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ABSTRACT

The current National Academies of Sciences, Engineering and Medicine dry matter
intake (DMI) prediction models are inadequate for beef cattle in the Northern Great Plains. Four
studies were conducted to account for variation in DMI and average daily gain (ADG) caused by
weather variables. Experiment 1 and 2 had 13,895 steer-weeks observations, experiment 3 had
13,739 steer-weeks observations, and experiment 4 had 2,161 cow-weeks observations,
respectively. Experiment 1 examined how ambient temperature and solar radiation influence
DMI of beef steers. In experiment 2, 3, and 4, we examined how ambient temperature, range of
temperature, dew point, solar radiation, wind speed and their lags (two-week lag and monthly
lag) influenced DM of beef steers, ADG of beef steers, and DMI of beef cows, respectively.
After adjusting for week of the year, linear and quadratic relationships of predictor variables on
response variables were evaluated. In experiment 1 and 2, body weight (BW) had linear and
quadratic relationships with DMI of steers. In experiment 3 and 4, BW had linear relationships
with ADG of steers and DMI of cows, respectively. Week of the year, BW, and dietary energy
density were in the base model in experiment 1, 2 and 4 while in experiment 3, DMI was also
accounted for. For the models, stepwise regression procedures were utilized. In experiment 1,
ambient temperature and solar radiation interacted (P = 0.0001) and accounted for additional
variation in DM of beef steers. In experiment 2, weather variables and their interactions (P =
0.0001) accounted for additional variation in DMI of beef steers. In experiment 3, weather
variables (P = 0.0001) accounted for additional variation in ADG of beef steers. In experiment 4,
wind speed interacted (P <0.001) with ambient temperature and range of temperature and
accounted for additional variation in DMI of beef cows. These studies show that weather

variables interact and cause variation in DMI and ADG in beef cattle. This has helped in better



understanding the relationship between weather variables with DMI and ADG, improve the
accuracy of DMI and ADG prediction, and will help beef cattle producers manage their feed

resources more efficiently.
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CHAPTER 1. LITERATURE REVIEW
1.1. Introduction

Animal models facilitates gathering of knowledge of nutrition, metabolism and
physiology that have been acquired through various research studies. The acquired knowledge
can be used to increase our quantitative knowledge of animals, sources of variations, and then
ultimately help in strategies that will improve animal production.

Our objective as nutritionists, physiologists and biochemists involved in animal research
is to increase our current understanding of animals. To achieve this, we must understand
environmental factors that affects the animals apart from nutrition, genetics, and management.
Over the years, scientists have worked on many aspects of nutrition and management, which
have resulted in advancements related to efficiency and general productivity of animals. With the
invention of automated feeding systems that can accurately record the number of times an animal
visits the feed bunk, the time spent eating, and the quantity of feed consumed, there is boundless
amount of data that can be collected from feeding trials over the years which could facilitate the
understanding of complex animal-environmental interactions. This has also been made easier by
computers that can simulate models, which can facilitate the understanding of important
concepts related to feed intake.

It is common to achieve large datasets today related to ruminant’s digestive, metabolic
and physiological processes, therefore it is important to understand the relationships that might
exist between the animal’s environment and how the environment affects it. This could be
possible through improved mathematical models that could be constructed to understand these
processes. In the past, research has focused on understanding how temperature affects some

digestive, metabolic and physiological processes in ruminants (NRC, 1981), but weather is



composed of several other variables such as windspeed, dew point and solar radiation. All these
weather variables can have direct or indirect effects on animals.

Research in the past has focused (NRC, 1981; NRC, 1996; NRC, 2000) more on looking
at the effect of absolute temperature on animals, but previous temperature could have a long-
term effect on many physiological processes since the animal always tries to maintain
homeostasis and this process does not happen instantly, even if it does, it effects is usually long
lasting.

Reduced productivity in animals is either because of the human factors (management),
climatic factors or genetics. Climatic factors play a large role, and this is more serious in areas
where there is extreme weather condition. The Northern Great Plains of the United States is an
example of extreme weather as temperature falls as low as -30°C during some winters. Another
example is in some tropical parts of the world where temperatures as high as 47°C are
experienced. These extreme weather conditions affect animals since they will need to either
increase heat production to combat the low temperature or look for methods to dissipate the
extreme heat through reducing feed intake or other mechanisms. Changes in feed intake from
what the producer expects can have adverse impacts on the animal’s productivity, thereby
reducing the profit of the producer. The thermal environmental factors that could affect animal
productivity include ambient temperature, range of temperature, wind speed, dew point and solar
radiation. Some of these weather variables may act directly on the animal or interact together
with other variables to create a complex weather variable interaction that might be difficult to
pinpoint how much each weather variable affects the animal. Cold temperatures are known to
increase oxidation rate of feed or energy available in the animal’s body to produce enough heat

for the animal (NASEM, 2016). Thermal environment also affects the ability of the animal to



digest feed. In warmer temperatures, animals are known to digest roughages faster than in colder
temperatures (Bhattacharya and Hussain, 1974; Sharma and Kehar, 1961). Heat is required for a
lot of biological processes and some enzymes are either activated or at efficiency as temperature
increases to a certain point.

Some models (NRC, 1996, 2000; NASEM, 2016) have been created to account for
limited weather variables that influence animals, however, many of these models cannot be
replicated or used in the Northern Great Plains because of extreme weather conditions
experienced in this region. The NRC models also did not utilize dewpoint, but rather relative
humidity. The use of relative humidity is flawed because it is dependent on temperature
(National Weather Service, 2021). Dewpoint, on the other hand, is not affected by temperature,
thereby making it a better measure of air moisture and avoiding having confounded variables in
the model.

1.2. Data Mining

Large datasets are changing the world and the way problems are approached, thereby
creating reliable solutions that results in making informed decisions that will increase the overall
efficiencies of production overall, if properly utilized. As large data sets are collected, there is a
need for tools that can investigate the data and discover patterns that are not expected, which can
be used to give reports back to the producers for improved livestock production. All this can be
done by a process called data mining (Tan et al., 2005). Data mining is simply looking for trends,
patterns, and relationships from data that has been collected to produce new information. When
examining large data sets, it is important to remember Bonferroni’s principle, which states that,
if you look hard enough for interesting patterns, you will see them, so keep looking (Shaffer,

1995). When data is being mined, there are four principal tasks: 1. Discovering interesting



relationships among variables, 2. Division of the data sets into discrete groups, 3. Assignment of
observations to groups, and 4. Prediction of real-valued outputs based on attributes of
observational units (Cole et al., 2012).

1.2.1. Data in Animal Research and Production

Data has been used in almost every organization to enhance and generate more accurate
descriptions of systems and aspects to make informed decisions (White et al., 2018). With
advancement in technology, inexpensive super computers with fast processing speeds, large
storage, and connected sensors that monitors individual animals, and their environment has made
it easy to collect large amount of nutritional, behavioral, and meteorological data. Statistics are
usually used to analyze data that has been collected to understand trends, patterns or
relationships that may exist which then leads to better understanding and ultimately new
knowledge of that aspect.

With the right analytical framework, data from individual animals like body weights and
carcass characteristics or data from cohorts like group weights, or feed ingredients could provide
useful information for the herd when analyzed correctly (Theurer et al., 2015). The data analyst
must be careful to make sure the data is accurate for meaningful information to be derived from
the data. This can only be possible when the data analysis process is well understood by the
analyst (Theurer et al., 2015). When feedlot operational data are collected, knowledge of the key
principles need to be applied, failure to do so could result in making wrong conclusions and
corresponding management changes might not have the targeted effect of the outcome of interest

(Lawlor et al., 2004)



1.2.2. Data Cleaning

Data cleaning can simply be defined as detecting and removing errors to make the quality
of the data better. There is a myriad of factors that could lead to data quality problems, these
include spelling mistakes, missing information, technical problems during data collection or
some other uncontrollable factors. Some data must be removed during the data cleaning process
otherwise they will affect the overall results of the analysis. The ability to know the type of data
that could be deleted from the database depends on the knowledge and experience of the data
analysts regarding that subject matter. For instance, in animal science studies, it is impossible for
an animal to weigh 2,500 kg or consume 200 kg of feed in a day. Seeing such types of data that
is practically impossible signals error in the collected data and calls for the data to be thrown out.
A general rule of thumb that can be applied to data is, always remember that the biology of a
study should be first and not the statistical analysis, in a nutshell, do not let the statistics or the
data drive the biology. There are a few phases to data cleaning procedure as reported by Rahm
and Do (2001). After manual inspection, a detailed data analysis might be necessary to detect the
kind of errors or inconsistencies that needs to be removed from the data. The next phase is
transformation of workflow or mapping, and this depends on the source of the data or how
heterogenous the data is. A type of schema translation can be used for some early cleaning to
detect single source problems or at later step cleaning to deal with problems from multiple
sources such as duplicates. Verification should then be done to test the correctness of the
workflow. Transformation can then be executed by either running the extraction-transformation-
loading workflow or answering queries from multiple sources of the data. The last stage is the
backflow of the cleaned data, after all the errors are removed, the cleaned data should replace the

old “unclean” data.



Another easy way to clean data before analysis could be the utilization of some
exploratory data analysis which could provide insight into the extent of missing data in the
unclean dataset. Simple exploratory analysis utilizing basic summary statistics, boxplots, Q-Q
plots, histograms, and scatter plots could help to guide the statistician to know if the data can be
used to answer the target hypothesis and in turn will help to guide the best model selection
procedure (White et al., 2018).

1.2.3. Multicollinearity

In data modeling, there are some common issues that could be encountered, for this
dissertation, multicollinearity will be examined since it is relevant as weather variables have
some relationships with each other. Multicollinearity is simply a high degree of linear
relationship between the explanatory variables to be modelled. This is more common in multiple
linear regression models and could lead to incorrect results of regression analysis. There are
some tools used to diagnose multicollinearity, these include variance inflation factor (VIF),
condition index and condition number, and variance decomposition proportion (VDP).

When there is a perfect linear relationship between two predictors or explanatory
variables X1 and X2, then exact collinearity is said to exist between them. Multicollinearity
exists when such type of linear relationship exists between more than two explanatory variables
(Kim, 2019). Coefficient of determination (R?) can be used to measure the level of collinearity or
multicollinearity between variables. R? = 0 represents absence of multicollinearity between the
variables while R? = 1 shows that there is exact multicollinearity between them.

Multicollinearity makes data analyses challenging, and could have an impact on
development of models, estimation, and final interpretation, especially when the predictor

variables have a strong relationship between them. This also makes it difficult for the researcher



to be able to parse out the contribution of each of the predictor variables towards explaining the
dependent variable. In regression design, the assumption is that predictors have no collinearity
between them (Stevens, 2007). Collinearity also affects the stability of the coefficients across
samples to be less representative of the population-level estimate. This lack of stability is
because as collinearity increases, the standard error of the regression coefficients also increases.
So, it does not only affect the evaluation of predictor contribution but also results in unreliable
regression coefficients (O’Brien, 2007). Careful analysis of a correlation matrix of the predictors
used in the model may be used to assess the degree of multicollinearity. Another efficient way is
using the VIF as stated earlier.

Leamer (1973) reported that when there is multicollinearity in a statistical model, it could
result in low R?, low significance and unreliable estimates. This causes a great concern because
data cannot be interpreted using the classic parameter-by-parameter approach, and peculiarities
in the maximum likelihood surface makes least square estimates irrelevant (Leamer, 1973). Bias
in the variance-covariance matrix and estimates of standard error could occur in multilevel
modeling even when the fixed effect could be insensitive to severe multicollinearity (Bonate,
1999; Shieh and Fouladi, 2003).

1.2.4. Variance Inflation Factor (VIF)

As the name implies, VIF shows how much of the dependent variable’s variance is
inflated. In simple terms, VIF is directly related to the regression coefficient that is associated
with a predictor variable and it provides an efficient assessment of the collinearity effect of the
regression coefficient’s estimated variance (O’Brien, 2007). Most statistical software can
produce VIF statistics and researchers often use them. Even so, there is no clear guidance about

which values of VIF are too large and how the researcher should respond to it (O’Brien, 2007).



Some recommendations were provided by O’Brien, (2007) on how to manage the issues of
multicollinearity in data. One suggestion was to combine predictor variables that are
conceptually similar and share high correlation to a single measure and then use the newly
created single measure in the regression model. The other suggestion is to remove the collinear
variables from the model.

Some general guidelines have been suggested in the literature for assessment when VIF
values indicate some concern. When the VIF value is greater than 10, then the predictor variables
are highly correlated which indicates a high level of multicollinearity between them (Bowerman
and O'Connell, 1990). If the average of the VIF is substantially greater than 1, then there may be
a bias in the regression coefficient and the overall model (Bowerman and O'Connell 1990). A
study conducted by Blaze and Ye (2012) measured the effect of multicollinearity on the
parameter estimates and standard errors in multilevel models by designing a Monte Carlo
simulation study. They included a two-level predictor model with correlation between level-1
and level-2 predictors and group-mean centering level-1 predictors. In their study, they varied
the intraclass correlation coefficients, number of groups and cases per group. The result of their
simulation findings was consistent with other simulation studies that examined the effects of
multicollinearity in regression analysis. High levels of multicollinearity inflated the standard
errors and the estimate of the intercept for the random slope component and was biased when
multicollinearity existed between level-1 predictors. The fixed effects remained relatively stable
even at high levels of multicollinearity. There was an increase in positive bias of standard error
estimates with increases in inter-class correlation coefficients. The easiest way to solve the issue
of multicollinearity is by removing one or more of the related variables from the model, which

will likely improve the model fit by changing the Akaike information criterion (AIC) and



Bayesian information criterion (BIC) to lower values without losing model information (Kaps
and Lamberson, 2017).
1.3. Dry Matter Intake

For any successful nutrition program or production, understanding and predicting dry
matter intake (DMI) is important. DMI is dependent upon the interaction of the animal, diet, and
the feeding environment (Mertens, 1987). The extent in which diets meet the nutrient
requirement of beef cattle for their maintenance and growth is dependent on the accurate
estimate of feed intake. However, this is challenging because of the number of factors that affect
feed intake in cattle (Forbes, 2003). What makes it more challenging is that control over the
nutrient supply is largely determined by the end products from ruminal fermentation of their
rumen microbiome. For this reason, nutrient requirement of the ruminant animal can be achieved
by selection of diet and regulation of intake from nutritionally formulated diets that meets the
required animals’ nutrient requirement (Ellis et al., 1999). Numerous studies have been
conducted to better understand DMI (Weston, 1966, 1985, 1989; NRC, 1984, 1987, 1996, 2000;
Mertens, 1987, Forbes, 2007, Ginane et al., 2015).
1.3.1. Mechanism of DMI Control

Several mechanisms of DMI control have been explained. Some authors attribute it to
physical or physiological factors while others attribute it to metabolic control. However, there
has been disparities in the described mechanisms of intake control by these authors (Tolkamp
and Katelaars, 1992, Forbes, 2003; Allen et al., 2009). Considering the complication in
understanding the mechanisms of control of DMI, some authors have suggested using empirical
models. Fisher (2002) suggested that empirical models will be of considerable value towards

understanding DMI. Some authors have attributed DMI to NEm intake (NRC, 1984),



metabolizable energy (ARC, 1980) and body weight, while some authors have adjusted BW
using the relative BW of the animal (CSIRO, 2007). Using dietary energy in the models
suggested by the above authors (NRC, 1984; ARC;1980, and CSIRO, 2007) is useful because it
partially accounts for the influence of gut fill, energy demand, and nutrients effect which are all
components that have been addressed by previous authors in their DMI control theories
(NASEM, 2016). An interaction of complex biological systems is reflected by the complexity of
DMI. The known theory of DMI is explained by Tedeshi and Fox (2016). Tedeshi and Fox
(2016) explained two known general theories of DMI control, the physical and metabolic
theories. The physical theory explains that mechanoreceptors in the rumen signals ruminal
distention, which limits intake of bulky materials. While on the other hand, the metabolic control
of DMI regulators have three effects: chemostatic, thermostatic and lipostatic (Fisher et al., 1987,
Forbes, 1980). To explain further, chemostatic control is the major mechanism related to the
energy concentration of the diet and the amount of VFA in the rumen, blood or liver (Forbes,
1980), concentration of fatty acids in the small intestine and balance of amino acids in ruminant
tissues (Ellis et al, 1999). The impact of cold or heat stress is attributed to the thermostatic
effects, whereas the body fat of the animal is attributed to lipostatic function (Fisher et al., 1987).
To summarize, although it has been well established that DMI is determined by both physical
and metabolic regulators, BW remains the biggest regulator of DMI for all domestic ruminant
species (Tedeshi and Fox, 2016).
1.3.2. Factors Affecting DMI of Cattle

There are several factors that affect DMI of cattle, all these factors can be grouped under

four major areas: physiological, environmental, dietary and management.
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1.3.2.1. Physiological Factors

The degree of fatness of cattle has been explained to affect feed intake (NRC, 1987). As
an animal gets fatter there are receptors that generate feedback signals (e.g. leptin or unsaturated
fatty acids in circulation) which then affect centrally controlled DMI regulation (NRC, 1987).
Sex of the animal has been reported to have some effects on DMI, although its effect is thought
to be limited (NASEM, 2016). More recently it has been observed that sex does not have a
significant effect on DMI using large database of DMI data including average BW and dietary
NEm (Anele et al., 2014). Age at which an animal was placed on feed for finishing affects DMI.
When younger animals are placed for finishing, they have been reported to consume lesser DMI
per unit BW compared to older animals (e.g., calves vs. yearlings) (NASEM, 2016). This
difference has been linked to the effect of compensatory feed intake and growth by the older
animal (NRC, 1987). Hicks et al. (1990) reported an increase in DMI by yearlings compared to
calves and reported a difference in DMI over time.

The physiological state of cattle also affects DMI. ARC (1980) reported 35 to 50%
increases in DMI for lactating animals vs. non-lactating animals. In a study by Minson (1990),
they noted an increase in DMI of 30% with lactation. Greater intake by beef cows that have been
bred for greater milk production would also be expected. This is supported by the reports from
ARC (1980) and NRC (1987), where they suggested that DMI increase by 0.2 kg/kg fat
corrected milk. As pregnancy advances, DMI has been reported to decrease, most especially in
the last month (ARC, 1980, NRC, 1987). NRC (1987) reported a decrease of 2% per week
during the last month of pregnancy. There is a wide variation in the frame size of beef cattle.
Crosses from Holstein x Beef crosses has been reported to consume more DMI relative to BW

compared to beef breeds (NRC, 1987).

11



1.3.2.2. Environmental Factors

There have been extensive reports in the literature on how environmental factors affect
DMI. Many studies and reviews have been done on the influence of thermal environment,
especially ambient temperature on DMI (Young, 1987, 1981; NRC, 1987; Young et al., 1989;
Delfino and Mathison, 1991). Ambient temperature has an influence on DMI of beef cattle
because cattle adjust their maintenance energy requirement to cope with effective ambient
temperature outside their thermoneutral zone (Young, 1987; Young et al., 1989). In experimental
situations, DMI has been reported to increase in cold temperatures below the thermoneutral zone
and on the other hand, DMI decreases when the ambient temperature becomes elevated above
the thermoneutral zone. (NRC, 1987). Kennedy et al. (1986) noted that a digestive tract response
might be responsible for greater DMI when they observed an increase in ruminal motility and
digesta passage as animals become cold stressed. Thermal susceptibility, acclimation and diet
have been reported to vary from animal to animal as they respond to change in temperature
(Young, 1987). A study by Stanton (1995) did not find any increase in DMI in cattle confined in
outdoor lots and fed finishing diets during cold stress. NASEM (2016) noted that other adverse
environmental conditions like wind, precipitation, mud and so on could accentuate the effects of
temperature. There is a lesser understanding on the effect of season or day length on DMI
compared to ambient temperature. Hicks et al. (1990) grouped their intake data into four seasons
so they could account for seasonal variation. However, it is difficult to parse out photoperiod
since, temperature, animal, and management practice could influence DMI at any given time.
Ingvartsen et al. (1992), reported an increase of 0.32%/h increase in daylength when they
evaluated the effect of daylength on DMI using Danish black and white bulls. NASEM (2016)

noted that there would be an expected increase in DMI of 1.5-2% in long-day months (summer
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season; July in the Northern Hemisphere) and 1.5 to 2% decrease in short-day months (winter
season; January in the Northern Hemisphere).
1.3.2.3. Dietary Factors Affecting DMI

Feed availability affects the amount of DMI consumed. A summary by Rayburn (1986)
utilizing the reviewed data by NRC (1987), reported that grazing cattle consumed more forage
when there was more forage in the pasture compared to when forage was lesser. Bite size is
decreased as forage mass goes below 2000 kg DM/ha, and grazing time only partially
compensates for this decrease (Minson,1990). Forage type and sward structure also influence the
change in DMI. Stage of growth also affects DMI, cattle and sheep have been reported to feed on
actively growing (green) pasture as compared to senescent ones, for this reason the effect of total
forage availability on DMI might be affected by forage composition (Bird et al., 1989; Minson,
1990).

It has been reported that growth promoting implants increase feed intake. A study by
Rumset et al. (1992), observed that, DMI increased in implanted cattle from 4 t016% depending
on the type of implant. For nonimplanted cattle, Fox et al. (1988) suggested that predicted intake
should be reduced by 8%. However, it was cautioned by NASEM (2016) that care should be
taken when adjusting DMI arbitrarily since all the models used in the NRC (1996, 2000) models
were from cattle that were implanted. DMI is reduced by including an ionophore (Monensin) in
the diet, this is more observed in diets with high forage or silage. Studies by Galyean et al.
(1992) noted a decrease in DMI by 4% when monensin (31 mg/kg diet) was included.

Amount of nitrogen in the diet also affects DMI, Galyean and Goestch, (1993) noted that
when nitrogen is deficient in the diet, especially when high fiber forages are fed, it results in

deficiency in ruminal nitrogen resulting in decreased fiber digestion, and when supplemental

13



nitrogen is provided, DMI often increases. NRC (1987) supported this by noting that reposes in
forage intake because of added nitrogen is more typical when the crude protein content of the
diet is lower than 6 to 8%. Processing of feed also affects DMI, although it depends on the type
of feed. When forages are ground, DMI increases and this could be because of the increased
passage rate, and when concentrates are too finely ground, it reduces DMI (Galyean and
Goestch, 1993).
1.3.3. Previous Research on DMI Prediction Model

Understanding the complex interaction between feed intake, and how it is regulated dates
to as far back as 1964. Significant research and reviews have been conducted to understand how
several factors (Animal, feed, environment, and management) interact to influence intake
regulation and prediction (Conrad et al., 1964; Journet et al, 1965; Baile and Forbes, 1974;

Weston, 1982; Grovum, 1987; NRC, 1987).
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Table 1.1. Models for prediction of voluntary intake of growing cattle

Reference

Model for prediction of total dry matter intake (kg/day)

Simple and multiple regressions:

MAFF (1975) DMI = (31.4 — 0.03 W) W/1000
ARC (1980) DMI = Coarse diets
DMI = (24.1 + 106.5 q + 37 C% / 100) MW /1000
Fine diets:
DMI = (116.8 — 46.6q) MW/1000
NRC (1984) DMI = [(0.1493 NEm — 0.046 (NEm)? — 0.0196) MW] [1 + 0.05 FS] where: FS = -2 for medium-

frame heifers; FS=0 for medium frame steer calves, large-frame steer calves and medium-frame
yearling steers.

Schwarz et al. (1988)
Rook and Gill (1990)

DMI =3.72 In (W) + 0.054 SDM% + 0.128 C — 16.98, (for maize silage only)
DMI = [(0.0155iW -0.5816 Cgmw +0.894 SDM% + 12.98 pH — 0.442 BUT + 0.445 N + 0.0257 OMD
—25.5) + Cqguw] MW/1000 (Equation 1.1)

Rook et al. (1990)

DMI = [(-0.4591Cgmw + 0.754 SDM % - 0.232 BUT + 0.367 N + 0.0184 OMD + 38.68) + Cgmw]
MW/100 (Equation 229; ridge regression)

DMI = [(-0.4590 Cqmw + 0.988 SDM% - 0.2563 BUT + 53.77) + Cguw] MW/1000 (Equation 2.18;
reduced ordinary least square model)

More complex systems

Lewis (1981)

DMI = (SDMI + Cgw) W/1000, where

SDMI = 0.921 SI - 0.0271 Cgw SI — 0.0247 (Cqw)? + 1, where:

SI=1.00 SDM% + 0.161 OMD — 0.02 NH3N — 0.0154 W + 45 (SDMl is silage intake when CgW
amounts of concentrates are fed and Sl is silage intake when silage is fed solely).

Fox and Black (1984)

DMI = Bl + BI (CAT + FA + T + Mud), where:

Bl =0.1 MW - 0.002 MW (W* - 364)/22 — 0.002 MW (NEm — 1.27)/ 0.02, * for W> 364
CAT: Correction for category of animals:

CAT =0.10 for yearlings; CAT = 0.17 for Holsteins; Cat = 0.09 for Holsteins x British
FA: Correction for feed additives: FA = -0.10 for monensin; FA = -0.02 for lasalocid.
T: Correction for temperature: T =-0.35

> 35°C (no night cooling) T =-0.10

> 35°C (night cooling) or25-35°CT=0

15t1025°CT=0

5t0 15°C T=0.03

-5t05°C T=0.05

-5t0-15°C T =0.07

<-15°CT=0.16

Mud: Correction for mud:

Mud = -0.15 for mild mud (10-20cm);

Mud = -0.30 for severe mud (30-60 cm)

Cornell-system
(NRC, 1987; Fox et
al., 1988; Rayburn
and Fox, 1990)

DMI = BI + BI (CAT + Sex + EBF + AS + FA + Diet + Leg + T + Mud), where:

Bl = (0.1493 NEm — 0.046 (NEm)? — 0.0196) MW

CAT: See Fox and Black (1984)

Sex Correction for sex: @ sex =0 sex = 0.03

EBF: Correction for empty body fat content, % at equivalent weight (See NRC, 1987):
<21.3% EBF = 0; 23.8%: EBF =-0.03; 26.5%: EBF=-0.10; 29.0%: EBF=-0.18 ; 31.5%:EBF = -0.27
AS: Correction for nonuse of anabolic stimulant AS =-0.08

FA: Correction for feed additives:

Monensisn 33g/1000kg feed: FA =-0.10

Monensin 229/1000kg feed: FA =-0.06

Lasalocid: FA =-0.02

Diet: correction for finely processed diets:

For NEm = 1.00: Diet = 0.47

NEm = 1.35: Diet =0.20

NEm = 1.70: Diet =0

NEm = 2.05: Diet = -0.17

Leg: Correction for legume content:

Leg = (1.1088 — 0.3889 ME) (LEG/100-0.5)

T: See Fox and Black (1984).

Mud: See Fox and Black (1984)

Adapted from Ingvartsen, 1994.
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Table 1.2. Different models for prediction of voluntary intake in dairy cows

Reference

Model for prediction of total dry matter intake (kg/day)

Multiple regressions:

Journet et al. (1965)

DMI =0.0074 W +0.27 Y + 6.70

Johnson et al. (1966)

DMI =1.46 SLw + 0.08 Y + 0.09 Wc + 1.08 BCS + 6.71, for SLw < 15
DMI =0.05 Y + 0.09Wc - 5.0 BCS - 0.12 Gw + 14.57, for SLw >15

Curran et al. (1970)

DMI = (0.332 Wc +0.730 C + 0.644 OMDr - 0.33 Y + 0.005 Y2- 7.68) / (OM/100), for 1 <SLw
<4 (model no 19).

DMI = (0.862 C - 1.104 DMDx + 0.0145 (DMDr)? + 39.51)/(OM/100), for 5 < SLw< 8 (model
no 24)

DMI =(1.544 C +0.183 DMD;+0.370 Y - 0.022 CY- 8.53) / (OM/100), for 9< SLw < 12 (model
no 29)

DMI= (0.658 C + 0.184 DMD: + 0.094 Y — 3.28) / (OM/100), for 13<SLw<16 (model no. 35)

McCullough (1973)

DMI = 0.008 W + 4.7 Wc + 0.36 Y - 0.028%

MAFF (1975)

DMI =0.025W + 0.1 Y

Bines et al. (1977)

DMI =0.0113W + 0.16 Y + 2.45 Wc +4.25

Brown et al. (1977)

DMI = exp (0.5198 + season + 0.000675W - 0.000827 SLd + 0.14807 In(SLd) + 0.33922 In (Y)
+0.09927 FY + 0.01800 CF - 0.000557 CF?) Season: fall-winter=0.0418; spring = -0.0224;
summer = - 0.0188

Vadivelo and
(1979)

Holmes

DMI =0.013 W + 0.404 C - 0.129 SLw + 4.120 log(SLw) + 0.140 Y + 0.076

Ostergaard (1979)

DMI =0.0072 (W - 477) + C - 0.020 C%+ 6.93, for SLw < 24 in primiparous cows
DMI =0.0072 (W - 538) + C - 0.020 C? + 7.87, for SLw < 24 in multiparous cows

ARC (1980)

DMI = [(0.135MW + 0.2 (Y - 21.4 SLw02e-994LW)] S|_m, where SLm = 0.81 for month I; 0.98
for 2; 1.07 for 3; 1.08 for 4; 1.09 for 5; 1.08 for 6; 1.01 for 7; 0.99 for 8; 0.97 for 9; 0.93 for 10.

McCullough (1981)

DMI = 0.0216W + 0.511 FCM - 0.00529 FCM?- 2.51

Yungblut et al. (1981)

DMI =0.0096 W + 0.34 L +0.336 Y + 0.528 F% - 0.106 ADF + 3.37

Doyle, 1983

DMI =0.013W - 0.495C - 0.012C? + 0.1187 SLw + 7.721 log (SLw) - 3.417 + C

Neal et al. (1984)

DMI = 0.022W + 0.2Y

Rook et al. (1984)

DMI = 0.00659W — 0.387C +1.486 (FY + PY) + 0.0136 OMD: — 3.74 + C (multiparous cows
only; model 4)

DMI = 0.00595 CW + 0.0109 (CW-W) - 0.000066 (CW-W)?-0.468 C + 3.309 (FY + PY) +
0.00996 OMD:x + 0.5326 SLw - 0.01923 SLw 2 - 4.63 + C (multiparous cows only; model 6)

Rayburn and Fox (1993)

DMI =0.0117 W + 0.0749 SLd + 0.281 FCM, for SLd <84
DMI = 0.023 W + 0.0201 SLd + 0.286 FCM - 0.0979 NDF, for SLd > 70

More complex systems

Conrad et al. (1964)

DMI = 3.578 (2.2W)%51 DMDO41 (0.24Emsp) °5L for DMD > 67%
DMI = 10-56% (2.2 W)?9° DMD53 (2.2 F)1%L, for DMD < 67%

Forbes (1977)

DMIm = 3.55 (2.2W)°51 + DMD0% (0.24 Enm +p)0%5
DMIf = 10 - 5.639 (2.2 W)°% DMD'5 (2.2 F):9%, where F=4.0 [CW/5 — (W-CW)/3] / (CW/5)

Lewis (1981)

DMI = SDMI MW/1000 + 0.00175 Y2+ C, where SDMI = 1.068 SI - 0.00247 Cgmw SI -
0.00337 (Cgmw)? - 10.9, where:

SI =1.03 SDM% + 0.516 OMD —0.05 NH3N + 45 (SDMI is silage intake when Cgmw amounts
of concentrates are fed and Sl is silage when silage is fed solely).

Mertens (1987) DMIm = (0.335 MW + 3.10 FCM - 20.60 WI + 21.77 Wg) / (C%/100 cNE+ (100 — C%) / 100
rNE) where: cNE = app. 7.95 MJ /kg DM; rNE=9.72 - 0.0904 NDF %
DMIF = 0.011 W / (NDF/100)
DMI = DMIm for DMIm <DMIf; else DMI = DMIf

NRC (1987) for lactating cows:

DMI = (1.896 W05 FCMO33 g016we) / DEyy i DMI < DMIf = 5.4 W/5 (100-DMD); else DMI =
DMIF.

For nonlactating pregnant cows:

DMI = (1.896 W05 0.6 W)/ DEyy;, If DMI < DMIf = 5.4 W/5 (100 - DMD); else DMI = DMIA.

Adapted from Ingvartsen, 1994.
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1.4. Dietary Energy

Energy is simply defined as the ability to do work. It is measured using standard
conditions and the System International (S.1.) unit of energy is the Joule. Combustion
calorimeters are typically standardized by nutritionists using purified benzoic acid whose energy
content has been determined in electrical units and it is computed in terms of joules/g mole
(NRC, 1984, 1996, 2000). We cannot talk about energy and not state it in terms of calories which
is more used in nutrition in North America than the Joules. The calorie has been standardized to
equal 4.184 joules and is approximately equal to the amount of heat required to raise 1g of water
from 16.5°C to 17.5 °C, and this is referred to as the 17°C calorie (NASEM, 2016). Energy
supplied to animals is usually expressed as Gross energy (GE), but GE does not represent the
amount of energy available to the animal, for this reason GE is not practical in terms of assessing
the amount of energy from a particular diet that is available to the animal. Tracing history, the
concept of energy expenditure and measurements dates to the classic works by various authors
like Armsby and Fries, (1915), Brody (1945), Kleiber (1961), Blaxter (1962), Lofgreen and
Garrett (1968) and many others. To improve ruminant production, it is necessary to identify
processes that consume energy associated with maintenance and productive functions more
efficiently (Caton and Olson, 2006). This is because, ruminants unlike monogastrics use a high
proportion of their metabolizable energy to maintain their body (maintenance). In fact, in beef
cattle, over 70% of energy expenditure is used for maintenance functions (Ferrell and Jenkins,
1985)

1.5. Maintenance Energy
The energy required by an animal that will result in no loss or gain of energy from the

tissues of the animal body is termed maintenance energy. Temperature regulation, metabolic
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processes, and physical activity are processes that comprise the maintenance energy requirement.
Since the metabolizable energy required for maintenance functions in mature beef cows
represents approximately 70% of total metabolizable energy (ME) supply. Adequate energy must
be provided for maintenance. NASEM (2016) reported that even at very high intake in growing
cattle, the amount of energy utilized for maintenance is rarely less than 40% of the total ME.
Maintenance energy requirements in animal production has been measured basically using three
methods, including, feeding trials, calorimetric methods, and comparative slaughter methods.
Maintenance energy expenditure as reported by NASEM (2016) is dependent on factors like BW
of the animal, the breed or genotype, sex, age, season, temperature, physiological state, and
previous plane of nutrition.
1.6. Weather Variables

1.6.1. Ambient Temperature

The temperature of a dry bulb thermometer is referred to as ambient air temperature. In
livestock production, animals are exposed to various components of the climatic environment,
and for this reason, NRC (1981), created an index to collectively represent the thermal effect of
temperature on an animal. They termed this the effective ambient temperature (EAT). They
described the EAT in terms of environmental heat demand. NRC (1981) defined EAT as the
temperature of an isothermal environment without appreciable air movement or radiation gain
that results in the same heat demand as the environment in question. The NRC (1981) explained
that several attempts have been made in quantifying EAT but that has been challenging because
of the physiological and metabolic mechanisms adopted by animals to combat thermal stress
which in turn influences the environmental heat demand. The NRC (1981) summarized by

stating that EAT is a useful concept when predicting the thermal environment of animals and
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stated that several other weather factors such as thermal radiation, wind, and humidity influence
the environmental heat demand in livestock. Ambient temperature also influences thermoneutral
zone (TNZ). The TNZ in animal production has been defined as the temperature in which the
body temperature of animals remains normal, there is no sweating or panting, and heat
production by the animal remains at a minimum (Mount, 1974).
1.6.2. Dew Point

The temperature at which water vapor in the air condenses into liquid water is referred to
as the dew point. Accurate and reliable measurement of dew point plays a major role in
climatological and agricultural operations (Feld et al., 2013). Most animal studies have used
relative humidity to measure the amount of moisture in the air, but relative humidity is dependent
on temperature and might not be a good measure of the moisture content of the air. The National
Weather Service (2021) stated that relative humidity can be misleading and explained why by
using this example. Let us say a temperature of -1°C and a dew point of -1°C will give a relative
humidity of 100%, but a temperature of 27°C and a dew point of 15.6°C produces a relative
humidity of 50%. It would feel much more “humid” on the 27°C day with 50% relative humidity
than on the -1°C day with a 100% relative humidity. This is because of the higher dew point. The
National Weather Service (2021) explained that to get a real measure of how dry or humid, the
weather outside is, it is better to look at the dew point instead of relative humidity. The higher
the dew point, the higher the weather will feel more humid.
1.6.3. Wind Speed

Wind speed is the speed at which the air moves and affects the thermal balance of an
animal’s body. When wind speed is low to moderate, it has a cooling effect on an animal and

helps in lowering their body temperature. In the winter, wind speeds of 5 -7 m/s and
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temperatures lower than -20°C can cause frostbite in humans and cause excessive cold stress in
animals, which can lead to decreased DMI and efficiency (Ruban et. al., 2020). In the summer on
the other hand, high wind speed is beneficial to the animal because significant air movement can
assist in the removal of excessive heat from the animals through evapotranspiration. The NRC
(1981; 2000) and NASEM (2016) reported that wind speed accentuates the effect of temperature,
especially in cold weather.
1.6.4. Solar Radiation

Solar radiation (or solar irradiance) is the amount of electromagnetic radiation emitted by
the sun. The Sl unit for solar radiation is watt per meter square (W/m?2). Solar radiation reaching
the earth drives almost all known physical and biological systems on earth (Qiang, 2003). The
typical peak value of solar radiation reaching the terrestrial surface facing the sun on a clear day
around solar noon at sea level is 1000 W/m?. Solar radiation has been reported to reach the earth
surface by direct beam, diffuse solar radiation, and of negligible amounts, reflected radiation
(loan and Calin, 2017). Some factors affect the amount of solar radiation that reaches to the earth
surface, these include, the elevation of the earth surface, clouds, and the angle of the sun. Solar
radiation has been reported to be a significant factor that reduces the metabolic requirement of
cattle by 25- 26% during the day (Keren, 2005). A report by Renecker and Hudson (1986) stated
that the positive coefficient between temperature and short-wave solar radiation interaction may
reflect warm, sunny days, when cattle were near or above their upper critical temperature. In
animals, the amount of solar radiation absorbed by their body depends on sky conditions, ground
cover and the shape and orientation of the body relative to the sun. Keren (2005) reported that
when cattle orient their body perpendicularly to the sun, that position increase the surface area of

the cow’s body exposed to short-wave solar radiation.
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1.6.5. Range of Temperature
Range of temperature is the difference between the minimum and maximum values of
temperature observed at a location within a day. Temperature changes during the day and at
nights and the variation in temperature that happens from hot temperatures experienced during
the day to cooler temperatures at night is termed diurnal temperature variation.
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CHAPTER 2. SOLAR RADIATION AS A PREDICTOR VARIABLE FOR DRY
MATTER INTAKE IN BEEF STEERS
2.1. Abstract
Solar radiation is an important weather variable that has not been included in previous

dry matter intake (DMI) prediction models. Solar radiation affects the overall effective ambient
temperature, which in turn contributes to the net gain of heat in an animal’s body. This
experiment examined the relationship between ambient temperature and solar radiation with
DMI in beef steers. Data from 790 beef steers collected between 2011 and 2017 through an
Insentec feeding system was used. Daily data was condensed into weekly averages (n = 13,895
steer-weeks). The variables considered for this study were DMI (2.50 to 23.60 kg/d), body
weight (197.30 to 796.10 kg), calculated dietary energy density (NEm; 0.793 to 2.970 Mcal/kg),
absolute ambient temperature (-23.73 to 21.40°C), two-week lag of ambient temperature (-20.73
to 23.56°C) monthly lag of ambient temperature (-17.95 to 22.74°C), solar radiation (30.81 to
297.12 W/m?), two-week lag of solar radiation (34.56 to 2714.98 W/m?) and monthly lag of solar
radiation (43.66 to 256.57 W/m?2). Residuals of DMI fitting week of the year (fixed) and
experiment (random) were used to generate scatter plots with other explanatory variables to
identify if non-linear relationships existed. Body weight and NEm had both linear and quadratic
relationships with DMI, while the relationship with DMI for other variables was linear. The
MIXED procedure of SAS with Toeplitz variance-covariance structure was used to determine the
final model of DMI. After accounting for body weight and NEm in the model, two-week lag of
ambient temperature and monthly lag of solar radiation interacted together, accounted for
variation in DMI and improved the model fit. Therefore, these two variables and their

interactions should be considered in DMI prediction equations of beef steers.
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2.2. Introduction

It has been well established that the thermal environment has a great influence on animals
(NRC, 1981). Animals compensate for changes in their thermal environment by either adjusting
the amount of energy they consume, improving their method of heat dissipation or altering their
metabolism. Thornton et al. (2009) reported that when animals do not acclimatize to a sudden
change in weather, the result is reduction in production, other extreme losses or even death. The
change in the environment due to climate change poses a risk to livestock production, and this
necessitates accounting for more of the environmental (weather) variables that influence dry
matter intake. This will enable producers to provide for their livestock more accurately with the
amount of nutrients and energy to reduce their vulnerability to normal and extreme weather
conditions.

Thermoregulation in an animal is dependent on the breed, class, and age and available
diet. Thermoregulation is achieved by connecting information from the extrinsic environment
with the intrinsic environment, which results in a response for the maintenance of homeostasis.
The response could be in the form of lowering metabolism, vasoconstriction, or increasing the
quantity of hairs or feathers (Nakamura and Morrison, 2008). Collier et al. (2019) summarized
the effect of thermoneutral condition on feed intake in Holstein cows in a controlled
environment. They observed a decrease in feed intake as the thermal environment increases from
a temperature humidity index (THI) of 57 to 72 (cool to hot). They also reported that an array of
environmental factors like ambient temperature, solar radiation, relative humidity and windspeed
are known to have either direct or indirect effects on livestock. However, to the best of our
knowledge, beef cattle DMI estimation models do not account for the effect that solar radiation

may have on DMI. At the same time, the current DMI models available do not fit the northern
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Great Plains of North America, where temperatures fall as low as -30°C in the winter (Block et
al., 2001). Our objective was to examine how much variation in DMI is accounted for by
ambient temperature and solar radiation.
2.3. Materials and Methods

2.3.1. Data Collection

Data used for this experiment were collected from the Beef Cattle Research Complex of
North Dakota State University, Fargo, North Dakota located at latitude 46.9027853 degrees
North and longitude -96.8418183 degrees West. An Insentec feeding system (RIC feeding
system; Hokofarm Group, Marknesse, The Netherlands), which records the amount of feed
intake, number of visits, time of visit and meals for each animal, was used for the data collection.
The data used were from 10 experiments that were conducted between 2011 to 2017 (Table 2.1).

Table 2.1. Experiments used in this study

Year (week of the year) nt of n of steer- Breed? Publication
Start End steers  week
observations

2011 (wk. 45) 2012 (wk. 4) 67 804 AN, SM, and SH Islas et al., 2014
2012 (wk. 46) 2013 (wk. 5) 94 1120 AN, SM, and SH Prezotto et al., 2017
2012 (wk. 10) 2012 (wk. 22) 63 819 AN, SM, and SH Swanson et al., 2014
2013 (wk. 6) 2013 (wk. 22) 66 1098 AN, SM, and SH Swanson, et al., 2017a
2013 (wk. 38) 2014 (wk. 5) 113 2260 AN-crossbred Swanson et al., 2018
2014 (wk. 11) 2014 (wk. 22) 44 527 AN, SM, and SH Swanson et al., 2017a
2014 (wk. 4) 2014 (wk. 22) 81 1339 AN, SM, and SH Rodenhuis et al., 2017
2015 (wk. 51) 2016 (wk. 18) 61 1211 AN, SM, and SH Knutson et al., 2020
2016 (wk. 45) 2017 (wk. 20) 134 3432 AN, SM, and SH Sitorski et al., 2019
2017 (wk. 46) 2018 (wk. 11) 67 1285 AN and SM Trotta et al., 2019

h=number,

2AN = Angus, SM = Simmental, SH = Shorthorn

2.3.2. Weather Data

Data for weather variables were obtained from the North Dakota Agricultural Weather

Network (NDAWN) station, which is 2.33 km from the BCRC, for each experiment period

included in this study. Each NDAWN station is assumed to adequately represent all weather
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conditions, except rainfall, in a 32 km radius. For this study, daily summaries of each weather
variable were used for each experiment period (NDAWN, 2021).
Weather variables modeled for this study included:

e ambient temperature: the air temperature of the surrounding environment ('C) and

e solar radiation: sum of all hourly totals of incident solar radiation energy for a 24-
hour period from midnight to midnight (W/m?). Total incident solar radiation flux
density is measured in Watts/m? at approximately 2 m above the soil surface with
a pyranometer.

e The two-week lag and monthly lag of each weather variable was also considered.
Two-week lag is the average of the previous two week’s weather variable while
monthly lag is the average of the previous month’s weather variable in question.

2.3.3. Non-Weather Variables

The non-weather variables considered for this experiment include weekly average daily
gain (ADG), weekly average daily dry matter intake (DMI), weekly average body weight (BW),
dietary net energy of maintenance (NEm), experiment, and the week of the year. Week of the
year ranged from week 1 to 22 and week 30 to 52. In this study, only 1 experiment had
observations for weeks 23 to 29 which will result in inadequate sample and cause scaling issues
if they were included in models.
2.3.4. Data Management

The daily feed intake data was averaged into weekly averages to reduce the day-to-day
fluctuation. The weekly dry matter analysis of the diet fed from each experiment was matched
with the weekly feed intake to calculate the actual DMI consumed by each animal. Weekly BW

for each animal was calculated from the monthly BW data values by using simple linear
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regression. Values for daily ambient temperature and solar radiation were converted into weekly
averages. Dietary energy density (NEm,) was calculated by using the equation of Lofgreen and
Garrett (1968) and Zinn and Chen (1998) using initial BW, final BW, average daily gain (ADG)
and average DMI. Table 2.2 shows the descriptive statistics of the variables used for this study.

Table 2.2. Descriptive statistics of variables

Variable! Mean Minimum  Maximum SD?>  SE®
BW, kg 47418 19731 796.06 99.04 0.84
DMI, kg/d 10.69 2.50 23.60 2.76  0.02
NEm, Mcal/kg 2.01 0.79 2.97 0.30 0.00
Absolute ambient temperature, 'C

No lag -2.01  -23.73 21.40 10.45 0.09

Two-week lag -2.19  -20.73 23.56 9.58 0.08

Monthly lag -2.24  -17.95 22.74 9.05 0.08
Solar radiation, W/m?

No lag 112.51 30.81 297.12 64.00 0.54

Two-week lag 107.00 34.56 271.98 58.57 0.50

Monthly lag 104.22  43.66 256.57 5431 0.46

LVariable with 13,895 observations,
2SD=Standard deviation.
3SE=Standard error

2.4. Statistical Analysis

Data were analyzed using the MIXED procedures of (SAS Inst., Cary, NC) and within-
individual relationship was accounted for using the Toeplitz covariance structure. Week of the
year was used as fixed effect and experiment was included as a random effect to output the
residuals. Correlation among weather variables was checked using the PROC CORR statement
of SAS. Linear and quadratic effects of all the weather variables modeled were tested.

The model for fitting residuals, the base model and the final model were analyzed using
the restricted maximum likelihood estimation method (REML), while the maximum likelihood
(ML) was used in each step of the forward stepwise addition of variables to the model. Akaike

information criterion (AIC) and Bayesian information criterion (BIC) values were used to assess
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model fit each time a variable was added to the model in a forward stepwise fashion. The
parameter estimates were outputted using the solution statement. The full model was refitted
using REML to obtain less biased estimates. For all the models, components with (P <0.05), F-
values, and their respective AIC and BIC values are reported.
2.5. Results and Discussion

2.5.1. Correlation between BW, NEm and Residuals of DMI

The correlation between BW and NEm, and residuals of DMI using week of the year as a
class variable and experiment as a random effect, confirmed that linear and quadratic
relationships exist after examining the trend of the scatter plots and testing the linear and
quadratic effects of BW and NEm in the model. The correlation coefficients for the relationships
for BW and NEm with DMI were 0.2312 (P < 0.0001; Figure 2.1.) and -0.073 (P<0.0001; Figure
2.2), respectively. For this reason, both the linear and quadratic effect of BW and NEm were
included in our model (Table 2.3). Body weight as a predictor for DMI has long been reported
(Lehmann, 1941; Conrad et al, 1964; Kruger and Schulze, 1956; Baile and Forbes, 1974). It is
necessary to account for this in our model so that the contribution to the variation in DMI by
other variables can be parsed more accurately. Dietary energy density (Mcal of NEm/kg of feed)
has also been reported by many authors as a major determinant of DMI in ruminants (Blaxter,

1961; Crampton et al, 1957; Baumgardt, 1970).
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2.5.2. Base Model, Ambient Temperature, and Solar Radiation

In our base model (Table 2.3), week of the year as a fixed effect, experiment as a random
effect, linear effect of BW, quadratic effect of BW, linear effect of NEm and quadratic effect of
NEm were included. Three forms of each weather variable were evaluated as a main effect
independently of each other: the absolute weather variable, the two-week lag, and the monthly
lag. It was expected that these three forms would be highly correlated. Only the most significant
form of each weather variable was included because including more than one form of weather
variable in the model would result in multicollinearity issues. Some other authors have reported
similar approaches of handling multicollinearity by not including highly correlated variables to
minimize multicollinearity issues (Appuhamy et al., 2014). Table 2.4 provides model summary
statistics when fitting each variable independently of each other on the base model.

All three versions of ambient temperature were significant sources of variation, with the
2-week lag providing the best model fit statistics (Table 2.4). This can be attributed to the effect
of temperature that the animals had previously been exposed, influencing the animal’s current
basal metabolism, thereby indirectly affecting current DMI (NRC, 1981). This is supported by
the work of Fox and Tylutki (1998), who recommended that the average of the mean temperature
that an animal has been exposed to over a month should be used to remove the day-to-day
variation since temperature changes slowly from season to season. In our study, however, we
prove that even 2-week lag of ambient temperature has higher influence than one-month lag.

Model parameters when including the 2-week lag regressor are provided in Table 2.5.
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Table 2.3. Variables in the base model

Variable? Estimates SE? F-value P-value
Week of the year 34.62 0.0001
Body weight, kg
Linear 4.75 x 10 2.27 x 103 437.85 0.0001
Quadratic -3.00x 10° 2.27 x 10°® 184.47 0.0001
Dietary NEm, Mcal/kg
Linear 3.69 x10° 9.70 x 101 14.55 0.0001
Quadratic -1.31 x10° 2.43x 101 29.12 0.0001

Lvariables with 13,895 observations. AIC = Akaike information criterion (45,151) BIC = Bayesian
information criterion (45,160).
2SE = Standard error.

It has been previously reported that environmental factors affect DMI and daily water
intake (NRC, 1981). Hill and Wall (2017) reported that under high temperatures, livestock are
expected to decrease DMI. Other factors like growth rate and size of cattle also affect DMI. Hill
and Wall (2017) reported that thermoregulatory stress is better handled by efficient cattle
compared to less efficient cattle because of better thermoregulatory ability of efficient cattle. For
cold weather conditions, it is expected that DMI should increase, however, an apparent
relationship between ambient temperature and DMI does not exist as reported by NRC (1981)
because ambient temperature is most likely influenced by other variables. Mader et al. (2010)
reported that the strength of relationship between ambient temperature and DMI by itself might
be questioned because DMI is influenced by cattle type, body condition, management, and other
environmental factors. In our study, we accounted for the variation that could be explained by
BW, the dietary energy density, individual differences in the animal and the time of the year. All
possible variations that may exist from the animal and the environment which are known to
affect DMI were accounted for in the base model, however, there could be some other variable

that affect DMI that were not accounted for.

37



Table 2.4. AIC, BIC, F and P values of each weather variable considered when added to the base
model individually using maximum likelihood estimation method

Variable? F-value P-value AIC? BIC?
Base model 45,151* 45,160*
Absolute ambient temperature 28.82 0.0001 45,041 45,063
Two-week lag 55.52 0.0001 45,017 45,038
Monthly lag 27.52 0.0001 45,044 45,065
Absolute solar radiation 3.67 0.0553 45,065 45,087
Two-week lag 0.32 0.5703 45,068 45,090
Monthly lag 10.95 0.0009 45,058 45,080

Yariables with 13,895 observations. Units are oC for temperature and W/m2 for solar radiation.
2AIC = Akaike information criterion.

3BIC = Bayesian information.

*Restricted maximum likelihood estimation was used.

Table 2.5. Base model with two-week lag of ambient temperature

Variable? Estimates SE? F-value P-value
Week of the year 35.23 0.0001
Body weight, kg
Linear 4.76 x 102 2.27 x 10® 441.09 0.0001
Quadratic -3.00x 10° 2.27 x 10°® 186.94 0.0001
Dietary NEm, Mcal/kg
Linear 3.70 x10° 9.68 x 10! 14.58 0.0001
Quadratic -1.31 x10° 2.43 x10? 29.15 0.0001
Two-week lag of ambient temperature 'C ~ -2.17 x107? 2.91x 10 55.52 0.0001

Yvariables with 13,895 observations. AIC = Akaike information criterion (45,017) BIC = Bayesian
information criterion (45,038).
2SE = Standard error.

From the three solar radiation variables, only monthly lag of solar radiation was
significant and improved model fit statistics compared to the base model (Table 2.4). Model
parameters when including the monthly lag regressor are provided in Table 2.6. Solar radiation
has been reported to have an influence on ambient temperature and heat loss from animals
(Brosh et al., 1998). The sun angle changes daily and seasonally, which influences the thermal
balance of the animal since exposed surface area and insulation are affected differentially (Keren

and Olson, 2006). A perpendicularly standing animal to the sun’s ray will absorb more short-
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wave radiation than one standing parallel to the sun (Clapperton et al., 1965). Factors such as sky
conditions, ground cover and the shape and orientation of the animal’s body also determines the
amount of solar radiation absorbed (Keren, 2005). Prediction models used in the past did not
examine the lag of solar radiation nor did they consider it separately, rather it was considered
with other weather variables using an index named current effective temperature index (CETI)
which accounts for temperature, humidity, wind speed and sunlight hours (Tedeshi and Fox,
2006). Mader et al. (2010) developed a comprehensive climate index (CCI) using ambient
temperature while adjusting for relative humidity, wind speed and solar radiation. This type of
index does not explain the effect of solar radiation or its lag on DMI since they were combined to
form the CCI.

Models that utilized sunlight hours like the CETI Tedeshi and Fox, (2006) might not be
appropriate since sunlight hours does not account for solar radiation absorbed by the
environment and the animal’s body which influences the thermal balance of the animal. It is
more appropriate to measure and account for solar radiation that is being emitted by the sun and
absorbed by the animal’s body and the environment in DMI models.

Table 2.6. Base model with monthly lag of solar radiation

Variable! Estimates SE? F-value P-value
Week of the year 33.95 0.0001
Body weight, kg
Linear 4.70 x 102 2.27 x 10 428.53 0.0001
Quadratic -3.00x 10 2.27 x 10°® 179.66 0.0001
Dietary NEm, Mcal/kg
Linear 3.70 x10° 9.65 x 10! 14.71 0.0001
Quadratic -1.31 x10° 2.43 x10? 29.40 0.0001
Monthly lag of solar radiation W/m? -3.20 x10°® 9.67 x 10* 10.95 0.0009

Yvariables with 13,895 observations. AIC = Akaike information criterion (45,058) BIC = Bayesian
information criterion (45,080).
2SE = Standard error.
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When the main effect of two-week lag of ambient temperature and monthly lag of solar
radiation were included in the model, only two-week lag of ambient temperature was significant
(P <0.005) in the model (Table 2.7). Although, the main effect of monthly lag of solar radiation
was not significant when considered with two-week lag of ambient temperature, it was
significant when included in the model alone. This prompted us to examine further if an
interaction between these two variables exists.

Table 2.7. Base model with two-week lag of ambient temperature and monthly lag of solar
radiation

Variable! Estimates SE? F-value P-value
Week of the year 34.92 0.0001
Body weight, kg

Linear 4,74 x 10 2.27 x 103 434.66 0.0001

Quadratic -3.00x 10° 2.28 x 10°® 183.97 0.0001
Dietary NEm, Mcal/kg

Linear 3.70 x10° 9.67 x 101 14.60 0.0001

Quadratic -1.31 x10° 2.43 x 101 29.20 0.0001
two-week lag of ambient temperature -2.07 x107? 3.06 x 1073 45.63 0.0001
Monthly lag of solar radiation -1.05 x10°® 1.01x 103 1.07 0.3012

YVariables with 13,895 observations. Units are ‘C for temperature and W/m? for solar radiation. AIC =
Akaike information criterion (45,018) BIC = Bayesian information criterion (45,040).
2SE = Standard error.

When the interaction between two-week lag of solar radiation and monthly lag of solar
radiation was included in the model while retaining the main effects of each, the P-values of the
three relationships changed to 0.25, 0.78 and 0.0074 for two-week lag of ambient temperature,
monthly lag of solar radiation and their interaction, respectively (Table 2.8).

The BIC values were reduced by 5 points which explains that the interaction made a
significant impact on the model fit. The main effects becoming insignificant could be because of

a cancellation effect that the main effects and the interactions had on each other.
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Table 2.8. Base model, two-week lag of ambient temperature and monthly lag of solar radiation
and their interaction using maximum likelihood estimation

Variable! Estimates SE2 F-value P-value
Week of the year 32.92 0.0001
Body weight, kg

Linear 4.75 x 102 2.28 x 103 435.37 0.0001

Quadratic -3.00x 10° 2.28 x 10 183.98 0.0001
Dietary NEm, Mcal/kg

Linear 3.69 x10° 9.68 x 10* 14.56 0.0001

Quadratic -1.31 x10° 2.43 x 10% 29.13 0.0001
two-week lag of ambient temperature -6.91 x10°3 6.00x 10 1.33 0.2494
Monthly lag of solar radiation 3.08 x10* 1.14 x 103 0.07 0.7867
two-week lag of ambient temperature x -1.4 x10* 5.2x 10° 7.18 0.0074

Monthly lag of solar radiation

ariables with 13,895 observations. Units are ‘C for temperature and W/m? for solar radiation. AIC =
Akaike information criterion (45,013) BIC = Bayesian information criterion (45,035)
2SE = Standard error.

Interestingly, when only the interaction between two-week lag of ambient temperature
and monthly lag of solar radiation were added to the base model, the interaction was highly
significant (P=0.0001), and the AIC and BIC values were lower which signifies that the model
was improved and has a better model fit (Table 2.9; Figure 2.3). This better model fit indicates
that solar radiation is important and could better explain the variation in DMI than just absolute
temperature alone. Others (Bakken, 1981; Tedeshi and Fox, 2006; Mader et al., 2010) have
considered ambient temperature and some weather variables together, combining them into an
index. This shows that multiple weather variables interact together to affect DMI suggesting that

combining weather variables into an index should be discouraged.
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Table 2.9. Base model and interaction between two-week lag of ambient temperature and
monthly lag of solar radiation using restricted maximum likelihood estimation method (Final
Model)

Variable! Estimates SE? F-value P-value
Intercept -6.23x 10° 1.26 x 10° 0.0008
Week of the year 33.71 0.0001
Body weight, kg

Linear 4.74 x 102 2.27 x 103 434.78 0.0001

Quadratic -3.00 x 10° 2.27 x 10°® 182.89 0.0001
Dietary NEm, Mcal/kg

Linear 3.69 x 10° 9.67 x 10! 14.47 0.0001

Quadratic -1.31 x 10° 2.43 x 101 28.99 0.0001
Two-week lag of ambient temperature x ~ -1.80 x 10 2.3x10° 61.92 0.0001

Monthly lag of solar radiation

YWeather variable units are “C for temperature and W/m? for solar radiation AIC = Akaike information
criterion (45,113) BIC = Bayesian information criterion (45,121).
2SE = Standard error.

Since the interaction between two-week lag of ambient temperature and monthly lag of
solar radiation gave a better model fit, the interaction was left in the model while their main
effects were removed. NASEM (2016) reported that solar radiation accentuates the effect of
temperature. In our model, solar radiation accentuated the effect that low and high temperature
had on DMI. Interestingly, in Figure 2.3 it can be observed that, with increasing temperature and

reduction in solar radiation, DMI decreased.
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Figure 2.3. The interaction between two-week lag of ambient temperature and monthly lag of
solar radiation and their influence on DMI

This could be attributed to the interaction between temperature and solar radiation and
how they influence each other. This indicates that on cloudy days with high temperature, DMI
decreases but on sunny days with extremely low temperature, DMI increases. In extreme cold
temperatures, the NEm requirement of cattle increases linearly and, therefore, the animal will
need to increase its energy intake from feed to meet the requirement for increased heat
production and maintenance of homeostasis. There is a dearth of information on the effect of
solar radiation on animals in extremely cold weather conditions. Most reported studies examined
the effect of solar radiation on animals in warm to hot weather (Mader et al., 2006 Mader at al.,
2010; Melton et al, 2018; Lee et al., 2019). Studies that examined the effect of cold weather

conditions on animals (Siple and Passel, 1945) did not examine the effect of solar radiation on
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DMI. Siple and Passel (1945) developed a windchill index (WCI), relating ambient temperature
(Ta) and wind speed (WS) to the time for freezing water for cold conditions. Mader et al. (2006)
developed adjustments to the THI based on panting scores and measures of wind speed and solar
radiation but only had two studies conducted in cold weather conditions in the data they
examined. Olson (1938) examined the effect of sunlight on dairy cattle that were exposed to
sunlight or without sunlight. The no-sunlight group had better growth than the sunlight group
because the sunlight group were housed outside and maintained under cold winter conditions, the
diet was also restricted to amount consumed by the no sunlight group. This corroborates the
effect of extreme cold weather on energy requirements and growth. If the intake of the animal
does not increase to meet the energy demand for heat production, and maintenance of
homeostasis in extremely low ambient temperature, growth performance is compromised. On the
other hand, under high ambient temperatures, livestock are expected to have decreased DMI to
reduce their metabolic heat production. Mader et al. (2010) reported that solar radiation and
ambient temperature have a linear relationship, which is similar with what we observed in this
study. Heat input from metabolic heat production and solar radiation, and heat output from
evaporative and non-evaporative avenues are the factors that determine body temperature in
cattle (Brosh et al., 1998). As temperature decreased to below the lower critical temperature, the
animal becomes cold stressed, and the maintenance energy requirement increases. Donald (1988)
reported that animals under severe cold stress tend to have reduced intake. However, in this
study, DMI increased with increasing solar radiation and reduction in temperature. This may be
because of the effect of solar radiation in neutralizing the cold stress on the animal thereby not
making them extremely cold stressed to the point of losing weight, but cold enough to increase

DMI to combat the cold stress towards the thermoneutral zone. Olson and Wallander (2002)
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reported that during extreme cold weather, cattle spent more time standing to maximize heat gain
from solar radiation instead of minimizing energy expended by laying down. This is similar to
what we believe the animals used in this study experienced in which solar radiation contributed
to heat gain to make the animals more comfortable and active hence the increase in DMI.

Sevi et al (2001) examined the effect of solar radiation on Comisana ewes. They reported
that solar radiation and the interaction between solar radiation and feeding time had significant
effect on rectal temperatures. This indicates that solar radiation influences thermal balance,
energy metabolism and could be attributed to the change in DMI at different intensities of solar
radiation. Solar radiation has been reported to directly affect the surface an animal has contact
with as well as the temperature of the animal, especially in dark-hided cattle (Mader et al., 2006).

Kennedy et al. (1986) reported that in cold weather, ruminal motility and digesta passage
increases thereby increasing DMI. NASEM (2016) reported that other adverse weather
conditions can increase the effects of ambient temperature. However, the response to temperature
varies between animals (Young, 1981). The observed increase in DMI as two-week lag of
temperature decreases, and monthly lag of solar radiation increases could, also be attributed to
the long-term effect of solar radiation on melatonin. Light inhibits melatonin secretion by
inhibiting the production of N-acetyltransferase, the primary enzyme for melatonin synthesis
(Hickman et al., 1999). Melatonin slows down metabolism, increases fat deposition and
decreases feed intake and ultimately productivity of animals. With more light and solar radiation,
we speculate that this caused a reduction of melatonin secretion over time and therefore triggered
increased feed intake. However more research is needed on the relationships between solar

radiation, melatonin secretion, DMI, and growth.
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2.6. Conclusion
To summarize, our results showed that variation in DMI was better explained by having
the interaction between two-week lag of ambient temperature and monthly lag of solar radiation
in the prediction model as opposed to ambient temperature alone. This indicates that solar
radiation could be a good predictor and explain some variation in DMI occurring because of
thermal effects. The model developed in this study could be better than models that used THI or
CCl as an index rather than considering individual weather variables and/or their interactions.
2.7. Implications
Changes in solar radiation and temperature were associated with changes in DMI and
there was an interaction between them. These variables are important and should be considered
in DMI prediction equations. Beef cattle adjust their DMI in response to adverse weather
conditions. DM is influenced by several factors and how cattle respond to changes in DMI is
highly variable varying from individual to individual. Understanding more variables that
influence DMI will help in increasing the accuracy of DMI prediction models which will in turn
assist producers and feedlot managers to estimate the quantity of feed they need for their beef
cattle. It will be necessary to examine how other weather variables like windspeed and dewpoint
may interact with temperature and solar radiation to influence DMI and ADG.
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CHAPTER 3. UNDERSTANDING THE RELATIONSHIP BETWEEN WEATHER
VARIABLES AND DRY MATTER INTAKE (DMI) IN BEEF STEERS
3.1. Abstract

The relationship between weather variables and dry matter intake (DMI) in beef steers
was examined using daily intake data from 790 beef steers collected through an Insentec feeding
system. Daily data was condensed into weekly averages (n = 13,895 steer-weeks). The variables
considered for this study were DMI (2.50 to 23.60 kg/d), body weight (197.3 to 796.1 kg),
dietary energy density (NEm; 0.793 to 2.970 Mcal/kg), absolute ambient temperature (-23.7 to
21.4 °C), range of temperature (2.8 to 19.4 °C), dew point (-27.8 to 14.3 °C), wind speed (2.08 to
6.49 m/s), solar radiation (30.8 to 297.1 W/m?), and two-week lag (average of previous two
week’s values) and monthly lag (average of previous four week’s values) of each weather
variable listed. The MIXED procedure of SAS with Toeplitz variance-covariance structure was
used to determine the final model to predict DMI, while accounting for the effects of body
weight, NEm and other variables in the model. Significant amount of weather variables
explained the variation in DMI. Ambient temperature interacted (P < 0.005) with range of
temperature, wind speed, solar radiation, and dew point. Other interactions (P = 0.0001) between
weather variables were the interaction between range of temperature vs. dew point and wind
speed vs. solar radiation. This study shows the important weather variables that affect DMI of
beef steers and will help in improving the accuracy of the DMI prediction equations for beef
cattle.

3.2. Introduction
Overall performance of animals depends on the amount of energy they consume and how

effectively they utilize this energy for maintenance and subsequently growth. Utilization of
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energy consumed is affected by the environment because animals generally interact with their
environment as homeotherms (Hahn, 1999). Weather can greatly affect the bioenergetics of
animals, which in turn can have adverse effects on the performance and wellbeing of livestock.
In most cases, extreme weather conditions could lead to either reduced or elevated feed intake,
reduced efficiency, or reproduction (NRC, 1981). Livestock producers need a better
understanding of how weather variables impact their animals and how the animals respond to
weather extremes. This will enable livestock producers to make improved decisions on strategies
and ways to reduce losses during changes in weather (Hahn, 1999). For beef producers to have a
profitable enterprise, they need to optimize the dry matter intake (DMI) consumption of their
animals. DMI as reported by Anele et al. (2014) is the single most important factor influencing
productivity in growing-finishing beef cattle operations. Since DMI is very important in beef
cattle operations, predicting and measuring DMI accurately is cardinal in knowing the nutrient
requirements of animals, formulating and balancing diets, and ultimately predicting performance
based using net energy equations (NRC, 1996). If producers can accurately measure or predict
DML, they could better manage the feed resources and ensure adequate availability of feed for
their animals.

The current models used in predicting DMI in beef cattle are the equations proposed by
the Agricultural Research Council (ARC, 1980), the Cornell Net Carbohydrate and Protein
System (Fox et al., 2004), the NRC (2001) and most recently, NASEM (2016). However, these
equations do not fit the Northern Great Plains of the United States where temperature can go
below -30°C in the winter (Block et al., 2001). At the same time some of the prediction equations
do not account for other weather variables that may affect DMI. In most of the models, relative

humidity has been used. Relative humidity is dependent on temperature and can be misleading
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(National Weather Service, 2021), for this reason dewpoint might be a more accurate predictor to
estimate the amount of moisture in the air. The previous models also do not consider the lag of
weather variables and some weather variables do not have a direct impact on animals
immediately, as it may take some time for some of their effects to manifest, for this reason, it
will be beneficial to know how the lag in weather variables could have an impact on DMI.

The objective of this study is to examine how absolute, two-week lag and monthly lag of
weather variables (solar radiation, dewpoint, ambient temperature, range of temperature, and
windspeed) affects DMI. This could help in understanding and estimating DMI intake more
accurately.

3.3. Materials and Methods
3.3.1. Data Collection

Data used for this experiment were collected from the Beef Cattle Research Complex of
North Dakota State University, Fargo, North Dakota located at latitude 46.9027853 degrees
North and longitude -96.8418183 degrees West. An Insentec feeding system (RIC feeding
system; Hokofarm Group, Marknesse, The Netherlands), which records the amount of feed
intake, number of visits, time of visit and meals for each animal, was used for the data collection.
The data used were from 10 experiments that were conducted between 2011 and 2017 (Table

3.1).
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Table 3.1. Experiments used in this study

Year (week of the year) ntof  nof steer- Breed? Publication

steers  week
Start End observations
2011 (wk. 45) 2012 (wk. 4) 67 804 AN, SM, and SH Islas et al., 2014
2012 (wk. 46) 2013 (wk. 5) 94 1120 AN, SM, and SH Prezotto et al., 2017
2012 (wk. 10) 2012 (wk. 22) 63 819 AN, SM, and SH Swanson et al., 2014
2013 (wk. 6) 2013 (wk. 22) 66 1098 AN, SM, and SH Swanson, et al., 2017a
2013 (wk. 38) 2014 (wk. 5) 113 2260 AN-crossbred Swanson et al., 2018
2014 (wk. 11) 2014 (wk. 22) 44 527 AN, SM, and SH Swanson et al., 2017a
2014 (wk. 4) 2014 (wk. 22) 81 1339 AN, SM, and SH Rodenhuis et al., 2017
2015 (wk. 51) 2016 (wk. 18) 61 1211 AN, SM, and SH Knutson et al., 2020
2016 (wk. 45) 2017 (wk. 20) 134 3432 AN, SM, and SH Sitorski et al., 2019
2017 (wk. 46) 2018 (wk. 11) 67 1285 AN and SM Trotta et al., 2019

h=number.

2AN = Angus, SM = Simmental, SH = Shorthorn.

3.3.2. Weather Data

Data for weather variables were obtained from the North Dakota Agricultural Weather

Network (NDAWN) station for each experiment period included in this study. Each NDAWN

station is assumed to adequately represent all weather conditions, except rainfall, in a 32 km

radius (NDAWN, 2021). The NDAWN station, which is 2.33 km from the BCRC, provides five-

minute averages, hourly averages, daily, monthly, and yearly summaries for each supported

weather variable (NDAWN, 2021). For this study, daily summaries of each weather variable

were used for each experiment period included.

Weather variables modeled for this study included:

Ambient temperature: the air temperature of the surrounding environment ('C)

e Absolute range in temperature: the difference between absolute minimum and

absolute maximum temperature
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Dew point: the temperature at which water vapor in the air begins condensing to
form liquid. The dew point temperature is calculated from the air temperature and
relative humidity. (NDAWN, 2021).

Wind speed: average of all measured wind speeds during the hour for a period of
24 hours). Wind speed is measured every 5 seconds 10 meters above the soil
surface with an anemometer (NDAWN, 2021).

Solar radiation: total of all hourly totals of incident solar radiation energy for a
24-hour period from midnight to midnight (W/m2) (NDAWN, 2021). Total
incident solar radiation flux density is measured in Watts/m2 at approximately 2
m above the soil surface with a pyranometer.

The two-week lag and monthly lag of each weather variable was also considered.
Two-week lag is the average of the previous two week’s weather variable while

monthly lag is the average of the previous month’s weather variable in question.
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3.3.3. Non-Weather Variables

The non-weather variables considered for this experiment include weekly average daily
dry matter intake (DMI), weekly average body weight (BW), dietary net energy of maintenance
(NEm), experiment, and the week of the year. Week of the year ranged from week 1 to 22 and
week 30 to 52. In this study, only 1 experiment had observations for weeks 23 to 29 which will
result in inadequate sample and cause scaling issues if they were included in models.
3.3.4. Data Management

The daily feed intake data was averaged into weekly averages to reduce the day-to-day
fluctuation. The weekly dry matter analysis of the diet fed from each experiment was matched
with the weekly feed intake to calculate the actual DMI consumed by each animal. Weekly BW
for each animal was calculated from the monthly BW data values by using simple linear
regression. Values for weather variables were converted into weekly averages. Dietary energy
density (NEm,) was calculated by using the equation of Lofgreen and Garrett (1968) and Zinn
and Chen (1998) using initial BW, final BW, average daily gain (ADG) and average DMI. The

descriptive statistics of the variables used in this study is shown in Table 3.2.
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Table 3.2. Descriptive statistics of the variables used for this study

Variable? Mean Minimum Maximum SD? SE?
BW, kg* 474,18 197.31 796.06 99.04 0.84
DM, kg/d* 10.69 2.50 23.60 2.76 0.02
NEm, Mcal/kg* 2.01 0.79 2.97 0.30 0.00
Ambient temperature, 'C

No lag* -2.01 -23.73 21.40 10.45 0.09

Two-week lag* -2.19 -20.73 23.56 9.58 0.08

Monthly lag* -2.24 -17.95 22.74 9.05 0.08
Solar radiation, W/m?

No lag* 112,51 30.81 297.12 64.00 0.54

Two-week lag* 107.00 34.56 271.98 58.57 0.50

Monthly lag* 104.22 43.66 256.57 54.31 0.46
Wind speed, m/s

No lag 3.85 2.08 6.49 0.72 0.01

Two-week lag 3.85 2.34 4,96 0.52 0.00

Monthly lag 3.83 2.79 4.64 0.40 0.00
Range of temperature, "C

No lag 10.46 2.79 19.43 2.66 0.02

Two-week lag 10.27 4.57 15.80 2.24 0.02

Monthly lag 10.18 5.94 15.02 1.76 0.01
Dew point, 'C

No lag -7.00 -27.84 14.34 8.89 0.08

Two-week lag -6.97 -24.59 16.96 8.12 0.07

Monthly lag -6.92 -21.61 14.94 7.68 0.07

LVariable with 13, 895 observations.
2SD=Standard error.

3SE=Standard deviation.

“Data also shown on Table 2.2.

3.4. Statistical Analysis
Data were analyzed using the MIXED procedures of (SAS Inst., Cary, NC) and within-
individual relationship was accounted for using the Toeplitz covariance structure. Week of the
year was used as fixed effect and experiment was included as a random effect to output the
residuals. Correlation among weather variables was checked using the PROC CORR statement

of SAS. Linear and quadratic effects of all the weather variables modeled were tested.
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The model for fitting residuals, the base model and the final model were analyzed using
the restricted maximum likelihood estimation method (REML), while the maximum likelihood
(ML) was used in each step of the stepwise addition or removal of variables. Akaike information
criterion (AIC) and Bayesian information criterion (BIC) values were used to assess model fit
each time a variable was added or removed from the model in a stepwise fashion. The parameter
estimates were outputted using the solution statement. The full model was refitted using REML
to obtain less biased estimates. For all the models, components with (P <0.05), F-values, and
their respective AIC and BIC values are reported.

3.5. Results and Discussion
3.5.1. Base Model

In our base model (Table 3.3), week of the year (fixed effect), experiment (random
effect), linear effect of BW, quadratic effect of BW, linear effect of NEm and quadratic effect of
NEm were included. The AIC and BIC values for the base model were 45,151 and 45,160,
respectively. Three forms of each weather variable were evaluated: the absolute weather
variable, the two-week lag, and the monthly lag. Only the most significant form of each weather
variable was included because including more than one form of weather variable in the model
would result in multicollinearity issues. Some other authors have reported similar approaches of
handling multicollinearity by not including highly correlated variables to minimize

multicollinearity issues (Appuhamy et al., 2014).
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Table 3.3. Variables in the base model

Variable? Estimates SE? F-value P-value
Week of the year 34.62 0.0001
BW, kg
Linear 4,75 x 1072 2.27 x 10 437.85 0.0001
Quadratic -3.00 x 10°® 2.27 x 10°® 184.47 0.0001
Dietary NEm, Mcal/kg
Linear 3.69 x 10° 9.70 x 10 14.55 0.0001
Quadratic -1.31 x 10° 2.43 x10? 29.12 0.0001

Yvariable with 13,895 observations. AIC = Akaike information criterion (45,151), BIC = Bayesian
information criterion (45,160).
2SE = standard error.

3.5.2. Ambient Temperature Predictors with Base Model

The result of predictor variables when added to the base model individually are shown
(Table 3.4). Two-week lag of ambient temperature improved the model fit better compared to
absolute ambient temperature and monthly lag of ambient temperature. NRC (1981) reported that
the previous temperature an animal has been previously exposed to influences the current
metabolism of the animal which affects its current DMI. In cold situations, as obtainable in the
Northern Great Plains of North America, the initial response is increasing metabolic heat
production, which is achieved by increasing DMI, but as long exposure of cold continues, it
gradually results in adaptive responses through physiological and morphological changes, (NRC,
1981). There is a trend for intake to increase to at least -15°C as temperature decreases (NRC,
1981). NRC (1981) reported that in some cases, DMI reduces as temperature reduces because the
time spent feeding reduces as the animal spends less time feeding because of standing to shiver.
NRC (1981) reported that under feedlot conditions in Canada during mid-winter, daily gain of
steers decreases by 70 percent when temperature reached -17°C. NRC (1981) concluded that with

temperature above 25°C and below -10°C, type of ration and temperature level affects DMI, but
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with temperature between 0 to 25°C, digestibility of ration is more important than ambient
temperature.

Table 3.4. AIC, BIC, F and P values of each weather variable considered when added to the base
model individually

Variable? F-value P-value AIC? BIC3
Base model - - 45,151 45,160
Ambient temperature

No lag 28.82 0.0001 45,041 45,063

Two-week lag 55.52 0.0001 45,017 45,038

Monthly lag 27.52 0.0001 45,044 45,065
Solar radiation

No lag 3.67 0.0553 45,065 45,087

Two-week lag 0.32 0.5703 45,068 45,090

Monthly lag 10.95 0.0009 45,058 45,080
Range of temperature

No lag 0.63 0.4287 45,068 45,089

Two-week lag 94.84 0.0001 44,981 45,002

Monthly lag 77.52 0.0001 44,955 45,017
Wind speed

No lag 21.15 0.0001 45,048 45,070

Two-week lag 4.15 0.0416 45,065 45,086

Monthly lag 44.58 0.0001 45,028 45,049
Dew point

No lag 13.32 0.0003 45,056 45,077

Two-week lag 32.16 0.0001 45,038 45,060

Monthly lag 8.62 0.0033 45,061 45,082

Variable with 13,895 observations. Units are "C for ambient temperature, range of temperature
and dew point, m/s for wind speed and W/m? for solar radiation.

2AlIC = Akaike information criterion.

3BIC = Bayesian information criterion.

3.5.3. Solar Radiation Predictors with Base Model
Monthly lag of solar radiation was the only significant (P = 0.0001) variable that gave the
best model fit compared with absolute solar radiation and two-week lag of solar radiation when

included alone in the base model. Solar radiation has been reported to affect DMI in animals
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(Hill and Wall, 2017). Bourke (2008) reported that in cattle, exposure to sunlight causes an
increase in body temperature which can be attributed to solar radiant heat. This increase in
temperature affects the thermobalance of the animal which subsequently affects DMI. Radiation
from the sun absorbed by the animal’s body depends on the sky condition, ground cover and the
animal’s body orientation relative to the sun. Hill and Wall (2017) examined how feed intake and
feed efficiency vary in response to weather conditions in Holstein Friesian cows utilizing 73,000
daily feed intake and feed efficiency records from cows over an 8-year period in the United
Kingdom. Hill and Wall (2017) reported that cows had decreased DMI as temperature humidity
index increased. The temperature humidity index used in the study by Hill and Wall (2017)
accounted for wind speed and solar radiation. In their study, they also reported that maximum
likelihood models testing for the effects of THI with wind speed and solar radiation explained
feed intake and feed efficiency better than models testing for THIagj or comprehensive climate
index (CCl). Some authors have reported that solar radiation and velocity of ambient air
temperature (which affects rates of latent and sensible heat load) influence the thermal tolerance
of cattle (Dikmen and Hansen, 2009; Graunke et al., 2011; Hammami et al., 2013). Mader et al
(2010) validated the effect CCI which was developed to account for the effect of cold and hot
climates on cattle. The CCI uses ambient temperature that is adjusted for solar radiation, wind
speed and relative humidity. Why monthly lag of solar radiation was the best explanatory
variable for DMI when compared with absolute and two-week lag of solar radiation when
included alone in the model could be attributed to the fact that weather variables could have a
delayed effect on biological traits and the duration of the weather event determines the effects it
has on the animal (Renaudeau et al., 2012; Hill and Wall, 2015). Also, average over 28 days

might be better than 14 days or 1 day.
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3.5.4. Range of Temperature Predictors with Base Model

For range of temperature variables, two-week lag of range of temperature was the best
predictor between absolute range of temperature and monthly lag of range of temperature when
added to the base model individually. When examining the performance of animals with the
thermal environment, the magnitude and duration of thermal stress are important. Other studies
examining the effect of cold weather where animals were maintained at constant temperature in
psychrometric chambers have been criticized because experimental animals were not subjected
to temperature fluctuations normally experienced during wintering (Macdonald and Bell, 1958).
Macdonald and Bell (1958) concluded that just because there is little change in homeothermy
because of temperature fluctuation does not mean that thermal stress in low temperatures must
also be small. In fact, it could be that despite all the physiological adaptations made by the
animals in their study, there were still observable changes since they were not able to maintain
complete homeothermy. In a study by Mears and Groves (1969), using mature, shorn wethers
exposed to lowered temperatures from 14 to -4 “C. They observed no significant change in
metabolic rate or rectal temperature for at least 12 hours. After 12 hours, there was a marked
increase in adrenal cortical response. This indicates that fluctuating weather affects the
physiology of animals.
3.5.5. Wind Speed Predictors with Base Model

Monthly lag of wind speed was the best predictor variable when added to the base model.
Wind speed affects the thermal balance of the animal’s body. Cold temperatures and wind speed
interact together to affect the effective ambient temperature of an animal, and this is referred to
as the wind-chill effect (Ames and Insley, 1975). Long-term housing of animals on pasture or in

feedlots in the winter with air temperature of -20°C and air velocity of 5 to 7 m/s can result in
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frost bite or hypothermia (Ruban et al., 2020). On the other hand, in the summer months,
significant air velocity could be beneficial by helping to dissipate excess heat from the animal’s
body.

When air velocity is increased, Basharat (2020) reported that effective ambient
temperature is lowered which produces a wind chill index in hot weather comparable to the wind
chill index commonly referred to during cold weather. Basharat (2020) reported that in dairy
cows, between 26°C and 36 "C, the rate of rise of rectal temperature was reduced by half with
increased air velocity of 1.5 to 3.0 m/s as compared to a mean air velocity of 0.5 m/s. Blair et al.
(1996) examined the effects of solar radiation, windspeed and their interaction on metabolic rates
in the Verdin, Auriparus flaviceps. They reported a 14% increase in basal metabolic rate as wind
speed increases from 0.4 to 3.0 m/s in the absence of solar radiation. While exposure to
simulated solar radiation significantly reduced metabolic heat production at all wind speeds
measured except at 3.0 m/s. Convective cooling is altered by wind speed which affects the ability
of the animal to maintain thermal balance (Mader 2003). Mader (2003) reported that cold stress
in the winter can be exacerbated by evaporative cooling. Silanikove (2000) explained convection
cooling as a process in which cooler air comes in contact with a warmer body thereby resulting
in dissipation of heat that is carried away with the movement of air.

3.5.6. Dew Point Predictors with Base Model

Two-week lag of dew point was the best predictor when added to the base model. Dew
point was used in this study in place of relative humidity because previous authors (Ahlberg et
al., 2018) have shown that dew point could be used in place of relative humidity. Dew point
could be better in predicting DMI because there is a strong relationship between temperature and

humidity and temperature at which relative humidity was measured is not usually known (Walter
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et al., 2000). Eigenberg et al. (2005) examined the physiological response of feedlot cattle with
shade or no shade access. Eigenberg et al. (2005) reported that for temperature above 27°C, a
higher dew point temperature results in higher respiration rates in the animals when compared to
the lower dew point temperature conditions.
3.5.7. Significant and Non-Significant Variables

The addition and removal of the significant (P < 0.05) main effects to the base model in
the second step of stepwise regression is shown in Table 3.5. Table 3.6 shows the significant (P
<0.05) main effects and all the possible interactions between the main effect variables. The non-
significant (P >0.05) variables that were removed from Table 3.6 are shown in table 3.7. These
are the variables that did not improve fit of the model, at various steps of the backward stepwise
regression process. Table 3.8 shows the significant (P <0.005) variables in the final model. There
were interactions between various weather variables. From the weather variables, two-week lag
of range of temperature was the greatest contributor to the base model. This suggests that wide
variation in temperature affects DMI since cattle maintain homeostasis by adjusting their
metabolic heat production as a response to the change in environmental temperature (NRC,

1981).
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Table 3.5. Addition and removal of main effects in a stepwise fashion

. Criterion
Variable! P-value Process?
AIC? BIC*

Base model 45,151 45,160
Two-week lag of ambient temperature® 0.0001 A 45,017 45,038
Monthly lag of solar radiation 0.3012 NR 45,018 45,040
Two-week lag of range of temperature®  0.0001 A 44,944 44,965
Monthly lag of wind speed® 0.0001 A 44,892 44914
Absolute dew point® 0.0001 A 44,872 44,895
Monthly lag of solar radiation 0.0248 NR 44,870 44,892
Absolute solar radiation 0.0698 NR 44,871 44,894
Two-week lag of solar radiation® 0.0001 A 44,815 44,838

LVariable with 13,895 observations,

2A = Addition of variable. NR on the same row variables were not retained. Units are “C for ambient
temperature, range of temperature and dew point, m/s for wind speed and W/m? for solar radiation.
3AIC = Akaike information criterion

“BIC = Bayesian information criterion

®Main effect variables that qualified for the next step of interactions.
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Table 3.6. Significant main effects and all possible interactions between the variables

Variable! F-value P-value
Base model
Week of the year 31.13 0.0001
BW, kg

Linear 389.01 0.0001

Quadratic 155.5 0.0001
NEm, Mcal/kg

Linear 15.65 0.0001

Quadratic 30.62 0.0001
Two-week lag of ambient temperature 64.45 0.0001
Two-week lag of range of temperature 8.95 0.0028
Monthly lag of wind speed 1.17 0.2801
Absolute dew point 1.09 0.2964
Two-week lag of solar radiation 17.34 0.0001
Two-week lag of ambient temperature x Two-week lag of range of 42.04 0.0001
temperature
Two-week lag of ambient temperature x Monthly lag of wind speed 28.95 0.0001
Two-week lag of ambient temperature x Absolute dew point 3.08 0.0791
Two-week lag of ambient temperature x Two-week lag of solar radiation 32.35 0.0001
Two-week lag of range of temperature x Monthly lag of wind speed 4.00 0.0455
Two-week lag of range of temperature x Absolute dew point 1.50 0.2202
Two-week lag of range of temperature x Two-week lag of solar radiation 291 0.0879
Monthly lag of wind speed x Absolute dew point 1.29 0.2555
Monthly lag of wind speed x Two-week lag of solar radiation 6.00 0.0144
Absolute dew point xTwo-week lag of solar radiation 1.25 0.2626

Lvariable with 13,895 observations. Units are "C for ambient temperature, range of temperature and dew
point, m/s for wind speed and W/m? for solar radiation. AIC = Akaike information criterion (44,734), BIC
= Bayesian information criterion (44,759).
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Table 3.7. Summary of variables removed from the model in the second stage. Cut off points

used were P-value = 0.02 and F-value =5.0

Variable? F-value  P-value Elimination Criteria

step AIC?  BIC?
Base model
Absolute dew point 1.09 0.2964 1 44,733 44,758
Monthly lag of wind speed x Absolute dew 0.22 0.6406 2 44,731 44,756
point
Absolute dew point xTwo-week lag of 1.00 0.3180 3 44,730 44,755
solar radiation
Monthly lag of wind speed 4.55 0.033 4 44,732 44,756
Two-week lag of range of temperature x 1.09 0.2962 5 44,731 44,755
Monthly lag of wind speed
Two-week lag of range of temperature x 2.81 0.0934 6 44,731 44,755

Two-week lag of solar radiation

1variable with 13,895 observations. Units are °C for ambient temperature, range of temperature and dew

point, m/s for wind speed and W/m? for solar radiation.

2AIC = Akaike information criterion
3BIC = Bayesian information criterion
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Table 3.8. Final model with significant variables with REML estimation

Variable! Estimates SE? F-value  P-value
Intercept -5.56 x 10° 1.25 x 10° 0.0016
Base model
Week of the year 32.56  0.0001
BW, kg
Linear 4.48 x 10 226 x10° 391.20 0.0001
Quadratic -3.00 x 10°® 2.26 x10°% 155.01  0.0001
Dietary NEm, Mcal/kg
Linear 3.84x 10° 9.66 x 10* 15.77  0.0001
Quadratic -1.35x 10° 2.43 x 10* 30.82  0.0001
Two-week lag of ambient temperature, -1.92 x 101 1.96 x 102 95.57  0.0001
Two-week lag of range of temperature -1.09 x 101 1.04 x 102 110.07  0.0001
Two-week lag of solar radiation 1.46 x 10 151 x 103 94.61  0.0001
Two-week lag of ambient temperature x Two-  7.14 x 1073 1.09 x 103 42.94  0.0001
week lag of range of temperature
Two-week lag of ambient temperature x 3.24 x 107? 4.49 x 10°® 52.00  0.0001
Monthly lag of wind speed
Two-week lag of ambient temperature x -7.80 x 10* 2.76 x 10* 8.01  0.0047
Absolute dew point
Two-week lag of ambient temperature x Two-  -3.40 x 10* 6.10 x 10° 31.98 0.0001
week lag of solar radiation
Two-week lag of range of temperature x -2.10x 103 2.90 x 10* 52.29  0.0001
Absolute dew point
Monthly lag of wind speed x Two-week lag -1.63 x 103 3.32 x 10* 24.09  0.0001

of solar radiation

L variable with 13895 observations. Units are ‘C for ambient temperature, range of temperature and dew
point, m/s for wind speed and W/m? for solar radiation.

2SE= Standard error AIC = Akaike information criterion (44,912), BIC = Bayesian information criterion
(44,920)

3.5.8. How Weather Variables Interacted to Affect DMI

The interaction between ambient temperature and range of temperature is shown in
Figure 3.1. DMI decreases as temperature gets colder and fluctuation increases while DMI
increases with increasing warmer temperatures and higher fluctuations in temperature.
Macdonald and Bell (1958) studied the effect of low fluctuating temperature on rectal

temperature, heart rate and respiratory rate in lactating Holstein cows. They observed small

67



changes in the parameters they measured (rectal temperature, heart rate and respiration rate) and
concluded that the lactating cattle were quite comfortable at temperatures near -17 "C in their
study and as reported in other studies (Kibler and Brody, 1950; Worstell and Brody 1953). The
reason attributed to the small changes observed are cited compensatory mechanisms which
enhances tolerance to cold. These mechanisms may be water removal from the circulatory
system, peripheral vasoconstriction, increasing surface area by huddling, decreasing respiration
rate, increasing the amount of protective hair, developing extensive subcutaneous adipose tissue,

and increasing appetite and metabolism through endocrinological stimulation.
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Figure 3.1. Interaction between ambient temperature and range of temperature

The interaction between temperature and wind speed is shown in Figure 3.2. It was
observed that with decreasing temperature and increasing wind speed, DMI decreases. This

shows how wind speed exacerbates the effect of cold temperatures in cattle which results to
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extreme cold stress and therefore decreased DMI. This is supported by the reports of NASEM
(2016) about how adverse environmental factors like wind accentuates the effect of ambient

temperature which then alters DMI.
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Figure 3.2. Interaction between ambient temperature and wind speed

The interaction between ambient temperature and dew point is shown in Figure 3.3.
There is a strong association between the moisture content of the air and temperature, it has been
reported that it is much worse to be hot and humid than either been hot or just humid (Walter et
al., 2000). This is similar to what was observed in our model. This explains the effect
experienced when high temperature and moisture in the air causes more stress in an animal

which indirectly results in changes in metabolism and subsequently changes in DMI.
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Figure 3.3. Interaction between ambient temperature and dew point

The interaction between ambient temperature and solar radiation is shown in Figure 3.4.
It shows that in cold temperature, and high solar radiation, DMI increases. On the other hand, as
temperature increases while solar radiation decreases, DMI decreased. There is a dearth of
information on the relationship between ambient temperature and solar radiation in cold weather
conditions. Few studies that have examined the influence of solar radiation and temperature in
livestock were conducted in warm to hot environments (Mader et al., 2006; Melton; 2018). A
classic study by Olson (1938) who examined the effect of solar radiation in dairy cattle in a
temperate environment reported that cattle left under outside under cold and direct solar radiation
require more energy compared with cattle that are not exposed to direct cold and solar radiation.

Olson (1938) attributed the difference between the two treatment groups to the energy demand
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when animals are exposed to harsh weather conditions. This is similar to what was observed in
this study where DMI is being affected by the interaction between ambient temperature and solar
radiation. This interaction corroborates the report of Mader et al (2010) that reported that a linear

relationship exists between ambient temperature and solar radiation.
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Figure 3.4. Interaction between ambient temperature and solar radiation

The interaction between range of temperature and dew point is shown in Figure 3.5. DMI
decreases with increasing range of temperature and increasing dew point while DMI increases
with increasing range of temperature and decreasing dew point. Fluctuating temperature and
amount of moisture in the air could have a significant impact on animals DMI because cattle rely
on evaporative cooling as a mean of energy loss (Blaxter, 1962). This process is affected
negatively when the dew point in the air is high because of a reduced moisture gradient between

the respiratory surface and the air. Stressed animals with reduced rate of evaporative cooling will
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have to adjust their metabolism to maintain homeothermy which could result in the observed
change in DMI. Cattle in the temperate region have been reported to be more sensitive to
increasing changes in temperatures and high dewpoint. This causes decrease in DMI which
suggests that they may be more sensitive to high ambient heat than is recognized currently (Hill

and Wall, 2017).
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Figure 3.5. Interaction between range of temperature and dew point

Wind speed and solar radiation interacted which decreased DMI. (Figure 3.6). DMI
decreased with increasing solar radiation and wind speed. This could be the effect of the radiant
heat of the sun that is absorbed by the cattle body which increases its body core temperature
especially in dark hided animals which are the major type of animals used in this study (Mader et
al., 2006). We presume on humid days, with hot solar radiation and high winds, this increases the

heat stress experienced by the animal which then decreases DMI intake. Humidity and heat as
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explained earlier makes it feel hotter than just humidity or heat alone. Wind speed could also
exacerbate this situation. On the other hand, if it is not humid, and it is hot with high wind speed,
it is expected that the wind should enhance the rate of evaporative cooling thereby ameliorating

the heat stress experienced by the cattle.
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Figure 3.6. Interaction between wind speed and solar radiation

3.6. Conclusion
In this study, we were able to show some relationships between weather variables and
how they influence DMI in the Northern Great Plains of North America. Ambient temperature
interacted with range of temperature, wind speed, dew point and solar radiation. Other
interactions between weather variables were the interaction between range of temperature and

dew point, as well as wind speed and solar radiation. This indicates that weather variables
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interact together and should be considered when creating DMI prediction models for beef cattle
in the Northern Great Plains. This will help in a better understanding of the factors that regulates
intake which warrants the need for empirical models as highlighted by Fisher (2002).
3.7. Implications

This study has helped in our understanding of weather variables that have an influence on
DMI and will facilitate improvement in the accuracy of current DMI models. More accurate
DMI predictions will assist producers in planning and making better decisions regarding the
management of their feed resources. At the same time, scientist and producers now have a better
knowledge of how each weather variable modeled interacts and how they have an impact on

DMI.
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CHAPTER 4. THE INFLUENCE OF WEATHER VARIABLES ON AVERAGE DAILY
GAIN OF BEEF STEERS
4.1. Abstract
Average daily gain is one of the most important measures producers utilize to measure

productivity of beef cattle. The objective was to examine how weather variables influence ADG.
Data from 790 beef steers collected through an Insentec feeding system were utilized for this
study. Daily data was condensed into weekly averages (n = 13,739 steer-weeks). The variables
considered were ADG (-3.0 to 4.86 kg/d), DMI (2.50 to 21.77kg/d), BW (197.3 to 796.1 kg),
dietary energy density (NEm; 1.2 to 2.5 Mcal/kg), average ambient temperature (-23.7 to 21.4
°C), range of temperature (2.8 to 19.4 °C), dew point (-27.8 to 14.3 °C), wind speed (2.08 to 6.49
km/h), solar radiation (30.8 to 297.1 W/m?), and two-week lag (average of previous two week’s
values) and monthly lag (average of previous four week’s values) of each weather variable.
Relationship between weather variables were considered while developing the model, including
controlling for confounding variables. Residuals of ADG generated after fitting week of year as a
fixed effect and experiment as a random effect were used in scatter plots with explanatory
variables to identify if non-linear relationships existed. The MIXED procedure of SAS with
Toeplitz variance-covariance structure was used to determine the final model of ADG, while
accounting for the effects of DMI, BW, dietary NEm and weather variables in the model. Body
weight and dietary energy density had linear relationships with ADG. Absolute dew point, two-
week lag of ambient temperature and monthly lag of wind speed had positive associations with
ADG. DMI, BW, NEm and range of temperature had a positive association with ADG. Monthly
lag of solar radiation interacted with monthly lag of range of temperature, absolute dew point,

two-week lag of ambient temperature and monthly lag of wind speed and accounted for variation
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in ADG. Other interactions were monthly lag of range of temperature interacting with dew point
and wind speed. Absolute dew point and two-week lag of ambient temperature also interacted all
significantly (P = 0.0001) affecting ADG. These data indicate that weather variables and their
interactions influence ADG and should be considered in ADG prediction equations.
4.2. Introduction

The overall aim of any beef cattle producer is to have a profitable enterprise and for this
to be achieved, the producer will need a system that will improve feed efficiency, minimize
costs, and increase profits (Archer et al., 1998; Miller et al., 2001; Basarab et al., 2007). Feed is
the major cost of beef production and production system efficiency depends on the feed input
and production output (Archer et al., 1998). One of the most important measures that beef cattle
producers utilize is average daily gain (ADG). Average daily gain (kg/d) is the amount of gain
(kg) accumulated per unit of feed, termed gain to feed (G:F) daily. There are many factors that
affect ADG which could either be grouped as genetic, environmental or their interaction.
Environmental factors that could affect ADG includes nutrition, management, disease, and
weather factors. The weather factors could include ambient temperature, wind speed, solar
radiation, and dew point. In extreme weather conditions, the net energy requirement of animals is
affected (NRC, 1981). Cold or heat stress, below or above the lower and upper critical
temperature of animals, triggers physiological responses which result in behavioral changes in
the animal. In cold conditions, the animal maintains homeostasis by peripheral vasoconstriction
to help in reducing energy loss to the environment while on the other hand, in heat stressed
animals, the mechanism is peripheral vasodilation where more heat is carried by the blood to the
skin and therefore lost to the environment. In any of the conditions above, the performance of the

animal could be affected because the maintenance of homeostasis is associated with hormonal
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and metabolic changes. These metabolic changes could directly have an influence on the
performance of the animal since the basal metabolism of the animal is influenced. Basal
metabolism is an outcome of chemical change which occurs in animal cells in their fasting and
resting state utilizing just adequate energy to maintain vital cellular activity, respiration, and
circulation (NRC, 1981). Weather variables could have an impact on basal metabolism, which in
turn determines the net energy requirement of the animal. Net energy requirement of the animal
is used for formulating diets for cattle and are divided into net energy for maintenance (NEm)
and net energy for gain (NEQ). Energy for maintenance must be met first before the animal can
use the rest for gain (NEg). Since the thermal environment influences NEm, it indirectly
influences NEg, which will determine the ADG of the animal. The objective of this study is to
examine the influence of weather variable on ADG of beef steers.
4.3. Materials and Methods

4.3.1. Data Collection

Data used for this experiment were collected from the Beef Cattle Research Complex of
North Dakota State University, Fargo, North Dakota located at latitude 46.9027853 degrees
North and longitude -96.8418183 degrees West. An Insentec feeding system (RIC feeding
system; Hokofarm Group, Marknesse, The Netherlands), which records the amount of feed
intake, number of visits, time of visit and meals for each animal, was used for the data collection.
The data used were from 10 experiments that were conducted between 2011 and 2017 (Table

4.1).
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Table 4.1. Experiments used in this study

Year (week of the year) n! of n of steer- Breed? Publication

steers  week
Start End observations
2011 (wk. 45) 2012 (wk. 4) 67 804 AN, SM, and SH Islas et al., 2014
2012 (wk. 46) 2013 (wk. 5) 94 1120 AN, SM, and SH Prezotto et al., 2017
2012 (wk. 10) 2012 (wk. 22) 63 819 AN, SM, and SH Swanson et al., 2014
2013 (wk. 6) 2013 (wk. 22) 66 1098 AN, SM, and SH Swanson, et al., 2017a
2013 (wk. 38) 2014 (wk. 5) 113 2260 AN-crossbred Swanson et al., 2018
2014 (wk. 11) 2014 (wk. 22) 44 527 AN, SM, and SH Swanson et al., 2017a
2014 (wk. 4) 2014 (wk. 22) 81 1339 AN, SM, and SH Rodenhuis et al., 2017
2015 (wk. 51) 2016 (wk. 18) 61 1211 AN, SM, and SH Knutson et al., 2020
2016 (wk. 45) 2017 (wk. 20) 134 3432 AN, SM, and SH Sitorski et al., 2019
2017 (wk. 46) 2018 (wk. 11) 67 1285 AN and SM Trotta et al., 2019

Ih=number

2AN = Angus, SM = Simmental, SH = Shorthorn

4.3.2. Weather Data

Data for weather variables were obtained from the North Dakota Agricultural Weather

Network (NDAWN) station for each experiment period included in this study. Each NDAWN

station is assumed to adequately represent all weather conditions, except rainfall, in a 32 km

radius (NDAWN, 2021). The NDAWN station, which is 2.33 km from the BCRC, provides five-

minute averages, hourly averages, daily, monthly, and yearly summaries for each supported

weather variable (NDAWN, 2021). For this study, daily summaries of each weather variable

were used for each experiment period included.

Weather variables modeled for this study included:
e Ambient temperature: the air temperature of the surrounding environment ('C)
e Absolute range in temperature: the difference between absolute minimum and
absolute maximum temperature
e Dew point: the temperature at which water vapor in the air begins condensing to

form liquid. The dew point temperature is calculated from the air temperature and
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relative humidity. Dew point temperature units are Fahrenheit or Celsius
(NDAWN, 2021).
e Wind speed: average of all measured wind speeds during the hour for a period of
24 hours). Wind speed is measured every 5 seconds 10 meters above the soil
surface with an anemometer (NDAWN, 2021).
e Solar radiation: total of all hourly totals of incident solar radiation energy for a
24-hour period from midnight to midnight (W/m2) (NDAWN, 2021). Total
incident solar radiation flux density is measured in Watts/m? at approximately 2 m
above the soil surface with a pyranometer
e The two-week lag and monthly lag of each weather variable was also considered.
Two-week lag is the average of the previous two week’s weather variable while
monthly lag is the average of the previous month’s weather variable in question.
4.3.3. Non-Weather Variables
The non-weather variables considered for this experiment include weekly average daily
gain (ADG), weekly average daily dry matter intake (DMI), weekly average body weight (BW),
dietary net energy of maintenance (NEm), experiment, and the week of the year. Week of the
year ranged from week 1 to 22 and week 30 to 52. In this study, only 1 experiment had
observations for weeks 23 to 29 which will result in inadequate sample and cause scaling issues
if they were included in models.
4.3.4. Data Management
Weekly average of ADG was calculated by dividing the difference in weekly BW by 7.
The daily feed intake data was averaged into weekly averages to reduce the day-to-day

fluctuation. The weekly dry matter analysis of the diet fed from each experiment was matched
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with the weekly feed intake to calculate the actual DMI consumed by each animal. Weekly BW
for each animal was calculated from the monthly BW data values by using simple linear
regression. Values for daily ambient temperature and solar radiation were converted into weekly
averages. Dietary energy density (NEm,) was calculated by using the equation of Lofgreen and
Garrett (1968) and Zinn and Chen (1998) using initial BW, final BW, average daily gain (ADG)
and average DMI. The descriptive statistics of the variables used in this study is shown in Table
4.2.

Table 4.2. Descriptive statistics of the variables used for this study

Variable? Mean Minimum Maximum SD? SE®
ADG, kg/d 1.56 -3.04 4.86 0.77  0.006
BW, kg 474.45 197.31 796.06 99.11 084
DMI, kg/d 10.69 2.50 21.77 274  0.02
NEm, Mcal/kg 2.01 1.19 2.52 0.24 0.00
Ambient temperature, °C

No lag -2.01 -23.73 21.40 1045  0.09

Two-week lag -2.18 -20.73 23.56 958 0.08

Monthly lag -2.20 -17.95 22.74 9.05 0.08
Range of temperature, ‘C

No lag 10.46 2.79 19.43 266  0.02

Two-week lag 10.28 4.57 15.80 2.24 0.02

Monthly lag 10.18 5.94 15.02 1.76  0.01
Wind speed, m/s

No lag 3.84 2.08 6.49 071 0.01

Two-week lag 3.85 2.34 4.96 0.52 0.00

Monthly lag 3.83 2.79 4.64 0.40  0.00
Solar radiation, W/m?

No lag 112.81 30.81 297.12 64.00 0.55

Two-week lag 107.30 34.56 271.98 58.57  0.50

Monthly lag 104.47 43.66 256.57 54.34 0.46
Dew point, 'C

No lag -7.00 -27.84 14.34 892  0.08

Two-week lag -6.97 -24.59 16.96 8.15 0.07

Monthly lag -6.89 -21.61 14.94 7.67  0.07

LVariable with 13,739 observations,
2SD = Standard error
3SE = Standard deviation.
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4.3.5. Statistical Analysis

Data were analyzed as a repeated measures design using the MIXED procedures of (SAS
Inst., Cary, NC) and within-individual relationship was accounted for using the Toeplitz
covariance structure. Week of the year was used as fixed effect and experiment was included as a
random effect to output the residuals. Correlation among weather variables was checked using
the PROC CORR statement of SAS. Linear and quadratic effects of all the weather variables
modeled were tested.

The model for fitting residuals, the base model and the final model were analyzed using
the restricted maximum likelihood estimation method (REML), while the maximum likelihood
(ML) was used in each step of the stepwise addition or removal of variables. Akaike information
criterion (AIC) and Bayesian information criterion (BIC) values were used to assess model fit
each time a variable was added to the model in a forward stepwise fashion. The parameter
estimates were outputted using the solution statement. The full model was refitted using REML
to obtain less biased estimates. For all the models, components with (P <0.05), F-values, and
their respective AIC and BIC values are reported.

4.4, Results and Discussion
4.4.1. Base Model

The variables included in the base model (Table 4.3) are week of the year (fixed effect),
experiment (random effect), linear effect of BW, and linear effect of NEm. The quadratic effect
of BW and NEm did not improve the model fit so it was not included in the base model. The

AIC and BIC values of the base model were 18,609 and 18,618, respectively.
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Table 4.3. Variables in the base model to predict ADG

Variable! Estimates SE! F-value P-value
Week of the year - - 29.89 0.0001
DMI, kg/d 0.01059 0.002849 13.80 0.0002
BW, kg 0.002985 0.000175 292.04 0.0001
NEm, Mcal/kg 1.0003 0.1221 67.10 0.0001

LVariable with 13,739 observations SE = Standard error, AIC = Akaike information criterion
(18,609), BIC = Bayesian information criterion (18,618)

4.4.2. Addition of Weather Variables to the Base Model Individually

The significant form of each weather variable when it was added to the base model is
shown in Table 4.4. When ambient temperature predictors were added to the base model
individually, monthly lag of ambient temperature accounted for the most variation in ADG.
When each of the three solar radiation variables were added individually to the base model,
monthly lag of solar radiation accounted for the most variation in ADG. For range of temperature
variables, monthly lag of range of temperature accounted for the most variation in ADG when
added to the base model individually. When the three wind speed variables were added to the
base model individually, two-week lag of wind speed accounted for the most variation in ADG.
When absolute dew point, two-week lag of dew point and monthly lag of dew point was added to

the base model individually, absolute dewpoint accounted for the most variation in ADG.
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Table 4.4. AIC, BIC, F and P values of each weather variable considered when added to the base
model individually

Variable! F-value  P-value AlC? BIC?
Base model - - 18,609 18,618
Ambient temperature

No lag 56.35 0.0001 18,412 18,434

Two-week lag 45.74 0.0001 18,423 18,444

Monthly lag 65.24 0.0001 18,403 18,424
Solar radiation

No lag 2.78 0.0954 18,463 18,485

Two-week lag 88.95 0.0001 18,381 18,403

Monthly lag 296.80 0.0001 18,185 18,207
Range of Temperature

No lag 0.08 0.7819 18,466 18,487

Two-week lag 20.37 0.0001 18,446 18,468

Monthly lag 56.28 0.0001 18,413 18,434
Wind speed

No lag 2.09 0.1484 18,464 18,485

Two-week lag 20.74 0.0001 18,447 18,468

Monthly lag 10.68 0.0011 18,456 18,477
Dew point

No lag 54.61 0.0001 18,415 18,436

Two-week lag 20.98 0.0001 18,446 18,467

Monthly lag 34.78 0.0001 18,433 18,454

Yvariable with 13,739 observations. Units are "C for ambient temperature, range of temperature
and dew point, m/s for wind speed and W/m? for solar radiation.

2AIC = Akaike information criterion.

3BIC = Bayesian information criterion.

4.4.3. Significant and Non-Significant Main Effect Weather Variables

Table 4.5 shows the addition and removal of the main effects that were significant (P <
0.05) in the first step of the forward stepwise regression when they were added individually. In
this second step, weather variables were added to the base model in forward stepwise and either

retained or not retained using a P-value (P<0.005) and AIC and BIC values. At the end, for

86



weather variables that were not significant, the other forms of that particular weather variable
were tested to examine if they would be significant before the variable was eliminated from the
model. Table 4.6 shows the significant main effects only. Table 4.7 shows the significant main
effects and all possible interactions between the main effects. The non-significant variables that
did not improve the model at the various steps of the backward stepwise regression process were
removed. Table 4.8 shows the significant variables in the final ADG model.

Table 4.5. Addition and removal of main effects in a stepwise fashion

Variable? P-value  Process? Criterion
AlC? BIC*

Base model 18,609 18,618
Monthly lag of solar radiation® 0.0001 A 18,185 18,207
Monthly lag of ambient temperature 0.4572 NR 18,187 18,208
Monthly lag of range of temperature® 0.0001 A 18,174 18,195
Two-week lag of wind speed 0.2204 NR 18,175 18,196
Absolute dew point® 0.0001 A 18,157 18,179
Two-week lag of ambient temperature®  0.0001 A 18,134 18,156
Absolute ambient temperature 0.0001 NR 18,141 18,163
Absolute wind speed 0.5930 NR 18,159 18,181
Monthly lag of wind speed® 0.0001 A 18,080 18,103

Yvariable with 13,739 observations. Units are "C for ambient temperature, range of temperature
and dew point, m/s for wind speed and W/m? for solar radiation.

2A = Addition of variable. NR on the same row variables were not retained.

3AIC = Akaike information criterion

*BIC = Bayesian information criterion

®Main effect variables that qualified for the next step of interactions.
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Table 4.6. Base model and significant main effects

Variable? P-value  Process Criterion
AlC? BIC?

Base model 18,632 18,641
Monthly lag of solar radiation 0.0001 A 18,185 18,207
Monthly lag of range of temperature 0.0001 A 18,174 18,195
Absolute dew point 0.0001 A 18,157 18,179
Two-week lag of ambient temperature  0.0001 A 18,134 18,156
Monthly lag of wind speed 0.0001 A 18,080 18,103

Yvariable with 13,739 observations. Units are "C for ambient temperature, range of temperature
and dew point, m/s for wind speed and W/m? for solar radiation. A= addition

2AlIC = Akaike information criterion

3BIC = Bayesian information criterion

Table 4.7. Main effects and all possible interactions

Variable! F-value  P-value
Base model

Week of the year 29.28 0.0001
DMI 12.94 0.0003
BW 287.61 0.0001
NEm 69.95 0.0001
Monthly lag of solar radiation 3.08 0.0794
Monthly lag of range of temperature 27.86 0.0001
Absolute dew point 106.67 0.0001
Two-week lag of ambient temperature 5.14 0.0233
Monthly lag of wind speed 13.14 0.0003
Monthly lag of solar radiation x Monthly lag of range of temperature 7.91 0.0049
Monthly lag of solar radiation x Absolute dew point 9.45 0.0021
Monthly lag of solar radiation x Two-week lag of ambient temperature 19.83 0.0001
Monthly lag of solar radiation x Monthly lag of wind speed 14.14 0.0002
Monthly lag of range of temperature x Absolute dew point 96.24 0.0001
Monthly lag of range of temperature x Two-week lag of ambient temperature 2.83 0.0926
Monthly lag of range of temperature x Monthly lag of wind speed 6.57 0.0104
Absolute dew point x Two-week lag of ambient temperature 74.48 0.0001
Absolute dew point x Monthly lag of wind speed 4.69 0.0303
Two-week lag of ambient temperature x Monthly lag of wind speed 0.42 0.5167

YVariable with 13,739 observations. Units are kg for BW, Kg/d for DMI, Mcal/kg® for NEm, ‘C for
ambient temperature, range of temperature and dew point, m/s for wind speed and W/m? for solar
radiation.
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Table 4.8. Main effects and significant interactions of final model using REML estimation

Variable! Estimates SE? F-value P-value
Intercept -3.9298 0.4948 -7.94 0.0001
Base model

Week of the year 33.39 0.0001
DMI 0.01031 0.002746 14.10 0.0002
BW 0.002927 0.000173  286.10 0.0001
NEm 1.0127 0.1218 68.91 0.0001
Monthly lag of range of temperature 0.2609 0.04637 31.65 0.0001
Absolute dew point -0.07644 0.005621  184.93 0.0001
Two-week lag of ambient temperature -0.00838 0.003195 6.87 0.0088
Monthly lag of wind speed 0.3182 0.09289 11.73 0.0006
Monthly lag of solar radiation x Monthly lag of range of -0.00030 0.000103 8.44 0.0037
temperature

Monthly lag of solar radiation x Absolute dew point 0.000069  0.000023 9.38 0.0022
Monthly lag of solar radiation x Two-week lag of ambient -0.00009 0.000023 16.39 0.0001
temperature

Monthly lag of solar radiation x Monthly lag of wind speed -0.00139 0.000326 18.21 0.0001
Monthly lag of range of temperature x Absolute dew point 0.006527  0.000596 120.06 0.0001

Monthly lag of range of temperature x Monthly lag of wind -0.03221 0.009969 10.44 0.0012
speed

Absolute dew point x Two-week lag of ambient -0.00112 0.000123 82.76 0.0001
temperature

Yariable with 13,739 observations. Units are kg for BW, kg/d for DMI, Mcal/kg for NEm, °C for ambient
temperature, range of temperature and dew point, m/s for wind speed and W/m? for solar radiation.
2SE = Standard error

4.4.4. How Weather Variables Interacted to Affect ADG
4.4.4.1. Monthly Lag of Solar Radiation and Monthly Lag of Range of Temperature
Interacted to Influence ADG

We observed a decrease in ADG with increasing solar radiation and increasing range of
temperature (Figure 4.1.). Solar radiation has been reported to affect cattle. That is why shaded
cattle have been observed to perform better than unshaded cattle. A classic study by Kelly et al.
(1950) examined the influence of different thermal sources on a shaded animal. Kelly et al.
(1950) observed that 28% of the radiant heat load experienced by the animal came from the sky,

21% from the shade material, 18% from the sunny ground, and 33% from the shaded ground.
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This shows how much solar radiation contributes to the heat load of animal even when some
shade is provided. A study by Bond et al. (1967) concluded that providing simple shade by
intercepting the sun can reduce heat load as a result of radiant heat by 30% or more. The study
by Bond et al. (1967) examined the radiation of the sun using a spherical and flat surface under
the shade and in the sun to estimate how much radiation of sun is absorbed by animals. It was
observed that one fifth to one-quarter of the total radiant flux of either shape under the shade was
energy with wavelengths of < 5um. These wavelengths are the diffuse short wavelength solar
energy. This shows that even when an animal is shaded and prevented from the direct exposure
to sunlight, it is still exposed to large amount of diffuse solar energy which affects their body
temperature or make them become stressed in hot weather. If cattle does not dissipate the heat
effectively, they could become heat stressed and will have to reduce metabolic heat production
by reducing feed intake which could all overall affect the growth of the animal. Morrison (1983)
reported that heat stress lowers milk production and growth rate in cattle. Cattle in North
America have been reported to be affected more negatively by heat stress as compared to cold
stress. Cold fluctuating temperature could also change the thermal balance of the animals
because acclimatization is not a fast process, it is gradual, and the process occurs in 2 phases
(acute and chronic). It involves changes in secretion rate of hormones and receptors population
in target tissues. Shae and Joleen (2012) examined the weather risk effect on cattle production
and profitability in North Dakota. Shae and Joleen (2012) reported that there was a decrease in
ADG of 0.06 - 0.08 kg/d for every day increase in cold stress. This indicates the effects of
thermal environment of ADG. Fluctuation in temperature as a result of too rapid cooling of the

environmental temperature and too rapid rate of heat loss by the animal could lead to

90



hypothermia and on the other hand, too rapid rate of heating up and too slow of a loss of heat by

the animal could lead to hyperthermia (NRC, 1981).
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Figure 4.1. The effect of the interaction between solar radiation and range of temperature on
ADG

4.4.4.2. Monthly Lag of Solar Radiation Interacted with Dew Point to Affect ADG

In this study, at dew points below -2.5 °C, and increasing solar radiation, there was an
observed increase in ADG. On the other hand, with dew point temperature above 5.9 °C and
increasing solar radiation, ADG decreased (Figure 4.2). The radiant energy from the sun has
been known to influence the thermal energy of the animal. Cattle raised in the Northern Great
Plains experience long winters characterized by prolonged periods of cold. These long periods of
cold increase the maintenance energy requirement of the animals and has been reported to the
largest investment of food energy in the cattle production system (Malechek and Smith, 1976).
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With all the studies over the years, the exact knowledge of the processes of acclimatization to
cold by large domestic animals is generally incomplete (Webster, 1974). We believe solar
radiation increases the thermal energy of the cattle in the Northern Great Plains in the winter
from the radiant heat absorbed by the animal’s body which in turn reduces the cold stress
experienced by the cattle. It has been reported that cattle in the Northern Great Plains have a
behavioral response of orienting the body to the sun to maximize irradiative heat gain on cold,
sunny days and this contributes some energy to the animal’s thermal balance (Walsberg, 1992).
It also makes sense that the amount of moisture in the air interacts with the radiant energy of the
sun since overall, it has been reported that high amount of moistures in the air hinders the ability
of the animal to dissipate heat during heat stress. The observed interaction between solar
radiation and dew point on ADG influences the thermal balance of the animal which in turn
affects the gain of the animal since animals must acclimate to short term- deviations from the
running average of environmental conditions in a constantly changing winter environment (Senft
and Rittenhouse, 1985). How weather variables interact together have been studies by other
authors, Hahn (1985) examined the impact of weather on beef cattle, they concluded that
temperature alone cannot be attributed to the death of the animals that occurred in their study.
Hahn (1985) summarized that humidity, precipitation, and solar radiation are strong modifiers of

the thermal environment.
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Figure 4.2. The effect of the interaction between solar radiation and dew point on ADG
4.4.4.3. Monthly Lag of Solar Radiation Interacted with Two-Week Lag of Ambient
Temperature to Affect ADG

Solar radiation and temperature interacted to affect ADG. There was an increase in ADG
with increasing solar radiation and decreasing temperature (< -5.7 'C). ADG decreased with
increasing temperature and increasing solar radiation (Figure 4.3.). This describes the impact of
ambient temperature and solar radiation as a thermal stressor on cattle. Some studies have shown
that there is a strong relationship between ambient temperature and solar radiation, and it
negatively affects the efficiency of cattle (Olson, 1938, Mader et al. 2010). Solar radiation is
absorbed by the environment, the ground, and the cattle body. Solar radiation has been reported

to directly affect the surface an animal has contact with as well as the temperature of the animal,
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especially in dark-hided cattle (Mader et al., 2006). The nature and temperature of the floor or
other contact surfaces have also been reported to determine the rate of heat flow from an animal
(NRC, 1981). Yusuf et al (2020) examined the influence of solar radiation and ambient
temperature on DMI in beef cattle. In their study, they observed that solar radiation and ambient
temperature interacted to affect DMI. This is similar to what is observed in this study. If solar
radiation interacted to affect DMI, therefore it would most likely affect ADG since ADG is
correlated with DMI. A study by Keren and Olson (2006) examined the thermal balance of cattle
grazing winter range, they reported that cattle can mitigate the effect of extreme cold weather by
using short-term behavioral responses like orienting to the sun’s direct beam and seeking shelter
from strong winds. This result is supported by the reports from NRC (1981) that stated that
animals in sunlight gains some net energy of heat by thermal radiation that results in an increase
in effective ambient temperature of between 3 - 5 “C which is beneficial for animals in the

Northern Great plains and could result in efficient energy use indirectly influencing ADG.
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Figure 4.3. The effect of the interaction between solar radiation and temperature on ADG

4.4.4.4. Monthly Lag of Solar Radiation Interacted with Monthly Lag of Wind Speed to Affect
ADG

Solar radiation and wind speed interacted to affect ADG. There was a decrease in ADG
with increasing solar radiation and increasing wind speed (Figure 4.4). In cold weather, it is less
clear if environmental modifications such as the use of shelter or wind breaks to minimize the
effects of weather extremes could be beneficial for other purposes besides combating cold stress
as a result of wind. It has been reported that wind has an influence on the thermal environment.
In the cold environment, high winds make the temperature feel colder which is generally
regarded as wind chill (Ames and Insley, 1975). Solar radiation and wind speed are known to

contribute to the amount of thermal stress experienced by cattle. Walsberg (1992) reported that
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solar radiation can contribute 1000 W/m?to the total heat load of an animal. Mader and Davis
(2004) in a study accounted for wind speed and solar radiation using temperature humidity index
(THI). Mader and Davis (2004) observed that for each 1 m/s increase in wind speed, THI was
reduced by 3.14 units and on the other hand for each 100 W/m? decrease in solar radiation, THI
was reduced by 1.49 units. This shows how wind speed and solar radiation affect the thermal
balance of the environment which has a direct effect on the animal. Wind speed has been
reported to help the animal dissipate heat. In a report by NRC (1981), they observed that when
wind speed goes below 2 m/s, the ability of the animal to dissipate heat is reduced but Mader and
David (2004) observed that even above 2 m/s, wind speed could still be beneficial in heat

dissipation since they did not observe any quadratic or curvilinear relationship in their model.
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Figure 4.4. The effect of the interaction between solar radiation and wind speed on ADG
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4.4.4.5. Monthly Lag of Range of Temperature Interacted with Absolute Dew Point to Affect
ADG

The interaction between range of temperature and dew point and its effect on ADG is
shown in Figure 4.5. ADG increases with increasing dew point temperature and increasing range
of temperature. On the other hand, ADG decreases with decreasing dew point temperature and
increasing range of temperature. This shows that fluctuation in temperature has an impact on the
animal because cattle generally take time to fully acclimatize to cold weather. Short term
responses to fluctuation in weather may include change in DMI to compensate for the change in
the thermal environment which in turn will affect their ADG if the net heat loss is higher than the
net heat gained. Fluctuation in temperature and its thermal impact on the animal could be further
exacerbated by the amount of moisture in the air. Animals rely on evaporative cooling during hot
weather, therefore if the dew point is high, evaporative cooling by the animal may be hindered
which results in more thermal stress on the animal which in turn affects the animal’s production.
Hill and Wall (2015) examined the influence of weather variables on milk yield and composition
of dairy cows in a temperate environment. In the study by Hill and Wall (2014), they observed a
decline in milk protein as temperature humidity index increases. The temperature humidity index
in which the milk protein started declining in their study was lower than other similar studies
(Ravagnolo et al., 2000; Gauly et al., 2013). They attributed the differences observed in their
study and the other studies to the adaptation of the animals to heat in other studies compared to
theirs. This shows that animals in temperate environments adapted to the cold environment when
exposed to heat stress as a result of temperature humidity interaction could have a lower

tolerance which could cause a decline in their production. We believe this is similar in beef cattle
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also, the upper critical temperature of cattle in colder temperate regions like North Dakota is

lower and as a result they could become heat stressed faster when temperature fluctuates.
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Figure 4.5. The effect of the interaction between range of temperature and dew point on ADG
4.4.4.6. Monthly Lag of Range of Temperature Interacted with Monthly Lag of Wind Speed to
Affect ADG

The interaction between monthly lag of range of temperature and monthly lag of wind
speed and its effect on ADG is shown in Figure 4.6. As range of temperature and wind speed
increased, ADG decreased up to 4.0 kg/d. This explains that wind speed increases the effect of
variation in temperatures on the growth of animal. Cold and fluctuating temperature has been
reported to cause cold stress in animals especially when it is accompanied with high winds.

Constable et al (1999) reported that cold air temperature and excessive wind or humidity are
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major stressors in newborn calves because of their small body insulation and increases body
surface and body mass ratios. Fluctuation in temperature and its interaction in dew point as
observed in this study could impact ADG since the steers will have to divert energy to provision
of warmth and production of more hair coat to decrease the effect of the cold stress. A study by
Mark and Schroeder (2002) examined the effect of weather on average daily gain and
profitability. Mark and Schroeder (2002) reported observing a reduced profit of $0.15/head for
cattle fed during winter when there is 1% increase in the percent of days with cold stress (low
temperature and high wind speeds). This shows temperature and wind speed interacts to affect
the productivity of cattle and subsequently decreases profit margin for the producer. Other
authors such as Davis and Mader (2003) recognized the influence of wind speed on temperature.
In their model, they gave an adjustment of 1.072 units decrease in THI for every 1.61 km/hr
increase in wind speed. NRC (2001) reported that in extreme cold situations, DMI does not
increase at the same rate as metabolism, for this reason, animals are in a negative energy balance,
and therefore divert the energy which would have been used for gain or production to heat for
warmth. During the review of literature, there are no studies that have examined the influence of
range of temperature on DMI intake and this study has shown that range of temperature

(fluctuating temperature) and wind speed impacts DMI in steers.
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Figure 4.6. The effect of the interaction between range of temperature and wind speed on ADG

4.4.4.7. Dew Point and Two-Week Lag of Ambient Temperature Interacted to Affect Ambient
Temperature

Dew point and two-week lag of ambient temperature interacted to affect ambient
temperature (Figure 4.7). Low (-27.8 °C) dew point temperature and low ambient temperature (-
23.7°C), negatively influenced ADG. As temperature reached 3.3°C, dew point had a small effect
on ADG. When temperature was 21.4 ‘C, dry dew point increased gain but wet dew point
decreased gain. This shows that low dew point impacts ADG positively to a certain point after
which as temperature increases, it gradually results to decreased efficiency in the animal because
of heat stress. Dew point which is a measure of the amount of moisture in the air has been shown

to reduce the effective insulation of an animal’s coat (Blaxter and Wainman 1964; Webster and
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Park, 1967; Ames et al., 1975). It has been reported that animals unfortunately reduce their DMI
during inclement weather which even makes them more susceptible to cold. However, it was
expected that the animals in this study should have adapted to the extreme cold conditions and
that could be why the impact of low dew point temperature and ambient temperature on their
ADG was not high. Dill and Irving (1964) reported that cold adapted animals suffer less in
extreme cold than similar non adapted animals. Reduction in feed efficiency in winter fed
animals has long been known. Elam (1971) compared efficiency between summer and winter fed
animals in commercial feedlots in southern California and midwestern states. Elam (1971)
reported a 14 to 20 % lower feed to gain ratio by the feedlot cattle in California during winter.
This shows that energy demand of the cattle during winter increases because of cold temperature

and it impacts their growth performance.
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Figure 4.7. The effect of the interaction between dew point and ambient temperature on ADG
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4.5. Conclusion
Weather has a significant impact on cattle raised in the Northern Great Plains and their
productivity is affected as a result of the changes in energy demand and the thermal effects of
weather exerted on them. Weather variables are complex and interact with each other to affect
ADG of cattle. In this study absolute dew point was the greatest single main effect that affected
ADG. Solar radiation interacted with range of temperature, dew point, ambient temperature, and
wind speed and all other interactions accounted for some variation in ADG. Monthly lag of range
of temperature and ambient temperature both interacted with dew point and were the two sets of
interactions that accounted for the greatest variation in ADG from all the interactions modelled.
4.6. Implications
There are no ADG models that accounted for the effect of weather variables in their
equations. This study has showed that weather variables influence ADG and will improve current
ADG models. Improving predictions of ADG, which is an important measure of productivity
used by beef cattle producers, will enhance the overall efficiency of their enterprise.
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CHAPTER 5. HOW WEATHER VARIABLES INFLUENCED DRY MATTER INTAKE
(DMI) OF BEEF COWS
5.1. Abstract
Models that can predict dry matter intake (DMI) of cows will help in efficient allocation

and management of feed resources. A study was undertaken to understand the relationship
between weather variables and DMI of beef cows in the Northern Great Plains of North America.
Data from 155 beef cows with 2,161 observations (cow-weeks) was utilized. The variables
utilized for this study were BW ( 455.10 to 875.43 kg ), DMI (9.03 to 27.69 kg/d), NEm intake
(9.16 to 46.12 Mcal/d), ambient temperature (-18.86 to 23.88°C), range of temperature (4.54 to
13.82 °C), wind speed (2.29 to 5.39 m/s), solar radiation (30.97 to 292.61 W/m?) dew point (-
21.42 10 19.15 °C), and two-week lag (average of previous two week’s values) and monthly lag
(average of previous four weeks values) of each weather variable. Residuals of DMI fitting week
of the year (fixed), and treatment (random), were used to generate scatter plots to identify if
linear relationships existed. BW and other weather variables had a linear relationship with DMI,
while NEm intake had both linear and quadratic relationships with DMI. For the model, MIXED
linear regression of SAS was used using stepwise regression. Model fits were determined using
P-values, AIC, and BIC values. Absolute ambient temperature and range of temperature were
weather predictors (P < 0.05) of DMI. Wind speed interacted (P <0.05) with ambient temperature
and range of temperature, and this accounted for additional variation in DMI of beef cows. These
results help to gain more understanding of the relationship between weather variables and DMI

in beef cows.
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5.2. Introduction

Feed intake in ruminants, especially cows, is complex and having models that will
reliably explain the control of feed intake has been challenging. Feed intake models that can
predict dry matter intake (DMI) of cows are useful tools for efficient utilization and allocation of
feed resources to cows. Cow’s DM is difficult to predict because of frequent fluctuation in their
intake caused by hormonal changes which could be due to estrus, pregnancy, and lactation.
There has been reliance on empirical models because of the complexity of DMI control and lack
of availability of adequate, mechanistic models (Gunter, 2017). The available empirical models
(NRC, 1981; NRC 2000; NASEM, 2016) have only been able to typically account for around 50
to 70 % of the variation in intake with standard errors of around 5% which can be attributed as
relatively high (Gunter, 2017). At the same time, these models have not been adequate for cows
in extremely cold environment like the Northern Great Plains. These models also do not account
for some weather variables that might interact together to affect DMI of beef cows. There is a
difference in the intake of cows compared with growing animals and so there is a need for
models that can account accurately estimate the intake of cows. There is also a difference in
cows fed roughage diets with supplements. In this study, the cows were fed intensively. The
objective of this study is to understand which weather variables affect DMI of beef cows and
identify the weather variables that are more important in predicting DMI of beef cows.

5.3. Materials and Methods

5.3.1. Data Collection

Data used for this experiment were collected from the Beef Cattle Research Complex of
North Dakota State University, Fargo, North Dakota located at latitude 46.9027853 degrees

North and longitude -96.8418183 degrees West. An Insentec feeding system (RIC feeding
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system; Hokofarm Group, Marknesse, The Netherlands), which records the amount of feed
intake, number of visits, time of visit and meals for each animal, was used for the data collection.
The data used were from 3 experiments that were conducted in years 2011, 2015 and 2020
(Table 5.1).

Table 5.1. Experiments used in this study

Year (week of the year) n! of n of cow- Breed? Publication
COWS week

Start End observations

2011 (wk. 43) 2012 (wk. 2) 48 530 AN, SM, SH, and Crossbred Klein et al.,
2014

2015 (wk. 44) 2016 (wk.18) 47 1,181 AN Tanner et al.,
2020

2020 (wk.28) 2012 (wk.36) 57 450 AA, AN, SH, SM, and crossbred  Mosher et al.
2021

n=number.

2AN= Angus, SM = Simmental, SH = Shorthorn, AA = America Aberdeen.

5.3.2. Weather Data
Data for weather variables were obtained from the North Dakota Agricultural Weather
Network (NDAWN) station for each experiment period included in this study. Each NDAWN
station is assumed to adequately represent all weather conditions, except rainfall, in a 32 km
radius (NDAWN, 2021). The NDAWN station, which is 2.33 km from the BCRC, provides five-
minute averages, hourly averages, daily, monthly, and yearly summaries for each supported
weather variable (NDAWN, 2021). For this study, daily summaries of each weather variable
were used for each experiment period included.
Weather variables modeled for this study included:
e Ambient temperature: the air temperature of the surrounding environment ('C)
e Absolute range in temperature: the difference between absolute minimum and

absolute maximum temperature
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Dew point: the temperature at which water vapor in the air begins condensing to
form liquid. The dew point temperature is calculated from the air temperature and
relative humidity. Dew point temperature units are Fahrenheit or Celsius
(NDAWN, 2021).

Wind speed: average of all measured wind speeds during the hour for a period of
24 hours). Wind speed is measured every 5 seconds 10 meters above the soil
surface with an anemometer (NDAWN, 2021).

Solar radiation: total of all hourly totals of incident solar radiation energy for a
24-hour period from midnight to midnight (W/m?) (NDAWN, 2021). Total
incident solar radiation flux density is measured in Watts/m? at approximately 2 m
above the soil surface with a pyranometer.

The two-week lag and monthly lag of each weather variable was also considered.
Two-week lag is the average of the previous two week’s weather variable while

monthly lag is the average of the previous month’s weather variable in question.

5.3.3. Non-Weather Variables

The non-weather variables considered for this experiment include weekly average dry

matter intake (DMI), weekly average body weight (BW), dietary net energy of maintenance

intake (NEm intake), treatment, and the week of the year. Week of the year ranged from week 1

5.3.4. Data Management

The daily feed intake data was averaged into weekly averages to reduce the day-to-day

fluctuation. The weekly dry matter analysis of the diet fed from each experiment was matched

with the weekly feed intake to calculate the actual DMI consumed by each animal. Weekly BW
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for each animal was calculated from the monthly BW data values by using simple linear
regression. Values for all weather variables were converted into weekly averages. Dietary energy
density (NEm) was estimated using diet composition in the Beef Cattle Nutrient Requirement
Model by NASEM (2016). NEm concentration was multiplied by DMI to arrive at the NEm
intake of each observation. The descriptive statistics of the variables used in this study is shown
in Table 5.2.

Table 5.2. Descriptive statistics of the variables in this study

Variable! Mean Minimum Maximum SD? SE®
BW, kg 693.29 455.1 887.53 72.14  1.56
DM, kg/d 16.15 9.03 27.69 3.85 0.08
NEm intake, Mcal/d 23.57 9.16 46.12 764 0.16
Ambient temperature, 'C

No lag 3.56 -18.86 23.88 1091 0.23

Two-week lag 4.15 -15.86 24.52 1096 0.24

Monthly lag 4,72 -12.47 23.54 1094 0.24
Range of temperature, "C

No lag 9.93 4.54 13.82 199 0.04

Two-week lag 9.91 5.08 13.22 168 0.04

Monthly lag 10.05 6.32 12.82 167 0.04
Wind speed, m/s

No lag 3.41 2.28 5.39 0.66 0.01

Two-week lag 3.44 2.50 4.81 057 0.01

Monthly lag 3.46 2.52 4.37 0.46 0.01
Solar radiation, W/m?

No lag 118.14 30.97 292.61 76.70 1.65

Two-week lag 118.22 34.56 288.62 7493 161

Monthly lag 121.81 43.94 282.72 76.28 1.64
Dew point, 'C

No lag -1.23 -21.43 19.15 10.22 0.22

Two-week lag -0.71 -18.26 18.96 10.14 0.22

Monthly lag -0.35 -14.81 17.78 9.88 0.21

\/ariable with 2,161 observations.
2SD = Standard error.
3SE = Standard deviation.
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5.4. Statistical Analysis

Data were analyzed as a repeated measures design using the MIXED procedures of (SAS
Inst., Cary, NC) and within-individual relationship was accounted for using the Toeplitz
covariance structure. Week of the year was used as fixed effect and experiment was included as a
random effect to output the residuals. Correlation among weather variables was checked using
the PROC CORR statement of SAS. Linear and quadratic effects of all the weather variables
modeled were tested.

The model for fitting residuals, the base model and the final model were analyzed using
the restricted maximum likelihood estimation method (REML), while the maximum likelihood
(ML) was used in each step of the stepwise addition or removal of variables. Akaike information
criterion (AIC) and Bayesian information criterion (BIC) values were used to assess model fit
each time a variable was added to the model in a forward stepwise fashion. The parameter
estimates were outputted using the solution statement. The full model was refitted using REML
to obtain less biased estimates. For all the models, components with (P <0.05), F-values, and
their respective AIC and BIC values are reported.

5.5. Results and Discussion

The base model used in this study is shown in table 5.3. In the base model, week of the
year (fixed effect), treatment (random effect), linear effect of BW, linear effect of NEm intake,
and quadratic effect of NEm intake were included. The quadratic effect of BW was not

significant in the model, so it was not included in the base model.

111



Table 5.3. Variables in the base model

Variable Estimates SE! F-value P-value
Week of the year - - 28.96 0.0001
BW, kg 0.0017 0.00055 9.43 0.0022
NEm intake, Mcal/day
Linear 0.8413 0.02064 1661.57 0.0001
Quadratic -0.00598 0.000367 265.43 0.0001

1SE= standard error, AIC = 5,022.3, and BIC = 5,020.7.

The individual addition of weather variables to the base model is shown in table 5.4.
Except for wind speed, which had monthly lag of wind speed as the most significant form, all
other weather variables had their absolute form as the most significant variable when added to
the base model individually.

Table 5.4. Individual additions of variables to the base model

Variable! F-value P-value AlC? BIC?
Base model - - 5,022.3 5,020.7
Ambient temperature, °C

No lag 5.15 0.0233 4,968.9 4,965.2

Two-week lag 1.08 0.2978 4,973.2 4,969.5

Monthly lag 1.17 0.2788 4,972.8 4,969.1
Solar radiation, W/m?

No lag 19.20 0.0001 4,955.5 4,951.7

Two-week lag 3.80 0.0510 4,970.6 4,966.8

Monthly lag 14.52 0.0001 4,960.3 4,956.6
Range of temperature, "C

No lag 25.30 0.0001 4,949.6 4,945.9

Two-week lag 1.35 0.2447 4,972.7 4,968.9

Monthly lag 15.63 0.0001 4,958.9 4,955.2
Wind speed, m/s

No lag 8.42 0.0041 4,966.4 4,962.7

Two-week lag 5.27 0.0218 4,969.3 4,965.6

Monthly lag 17.16 0.0001 4,958.3 4,954.6
Dew point, °C

No lag 7.59 0.0059 4,966.8 4,963

Two-week lag 0.58 0.4478 4,973.4 4,969.7

Monthly lag 0.13 0.7220 4,973.8 4,970.1

Lvariable with 2,161 observations.
2AIC = Akaike information criterion.
3BIC = Bayesian information.
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The addition and removal of main effects in a stepwise fashion is shown in Table 5.5.
Absolute dew point and solar radiation were not significant in the stepwise addition of main
effects to the base model, so they were removed. The significant main effects in the first step of
our linear regression are shown in Table 5.6. These are the variables that qualified for the next
step of interactions. Table 5.7 shows the main effects and all possible interactions between them.
Two variables were removed from Table 5.7, these are the variables that are not significant in the
second phase of our stepwise regression model and are shown in Table 5.8. The variables in the
final model are shown in Table 5.9.

Table 5.5. Addition and removal of main effects in a stepwise fashion

. Criterion

Variable! P-value Process?

AIC? BIC*
Base model 5,022.3 5,020.7
Absolute ambient temperature® 0.0233 A 4,968.9 4,965.2
Absolute range of temperature® 0.0001 A 4,947.4 4,943.6
Monthly lag of wind speed® 0.0010 A 4,937.7 4,933.9
Absolute dew point 0.9406 NR 4,939.7 4,935.8
Absolute solar radiation 0.1755 NR 4,937.9 4,934

Yvariable with 2,161 observations. Units are ‘C for ambient temperature, range of temperature and dew
point, m/s for wind speed and W/m? for solar radiation.

2A = Addition of variable. NR on the same row variables were not retained.

3AIC = Akaike information criterion.

“BIC = Bayesian information criterion.

®Main effect variables that qualified for the next step of interactions.

Table 5.6. Main effects remaining in the model

. Criterion
Variablel P-value
AIC? BIC?
Base model 5,022.3 5,020.7
Absolute ambient temperature 0.0233 4,968.9 4,965.2
Absolute Range of temperature 0.0001 4,947.4 4,943.6
Monthly lag of Wind speed 0.0010 4,937.7 4,933.9

Yvariable with 2,161 observations. Units are ‘C for ambient temperature, range of temperature and dew
point, m/s for wind speed and W/m? for solar radiation.

2AIC = Akaike information criterion.

BIC = Bayesian information criterion.
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Table 5.7. Significant main effects and all possible interactions between variables

Variable! F-value P-value
Base model
Week of the year 29.39 0.0001
BW 8.41 0.0038
NEm intake

Linear 2004.62 0.0001

Quadratic 348.75 0.0001
Absolute ambient temperature 4.92 0.0266
Absolute range of temperature 1.67 0.1961
Monthly lag of wind speed 1.14 0.2863
Absolute ambient temperature x Absolute range of temperature 1.22 0.2694
Absolute ambient temperature x Monthly lag of wind speed 3.75 0.0529
Absolute range of temperature x Monthly lag of wind speed 1.57 0.2104

YVariable with 2,161 observations. Units are Mcal/d for NEm intake, “C for ambient temperature, range of
temperature and dew point, m/s for wind speed and W/m? for solar radiation. AIC = Akaike information
criterion (4,936.2), BIC = Bayesian information criterion (4,932.2).

Table 5.8. Summary of variables removed from the model in the second stage. Cut off points
used were P-value = 0.002 and F = 5.0

Variable! F-value  P-value Elimination Criteria
step AIC? BIC3
Base model
Monthly lag of wind speed 1.14 0.2863 1 49353 14,9314
Absolute ambient temperature x Absolute range of 0.10 0.7547 2 4,933.4 4,9295
temperature
Yvariable with 2,161 observations. Units are °C for ambient temperature and range of temperature and m/s for wind
speed.

2AIC = Akaike information criterion
3BIC = Bayesian information criterion
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Table 5.9. Final model with significant variables using REML estimation

Variable! Estimates SE? F-value  P-value
Intercept -1.8627 1.1679 0.1716
Base model
Week of the year 30.13 0.0001
BW 0.001695 0.000554 9.38 0.0022
NEm intake
Linear 0.8391 0.2054 1668.53 0.0001
Quadratic -0.00597 0.000366 265.51 0.0001
Absolute ambient temperature -0.2329 0.08381 7.72 0.0055
Absolute range of temperature 0.3236 0.06986 21.46 0.0001
Absolute ambient temperature x Monthly lag of wind speed 0.05970 0.02286 6.82 0.0091
Absolute range of temperature x Monthly lag of wind speed  -0.07236 0.01892 14.63 0.0001

Lvariable with 2,161 observations. Units are “C for ambient temperature, range of temperature, m/s for wind speed,
and Mcal/d for NEm intake. AIC = Akaike information criterion (5,001.2), BIC = Bayesian information criterion
(4,999.7).

2SE= standard error

The main effect of ambient temperature shows that as ambient temperature increases,
there is a reduction in DMI. For range of temperature, as range of temperature increases, DMI
also increases.

The effect of the interaction between ambient temperature and wind speed on DMI of
cows is shown in Figure 5.1. At low temperature, DMI decreases with increasing wind speed. On
the other hand, at high (warmer) temperatures, DMI increases with increasing wind speed. The
effect of temperature and wind speed has been reported previously (NRC, 1981). Wind speed is
known to exacerbate the effect of cold temperatures. In hot weather, wind speed is known to
increase the rate of evapotranspiration thereby reducing the effect of heat load on animals. In this
study, we believe that the reduction in DMI observed as wind speed increases in cold weather
could be because of the effect of wind chill which causes extreme acute cold stress in animals
thereby affecting their DMI. Acute cold stress has been reported to cause changes in grazing
cows (Adams, 1987). In this study, the cows were mostly fed forages and we believe the effect of
cold stress on DMI by cows could be similar to what was reported by Adams (1987). Stanton
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(1985) also reported that feed intake in cold stressed feedlot beef cattle does not increase in cold

weather which is similar to what we observed.
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Figure 5.1. How ambient temperature interacted with wind speed to affect DMI of cows.

The effect of the interaction between range of temperature and wind speed on DMI of
cows is shown in Figure 5.2. With increasing wind speed, DMI is higher at lower range of
temperature and decreases as range of temperature increases. This shows that no matter the range
of temperature, higher wind speed has a negative effect on DMI when temperature fluctuates.
Fluctuation in temperature impacts the physiological mechanism of temperature regulation in
cattle since generally, cattle adjust to changes in temperature gradually over time. Also, the
temperature an animal has been previously exposed to affects its current basal metabolism as

reported by NRC (1981). Therefore, abrupt high fluctuation in temperature could impact the
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metabolism of the animal which could result in changes in DMI since total heat production and
external insulation are physiological changes that determine the rate of increase in energy when
temperature is below the lower critical temperature in cold weather. In hot weather, lowering
metabolic heat production to combat the heat stress when temperature is above the upper critical

temperature would cause a reduction in DMI.
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Figure 5.2. How range of temperature interacted with wind speed to affect DMI of cows.
5.6. Conclusion
Wind speed interacted with ambient temperature and range of temperature, and this
accounted for additional variation in DMI of beef cows. This adds to our current understanding
of the relationship between weather variables and DMI. Although the number of observations

used in this study was adequate (2,161 cow-week observations), the result of this study should be
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interpreted with caution because of the low number of data points compared to some other
models by the same authors.
5.7. Implication

This study will contribute to the improvement of the current DMI models most especially
since the current ones are not a good fit for the Northern Great Plains. Our model adds range of
temperature and the interactions between wind speed with ambient temperature and range of
temperature to previous models of weather effects on DMI of beef cows.

5.8. Recommendations

The observations used in this study were only 2,161 cow-weeks observation. We
recommend a study in cows with more observations to be able to capture variation better and
make the model more robust.
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CHAPTER 6. {GENERAL CONCLUSIONS AND FUTURE DIRECTIONS
6.1. General Conclusions

Our studies show that weather variables interact and account for additional variation in
DMI of beef cattle. In experiment 4, our results shows that weather variables account for
additional variation in ADG. These studies have helped in better understanding the relationship
between weather variables with DMI and ADG. This will improve the accuracy of DMI and
ADG prediction models. Our studies also show that solar radiation has a large impact on how
temperature affects intake, and the interaction of both and other weather variables influences the
thermal balance of beef cattle.

These studies also validate the reports of NRC (1996, 2000; NASEM, 2016) explaining
how the previous temperature that an animal has been exposed to affects their thermal balance.
In these studies, we observed that the lags of weather variables have an impact on the current
DMI and ADG of beef cattle, which explains that biological responses to weather is gradual over
time.

6.2. Future Directions

The results from these studies have shown that weather variables and their interactions
are more complex than we previously understood because animals also have a complex
mechanism of thermal control. Conducting more studies like this will improve our understanding
of the complexity of weather and its interaction on animal’s responses. More data from various
locations will help in increasing the robustness of the current models. For the cow intake study,
the observations used were few and it is recommended to conduct more studies with more

numbers of observations.
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APPENDIX. SUPPLEMENTAL TABLES

Table A.1. AIC and BIC values of various models examining solar radiation as a predictor
variable for DMI in beef steers

Variable! AIC? BIC3
Base model only 45,151* 45,160*
Two-week lag of ambient temperature + base model 45,0177 45,038f
Monthly lag of solar radiation + base model 45,058f 45,0807
Two-week lag of ambient temperature + Monthly lag of solar radiation + base model 45,018f 45,0407
Two-week lag of ambient temperature + Monthly lag of solar radiation and their 45,0137 45,035f
interaction + base model

Interaction between two-week lag of ambient temperature and monthly lag of solar 45,0117 45,032F
radiation + base model *

Best model using restricted maximum likelihood estimation method 45,113* 45,121*

Lvariable with 13,895 observations. Units are °C for temperature and W/m? for solar radiation,
2AIC = Akaike information criterion

3BIC = Bayesian information criterion

4 Best model

fMaximum likelihood estimation method was used

*Restricted maximum likelihood estimation method was used

Table A.2. AIC and BIC values of various models examining the relationship between weather
variables and DMI in beef steers

Variable! AIC? BIC?

Base model 45,151* 45,160*
Two-week lag of ambient temperature + base model 45,0177 45,0387
Two-week lag of range of temperature + variables from previous line 44,944% 44,9657
Two-week lag of solar radiation + variables from previous line 44,885" 44,9087

Two-week lag of ambient temperature x Two-week lag of range of temperature + variables 44,8717  44,894f
from previous line

Two-week lag of ambient temperature x Monthly lag of wind + variables from previous line 44,8337 44,8567
Two-week lag of ambient temperature x Absolute dew point + variables from previous line 44,8357 44,8587

Two-week lag of ambient temperature x Two-week lag of solar radiation + variables from 44,794% 44,8177
previous line

Two-week lag of range of temperature x Absolute dew point + variables from previous line 44,7517 44,7757

Monthly lag of wind speed x Two-week lag of solar radiation + variables from previous 44,7317 44,755F
line*
Best model using restricted maximum likelihood estimation method 44,912* 44920*

Ivariable with 13,895 observations. Units are °C for ambient temperature, range of temperature and dew point, m/s
for wind speed and W/m? for solar radiation.

2AIC = Akaike information criterion

3BIC = Bayesian information criterion

4 Best model

fMaximum likelihood estimation method was used

*Restricted maximum likelihood estimation method was used

121



Table A.3. AIC and BIC values of various models that examined the influence of weather
variables on average daily gain of beef steers

Variable! AlC? BIC?
Base model 18,609* 18,618*
Monthly lag of range of temperature + base model 18,4137 18,434f
Absolute dew point + variables from previous line 18,3697 18,391f
Two-week lag of ambient temperature + variables from previous line 18,2917  18,313f
Monthly lag of wind speed + variables from previous line 18,2737  18,295F
Monthly lag of solar radiation x Monthly lag of range of temperature + variables from 18,1471  18,170f
previous line

Monthly lag of solar radiation x Absolute dew point + variables from previous line 18,091 18,114f
Monthly lag of solar radiation x Two-week lag of ambient temperature + variables from 18,0547 18,077f
previous line

Monthly lag of solar radiation x Monthly lag of wind speed + variables from previous line 17,9267 17,9497
Monthly lag of range of temperature x Absolute dew point + variables from previous line 17,848" 17,872

Monthly lag of range of temperature x Monthly lag of wind speed + variables from previous 17,8427  17,865%
line

Absolute dew point x Two-week lag of ambient temperature + variables from previous line* 17,7647 17,788f
Best model using restricted maximum likelihood estimation method 18,037* 18,046*

Lvariable with 13,739 observations. Units are °C for ambient temperature, range of temperature and dew point, m/s
for wind speed and W/m? for solar radiation.

2AIC = Akaike information criterion

3BIC = Bayesian information criterion

4 Best model

fMaximum likelihood estimation method was used

*Restricted maximum likelihood estimation method was used.

Table A.4. AIC and BIC values of various models that examined how weather variables
influenced DMI of beef cows

Variable! AlC? BIC?
Base model 5,022.3* 5,020.7*
Absolute ambient temperature + base model 4,968.9" 4,965.21
Absolute range of temperature + variables from previous line 4,947.47  4,943.61
Absolute ambient temperature x Monthly lag of wind speed + variables from previous line  4,941.6" 4,937.8f
Abs?Iute range of temperature x Monthly lag of wind speed + variables from previous 4,933.47 492951
line

Best model using restricted maximum likelihood estimation method 5001.2* 4999.7*

Lvariable with 2,161 observations. Units are °C for ambient temperature, range of temperature, m/s for wind speed,
and Mcal/d for NEm intake

2AIC = Akaike information criterion

3BIC = Bayesian information criterion

4 Best model

fMaximum likelihood estimation method was used

*Restricted maximum likelihood estimation method was used.
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