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Innovative Two-Dimensional Chebyshev Modeling of

Temperature-Humidity Effects on Livestock Productivity

Abstract

Climate change threatens livestock productivity primarily through heat stress, the
combined physiological burden of elevated temperatures and atmospheric moisture.
Existing empirical studies commonly rely on scalar composite indices such as the
Temperature-Humidity Index (THI), which impose restrictive functional forms, cannot
capture nonlinear or asymmetric joint responses to temperature and humidity, and
may underestimate the effects of cold and dry weather. This study introduces a two-
dimensional Chebyshev polynomial framework that flexibly models the joint distribution
of temperature and atmospheric moisture and its effects on livestock productivity.
Applying this framework to state-level U.S. data from 1980 to 2024, we estimate
climate effects on eight outcomes spanning major livestock types and production stages:
cattle weight, calf survival rates, hog weight, piglet survival rates, litter size, broiler
weight, rate of lay, and milk production per cow. Results reveal that early-life outcomes,
such as calf and piglet survival rates, are markedly less sensitive to temperature—humidity
stress than adult weight or output measures. Poultry outcomes are relatively stable,
consistent with the buffering role of climate-controlled housing. Future projections
indicate that hog weight, cattle weight, and milk yield will experience the largest losses,
especially in summer and in the Southeast, where heat-stress exposure is projected to

increase.



1 Introduction

Livestock production is central to the global agricultural economy, supporting the livelihoods
of more than one billion people and accounting for roughly 40 percent of the global value of
agricultural output (e.g., Food and Agriculture Organization of the United Nations, 2023, 2010
World Bank, 2021)). Yet livestock are highly vulnerable to environmental stressors. Among
these, heat stress is widely recognized as one of the most important and pervasive climate-
related risks to livestock production. It imposes a physiological burden through elevated
temperature and atmospheric moisture, suppressing feed intake, impairing thermoregulation,
and reducing reproductive performance, with cascading consequences for productivity across
species and production stages (Collier et al., [2019)).

A central challenge in quantifying these impacts is measurement. How damaging is a given
combination of temperature and humidity to livestock productivity, and does this damage
function vary across species and life stages? Answering this question rigorously requires a
flexible empirical framework that can recover the joint, nonlinear effects of temperature and
humidity without imposing the functional form restrictions that have characterized prior
work.

The empirical literature on climate and livestock productivity has relied heavily on scalar
composite indices, most prominently the Temperature-Humidity Index (THI), which combines
temperature and dewpoint depression into a single number (e.g., |Gisbert-Queral et al., 2021;
Thornton et al., 2021)). But this approach has two important limitations. First, a single THI
value or fixed stress threshold cannot flexibly capture heterogeneous physiological tolerance
to heat and moisture across species, breeds, and production systems. As a result, it may
underestimate damages from high-humidity heat events in some settings. For example, cattle
exposed to moderate temperatures under very humid conditions may experience meaningful
heat stress even when THI remains below conventional stress thresholds. More generally,
livestock responses need not be monotonic in either temperature or moisture, since dry heat

and cold exposure may also generate productivity losses. Second, commonly used linear,



quadratic, or threshold regressions impose restrictive functional forms that limit the ability
to capture nonlinear, asymmetric, and interaction-based responses to climate stress.

This study addresses these limitations by introducing a two-dimensional (2D) Chebyshev
polynomial framework to model the joint effects of temperature and atmospheric moisture on
livestock productivity. Specifically, we use daily temperature and the temperature-dewpoint
gap as the two climate dimensions, with the latter serving as a humidity indicator: smaller
gaps indicate more humid conditions, while larger gaps indicate drier conditions. Chebyshev
polynomials are orthogonal basis functions defined on a bounded interval; in two dimensions,
their tensor products provide a parsimonious yet flexible basis for approximating smooth
response surfaces over a compact domain. We project the observed joint distribution of daily
temperature and temperature-dewpoint gap onto this basis and embed the resulting terms in
panel regressions with state fixed effects and quadratic time trends. Using historical panel
data, we empirically estimate how livestock productivity responds to the joint distribution
of temperature and temperature-dewpoint gap. Then, we combine the estimated response
surfaces with projected future climate conditions to predict livestock productivity under
alternative Shared Socioeconomic Pathways (SSPs).

We apply this framework to eight livestock outcomes—cattle weight, calf survival rates, hog
weight, piglet survival rates, litter size, broiler weight, lay rate (egg-laying hen productivity),
and milk production per cow—using state-level U.S. panel data from 1980 to 2024 from
USDA Quick Stats, with climate exposure constructed from ERA5 reanalysis data weighted
by species-specific production distributions.

Our results reveal three principal findings. First, except for lay rate, the 2D Chebyshev
model outperforms a THI-based benchmark in out-of-sample prediction based on mean
squared error. This result indicates that the restrictive functional form imposed by scalar-
index approaches carries a material cost in predictive accuracy. Second, the estimated response
surfaces reveal substantial heterogeneity across species, outcomes, and production stages.

Early-life outcomes are generally less sensitive to heat and humidity exposure than adult



weight and output measures: calf and piglet survival rates show weaker climate responses,
whereas cattle weight, hog weight, and milk yield exhibit larger productivity losses under
humid heat conditions. Poultry outcomes are comparatively stable, consistent with the
buffering role of climate-controlled housing. Third, future projections indicate that climate
change will generate uneven livestock productivity impacts across seasons and regions. Hog
weight, cattle weight, and milk yield experience the largest projected losses, especially in
summer and in the Southeast, where heat-stress exposure increases most sharply. However,
climate change does not uniformly reduce productivity. In some central and northern regions,
calf survival rates and lay rate are projected to improve, particularly in winter, as exposure
to cold and dry conditions declines.

This study contributes to the climate-livestock literature in three ways. First, we introduce
a two-dimensional Chebyshev polynomial framework for modeling joint temperature—humidity
effects on livestock productivity. Unlike THI-based or threshold approaches, this framework
does not impose a fixed scalar index or a predetermined response shape, allowing the data to
recover nonlinear, asymmetric, and interaction-based climate response surfaces, including
damages under both very humid and very dry conditions at a given temperature. Second, we
estimate climate response functions across multiple livestock species and production stages
within a consistent empirical framework, making it possible to compare the relative sensitivity
of birth, survival, weight, and output measures. Our results show substantial heterogeneity
across species and outcomes. Third, we combine the estimated response surfaces with future
climate projections to assess how livestock productivity may change across regions and
seasons, highlighting both projected losses in heat-exposed areas and potential gains where
cold and dry exposure declines.

The remainder of the paper proceeds as follows. Section [2 reviews the empirical literature
on climate and livestock productivity. Section [3| describes the data. Section [4] develops the
two-dimensional Chebyshev estimation framework. Section [5 presents the main empirical

results. Section [6] reports the climate projection analysis. Section [7] concludes.



2 Literature Review

Climate change has already measurably reduced agricultural productivity, with Ortiz-Bobea
(2021)) estimating that anthropogenic climate change lowered global agricultural total
factor productivity by roughly 21 percent since 1961, with losses concentrated in warm, low-

income regions. A parallel literature on livestock builds on the Temperature-Humidity Index

of [Mader, Davis, and Brown-Brandl (2006) and identifies impacts through three workhorse

strategies: panel fixed effects on long historical series (Gisbert-Queral et all |2021; Hutchins!

Skidmore, and Nolan, [2025; Palandri et al., [2025)), stochastic production frontiers in which heat

stress enters as a determinant of technical inefficiency (Key, Sneeringer, and Marquardt, 2014;

Mukherjee, Bravo-Ureta, and De Vries| 2013)), and species-level meta-analyses of controlled

trials (Renaudeau, Gourdine, and St-Pierre, 2011} [Liu et al., [2020; Mignon-Grasteau et al.|

2015; Andretta et al., [2021]).

For cattle and dairy production, existing studies consistently show that heat stress reduces

milk yield, fertility, survival, and animal weight, with damages concentrated in warmer regions

and only partially offset by adaptation. For U.S. dairy, Key, Sneeringer, and Marquardt|

(2014) and Mauger et al.| (2015) estimate annual heat-stress losses of roughly US$1.2 billion,

with the largest damages in the Southeast and Southwest. Panel evidence further shows that

both heat and cold exposure affect milk productivity, although historical THI sensitivity

has declined over time, suggesting some adaptation (Gisbert-Queral et al., [2021)). However,

recent evidence from high-frequency dairy records indicates that cooling technologies offset

only part of heat-related milk losses (Palandri et al., [2025)). For beef cattle, projected heat-

stress exposure and productivity losses increase substantially under high-emissions scenarios,

especially in warmer and lower-income regions (Thornton et al., 2021}, 2022; |Yi et al., 2024)).

Physiological and epidemiological studies also identify reproduction, disease, mortality, and

intergenerational transmission as important channels through which heat stress affects cattle

productivity (Lacetera, 2019; Garcia-Ispierto et al., [2007; Monteiro et al., 2016]).

For swine and poultry, the literature also finds sizable heat-stress effects on growth,



feed intake, fertility, and survival, though the evidence is largely based on controlled trials,
meta-analyses, or species-specific threshold models. For swine, meta-analytic evidence shows
that hot conditions reduce average daily gain by about 9 percent and feed intake by about
12 percent relative to thermoneutral conditions (Renaudeau, Gourdine, and St-Pierre, 2011
da Fonseca de Oliveira et al., 2019). Additional studies identify upper critical temperature
thresholds in the 17-25°C range for sow fertility and show that prenatal or transport-related
heat exposure can affect market-weight outcomes and mortality (Bloemhof et al., 2013; lida,
Pineiro, and Koketsu, 2021; Peterson et al., 2017; Tuell et al., 2021). For poultry, heat stress is
associated with substantially higher broiler mortality, including a reported 3.7-fold increase in
mortality odds, and with lower growth and layer performance, including feed-intake declines
of more than 20 percent in laying hens under heat exposure (Liu et al., [2020; |Andretta et al.,
2021; Mignon-Grasteau et al., 2015; Kim et al., 2024).

Three robust patterns emerge from this literature: livestock responses to climate stress
are strongly nonlinear and often threshold-shaped; damages are unevenly distributed across
regions, herd types, and production systems; and adaptation reduces but does not eliminate
heat-stress damages. Despite these advances, important gaps remain. Existing studies
have not yet provided a systematic and comparable assessment across major livestock
species, production stages, and productivity outcomes within a single empirical framework.
Moreover, few studies translate estimated response functions into concise regional and seasonal
projections, and these projected productivity impacts have not been fully integrated into

sectoral economic models such as FASOM to evaluate broader economic consequences.

3 Data

3.1 Livestock Productivity Data

Livestock productivity data are obtained from the United States Department of Agriculture’s

National Agricultural Statistics Service (USDA-NASS) Quick Stats database. We use state-



level series because finer (county) resolution is not available for all productivity measures.
Two of the eight outcomes are not reported directly by NASS and are constructed from

raw counts as follows:

# calves lost or dying,,

calf survival rates; = 1 —

: (1)

# piglets lost or dying,,

# calves borng,

piglet survival rate, , = 1 — # piglets born,, )

Outcomes differ in reporting frequency. Cattle slaughter weight, milk yield, hog slaughter
weight, and broiler slaughter weight are reported monthly (in pounds per head); calf survival
rates and piglet survival rate are reported annually; and lay rate is reported monthly. This
distinction matters for the construction of climate exposure (Section [£.2): monthly outcomes
are matched to biologically-motivated rolling averages of the climate distribution, while

annual outcomes are matched to annual aggregates.

3.2 Climate Data

Climate exposure is constructed using the ERA5 reanalysis dataset produced by the European
Centre for Medium-Range Weather Forecasts (ECMWTF), accessed at daily resolution for
1979-2024. For each grid cell covering the contiguous United States, we extract daily minimum
and maximum 2-meter temperature (7., and Ty, °C) and daily minimum and maximum
2-meter dewpoint temperature (7 min and Ty max, °C).

Atmospheric moisture is represented by the temperature-dewpoint gap, Arp =T — Ty,
where smaller gaps indicate more humid conditions and larger gaps indicate drier conditions.
We use Arp rather than relative humidity because it preserves temperature and dewpoint
information in a direct temperature-difference metric and avoids introducing an additional
nonlinear humidity transformation before applying the Chebyshev basis.

Because livestock exposure depends on conditions throughout the day rather than only

on daily extrema, we reconstruct the within-day distributions of temperature and dewpoint



temperature using a sinusoidal interpolation between daily minimum and maximum values.
Specifically, for each grid cell and day, we approximate the diurnal paths of T" and T, with
double-sine functions based on their daily minima and maxima. We then calculate the number
of hours falling into each 1°C by 1°C joint bin of temperature and temperature-dewpoint gap,
(T, Arp). Summing these hourly exposures over days yields a gridded measure of climate
exposure in each joint temperature—moisture bin.

To aggregate gridded exposure to the state level, we weight each grid cell by the spatial
distribution of species-specific livestock production. Production weights are constructed from
the FAO Global Livestock Distribution dataset (Food and Agriculture Organization of the
United Nations, 2024). This weighting ensures that the climate exposure measure reflects the
conditions faced by livestock rather than the broader land area of each state.

For future climate exposure, we use daily CMIP6 climate projections from the NASA
Earth Exchange Global Daily Downscaled Projections dataset (NEX-GDDP-CMIP6), which
provides bias-corrected, spatially downscaled daily climate projections from CMIP6 global
climate models for historical and future scenario periods (Thrasher et al. 2022; NASA Center
for Climate Simulation, 2026). We use three Shared Socioeconomic Pathways: SSP2-4.5,
SSP3-7.0, and SSP5-8.5, and four global climate models: BCC-CSM2, GISS-E2, FGOALS,
and CanESM5. From each model-scenario combination, we extract daily near-surface air
temperature, specific humidity, and surface air pressure (tas, huss, and ps).

Because dewpoint temperature is not directly available in our selected climate variables,
we derive it from specific humidity and surface pressure using standard atmospheric thermo-
dynamic relationships. We first convert specific humidity and surface pressure into vapor
pressure following the relationship between specific humidity, total pressure, and water-vapor
pressure (Bolton), [1980; Lawrence, 2005). Surface pressure is converted from Pa to hPa, and

vapor pressure is computed as

qp
P— 3
© 7 0.622 +0.378¢’ (3)

where ¢ is specific humidity, p is surface pressure in hPa, and e is vapor pressure in hPa. We



1980 (ERAS) 2020 (ERAS) 2030 (4-GCM mean, ssp370) 2050 (4-GCM mean, ssp370) 2080 (4-GCM mean, ssp370)
(T)=12.8°C, (T-D)=7.6°C (T)=13. .2°C
— — o —

020
9°C, (T-D)=8.5°C (T)=13.8°C, (T-D)=8 (T)=14.9°C, (T-D)=8.5°C (T)=16.1°C, (T-D)=8.5°C
—_— 0 0

share > 0.001 share >0.0005  €» weighted centroid

Figure 1: Cattle-production-weighted joint distribution of temperature and temperature—
dewpoint gap for historical periods and SSP3-7.0 projections.

then compute dewpoint temperature using the Magnus-type formulation commonly attributed

to [Bolton (T980):

243.51n(e/6.112)
41767 —In(e/6.112)

(4)
Finally, we construct the temperature-dewpoint gap, Arp = T — T}, and aggregate projected
daily climate conditions into the same livestock-production-weighted state-level joint exposure
distributions used for the historical analysis.

Figure (1] presents heat maps of the cattle-production-weighted joint distribution of
temperature and temperature-dewpoint gap for the 1980s, the 2020s, and future climate
scenarios. The figure illustrates a rightward shift in temperature exposure over time, together
with an increased frequency of high-temperature, high-humidity conditions. Future projections

indicate that this shift toward hotter and more humid exposure conditions is expected to

continue.

4 Empirical Strategy

4.1 The Two-Dimensional Chebyshev Framework

Let fs+(T, Arp) denote the joint frequency distribution of daily temperature 7" and temperature-

dewpoint gap Arp in state s in year t, constructed from the production-weighted daily



bins described in Section [3, We approximate this distribution on a discrete grid of bins
{(Ty,, Ap) }£_,, yielding a vector of bin frequencies x5 ; € RP with Y, 24, = 1.

Chebyshev polynomials of degree k on [—1,1] are defined by the recurrence Ty(2) = 1,
Ti(2) = z, Ti(2) = 22Tp-1(2) — Tr—2(z). We rescale both temperature and Arp indices
linearly to [—1, 1] over their observed support, and form tensor-product 2D basis functions
Uit (T, Ap) = TkT(Tb) . TkD(Ab) for orders kr € {0, ..., K7}, kp € {0, ..., Kp}, excluding
the constant term (kr = 0,kp = 0).

The climate exposure terms entering the regression are constructed by projecting the bin

frequency vector onto each basis function:

B
Crrkpst = > Tst b U en (Thy Ap). (5)
b=1

These terms summarize, in a low-dimensional and interpretable way, how the state’s climate
distribution in a given year loads onto different regions of the temperature-humidity space,

weighted by occurrence frequency.

4.2 Climate Inputs: Bin Construction, Truncation, and Lag Aver-
aging

The raw 1°C x 1°C joint (T, Arp) grid contains many sparsely populated or physically rare
cells, especially in the tails of the temperature and moisture distribution. Because flexible
polynomial bases can assign unstable coefficients to such rarely observed combinations, we
truncate the bin grid before constructing the Chebyshev terms. Specifically, we restrict
temperature to the core range [—20,40] °C and collapse observations outside this range into
the nearest boundary bin. Within each temperature bin, rare or physically implausible
temperature—dewpoint-gap combinations (non-zero observation share j0.05%) are similarly
merged into the nearest admissible bin. This procedure preserves exposure mass while

avoiding estimation driven by extremely rare weather combinations.
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For monthly outcomes, the climate exposure that affects production in calendar month m
extends back into the months that precede m, because finishing, gestation, and growing periods
for the relevant livestock span multiple months. We therefore replace the contemporaneous
monthly climate distribution with a backward-looking rolling-window distribution whose
window length N matches the species-specific biological production cycle: finishing cattle
typically spend about six months in the feedlot before slaughter, so for cattle slaughter
weight and milk yield we use N = 6 months; pig finishing requires roughly 115-120 days, so
for hog slaughter weight we use N = 4 months; broilers are grown for seven to nine weeks
before slaughter, so for broiler slaughter weight we use N = 2 months. Lay rate is reported
monthly for layers that produce eggs daily, so no rolling-window aggregation is applied to

that outcome.

4.3 Panel Regression Specification

The estimation sample is split into two families that differ in temporal resolution: monthly
outcomes (cattle slaughter weight, hog slaughter weight, broiler slaughter weight, milk yield,
and lay rate), reported by NASS at the state-month level, and annual outcomes (calf survival
rate, piglet survival rate), reported at the state—year level. We adopt parallel specifications
for the two families, differing only in the inclusion of within-year fixed effects and in the
temporal aggregation of the climate exposure terms (Section . For a monthly outcome

Ys,m,¢ 10 state s, calendar month m, year ¢,

Ysmt = Z BkT,kD éli];f,)]gD,s,m,t + §a! t+ 72 t2 + as + Hm + )\s,m + Es,m,ts (6>
(k1 ,kp)#(0,0)

where g, i, and A, are state, calendar-month, and state-by-month fixed effects, t and ¢* are
linear and quadratic year trends, and C~’,£]T\[’),€D’S’m’t is the lag-averaged Chebyshev climate term.
The state-by-month interaction A, absorbs any time-invariant state-specific seasonality (e.g.,

a Texas June being structurally different from a Wisconsin June for marketing or breed-mix
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reasons). Observations outside the Tukey 1.5 x IQR fence of the within-outcome distribution
are dropped to remove a small number of extreme reporting errors. The corresponding annual
specification omits p,,, and A, and replaces C'™) with the annual-aggregated Chebyshev

term:

ys,t = Z /BkT,kD ékT,kD,S,t + 71 t + 72 t2 + Qg + €s,t- (7)
(k7,kp)#(0,0)

Calf and piglet survival rates are clipped to the open unit interval and modeled in logit
scale, Y51 = log(ps,t /(1 — ps,t)), to respect their bounded support. Standard errors in both
specifications are clustered at the state level.

Identification comes from within-state, detrended year-to-year (and, for monthly outcomes,
within state-by-month) variation in the joint climate distribution. The state and state-by-
month fixed effects absorb all time-invariant state characteristics including geography, soil
quality, average climate, and baseline production technology, as well as any fixed seasonal
pattern that differs across states; the quadratic year trend absorbs smooth national-level
changes in livestock productivity level. The identifying assumption is that, conditional on
these effects, deviations in state-level climate exposure are uncorrelated with unobserved
determinants of livestock productivity—an assumption standard in the climate—agriculture
panel literature (e.g., Schlenker and Roberts, [2009; Burke, Hsiang, and Miguel, [2015)) and
plausible because short-run weather fluctuations within a state are driven primarily by
large-scale atmospheric dynamics that are exogenous to local agricultural decisions.

For each outcome we run a pre-selection grid sweep over four Chebyshev orders (K, Kp) €
{1,2} x {1,2}. Each fit is evaluated by rolling-origin out-of-sample mean squared error (OOS
MSE). Final-model selection combines two criteria. First, the OOS-MSE leaderboard within
each outcome is inspected; configurations within roughly 1-2% of the top MSE are treated as
statistically indistinguishable. Second, within this near-optimal band we apply animal-science
priors: marginal effects should be monotone-decreasing in a heat-stress index in the warm tail,
and the (Kr, Kp) order should be high enough to capture the warm humid corner without

overfitting the cold tail.
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5 Results

5.1 Final Models and Out-of-Sample Performance

Table [1] reports the final specification retained for each outcome after the model-selection
procedure described in Section[4.3] For each outcome, the table reports the selected Chebyshev
terms and comparison of predictive performance across models by reporting the rolling-origin
out-of-sample mean squared error for the two-dimensional Chebyshev model and the one-
dimensional THI benchmark, together with the percentage improvement in OOS MSE from

using the 2D specification.

Table 1: Out-of-sample performance of final Chebyshev models and THI benchmarks

Outcome Chebyshev terms 2D OOS MSE THI OOS MSE Improvement (%)
Cattle weight [T2,TD1] 6,241 6,295 0.86

Calf survival rate [T2,TD1] 1.194e-4 1.602e-4 25.47

Hog weight [T2,TD2 764.4 1,617.8 52.75
Piglet survival rate [T1,TDI] 3.483e4 7.895e-4 55.88
Litter size [T2,TD2] 0.3017 0.3550 15.01
Broiler weight [T2,TD2] 0.3090 0.3338 7.43

Lay rate [T2,TD2] 48,900 37,729 -29.61

Milk yield [T2,TD1] 17,257 16,279 -6.01

Notes: OOS MSE is computed using rolling-origin out-of-sample validation. Improvement is calculated as
100 x (MSErg1 — MSEs2p)/MSEr g7, so positive values indicate lower prediction error for the 2D Chebyshev
model relative to the THI benchmark.

The preferred Chebyshev specifications vary across outcomes, indicating that livestock
responses to temperature and atmospheric moisture differ across species and production stages.
Lower-order specifications are retained for some outcomes where additional flexibility does
not improve predictive performance, whereas other outcomes require richer joint temperature—
moisture terms to capture nonlinear and interactive responses. Compared with the THI
benchmark, the 2D Chebyshev model reduces OOS MSE for most outcomes, with the
exception of lay rate and milk yield. This suggests that modeling temperature and moisture

jointly improves predictive accuracy for most livestock productivity measures.
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5.2 Marginal-Effect Surfaces

The selected models produce nonlinear and interactive marginal-effect surfaces across all
livestock outcomes (Figure . Several common patterns emerge. First, high-temperature,
high-humidity conditions consistently generate negative marginal effects across outcomes,
confirming humid heat as the most damaging climate regime. Second, extreme cold exposure
also reduces productivity for several outcomes, implying that climate damages are not limited
to hot conditions. Third, within moderate temperature ranges, the marginal role of humidity
is more limited and can differ by outcome. For example, cattle slaughter weight and milk yield
show relatively favorable responses under moderate temperatures with larger temperature—
dewpoint gaps, suggesting that drier conditions may be less harmful than humid conditions
when temperatures are not extreme.

The magnitude of the response also differs across species and production stages. Adult
weight and output measures, especially hog slaughter weight, cattle slaughter weight, and
milk yield, exhibit larger marginal responses than early-life survival outcomes. Calf and piglet
survival rates show smaller climate effects across most of the response surface, suggesting
that these outcomes may be more strongly mediated by management, housing, and fixed
production practices. Broiler slaughter weight is also less sensitive to temperature than the
mammalian weight outcomes, consistent with the greater use of climate-controlled housing
in poultry production. The temperature ranges in which marginal effects are positive or
near zero are broadly consistent with animal-science evidence on thermoneutral or low-stress
conditions, such as roughly 0-15°C for finishing pigs, 0-20 °C for cattle, 7-22°C for dairy
cows, and 11-27°C for calves. These ranges should be interpreted as approximate biological
reference points rather than fixed thresholds, since tolerance varies by breed, age, production

system, acclimation, and humidity.
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Figure 2: Estimated marginal-effect surfaces of joint temperature and temperature-dewpoint-
gap exposure on livestock productivity outcomes. Warmer colors indicate positive marginal
effects and cooler colors indicate negative marginal effects. Smaller temperature-dewpoint
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6 Climate Projections

6.1 Projection Methodology

We project livestock productivity from 2015 through 2100 using daily climate outputs from
four CMIP6 general circulation models under three emissions scenarios: SSP2-4.5, SSP3-7.0,
and SSP5-8.5. For each model-scenario pair, we construct projected joint distributions of
temperature and temperature-dewpoint gap, (7, Arp), using the same diurnal reconstruction
and binning procedure applied to the historical ERAb5 data. These projected climate exposures
are then aggregated to the state—month level using species-specific livestock production
weights.

Predictions are formed in two steps. First, for each outcome, we apply the estimation
results of the preferred historical model to the projected future climate distributions. Second,
we aggregate state-level predictions to national values using livestock production weights. To

isolate the climate signal, the linear and quadratic year trends are held fixed at 2024; thus,

15



projected changes reflect changes in climate exposure rather than extrapolated productivity
trends. We summarize results as nine-year decadal averages, with percentage changes reported
relative to the projected 2020s baseline, defined as the 2015-2024 average.

This trend-pinning choice is important because allowing the quadratic time trend to
continue through 2100 would combine climate impacts with extrapolated technological,
management, and productivity trends. Holding the trend fixed therefore provides a cleaner
estimate of the projected climate effect within each fitted empirical model.

The projected state—period yield shocks are the natural input to a welfare layer. We plan to
feed them into the Forest and Agricultural Sector Optimization Model (FASOM), a dynamic
spatial partial-equilibrium model of the U.S. forest and agricultural sectors (e.g., Adams,
1996; Beach and McCarl, |2010]), which would endogenize output prices, factor allocation, and
interregional trade to produce changes in consumer surplus, producer surplus, and net social

welfare relative to a no-climate-change baseline.

6.2 Projected Climate Inputs: National, Spatial, and Seasonal

Patterns

As shown in Figure[T] the projected climate distributions shift in two directions simultaneously:
toward higher temperatures and, on net, toward larger dewpoint depressions (i.e., drier air).
For the cattle-production-weighted national distribution under the multi-GCM ensemble
mean, the centroid of (T, Arp) moves from (13.85,8.45) °C in 2020, and is projected to reach
(14.97,8.35), (14.91,8.50), and (14.77,8.48) °C by the 2050s under SSP5-8.5, SSP3-7.0, and
SSP2-4.5 respectively; by the 2080s the SSP5-8.5 centroid reaches (16.94,8.61).

Figure [3] and Figure [4] summarize projected changes in monthly mean temperature and
temperature-dewpoint gap under SSP3-7.0 for the 2050s relative to the 2020s. The warming
signal is national but seasonally and spatially heterogeneous. Mean temperature increases in
every month, with the largest monthly increases appearing in spring, summer, and fall. The

strongest warming is concentrated in the Northern Plains, Midwest, and parts of the interior
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West, while the Southeast generally experiences smaller temperature increases.

Changes in the temperature-dewpoint gap are more spatially mixed. Positive values
indicate a larger gap and therefore drier conditions, while negative values indicate a smaller
gap and more humid conditions. Under SSP3-7.0, the gap increases most strongly in the
interior West, Southern Plains, and parts of the central United States during spring and
summer, suggesting a shift toward hotter and drier exposure in those regions. In contrast,
parts of the Southeast and Northeast show smaller changes or locally negative changes in the
gap, indicating that warming there is accompanied by relatively humid conditions. Together,
these patterns imply that future livestock exposure is not simply warmer everywhere, but
changes along both the temperature and moisture dimensions, with humid-heat risk remaining
important in the eastern and southern production regions and dry-heat exposure becoming

more prominent in the Plains and western regions.

Jan Feb Mar Apr
{8) = +1.05 °C {8) = +0.70 °C {A) = +1.74 °C (A) = +1.34 °C

May Aug
(8) = +1.86 °C () = +1.96 °C

°
AMean T (°C)

Sep Oct Nov Dec
(8) = +1.53 °C {8) = +2.29 °C {A) = +1.59 °C {A) = +1.00 °C

Figure 3: Projected change in monthly mean temperature under SSP3-7.0: 2050s relative to
the 2020s. Positive values indicate warmer conditions.
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Figure 4: Projected change in monthly mean temperature-dewpoint gap under SSP3-7.0:
2050s relative to the 2020s. Positive values indicate a larger temperature-dewpoint gap and
therefore drier conditions; negative values indicate more humid conditions.

6.3 Projected Productivity Changes

Table 2] summarizes projected national productivity changes by decade relative to the projected
2020s baseline. Several patterns emerge. First, projected losses increase over time and are
larger under higher warming scenarios. By the 2080s, hog slaughter weight declines by
—0.57%, —1.15%, and —1.51% under SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. Cattle
slaughter weight shows a similar but smaller pattern, declining by —0.21%, —0.50%, and
—0.59% by the 2080s across the same scenarios. Milk yield also declines monotonically with
warming, reaching —0.22%, —0.38%, and —0.49% by the 2080s. Second, projected impacts
differ substantially across species and production stages. Mammalian weight outcomes
experience the largest losses, especially hog slaughter weight and, to a smaller extent, cattle
slaughter weight. Milk yield shows comparable but milder losses, while broiler slaughter
weight and lay rate are much less sensitive, with 2080s losses of —0.04% to —0.16% and
—0.03% to —0.13% respectively across scenarios. Reproductive and early-life outcomes show

very small changes. Hog litter size declines modestly by the end of the century (—0.06%
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Table 2: Projected national productivity changes (%) relative to the projected 2020s baseline

Outcome SSP 2030s  2040s 2050s 2060s 2070s 2080s 2090s
Hog slaughter weight SSP2-4.5  -0.16 -0.26 -045 -0.47 -0.56 -0.57 -0.85
SSP3-7.0  0.03 -0.24 -0.56 -0.72 -0.99 -1.15 -1.48
SSP5-8.5 -0.12 -0.34 -0.54 -0.84 -1.16 -1.51 -1.94
Cattle slaughter weight SSP2-4.5 0.00 -0.09 -0.09 -0.13 -0.20 -0.21 -0.27
SSP3-7.0 -0.07 -0.16 -0.22 -0.30 -0.40 -0.50 -0.58
SSP5-8.5 -0.11 -0.18 -0.20 -0.37 -0.50 -0.59 -0.72
Broiler slaughter weight SSP2-4.5 -0.02 -0.03 -0.02 -0.04 -0.05 -0.04 -0.07
SSP3-7.0  0.00 -0.01 -0.06 -0.08 -0.08 -0.10 -0.15
SSP5-8.5 -0.04 -0.07 -0.08 -0.11 -0.15 -0.16 -0.20
Milk yield SSbp2-4.5  -0.05 -0.12 -0.14 -0.17 -0.21 -0.22 -0.27
SSp3-7.0 -0.01 -0.09 -0.15 -0.26 -0.31 -0.38 -0.45
SSP5-8.5 -0.08 -0.15 -0.21 -0.32 -0.41 -0.49 -0.57
Lay rate SSP2-4.5 0.01 0.01 -0.01 0.00 -0.05 -0.03 -0.05
SSP3-7.0  -0.02 0.00 -0.03 -0.02 -0.05 -0.08 -0.10
SSP5-8.5 -0.04 -0.02 -0.05 -0.10 -0.12 -0.13 -0.15
Hog litter size Ssp2-4.5  -0.01 -0.02 -0.04 -0.03 -0.04 -0.06 -0.07
SSP3-7.0  0.00 -0.02 -0.05 -0.03 -0.06 -0.08 -0.11
SSp5-8.5 -0.01 -0.02 -0.03 -0.07 -0.08 -0.12 -0.17
Piglet survival rate SSP2-4.5 -0.004 -0.004 -0.004 -0.006 -0.002 -0.005 -0.005
SSP3-7.0  0.004 0.001 0.005 0.001 0.002 0.004 0.002
SSP5-8.5  0.003 -0.001 -0.002 0.000 -0.001 0.000 0.004
Calf survival rate SSP2-4.5 0.011 0.010 0.017 0.017 0.016 0.016 0.020
SSP3-7.0  0.000 0.006 0.012 0.017 0.021 0.019 0.023
SSP5-8.5 0.002 0.008 0.017 0.016 0.017 0.023 0.024

Notes: Values are percent changes relative to the projected 2020s baseline.

Decadal values are

GCM-averaged projections. Positive values indicate projected productivity gains; negative values indicate

projected productivity losses.
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to —0.12% at the 2080s), while piglet survival changes are statistically indistinguishable
from zero. Calf survival is the only outcome with consistent projected gains, increasing by
+0.016% to +0.023% by the 2080s, consistent with reduced cold-season exposure offsetting
heat damages for this outcome.

Seasonal patterns reveal losses that are partly masked by annual averages (Figure |3)).
Under SSP3-7.0 in the 2080s, hog slaughter weight shows the largest summer and early-fall
losses, with the most negative changes occurring around August and September. Cattle
slaughter weight follows a similar seasonal pattern, with losses concentrated in late summer
and fall. Milk yield also declines most during warm-season months, while winter losses are
small. Broiler slaughter weight remains close to zero throughout the year, again indicating
lower temperature sensitivity. Lay rate shows a clearer summer decline, while the confidence
bands remain wide for some months.

Spatially, projected losses are concentrated in regions where warming shifts livestock
exposure further into damaging temperature—moisture regimes (Figure @ For hog and
cattle slaughter weights, losses become increasingly widespread by the 2050s and 2080s, with
larger declines across the South, Southeast, and parts of the Plains. Milk yield shows a
similar spatial pattern, although the magnitude is smaller. Broiler weight, lay rate, hog litter
size, and piglet survival exhibit much smaller state-level changes. Calf survival differs from
the other outcomes: projected changes are positive in many northern and central states,
consistent with reduced exposure to extreme cold, while some southern states show smaller
gains or slight losses. Overall, the projection results indicate that future climate change
primarily reduces adult weight and output outcomes, while early-life survival outcomes are

less responsive and may in some cases benefit from reduced cold exposure.
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Figure 5: Monthly national percentage changes in livestock productivity in the 2080s relative
to the 2020s under SSP3-7.0. Lines show four-GCM mean projections; shaded bands show
95 percent confidence intervals propagated from the coefficient covariance matrix.
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to the projected 2020s baseline.
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7 Conclusion and Future Work

This study introduces a two-dimensional Chebyshev polynomial framework for estimating the
joint effects of temperature and atmospheric moisture on livestock productivity. Applying
this framework to major U.S. livestock species and production stages, we show that climate
responses are nonlinear, asymmetric, and strongly outcome-specific. Compared with a THI-
based benchmark, the 2D Chebyshev model reduces out-of-sample mean squared error for
most outcomes, especially hog slaughter weight, piglet survival, calf survival, and litter size,
although THI remains competitive for lay rate and milk yield. These results indicate that
compressing temperature and humidity into a scalar index can impose a meaningful predictive
cost for many livestock outcomes.

The projected productivity effects are modest in annual national averages but economically
and biologically meaningful in their distribution across outcomes, seasons, and regions. Mam-
malian weight outcomes are the most exposed. By the 2080s, hog slaughter weight declines
by —0.57%, —1.15%, and —1.51% under SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively,
while cattle slaughter weight declines by —0.21%, —0.50%, and —0.59%. Milk yield also falls
under all scenarios, reaching —0.22%, —0.38%, and —0.49% by the 2080s. Poultry outcomes
and reproductive outcomes are less sensitive: broiler slaughter weight losses remain below
0.21% even under SSP5-8.5 in the 2090s, and hog litter size and piglet survival change only
marginally. Calf survival is the only outcome with consistent projected gains, suggesting that
reduced cold exposure may offset heat damages for this early-life outcome.

The seasonal and spatial patterns show why annual national averages should be interpreted
cautiously. Projected losses are concentrated in summer and early fall, when heat and humidity
exposure are highest. Under SSP3-7.0 in the 2080s, hog slaughter weight and cattle slaughter
weight show their largest declines in late summer, while milk yield and lay rate also exhibit
warmer-season losses. Spatially, the largest negative changes appear in the South, Southeast,
and parts of the Plains, where future warming pushes livestock exposure further into damaging

temperature—moisture regimes. In contrast, some northern and central states show smaller
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losses or, for calf survival, modest gains as cold exposure declines.

Several caveats are important. The estimates capture short-run within-state responses
to climate variation and do not fully account for long-run adaptation, including breed
substitution, housing investment, cooling technologies, changes in herd management, or
geographic relocation of production. The state-level aggregation also masks within-state
heterogeneity in exposure, management, and adaptive capacity. Finally, projections hold
non-climate trends fixed in order to isolate the climate signal; they should therefore be
interpreted as climate-driven productivity changes within the estimated empirical framework,
not as full forecasts of future livestock production.

Two directions for future work follow naturally. First, these biophysical productivity
shocks can be integrated into sectoral models such as FASOM to evaluate broader economic
consequences, including production shifts, price effects, land-use adjustments, and producer
and consumer welfare. Second, future models should focus on adaptation margins such as

cooling investment, housing upgrades, breed choice, and regional reallocation.
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