, 57.5
percent for UTF-LASSO ADML, and 46.4 percent for NNET ADML. This bias lowers the
two-way coverage of Full OLS and UTF-LASSO ADML to 81.6 and 86.4 percent under that
shape, so neither qualifies. NNET ADML qualifies because its bias is somewhat smaller and
its spread larger: its lowest coverage is 93.0 percent, exactly the threshold. The rule therefore
selects NNET ADML for cold, but with one more miss in 500 replications no estimator would
have qualified. We report the cold estimate with this fragility in view.

The inference results support the choice of intervals. For Full OLS and the two debiased
learners, the mean two-way standard error is 0.93 to 1.07 times the standard deviation
of the estimates. The Driscoll-Kraay standard error is 4 to 11 percent too small, and
the state-clustered standard error is 10 to 24 percent too small. State clustering therefore
understates uncertainty even after the year-month FE remove the national shock, because
residuals remain correlated across states within a month. The plug-ins are badly biased:

UTF-LASSO Plug-in covers 12 to 29 percent of the time, and NNET Plug-in understates
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the heat effect by 60 to 70 percent and never covers. Full OLS year FE has bias similar to
Full OLS, but its standard deviation is 16 percent (heat) and 26 percent (cold) larger, so
year-month FE also improve precision.

The exact true effects of the five shapes span a wide range. The per-day heat effect runs
from —0.219 to —0.363 percent, a 66 percent spread, and the cold effect from —0.146 to
—0.237 percent (63 percent). The production share removed by heat runs from 1.28 to 2.12
percent (66 percent), by cold from 0.98 to 1.37 percent (40 percent), and by both from 2.26
to 3.50 percent (55 percent). Under rule 3 we therefore report each estimate with the range
across the plausible shapes. This is a functional-form sensitivity range: it shows how much
the effect depends on which shape holds, not an interval for the true effect, and the shapes’
fitted coefficients carry sampling error of their own. The simulation evaluates the per-day
effect on milk yield with the stress-day measures, fitting each learner on one fold assignment
per replication. It does not evaluate the median over 20 assignments, which reduces the
variation from the fold assignment and widens the standard error (Section 4.3), nor the

production shares or their sum. Fat content and the load measures are not simulated.
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Table 2. Simulation results for the cumulative per-day effect: relative bias and interval

coverage.

Relative bias (%) Coverage (range)
Estimator Cubic  Convex  Spline SD Two-way DK
Panel A. Heat (THI > 69)
Linear OLS +15.8 —11.1 +3.6  0.55 0.814-0.916 0.728-0.854
Full OLS +2.6 +3.1 —-9.9 095 0.946-0.960 0.906-0.928
Full OLS year FE +1.6 +1.1 =122 1.11 0.956-0.968 0.926-0.946
UTF-LASSO Plug-in +17.6 +16.4 +7.0 0.65 0.174-0.286 0.022-0.026
NNET Plug-in +70.1 +60.5 +65.9 0.24 0.000-0.000 0.000-0.000
UTF-LASSO ADML +2.4 +2.1 —-104 1.16 0.966-0.974 0.912-0.928
NNET ADML —9.2 —87 —143 143 0.968-0.974 0.936-0.942
Panel B. Cold (THI < 39)
Linear OLS +17.4 —36.0 =253 0.36 0.684-0.806 0.638-0.750
Full OLS —1.0 —6.8 =549 0.88 0.816-0.944 0.780-0.926
Full OLS year FE —1.8 —-8.0 —=51.8 1.11 0.900-0.940 0.862-0.892
UTF-LASSO Plug-in +28.6 +9.2 —8.2 048 0.118-0.280 0.012-0.050
NNET Plug-in +68.2 +47.7  +51.9 0.18 0.000-0.000 0.000-0.000
UTF-LASSO ADML —2.1 —4.8 =575 1.02 0.864-0.942 0.818-0.922
NNET ADML —5.2 —2.2 —464 121 0.930-0.964 0.882-0.922

Note: 500 replications per shape; yield, stress days, lags 0-3. Relative bias is mean error over the absolute
true effect. The true effects are negative, so a negative bias overstates the damage. SD is the standard
deviation of the estimates in 10~3 log points per stress day, averaged over the three shapes. Coverage is
the lowest-to-highest share of nominal 95 percent intervals containing the true effect across the three shapes.
Two-way intervals use ¢(20) critical values; Driscoll-Kraay (DK) intervals use normal critical values. Bold
coverage ranges qualify under rule 1 (candidates only); a bold estimator name marks rule 2’s choice for the
tail. Every estimator uses year-month FE except Full OLS year FE. Appendix Table A2 reports RMSE,
standard-error ratios, and state-clustered coverage by shape.
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Figure 3. Simulated error distributions of the cumulative per-day effect: heat (Panel A)

and cold (Panel B).

Panel A. Heat (THI > 69)
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Note: Error is the estimate minus the true effect, in log points per stress day, cumulated over lags 0-3; 500
replications per shape. Each ridge is scaled to the same peak height, so widths show dispersion; the black
tick marks the mean error (bias). Bold: the estimator rule 2 selects for the tail. Groups, top to bottom:
OLS; plug-ins; debiased learners.
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6 Results

Tables 3 and 4 report the cumulative per-day effects of all seven estimators for milk yield
and fat content. Each cell shows the estimate, its two-way standard error in parentheses,

and its Driscoll-Kraay standard error in brackets. Bold marks the estimate the decision

rules select for each tail: Full OLS for heat and NNET ADML for cold.

6.1 Quantity margin: milk production per cow

All seven estimators give negative cumulative heat and cold responses (Table 3 and Figure
4). An additional heat day lowers milk per cow by 0.289 percent under Full OLS on the
cumulative derivative scale, with two-way 95 percent interval [—0.468, —0.110] (Driscoll-
Kraay [—0.457, —0.121]). The estimate lies inside the functional-form sensitivity range
across the five plausible shapes, —0.219 to —0.363 percent. The debiased learners give larger
heat effects: —0.332 percent for UTF-LASSO ADML and —0.327 percent for NNET ADML,
15 and 13 percent above Full OLS. The direction and size of the NNET ADML gap match its
overstatement in the simulation. The plug-ins are attenuated (—0.172 and —0.085 percent),
also as the simulation predicts, and Linear OLS gives —0.248 percent.

The selected cold estimate is —0.220 percent per day below THI 39, from NNET ADML,
with two-way interval [—0.566, 0.126]. The interval includes zero, and the point estimate lies
inside the range across shapes, —0.146 to —0.237 percent. Full OLS gives —0.237 percent
with interval [—0.451, —0.022], and UTF-LASSO ADML gives —0.255 percent. For cold,
the two-way standard errors of Full OLS and the debiased learners are 1.7 to 1.9 times the
Driscoll-Kraay ones, against 1.02 to 1.13 times in the simulation. For heat the ratios are 1.00
to 1.14 in the data and 1.07 to 1.14 in the simulation. The simulated response is common to
all states. A state-specific component of the actual cold response would enter the two-way
variance through its state dimension, while the Driscoll-Kraay variance cannot detect it in
a balanced panel. The two-way interval is therefore the cautious choice for cold.

Year FE change the estimates. Full OLS year FE gives a heat effect of —0.383 percent,
a third larger than with year-month FE, and a smaller cold effect, —0.183 percent. National
monthly shocks correlated with weather therefore affect estimates that control only for year

effects; the year-month FE remove them.
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Table 3. Cumulative cold- and heat-stress effects on log milk production per cow (lmpc),

lags 0-3.
Estimator Cold (THI < 39) Heat (THI > 69)
Linear OLS —0.00193 —0.00248
(0.00044) [0.00024] (0.00060) [0.00051]
Full OLS —0.00237 —0.00289
(0.00103) [0.00060] (0.00086) [0.00086]
Full OLS year FE —0.00183 —0.00383
(0.00142) [0.00102] (0.00115) [0.00119]
UTF-LASSO Plug-in —0.00131 —0.00172
(0.00009) [0.00006] (0.00024) [0.00021]
NNET Plug-in —0.00070 —0.00085
(0.00005) [0.00003] (0.00008) [0.00005]
UTF-LASSO ADML —0.00255 —0.00332
(0.00135) [0.00075] (0.00118) [0.00104]
NNET ADML —0.00220 —0.00327

(0.00166) [0.00089]

(0.00132) [0.00127]

Note: Cumulative average partial derivatives over lags 0-3, in log points per 24-hour-equivalent stress days;
5,712 state-months from 21 states. Two-way (state and sample month) standard errors are in parentheses and
Driscoll-Kraay standard errors in brackets. Every estimator includes state x calendar-month FE (with first
differencing) and year-month FE, except Full OLS year FE, which uses year FE. Learners use 20 repetitions
of five-fold cross-fitting over states. Bold marks the estimator the simulation rules select for the tail. No
significance markers are used.

Figure 4. Cumulative heat and cold effects on milk yield across the seven estimators.

Cold (THI < 39) Heat (THI = 69)
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Note: Points are cumulative effects over lags 0-3, in percent per stress day (100 times log points); bars are

two-way 95 percent intervals. The shaded band is the functional-form sensitivity range: the effect under
each of the five response shapes that fit the data (Section 5). Black: the estimator selected for the tail.
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6.2 Composition margin: milk fat content

Heat lowers and cold raises milk fat content under all seven estimators (Table 4). The
selected heat estimate, from Full OLS, is —0.00452 percentage points per heat day, with two-
way interval [—0.00804, —0.00100]. That is about 0.12 percent of the mean fat content of
3.82 percent. The selected cold estimate, from NNET ADML, is 0.01156 percentage points
per cold day [0.00466, 0.01846], about 0.30 percent of the mean. NNET ADML gives a much
smaller heat effect (—0.00115) because its positive lag-2 and lag-3 contributions are larger
than those of Full OLS. A concentration response alone establishes neither a change in total
fat output nor a physiological mechanism. The simulation does not cover fat content, so the

same estimator per tail is applied without simulation evidence specific to this outcome.
Table 4. Cumulative cold- and heat-stress effects on milk fat content (fc), lags 0-3.

Estimator Cold (THI < 39) Heat (THI > 69)
Linear OLS 0.00685 —0.00476
(0.00092) [0.00059)] (0.00099) [0.00094]
Full OLS 0.00989 —0.00452
(0.00241) [0.00252] (0.00169) [0.00225]
Full OLS year FE 0.00772 —0.00444
(0.00233) [0.00238] (0.00187) [0.00197]
UTF-LASSO Plug-in 0.00977 —0.00583
(0.00037) [0.00010] (0.00026) [0.00012]
NNET Plug-in 0.00606 —0.00493
(0.00029) [0.00027] (0.00022) [0.00012]
UTF-LASSO ADML 0.01003 —0.00454
(0.00275) [0.00287] (0.00206) [0.00273]
NNET ADML 0.01156 —0.00115

(0.00331) [0.00334]

(0.00303) [0.00349]

Note: Percentage points of fat content per 24-hour-equivalent stress day, cumulated over lags 0-3; 5,665
state-months from 21 states. Fat content is missing for Colorado in 2003-2004 and for Kansas and Oregon
in 2004; differences never span a missing month. Other notes as in Table 3.
6.3 Lag structure

Figure 5 separates the selected estimators’ responses into monthly lag contributions. For
milk yield, most of the heat response occurs in the exposure month (—0.141 percent, interval
[—0.188, —0.094]). Smaller contributions follow at lags 1 and 2 (—0.061 and —0.077 percent;
only the latter’s interval excludes zero), and little remains by lag 3. The cold response is also

concentrated in the exposure month (—0.149 percent [—0.246, —0.053]), and the later lags
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have intervals that include zero. For fat content, heat lowers concentration in the exposure
month (—0.00589 percentage points) and the next month (—0.00178). Positive contributions
at lags 2 and 3 (0.00206 and 0.00109) then partly reverse the decline. Cold raises fat content
mainly in the exposure month (0.00862). Separate lag intervals describe the distributed

response; they are not a joint test of persistence, which Section 4.4 reports for lags 4-6.
Figure 5. Lag-specific effects of the selected estimators.
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Note: Heat panels use Full OLS and cold panels NNET ADML, the estimators selected for each tail. Yield
effects are in percent per stress day (100 times log points) and fat effects in percentage points; bars are
two-way 95 percent intervals. Year-month FE throughout.

6.4 Intensity-duration measures

Appendix Table Al repeats the estimates with the shifted-log load measures, which
weight each hour by its distance beyond the threshold. Five of the seven estimators give
negative yield effects for both tails. The selected estimators give —0.00914 log points per unit
of heat load (Full OLS, interval [—0.01348, —0.00480]) and —0.00705 per unit of cold load
(NNET ADML, [—0.01132, —0.00277]). Where load is large relative to 0.001, a 1 percent
increase in heat load corresponds to an approximately 0.009 percent decline in milk per cow
on the cumulative derivative scale. Linear OLS has the opposite sign for both tails (0.00041

for heat and 0.00100 for cold), which shows that a linear term in log load misrepresents
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the response. NNET Plug-in recovers almost none of the load response (estimates near zero
and positive), so the debiasing correction carries the NNET ADML load estimates. For fat
content, heat load lowers and cold load raises concentration under the selected estimators

(—0.01274 and 0.02103 percentage points). No simulation evidence covers the load measures.

7 Temporal variation and adaptation diagnostics
7.1 Annual averages of the scores

For outcome k, stress tail r, and year v, we average the cumulative scores of the selected
estimator over the year’s state-months. For NNET ADML these are the held-out scores; for

Full OLS, the influence-function scores of the full-sample fit:

3
gk,r,v = Nl Z Z@kre,w (6)
kv (it): year(t)=v £=0

The response is not refitted by year. Annual averages can move with the year’s exposure
distribution and residual correction even when the pooled response is constant, so they
describe temporal variation rather than identify year-specific effects. Intervals use the two-
way variance within the year’s state-months, and NNET ADML averages are aggregated
over the 20 fold assignments as in Section 4.3.

Figure 6 shows the annual series. Comparing 2016-2025 with 2006-2015, which gives
complete calendars for both outcomes, the yield heat average changes by —0.136 percent
per day (two-way SE 0.175) and the yield cold average by —0.029 percent (0.231). The fat-
content averages change by —0.00017 percentage points for heat (0.00439) and 0.00503 for
cold (0.00631). None of the four intervals excludes zero, so the decade averages do not differ
detectably. Because they summarize the pooled scores rather than estimate decade-specific
responses, this comparison is not a test of a change in the response itself; the break search

in Section 7.2 tests that directly.
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Figure 6. Annual averages of cumulative scores for milk yield and fat content (2003-2025).
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Note: Each point averages the selected estimator’s cumulative scores (lags 0-3, year-month FE) over the
year’s state-months: held-out scores for NNET ADML (cold) and full-sample influence-function scores for
Full OLS (heat). Shading shows pointwise two-way 95 percent intervals; it is not a trend or break test. 2003
begins in May after lag construction, and fat content is missing for three states in 2003-2004.
7.2 Break search

The annual averages describe the scores; a break search asks whether the response itself
changed. For each candidate year b from 2008 to 2020, we refit Full OLS with every weather
coefficient allowed to differ after year b. The change in the cumulative per-day effect evaluates
the responses before and after b at the full sample’s exposure, so a shift in the exposure
distribution does not enter. A sup test takes the largest absolute t-statistic over the 13
candidate years. Its critical values are simulated from the estimated correlation of the
13 changes, with ¢(20) tails for the two-way variance and normal tails for Driscoll-Kraay.
Appendix Table A6 reports every change.

Neither yield response changes detectably. The largest heat change comes after 2019:
the effect is —0.390 percent per day afterward against —0.211 before, a change of —0.179
(two-way SE 0.070), but the sup-test p-value is 0.087 (0.132 with Driscoll-Kraay). For cold

it is 0.160. Fat content behaves differently. The heat effect on fat content weakens after the
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mid-2010s: with the break after 2016 it is —0.00692 percentage points per day before and
—0.00008 after, and the sup test rejects a stable response (p < 0.001 with either variance).
The cold effect on fat content grows at the end of the sample (largest change after 2020,
sup-test p = 0.014).

The search has limits. It uses Full OLS for both tails, because refitting NNET ADML for
every candidate year is costly, and the simulation does not cover this specification. The state
x calendar-month FE are fixed over time, so a change in the seasonal pattern of fat content
that coincides with hot or cold months would also appear as a change in the response. With

21 states, the search also has little power against moderate changes in the yield response.

7.3 Climate-normal heterogeneity

A separate diagnostic asks whether yield responses to unusual weather differ with a state’s
climate history. It regresses log milk yield in levels on heat and cold shocks, the trailing state
x calendar-month normals of each exposure (centered), precipitation shocks and normals,
and shock-by-normal interactions, with lags 0-3. Normals average the same calendar month
over the preceding ten years, so they use only past weather. The specification includes state
x calendar-month FE and year-month FE. With ten-year normals the sample has 3,213
state-months from 21 states. This OLS diagnostic has a different specification and sample
from the main estimates.

A heat-shock day lowers yield by 0.377 percent at the average normal (two-way SE
0.137). The cumulative heat interaction is 0.000305 (two-way SE 0.000104; interval [0.000088,
0.000522]): each additional day of normal monthly heat exposure makes the response to a
heat-shock day 0.031 percentage points less negative. The cold interaction is close to zero
(0.000033, SE 0.000095). The heat interaction is not robust to the choice of windows, however.
Across four normal windows (5 to 15 years) and four lag windows (0-1 to 0-4), its two-way
interval lies above zero in only 4 of the 16 combinations (Appendix Table A5). The diagnostic
is therefore suggestive evidence that climate history is associated with smaller heat damage.

It does not identify the effect of adaptation investments or an adaptation rate.
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8 Economic magnitude
8.1 Method and scope

The production share (3) is the production-weighted mean change in log yield from
removing a stress tail, at the observed exposure of every state-month. We estimate it with
the selected estimators: Full OLS for heat and NNET ADML for cold. Removing a tail
replaces its stress days with thermoneutral exposure in the current and three preceding
months, holding the other tail and precipitation fixed. The joint share is the sum of the
heat and cold shares, with standard errors from the sum of their scores within each fold
assignment. The sum equals the effect of removing both tails together only if the tails act
additively on yield. Full OLS imposes this, and its own joint share, 2.91 percent, is close to
the sum of 2.89 percent. NNET ADML lets the tails interact, yet within each fold assignment
its joint share differs from the sum of its heat and cold shares by at most 0.0032 percentage
points; its joint share is larger, 3.24 percent, because its heat share is larger (Appendix Table
AT). We report shares as 100 times log points (“percent”); at the magnitudes in Table 5
they differ from proportional changes by less than 2.5 percent of their value.

Revenue equivalents are an accounting that applies one share to every state and year.
They convert the share into lost production, Qiy{exp(é) —1}, using NASS annual production
Q;, by state and year, and value it at the state’s annual all-milk price P, in dollars per
hundredweight. The share is estimated over May 2003 through December 2025 and applied to
each year of 2003-2024; evaluating the Full OLS response over the 2003-2024 months alone
changes its heat and cold shares by less than 0.01 percentage points (Appendix F). The
estimation sample covers the 21 states, which produced 91.3 percent of contiguous-U.S. milk
in 2003-2024. Extending the share to the 48 contiguous states assumes that the remaining
production faces a similar response and exposure. We report both totals for 2003-2024, with
the average per year, total divided by 22, in parentheses. The calculation holds prices, herd

size, other inputs, and producer behavior fixed, so it measures gross revenue equivalents

rather than profits, welfare, or equilibrium damages.

8.2 Production shares and revenue equivalents
The heat share is 1.68 percent (log points; two-way interval 0.53 to 2.82), within the
range across shapes of 1.28 to 2.12 percent (Table 5). For the 48 contiguous states this is
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$13.78 billion over 2003-2024 ($0.63 billion per year), with interval $4.34 to $23.32 billion.
The cold share is 1.21 percent (interval —0.22 to 2.65; shape range 0.98 to 1.37), or $9.93
billion ($0.45 billion per year). The cold interval includes zero, as does its per-day effect.
The joint share is 2.89 percent (interval 1.21 to 4.57; shape range 2.26 to 3.50), or $23.88
billion ($1.09 billion per year), with interval $9.91 to $38.09 billion. For the 21 estimation
states alone the totals are $12.53 billion for heat ($0.57 billion per year) and $21.72 billion
for both tails ($0.99 billion per year).

Valuing every year at each state’s 2024 price, which holds the price vector fixed rather
than adjusting for inflation, the joint total for the 48 states is $29.48 billion ($1.34 billion per
year). In 2024 alone, heat stress cost $0.86 billion and the two tails together $1.49 billion.
Appendix Table A7 reports each estimator’s own shares. NNET ADML’s heat share, 2.09
percent, is 24 percent above Full OLS, consistent with its simulated heat overstatement. The
load measures give a heat share of 1.32 percent and a joint share of 2.07 percent, and Full
OLS year FE gives 1.70 percent for heat.

Evaluated at each state’s own exposure, the Full OLS heat share ranges from 0.72 percent
in Oregon to 4.54 percent in Florida (Appendix Table A8 and Figure A1). It exceeds 2 percent
in Florida, Arizona, Texas, New Mexico, Kansas, and California. California has the largest
heat revenue equivalent, $3.23 billion over 2003-2024 ($147 million per year), followed by
Wisconsin and Texas ($1.33 and $1.32 billion). The state values sum to $12.50 billion, close
to the $12.53 billion from applying one share to every state. They rest on the common
response, so they differ only through exposure, not through state differences in sensitivity
such as cooling or management. In Florida, Arizona, Texas, and California, no four-month
history in the sample is free of heat days, so their shares extrapolate the common response
to zero exposure. Their intervals hold each state’s exposure fixed. The cold shares, also from
Full OLS, are reported without intervals because the simulation does not support Full OLS

intervals for cold.

30



Table 5. Production shares and revenue equivalents of heat and cold stress, 2003-2024.

Production share (%) Revenue equivalent (billion $)
Stress removed Estimate 95% interval Shape range 21 states 48 states 95% interval (48)
Heat (Full OLS) 1.68 [0.53,2.82] 1.28-2.12 12.53 (0.57) 13.78 (0.63)  [4.34, 23.32]
Cold (NNET ADML) 1.21 [—0.22,2.65] 0.98-1.37  9.04 (0.41) 9.93 (0.45) [—1.82, 21.86]
Heat and cold (sum) 2.89 [1.21, 4.57] 2.26-3.50  21.72 (0.99) 23.88 (1.09) [9.91, 38.09]

Note: The production share is the production-weighted mean change in log milk per cow when the tail is
removed at lags 0-3 (year-month FE; heat from Full OLS, cold from NNET ADML, the joint share their
sum, which assumes the tails act additively). Intervals are two-way, with ¢(20) critical values. The shape
range is the functional-form sensitivity range: the share under each of the five response shapes that fit the
data (Section 5). Revenue equivalents apply the share uniformly to every state and year: Q{exp(6) — 1}
valued at state annual all-milk prices, in nominal dollars, summed over 2003-2024; the average per year
(total divided by 22) is in parentheses. The 48-state column applies the estimated share to all contiguous
states.

The fat-content results add a composition margin that this all-milk valuation leaves out.
Heat lowers and cold raises fat concentration, but concentration changes alone do not identify
changes in total fat output or milk value. Valuing them would require a component-pricing

framework and a compatible joint quantity—composition counterfactual.

9 Discussion and conclusion
9.1 Findings and implications

Our estimates place both heat and cold among the production risks facing U.S. dairy
systems. The negative responses in both tails agree qualitatively with the two-sided pattern
documented by Gisbert-Queral et al. (2021) and Choi et al. (2024), whose temperature-bin
contrasts and response curves differ from our cumulative derivatives per equivalent stress day;
our heat boundary of THI 69 also includes moderate exposure, while the headline extreme-
heat contrast of Gisbert-Queral et al. concerns THI above 79. The heat estimate rules out
a zero effect; the cold estimate does not, and its size depends on the shape of the response.

Heat stress reduced production by about 1.7 percent over the sample period (1.3 to 2.1
percent across plausible shapes). Mauger et al. (2015) estimate a historical national loss of
1.9 percent, but against an idealized no-heat-stress baseline with different climate years, cow
populations, and response model, so the similar magnitudes do not validate each other. Our

joint share of 2.9 percent adds cold stress to heat-focused assessments. Across states, the
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heat share is largest in Florida and the Southwest, where heat is most common, but those
shares also rely most on extrapolation.

Heat lowers and cold raises fat concentration, consistent with the importance of compo-
sition documented at the cow and farm levels by Prieto et al. (2026) and Hutchins et al.
(2025). Concentration differs from total component output, however, because fat produc-
tion depends jointly on volume and concentration, so positive cold concentration responses
cannot be read as an offset to quantity losses without a component calculation.

Temporal evidence also depends on what each study measures. Choi et al. (2024) report
lower yield sensitivity in recent decades, whereas Prieto et al. (2026) find broadly similar heat-
response curves for 2007-2011 and 2012-2016. Our break search finds no detectable change
in the yield responses, but the heat effect on fat content weakens after the mid-2010s. The
climate-normal diagnostics point to smaller heat damage where heat is historically common,
but that pattern is sensitive to specification, and our state aggregates cannot identify the
management heterogeneity suggested by the small-herd vulnerability that Hutchins et al.
document.

The methodological results bear on how flexible estimators should be used in climate-
impact panels. Automatic debiasing did not uniformly improve on a transparent cubic
regression. For heat, Full OLS had the smallest worst-case bias, and the debiased neural
network overstated the effect under every shape, because its first stage recovered only about
a third of the effect and the correction inherited the error of an approximate representer.
The debiased LASSO of Klosin and Vilgalys (2025) performed about as well as Full OLS
for heat once the time FE were left unpenalized, which keeps them as unrestricted additive
effects, as in their model, so no part of a national shock is shrunk back into the regression;
its plug-in, by contrast, was badly biased. For cold, no estimator was robust to the response
shape. Rules established before the simulation discipline these comparisons, but simulated
rankings still depend on whether biases and variances transfer to the application (Advani
et al., 2019), which is why we anchor the simulation to the observed weather, sample, and

residual dependence and report the range across shapes.
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9.2 Limitations

State aggregation hides herd, breed, housing, and management heterogeneity. Causal
interpretation requires the exogeneity condition of Section 4.1. Year-month FE remove
national shocks, but regional shocks that coincide with regional weather can remain; we do
not estimate region x month FE. The exposure weights come from the nearest agricultural
census, which for some years is a later one, so they can partly reflect where herds moved
afterward. The per-day effects and production shares vary by 40 to 66 percent across response
shapes that fit the data equally well, which is why we report ranges, and the cold estimate is
fragile. The production shares remove each tail completely, but a four-month history without
heat days occurs in only 50 of the 252 state x calendar-month cells (36 for cold), so in the
other cells the shares rely on the common response to extrapolate to zero exposure. They
also cover lags 0-3 only, and longer windows give larger but less precise cumulative effects
(Section 4.4). The simulation evaluates the per-day yield effect with one fold assignment per
replication; the medians over 20 assignments, the production shares, and the fat-content and
load results rest on the same estimators without simulation evidence of their own. Two-way
and Driscoll-Kraay inference allow correlation across states, and the cross-fitting assumes
that this correlation is weak once the year-month FE are removed (Section 4.3); we do not
estimate spatial models of the kind used by Fan and Ma (2024). The valuation assumes
that the estimated share applies in every year and to the 8.7 percent of production outside
the estimation states, and it holds prices, herd size, and behavior fixed. It measures gross
revenue equivalents, not welfare, and omits fat-component revenue. The state shares reflect
exposure under the common response, not state differences in sensitivity, and the hottest
states extrapolate that response to zero exposure. The break search uses Full OLS for both
tails and cannot separate a change in the stress response from a change in the seasonal

pattern of fat content. None of the temporal diagnostics identifies adaptation.

9.3 Concluding remarks

The study estimates the effects of both stress tails on two production margins in a
design that absorbs national monthly shocks. It chooses its estimators by rules established
before a synthetic-data simulation. Heat stress has a clear negative effect on milk yield,

about 0.29 percent per additional heat day and 1.7 percent of production over 2003—-2024.
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Cold stress is estimated with much less certainty. The size of both effects depends on a
response shape the data cannot pin down, so ranges across plausible shapes are a more
honest summary than any single functional form. Further work should connect herd-level
responses to observed management, explain why the heat effect on fat content weakened
after the mid-2010s, combine volume and component output in a pricing framework, and

develop designs that separate regional shocks from regional weather.

Appendix
Appendix A. Estimation details
Scaling and outcome learners

Within each outer training fold, the level basis is standardized by its training-sample
standard deviations; the derivative directions use the same scales. The transformation of
Section 4.2 is applied to every column.

UTF-LASSO partials the FE out of the outcome and the weather columns by least squares
in the outer training sample. It then fits a LASSO to the residualized weather columns, with
the penalty chosen by five-fold state-grouped cross-validation over 50 candidates (at most
20,000 iterations, tolerance 107°), and recovers the FE coefficients by least squares. Its
plug-in derivative is d;@,it B , where d,, ,; is the derivative of the scaled basis with respect to

D’I"

it

(X

NNET maps the scaled level weather history z;, (both exposures and precipitation at
lags 0-3, plus the sine and cosine of the calendar month) to a level response f(z;,) through
two hidden layers of 64 and 32 units with CELU activation. The FE enter through a separate
linear layer without bias, and an unpenalized constant in the differenced prediction absorbs a
common drift. The fitted transformed prediction is the transformation of f(x;,) — f(z;, 1)
plus the FE term, and training minimizes its mean squared error with full-batch Adam
(learning rate 0.01). Weight decay of 10~* applies to f only. Training stops early on held-
out training states (about one fifth of them), with patience 100 and at most 3,000 epochs.
The plug-in derivative 0 f(x;)/0Dj, , is computed by automatic differentiation.
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Riesz representer
For training sample T of size Ny, with transformed basis Z and derivative direction d,.,,

let
Q=N;'Y 2,7,  My=Nz'> d.y. (A1)
T T

The representer coefficients solve

~ : 2y Vi lnp
e = argmin { Qo — 2 Tp+ e Mol b, A=n(Np)y |22 (a2)
p Ny

The multiplier ¢, is chosen from 13 values, log-spaced from 10 to 0.001, to minimize the held-
out-state Riesz loss p’@\vp — 2]\//_7r’£wp over five state-grouped inner folds. The FE columns
are partialled out of Z before (A2). Every derivative direction is zero on the FE columns,
so this is equivalent to leaving their coefficients unpenalized. For NNET ADML, Z also
includes natural cubic spline terms in each exposure and lag. Their five knots are the
exposure floor, the three quartiles of exposure above it, and the maximum, which adds
three nonlinear columns per exposure and lag. The production share (3) uses the direction
w {b(W) — b(Wy,)} in place of d,.q ;.
Variance estimators

The two-way variance of a score mean adds the state- and month-clustered variances, each
with its G/(G — 1) factor, and subtracts the heteroskedasticity-robust variance (Cameron
et al., 2011); if the result is not positive, the larger one-way variance is used. The Driscoll-
Kraay variance applies a Bartlett kernel with a 12-month bandwidth to the scores summed
within each calendar month (Driscoll & Kraay, 1998). The state-clustered comparison is the
state term alone. Lag scores are summed before these variances are computed, which retains

their covariance.

Appendix B. Additional estimates
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Table Al. Cumulative effects of the shifted-log intensity-duration (load) measures, lags

0-3.
Estimator Cold load Heat load
Panel A. Milk yield
Linear OLS 0.00100 0.00041
(0.00067) [0.00058] (0.00045) [0.00044]
Full OLS —0.00591 —0.00914
(0.00180) [0.00098] (0.00208) [0.00181]
Full OLS year FE —0.00512 —0.00667
(0.00223) [0.00159] (0.00210) [0.00196]
UTF-LASSO Plug-in —0.00441 —0.00561
(0.00046) [0.00018] (0.00071) [0.00036]
NNET Plug-in 0.00010 0.00006
(0.00003) [0.00003] (0.00002) [0.00001]
UTF-LASSO ADML —0.00594 —0.00995
(0.00201) [0.00120] (0.00258) [0.00222]
NNET ADML —0.00705 —0.01262

(0.00205) [0.00153]

(0.00365) [0.00291]

Panel B. Fat content

Linear OLS 0.00482 —0.00246
(0.00123) [0.00115] (0.00133) [0.00132]
Full OLS 0.01814 —0.01274
(0.00284) [0.00227] (0.00371) [0.00337]
Full OLS year FE 0.01382 —0.02348
(0.00319) [0.00254] (0.00350) [0.00291]
UTF-LASSO Plug-in 0.01654 —0.01110
(0.00103) [0.00026] (0.00073) [0.00023]
NNET Plug-in 0.00437 —0.00308
(0.00041) [0.00026] (0.00046) [0.00036]
UTF-LASSO ADML 0.01840 —0.01257
(0.00334) [0.00271] (0.00436) [0.00388]
NNET ADML 0.02103 —0.01503

(0.00414) [0.00335]

(0.00634) [0.00463]

Note: Effects per unit of In(Load + 0.001), in log points (yield) and percentage points (fat). Two-way
standard errors in parentheses and Driscoll-Kraay in brackets. Bold marks the estimator selected for the
tail on the stress-day measures. The simulation does not cover the load measures.
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Appendix C. Simulation details
Table A2. Simulation results by estimator and response shape.

SE / SD Coverage
Estimator Shape Bias (%) RMSE Two-way DK State Two-way DK State
Panel A. Heat
Linear OLS Cubic +15.8 0.712 0.84 0.76 0.68 0.814 0.728 0.640
Convex —11.1  0.597 0.84 0.76 0.69 0.904 0.802 0.758
Natural spline +3.6  0.553 0.84 0.76 0.68 0.916 0.854 0.814
Full OLS Cubic +2.6  0.955 0.98 091 0.83 0.956 0.928 0.886
Convex +3.1  0.955 0.98 091 0.83 0.960 0.928 0.884
Natural spline —9.9 0.984 0.98 091 0.83 0.946 0.906 0.864
Full OLS year FE Cubic +1.6  1.107 1.03 0.96 0.72 0.968 0.946 0.810
Convex +1.1  1.106 1.03 096 0.72 0.968 0.946 0.822
Natural spline —12.2  1.149 1.03 0.96 0.72 0.956 0.926 0.798
UTF-LASSO Plug-in Cubic +17.6  0.858 0.15 0.02 0.15 0.174 0.022 0.156
Convex +16.4  0.682 0.24 0.03 0.23 0.286 0.026 0.258
Natural spline +7.0 0.707 0.15 0.02 0.15 0.224 0.026 0.216
NNET Plug-in Cubic +70.1  2.039 0.16 0.00 0.16 0.000 0.000 0.000
Convex +60.5  1.346 0.16 0.00 0.16 0.000 0.000 0.000
Natural spline +65.9  1.680 0.16 0.00 0.16 0.000 0.000 0.000
UTF-LASSO ADML Cubic +2.4  1.160 1.01 0.89 0.88 0.970 0.924 0.914
Convex +2.1  1.161 1.02 0.89 0.88 0.974 0.928 0.920
Natural spline —10.4  1.189 1.01 0.89 0.88 0.966 0.912 0.890
NNET ADML Cubic —9.2 1.452 1.04 0.96 0.87 0.974 0.942 0.902
Convex —8.7 1.444 1.04 095 0.87 0.974 0.938 0.900
Natural spline —14.3 1471 1.04 0.96 0.87 0.968 0.936 0.908
Panel B. Cold
Linear OLS Cubic +17.4  0.546 0.97 094 0.72 0.790 0.722 0.598
Convex —36.0 0.635 0.96 094 0.72 0.684 0.638 0.486
Natural spline —25.3 0.533 097 094 0.72 0.806 0.750 0.598
Full OLS Cubic —1.0 0.880 0.93 091 0.76 0.944 0.926 0.856
Convex —6.8  0.885 0.93 091 0.76 0.936 0.922 0.842
Natural spline —54.9  1.228 0.93 091 0.76 0.816 0.780 0.690
Full OLS year FE Cubic —1.8 1.113 0.96 0.93 0.62 0.940 0.892 0.792
Convex —8.0 1.118 0.96 093 0.62 0.934 0.892 0.788
Natural spline —51.8 1.375 0.96 093 0.62 0.900 0.862 0.666
UTF-LASSO Plug-in Cubic +28.6  0.850 0.15 0.02 0.15 0.118 0.012 0.110
Convex +9.2  0.438 0.19 0.03 0.18 0.280 0.050 0.240
Natural spline —8.2 0.529 0.16 0.02 0.15 0.258 0.034 0.240
NNET Plug-in Cubic +68.2 1.624 0.15 0.00 0.15 0.000 0.000 0.000
Convex +47.7 0717 0.15 0.00 0.15 0.000 0.000 0.000
Natural spline +51.9  0.829 0.15 0.00 0.15 0.000 0.000 0.000
UTF-LASSO ADML Cubic —2.1 1.013 0.96 091 0.78 0.942 0.918 0.854
Convex —4.8 1.021 0.95 090 0.77 0.938 0.922 0.868
Natural spline =575 1.354 0.95 091 0.78 0.864 0.818 0.730
NNET ADML Cubic —5.2 1.214 1.07 0.95 0.90 0.964 0.922 0.898
Convex —2.2  1.206 1.04 0.95 0.86 0.962 0.922 0.884
Natural spline —46.4  1.408 1.07 0.95 0.89 0.930 0.882 0.828

Note: 500 replications per shape. Bias is relative to the absolute true effect; RMSE is in 1073 log points per
stress day. SE / SD is the mean reported standard error over the standard deviation of the estimates. The
noise transformations come from a finite set, and replications after the 100th use transformations not drawn
before, so binomial Monte Carlo standard errors of the coverage rates are conservative for this design.
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Table A3. First-tier test of the response shapes and their exact true effects.

Percentile Per-day effect (%) Production share (%)
Shape Fit R? Heat FP Cold FP  Passes Heat Cold Heat Cold Joint
Linear 0.3998 64.4 75.0 Yes —0.263 —0.184 155 1.20 2.75
Cubic 0.4098 51.2 51.8 Yes —0.289 —0.237 1.68 1.23 291
Convex 0.4093 79.4 85.4 Yes —0.219 —0.146  1.28  0.98 2.26
Concave 0.4059 27.8 48.2 Yes —0.363 —0.230 212 1.37 3.50
Natural spline  0.4117 53.8 50.4 Yes —0.252 —0.1566 1.61 1.11 2.73

Note: The fingerprints are the differences between the Linear and Full OLS cumulative effects for heat and
cold. Percentiles locate their observed values in 500 simulated replications per shape; a shape passes if
both lie between the 2.5th and 97.5th percentiles. Per-day effects are 100 times log points per stress day;
production shares are 100 times log points.

Appendix D. Lag window
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Table A4. Lag-window checks: stopping lags of the sequential lag procedure and cumulative
effects of the selected estimators by window.

Cold Heat
Estimator Two-way DK State Two-way DK State
Panel A. Milk yield
Linear OLS 1 2 2 0 0 0
Full OLS 1 1 1 0 0 0
UTF-LASSO ADML 1 1 1 0 0 0
NNET ADML 0 0 0 0 0 0
Panel B. Fat content
Linear OLS 1 1 1 1 1 3
Full OLS 1 1 1 1 1 3
UTF-LASSO ADML 1 1 1 1 1 1
NNET ADML 1 1 1 3 4 5
Milk yield Fat content
Window Cold Heat Cold Heat
Panel C. Cumulative effect by window
Lags 0-3 —0.00201 —0.00283 0.01148 —0.00401
(0.00152) (0.00090) (0.00347) (0.00171)
Lags 04 —0.00224 —0.00352 0.01162 —0.00455
(0.00164) (0.00147) (0.00343) (0.00237)
Lags 0-5 —0.00361 —0.00462 0.01562 0.00002
(0.00268) (0.00147) (0.00476) (0.00308)
Lags 0-6 —0.00515 —0.00431 0.01725 —0.00169
(0.00319) (0.00171) (0.00552) (0.00426)
Lags 4-6 within 0-6 —0.00222 —0.00040 0.00285 0.00112
(0.00153) (0.00092) (0.00275) (0.00213)
Two-way p-value 0.16 0.67 0.31 0.61

Note: Windows 0-0 to 0-12 are estimated on fixed samples (yield 5,523 and fat 5,487 state-months over 263
months) with year-month FE and a single fold assignment. Panels A and B: each entry is the last lag before
the first newly added lag whose 95 percent interval includes zero. The rule uses the two-way intervals and
keeps lags 0-3 when every stopping lag is 3 or less. Panel C: cumulative effects of the selected estimators
(Full OLS for heat, NNET ADML for cold) over each window, in log points per stress day for yield and
percentage points for fat content, with two-way standard errors in parentheses. Because the samples are
fixed and NNET ADML uses one fold assignment, the 0-3 values differ slightly from Tables 3 and 4. The
last rows give the sum of the lag 46 effects within the 0—6 window and its two-way p-value, with ¢(20)
critical values. Of the estimators not selected for a tail, only Full OLS for fat-content cold has a lag 46 sum

significant at 5 percent (p = 0.048).
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Appendix E. Temporal and adaptation diagnostics
Table A5. Climate-normal heat interaction across normal and lag windows.

Normal window (years) Lags Year-month FE Year FE N
5 0-1 —1.05 (0.90) —1.23 (0.79) 4,515
) 0-2 —0.83 (1.15) —0.94 (1.02) 4,494
5 0-3 —0.90 (1.39) —1.08 (1.23) 4,473
5 0-4 —1.17 (1.60) —0.98 (1.46) 4,452
7 0-1 —0.42 (0.93) —0.75 (0.81) 4,011
7 0-2 0.11 (1.17) —0.34 (1.10) 3,990
7 0-3 0.41 (1.43) —0.07 (1.33) 3,969
7 0-4 0.35 (1.70) 0.41 (1.61) 3,048

10 0-1 1.05 (0.76) 0.95 (0.67) 3,255
10 0-2 2.46 (0.88) 2.69 (0.89) 3,234
10 0-3* 3.05 (1.04) 3.42 (1.10) 3,213
10 0-4 3.20 (1.22) 3.89 (1.36) 3,192
15 0-1 1.04 (0.89) 0.30 (0.70) 1,995
15 0-2 2.45 (1.06) 1.72 (1.03) 1,974
15 0-3 2.63 (1.36) 1.91 (1.39) 1,953
15 0-4 2.67 (1.56) 2.41 (1.57) 1,932

Note: Cumulative heat-shock x normal interaction x10?%, with two-way standard errors (x10%) in paren-
theses. Both specifications include state x calendar-month FE. Bold: the two-way 95 percent interval lies
above zero. *Baseline specification.
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Table A6. Break search: change in the cumulative per-day effect after each candidate year.

Milk yield (percent) Fat content (percentage points)
Break after Heat Cold Heat Cold
2008 0.018 0.009 0.00434 —0.00092
(0.132) (0.150) (0.00206) (0.00428)
2009 —0.064 0.048 0.00538 —0.00160
(0.132) (0.115) (0.00160) (0.00365)
2010 —0.052 —0.018 0.00486 —0.00115
(0.132) (0.112) (0.00195) (0.00400)
2011 0.045 —0.038 0.00275 0.00227
(0.128) (0.098) (0.00156) (0.00338)
2012 0.115 —0.119 0.00529 0.00189
(0.118) (0.087) (0.00230) (0.00337)
2013 0.080 —0.152 0.00383 0.00132
(0.136) (0.087) (0.00161) (0.00318)
2014 —0.057 —0.208 0.00402 0.00103
(0.136) (0.093) (0.00121) (0.00348)
2015 —0.271 0.034 0.00412 0.00163
(0.109) (0.137) (0.00173) (0.00296)
2016 —0.092 —0.031 0.00683 0.00268
(0.108) (0.107) (0.00109) (0.00272)
2017 —0.133 —0.125 0.00442 0.00502
(0.082) (0.098) (0.00078) (0.00286)
2018 —0.054 —0.071 0.00653 0.00459
(0.111) (0.087) (0.00225) (0.00197)
2019 —0.179 —0.040 0.00655 0.00689
(0.070) (0.091) (0.00138) (0.00216)
2020 —0.175 —0.078 0.00966 0.00868
(0.083) (0.085) (0.00171) (0.00251)
Largest |t| (after year) 2.58 (2019) 2.25 (2014) 6.25 (2016) 3.45 (2020)
Sup-test p-value, two-way 0.087 0.160 <0.001 0.014
Sup-test p-value, DK 0.132 0.139 <0.001 0.014

Note: Each entry refits Full OLS (year-month FE, lags 0-3) with every weather coefficient allowed to change
after the year in the first column and reports the change in the cumulative per-day effect, after minus before,
with both responses evaluated at the full sample’s exposure; two-way standard errors in parentheses. Before
the break, heat lowers yield and fat content and cold raises fat content, so a negative yield change means a
larger loss, and a positive fat change means a smaller heat reduction or a larger cold increase. The sup test
takes the largest absolute t-statistic over the 13 years; its critical values are simulated from the estimated
correlation of the 13 changes, with ¢(20) tails for the two-way variance and normal tails for Driscoll-Kraay
(DK). The largest |t| row uses the two-way variance.

Appendix F. Valuation details
The production share averages log changes across state-months. The exact proportional
gain in production, Y w{e? — 1}/ > w, is at least e — 1 because the exponential is convex.

For the Full OLS stress-day shares the three measures are close: 1.68 percent (log points),
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1.69, and 1.71 percent for heat; 1.23, 1.24, and 1.25 percent for cold; and 2.91, 2.95, and 2.96

percent for both tails. The revenue equivalents, which use e? — 1, therefore understate the

exact gain by about 1 percent of its value or less. Evaluating the same Full OLS response

over the 2003-2024 months alone gives shares of 1.67 percent for heat and 1.23 percent for

cold.

Table A7. Production shares and revenue equivalents by estimator, measure, and fixed-

effect specification.

Revenue (billion $)

Estimator Removed Share (%)  Plug-in (%) Nominal 2024 prices
Panel A. Stress days, year-month FE

Full OLS Heat 1.68 (0.55) [0.34] - 13.78 (0.63) 17.01 (0.77)
Full OLS Cold 1.23 (0.55) [0.22] - 10.09 (0.46) 12.46 (0.57)
Full OLS Joint 2.91 (0.78) [0.40] - 24.04 (1.09)  29.68 (1.35)
NNET ADML Heat 2.09 (0.73) [0.45) 0.48  17.17 (0.78)  21.20 (0.96)
NNET ADML Cold 1.21 (0.69) [0.31] 0.45 9.93 (0.45) 12.26 (0.56)
NNET ADML Joint 3.24 (0.75) [0.51] 0.93  26.81 (1.22)  33.10 (1.50)
Full OLS + NNET ADML  Joint 2.89 (0.81) [0.42] - 23.88(1.09) 29.48 (1.34)
Panel B. Stress load, year-month FE

Full OLS Heat 1.32 (0.58) [0.43] — 10.80 (0.49) 13.34 (0.61)
Full OLS Cold 0.73 (0.65) [0.55] - 5.94 (0.27) 7.34 (0.33)
Full OLS Joint 2.04 (0.87) [0.78] - 16.82 (0.76)  20.77 (0.94)
NNET ADML Heat 1.45 (0.66) [0.56] —0.04  11.94 (0.54) 14.74 (0.67)
NNET ADML Cold 0.75 (0.86) [0.64] —0.09 6.17 (0.28) 7.62 (0.35)
NNET ADML Joint 2.17 (0.86) [0.90] —0.14  17.90 (0.81)  22.09 (1.00)
Full OLS + NNET ADML  Joint 2.07 (0.99) [0.85] - 17.06 (0.78)  21.06 (0.96)
Panel C. Stress days, year FE

Full OLS Heat 1.70 (0.69) [0.40] - 13.93 (0.63) 17.20 (0.78)
Full OLS Cold 0.58 (0.60) [0.37] - 4.71 (0.21) 5.82 (0.26)
Full OLS Joint 2.27 (0.98) [0.55] - 1873 (0.85)  23.12 (1.05)
Panel D. Stress load, year FE

Full OLS Heat 1.76 (0.88) [0.67] - 14.50 (0.66) 17.90 (0.81)
Full OLS Cold 0.26 (0.89) [0.70] - 2.08 (0.09) 2.57 (0.12)
Full OLS Joint 2.02 (1.28) [1.20] - 16.62 (0.76)  20.52 (0.93)

Note: Shares are 100 times log points, with two-way standard errors in parentheses and Driscoll-Kraay in
brackets. Plug-in is NNET Plug-in’s share from the same fit. Revenue equivalents are for the 48 contiguous
states over 2003-2024, in billion dollars, with the average per year in parentheses; the 2024-price column
values every year at each state’s 2024 all-milk price.
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Table AS8. Production shares and revenue equivalents by state, 2003-2024.

Production share (%)

Revenue equivalent (million $)

State Heat Cold Heat Heat and cold
Florida 4.54 (1.01) 0.03 498 (22.6) 501 (22.8)
Arizona 3.70 (0.90) 0.10 651 (29.6) 668 (30.3)
Texas 2.87 (0.63) 0.51 1,324 (60.2) 1,561 (71.0)
New Mexico 2.35 (0.52) 0.53 671 (30.5) 824 (37.5)
Kansas 2.25 (0.48) 1.03 279 (12.7) 410 (18.6)
California 2.13 (0.50) 0.50 3,229 (146.8) 4,004 (182.0)
Tllinois 1.95 (0.40) 1.20 147 (6.7) 239 (10.9)
Indiana 1.70 (0.35) 1.28 269 (12.2) 474 (21.5)
Virginia 1.68 (0.35) 0.90 125 (5.7) 193 (8.8)
Ohio 1.58 (0.33) 1.21 350 (15.9) 623 (28.3)
Towa 1.49 (0.31) 1.85 291 (13.2) 659 (30.0)
Pennsylvania 1.43 (0.30) 1.18 639 (29.0) 1,173 (53.3)
Idaho 1.29 (0.31) 1.71 695 (31.6) 1,628 (74.0)
Colorado 1.26 (0.29) 1.60 192 (8.7) 441 (20.0)
Minnesota 1.20 (0.26) 2.24 462 (21.0) 1,338 (60.8)
Michigan 1.19 (0.26) 1.72 453 (20.6) 1,116 (50.7)
Wisconsin 1.18 (0.26) 1.99 1,329 (60.4) 3,609 (164.1)
New York 0.95 (0.22) 1.57 547 (24.9) 1,468 (66.7)
Washington 0.78 (0.21) 1.29 196 (8.9) 521 (23.7)
Vermont 0.75 (0.19) 1.91 82 (3.7) 203 (13.3)
Oregon 0.72 (0.20) 0.78 76 (3.5) 160 (7.3)
21 states 1.68 1.23 12,503 (568.3) 21,903 (995.6)

Note: Each share is the Full OLS stress-day response (year-month FE, lags 0-3) evaluated at the state’s
own exposure: the production-weighted mean change in log milk per cow when the tail is removed, in 100

times log points.

Two-way standard errors for heat, in parentheses, hold the state’s exposure fixed. Cold

shares are shown without standard errors because the simulation does not support Full OLS intervals for
cold. Revenue equivalents apply each state’s share to its own production and all-milk price, summed over
2003—-2024 in nominal dollars, with the average per year in parentheses; the last column removes both tails.
States are ordered by heat share. The last row gives the production-weighted mean shares, which equal the
national Full OLS shares, and the summed revenue.
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Figure A1l. Heat production share and revenue equivalent by state, 2003-2024.

A. Heat production share (percent) B. Heat revenue equivalent per year
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Note: Full OLS heat shares at each estimation state’s exposure (Panel A) and their revenue equivalents per
year (Panel B), as in Table A8. Grey states are outside the estimation sample.
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