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Introduction

Traditional livestock genetic evaluation frameworks use mixed models to partially account for
environmental heterogeneity by fitting contemporary groups (CGs) and other systematic
effects, such as sex, age, and parity. Despite their utility, CGs cannot fully capture the
continuous and heterogeneous nature of production environments, potentially masking specific
environmental drivers of performance. Moreover, treating CGs as unobserved sources of
variation limits our ability to understand which environmental factors influence performance
and how.

Recent advances in data availability and remote sensing have facilitated the implementation of
envirotyping, which is a methodology that explicitly characterizes environments using detailed
descriptors of weather, soil, and topographic data (Xu, 2016; Costa-Neto and Fritsche-Neto,
2021). However, by their nature, enviromic data are high-dimensional and often exhibit
multicollinearity. Under these circumstances, regularization methods such as ridge regression,
the Least Absolute Shrinkage and Selection Operator (LASSO), and ElasticNet provide a
robust framework for stabilizing inference. This study aimed to quantify the effects of various
environmental factors on beef cattle performance across U.S. farms, with a specific focus on
weaning weight (WW) in Angus cattle using these regularization methods.

Materials & Methods

Data and quality control. We analyzed 1,581,883 WW records from Angus cattle collected
between 2014 and 2024 across 1,257 farms in the U.S. All data were provided by the American
Angus Association (AAA). Weaning weights were pre-adjusted for the age of dam and age of
calf using the adjustment factors from the standard AAA national cattle evaluation. Quality
control procedures included removing of embryo-transferred animals and records exceeding
four standard deviations from the mean. In addition, only data from animals born and weaned
on the same farm were retained to ensure consistent exposure to a common environment during
the nursing period. Contemporary groups were defined by farm, birth herd, weaning herd, sex,
birth date, weaning date, and management group; CGs with fewer than 35 animals were
excluded from the analyses.

Envirotyping framework. Environmental predictors were collected using geographic
coordinates derived from each farm’s ZIP code and included static and dynamic variables.
Static variables comprised nine factors: elevation, slope, aspect, hillshade, soil organic matter,
bulk density, sand content, clay content, and soil pH. Dynamic variables included eight
weather-related factors: precipitation, shortwave radiation, snow water equivalent,
minimum/maximum air temperature, water vapor pressure, day length, and the temperature—


https://doi.org/10.31274/wcgalp.24071
https://creativecommons.org/licenses/by/4.0/
mailto:grosa@wisc.edu

humidity index (THI). THI was calculated following the National Research Council (NRC,
1971) formulation. To investigate the impact of different environmental conditions during the
nursing period, dynamic features were extracted using two temporal windows: the early
nursing period, defined as the first four weeks of life, and the entire nursing duration, from
birth to weaning. For both windows, weekly weather data were aggregated via a two-stage
procedure. First, data were summarized into descriptive statistics (minimum, mean, maximum,
and standard deviation) over each calf’s variable-length nursing period. These calf-level
variables were then averaged to create farm-level vector of dynamic descriptors. Blom
transformations were applied to variables with skewed distribution, and orthogonal
polynomials of degree 2 were fit to 15 preselected features to capture non-linearities. These
features were selected based on preliminary analysis results showing significant improvements
in model performance for nonlinear models than a linear model.

Statistical model. A two-step approach was used to quantify environmental influences on
WW. In the first step, a linear mixed model was fitted to estimate variance components and
obtain estimates for farm-year combinations using BLUPF90+ software (Misztal et al., 2018).
The analysis was performed using the following model:

y=Xb+Z,CG+Z,d+Z:m+Zsmpe+e (1)
where y is the vector of WW observations, b is the vector of farm-year effects, and CG is the
vector of random contemporary group effects with CG~N(0, 16Z;). The terms d and m
represent the random direct additive and maternal genetic effects, respectively, which were
modeled with a pedigree-based relationship matrix (A) and included a covariance between
them. The term mpe represents the random maternal permanent environmental effect, with
mpe~N(0, Acjy,.), and e is the vector of residuals e~N(0, IoZ). To minimize temporal
heterogeneity, farm-year effects were aggregated at the farm-level, and estimates were
restricted to the 2021-2023 period. While the total dataset included 1,257 farms, this subset
was limited to 441 farms across 32 states that maintained consecutive records across all three
years.
In the second step, farm-level estimates were modeled as functions of environmental variables
using regularized polynomial regression, including ridge regression, LASSO, and ElasticNet.
Hyperparameters were tuned via grid search using nested cross-validation (5-fold outer loop,
3-fold inner loop), with ordinary linear regression (LR) as a benchmark. To prevent data
leakage, feature transformation and standardization were performed independently within each
fold, excluding already normalized Blom-transformed variables. To identify the most
influential environmental drivers, feature selection was performed using LASSO regression.
The optimal regularization parameter, identified via cross-validation, was used to fit a final
LASSO model to the full dataset. Two modeling frameworks were evaluated: one including
only static variables and the other including both static and dynamic variables.

Results

Regularized models outperformed LR in prediction accuracy under both the static-only and
integrated modeling frameworks. Consistent with the challenges posed by high-dimensional
enviromic data, LR exhibited instability in the integrated dataset, resulting in an inflated RMSE
(155.5 £ 87.5 kg). In contrast, regularization methods maintained RMSE between 22 and 23
kg. The inclusion of dynamic weather variables improved predictive performance, with the
predictive r? increasing from approximately 4% in static-only models to 15.8% in the integrated
models. In the integrated models, ridge regression achieved the highest predictive r* (0.158),
while LASSO yielded the lowest prediction error (RMSE = 22.0 kg) (Table 1).



Table 1. Predictive performance metrics (mean £ SD) of ordinary linear and regularized
regression models for farm-level effects using static and integrated environmental datasets.

Dataset Model RMSE (kg) 12

Static LR 25.223+1.237 0.039+0.042
Ridge 24.385+1.285 0.043+0.045
LASSO 24.727+1.184 0.039+0.046
ElasticNet 24.614+1.260 0.041+0.050

Static+Dynamic LR 155.535+87.453 0.096+0.075
Ridge 22.936+1.963 0.158+0.102
LASSO 22.022+1.647 0.151+0.079
ElasticNet 23.142+1.679 0.148+0.083

' RMSE = root mean square error (kg); r* = squared correlation between observed and predicted responses.
2Bold indicates the best-performing model.

Feature importance analysis via LASSO showed that dynamic weather variables were more
influential on farm-level estimates than topographic or soil properties variables. The standard
deviation of minimum temperature throughout the whole nursing period (whole tmin_sd) was
the primary driver (coefficient = 9.53). Highlighting neonatal environmental sensitivity, three
of the top four predictors (early tmax max, early dayl min, early prcp max) captured
conditions during the first four weeks of life. Specifically, extreme heat, minimum day length,
and heavy precipitation during this early phase were negatively associated with the farm
performance (Table 2).

Table 2. Top five most important features identified by LASSO regression.

Rank feature Coefficient
whole tmin_ sd 9.525
early tmax max -3.638
early dayl min -2.939
early prcp max -2.107
whole tmax sd 0.820

! whole = aggregated the whole nursing period; early = aggregated over the first four weeks after birth.
2 tmin = temperature minimum (°C); tmax = temperature maximum (°C); dayl = day length (s/day); prcp =
precipitation (mm).

Discussion

The results show that farm-to-farm variation in WW can be partially explained by measurable
environmental components, with dynamic weather conditions emerging as the dominant
drivers of the performance in this dataset. By utilizing envirotyping, this study identified time-
dependent associations between environment and farm performance, while also validating the
utility of regularized regression for better predictions in enviromic analysis.

Consistent with these findings, temperature, day length, and precipitation were identified by
LASSO as key predictors, with negative effects concentrated in the first four weeks of life,
aligning with biological expectations regarding neonatal vulnerability. During this period,
calves have limited energy reserves and thermoregulatory capacity, suggesting that adverse
early-life weather may negatively impact subsequent growth. In contrast, variation in minimum
temperature during the nursing period showed the strongest positive association with WW.
Although the physiological basis of this relationship is not immediately evident, this variable
may act as a proxy for specific geographic regions or seasonal patterns.



While these results highlight the biological relevance of early-life environmental exposure,
they also underscore several methodological challenges. Environmental variables often exhibit
moderate to high correlations, which may cause penalized regression methods such as LASSO
to exclude truly causative features in favor of correlated proxies. In addition, the additive model
structure ignores potential interactions among environmental factors, likely leading to an
underestimation of predictive performance for complex traits such as growth.

Beyond these modeling limitations, a substantial portion of the between-farm variation remains
unexplained. In the present study, soil properties and topographic variables accounted for only
about 4% of farm-level performance, whereas previous work has reported larger contributions
of static environmental features. For example, Santana et al. (2025) found that soil
classification and elevation explained approximately 21% and 18% of the variance in yearling
weight attributed to farm effects, respectively, in pasture-raised Nellore cattle. This
discrepancy may partly reflect the ZIP code-level approximation used for farm coordinates in
our study, which forced distinct farms to share identical environmental values despite their true
physical heterogeneity. Moreover, environmental descriptors alone are insufficient to capture
the full complexity of farm-level influences on growth, particularly given the important
contributions of nutrition and management practices. Consistent with this, Santana et al. (2025)
showed that integrating environmental and management information increased explained
variance in yearling weight from 22.1% to 65.7%, highlighting farm-specific management as
a critical source of phenotypic plasticity and should be explicitly incorporated into future
predictive models in growth traits.

Conclusions

This study shows that farm-level variation in Angus cattle WW can be explained in part by
measurable environmental variables. Models with both static and dynamic variables explained
up to 15.8% of the observed farm-to-farm variation. Dynamic weather variables during the
nursing period accounted for most of the explained variation. These findings contribute to the
development of an envirotyping framework and provide a basis for future studies aimed at
identifying genotype-by-environment interaction and drivers of phenotypic plasticity in Angus
cattle across diverse production environments.
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