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Abstract

The objective of this dissertation is to explore the use of machine learning to enhance
health and management of cattle in beef and dairy systems. One chapter is dedicated to a review
of the literature of machine learning application to the diagnosis and prognosis of cattle diseases
in the beef and dairy production sectors. A total of four studies were designed and conducted to
determine the predictive ability of machine learning algorithms to determine health outcomes or
ideal management strategies in beef cattle in confined feeding operations at both group- and
individual animal-levels. These four studies focused on bovine respiratory disease as the major
health concern. The remaining study evaluated post-treatment intervals in stocker cattle treated
with a novel antimicrobial for bovine respiratory disease.

Two studies focused on the prediction of a group-level outcome using various machine
learning algorithms. One study aimed to predict morbidity class (high => 15% or low =< 15%)
of pens of feedlot cattle when given demographic data and feed delivery data from the first 15
days on feed. The algorithms tested included advanced perceptron, logistic regression, neural
network, boosted decision tree, and random forest models. Model performance was poor as
determined by area under the receiver operating characteristics curve (AUC) but showed promise
for determining which pens of cattle would have low morbidity using specificity as a
performance metric. Non-linear algorithms tended to perform better than logistic regression. The
second study aimed to predict optimal metaphylaxis application strategy (yes or no) to groups of
cattle arriving to the feedlot given demographic, origin, and external economic data. Algorithms
tested were similar to the first study. High AUC values were achieved when models were given
demographic data alone. Model performance based on AUC increased given external economic
data but decreased given origin data. Again, non-linear models had higher predictive power than
logistic regression.

Two studies focused on the prediction of individual animal outcome at the time of first or
second treatment for bovine respiratory disease in feedyard cattle. One study aimed to predict
mortality or early culling (did not finish = yes or no) when given individual animal-, group-, and
feedyard-level data on demographics. Additionally, the addition of weather data, the impact of a
balancing strategy applied to the training data, and the development of individualized models on

predictive model performance was tested. Similar algorithms to the previously mentioned studies
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were utilized. Models performed well with moderate AUC values. No improvement in AUC
values were noted with the addition of weather data or the application of a balancing strategy.
Creation of individualized models for each feedyard resulted in increased predictive performance
for some feedyards but not others. The second study determined the economic effect of using a
predictive model to cull sick animals at the time of diagnosis for first or second treatment of
bovine respiratory disease. In this study, only a boosted decision tree model was investigated. It
was found that minimizing the number of false positives (i.e. animals that the model has
determined will die but would have actually lived) is the biggest driver of positive net return.
Therefore, the specificity of the predictive model is the most important metric when the goal of
using a predictive model to make culling decisions is profit.

A final study was a prospective trial to investigate the effect of post-treatment interval on
health outcomes following administration of pradofloxacin for the treatment of bovine
respiratory disease in stocker cattle. Three-day, six-day, and nine-day post-treatment intervals
were investigated in a multi-site trial. Post-treatment interval had no effect on first treatment
success or case fatality. Additionally, there was no difference in number of days to death from
initial treatment amongst the mortalities by post-treatment interval.

In conclusion, the current dissertation has contributed to the body of literature
surrounding the use of machine learning algorithms for health outcomes in cattle production
systems. By investigating various algorithms, data types, and strategies for machine learning
application to cattle health, this work will provide a foundation for future research. Additionally,
this work provides a background on predictive model development and proper model training

strategies that could be applied to other livestock production species.
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Abstract

The objective of this dissertation is to explore the use of machine learning to enhance
health and management of cattle in beef and dairy systems. One chapter is dedicated to a review
of the literature of machine learning application to the diagnosis and prognosis of cattle diseases
in the beef and dairy production sectors. A total of four studies were designed and conducted to
determine the predictive ability of machine learning algorithms to determine health outcomes or
ideal management strategies in beef cattle in confined feeding operations at both group- and
individual animal-levels. These four studies focused on bovine respiratory disease as the major
health concern. The remaining study evaluated post-treatment intervals in stocker cattle treated
with a novel antimicrobial for bovine respiratory disease.

Two studies focused on the prediction of a group-level outcome using various machine
learning algorithms. One study aimed to predict morbidity class (high => 15% or low =< 15%)
of pens of feedlot cattle when given demographic data and feed delivery data from the first 15
days on feed. The algorithms tested included advanced perceptron, logistic regression, neural
network, boosted decision tree, and random forest models. Model performance was poor as
determined by area under the receiver operating characteristics curve (AUC) but showed promise
for determining which pens of cattle would have low morbidity using specificity as a
performance metric. Non-linear algorithms tended to perform better than logistic regression. The
second study aimed to predict optimal metaphylaxis application strategy (yes or no) to groups of
cattle arriving to the feedlot given demographic, origin, and external economic data. Algorithms
tested were similar to the first study. High AUC values were achieved when models were given
demographic data alone. Model performance based on AUC increased given external economic
data but decreased given origin data. Again, non-linear models had higher predictive power than
logistic regression.

Two studies focused on the prediction of individual animal outcome at the time of first or
second treatment for bovine respiratory disease in feedyard cattle. One study aimed to predict
mortality or early culling (did not finish = yes or no) when given individual animal-, group-, and
feedyard-level data on demographics. Additionally, the addition of weather data, the impact of a
balancing strategy applied to the training data, and the development of individualized models on

predictive model performance was tested. Similar algorithms to the previously mentioned studies
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were utilized. Models performed well with moderate AUC values. No improvement in AUC
values were noted with the addition of weather data or the application of a balancing strategy.
Creation of individualized models for each feedyard resulted in increased predictive performance
for some feedyards but not others. The second study determined the economic effect of using a
predictive model to cull sick animals at the time of diagnosis for first or second treatment of
bovine respiratory disease. In this study, only a boosted decision tree model was investigated. It
was found that minimizing the number of false positives (i.e. animals that the model has
determined will die but would have actually lived) is the biggest driver of positive net return.
Therefore, the specificity of the predictive model is the most important metric when the goal of
using a predictive model to make culling decisions is profit.

A final study was a prospective trial to investigate the effect of post-treatment interval on
health outcomes following administration of pradofloxacin for the treatment of bovine
respiratory disease in stocker cattle. Three-day, six-day, and nine-day post-treatment intervals
were investigated in a multi-site trial. Post-treatment interval had no effect on first treatment
success or case fatality. Additionally, there was no difference in number of days to death from
initial treatment amongst the mortalities by post-treatment interval.

In conclusion, the current dissertation has contributed to the body of literature
surrounding the use of machine learning algorithms for health outcomes in cattle production
systems. By investigating various algorithms, data types, and strategies for machine learning
application to cattle health, this work will provide a foundation for future research. Additionally,
this work provides a background on predictive model development and proper model training

strategies that could be applied to other livestock production species.
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Chapter 1 - Disease prediction in beef cattle: a narrative review of

the predictive model literature

L. Heinen, B.J. White, R.L. Larson
'Beef Cattle Institute, Kansas State University, Manhattan, KS 66506, USA

Abstract

Predictive models use historical data to predict a future event and can be applied to a wide
variety of tasks. Recently, the popularity of machine learning in livestock production has
increased dramatically and resulted in an expansion of literature. Several reviews of predictive
model literature have already addressed specific areas within cattle production including
application of machine learning to dairy cattle health and performance as well as bovine
respiratory disease research. A broader evaluation of the existing literature, specifically in the
beef cattle sector, is required to better understand predictive model performance across various
health challenges. Additionally, review of predictor variables and types of data utilized to train
predictive models is lacking in the beef cattle literature. This narrative review aims to describe
predictive model performance in greater detail across various disease outcomes, input data types,
and algorithms with specific attention to accuracy, sensitivity, specificity, and positive and
negative predictive values. A secondary goal is to address important areas for consideration for
future work investigating the application of predictive models to beef cattle health challenges.
Accuracy values ranged widely across disease outcome and algorithm categories. Predictive
models demonstrated variability in sensitivity and specificity values. Negative predictive values
were greater than positive predictive values for most disease outcomes. This review highlights
the importance of utilizing several performance metrics and concludes that future work should
address prevalence of outcomes and class-imbalanced data.

Keywords: machine learning, artificial intelligence, health, bovine
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Introduction

As in any sector of the livestock industry, maintenance of animal health and well-being is
a priority in the beef industry. The costliest disease affecting the beef cattle industry continues to
be bovine respiratory disease (USDA APHIS National Animal Health Monitoring System,
2013). In addition, other conditions such as liver abscesses affect production and profit despite
no outward clinical signs (Taylor et al., 2025). Several foreign animal diseases, such as foot-and-
mouth disease, threaten the North American livestock industry as well (Knight-Jones and
Rushton, 2013). National databases, on-farm record-keeping servers, and laboratory or clinical
testing provide vast amounts of data that could be used for earlier detection of disease or
outbreaks. Modern technology makes it easy to access, store, and utilize this data to its full
capabilities.

Machine learning and predictive modeling offer powerful tools for the beef industry to
aid in the detection of disease and determination of prognosis. Machine learning can incorporate
large, complex datasets into algorithms used to predict outcomes and make estimations. By
handling large amounts of data with ease, machine learning algorithms can utilize technology to
complete tasks that would otherwise require human labor that could be best used elsewhere.
Potential increased efficiency makes machine learning and predictive modeling attractive for the
beef production sector as labor is a precious resource.

Several reviews have described the literature of predictive modeling in various cattle
production systems (Graesboll et al., 2017; Ozella et al., 2023; Prosser et al., 2025; Slob et al.,
2021; Wisnieski et al., 2019; Wisnieski et al., 2021). Reviews from the dairy sector summarize
the capabilities of machine learning to assist in measuring performance outcomes as well as
disease detection and health monitoring (Graesboll et al., 2017; Ozella et al., 2023; Slob et al.,
2021; Wisnieski et al., 2019). Predictive modeling in the beef sector focuses largely on bovine
respiratory disease (Prosser et al., 2025; Wisnieski et al., 2021). Other diseases or conditions
affecting performance are under-represented in these literature reviews. The objective of this
review is to report the performance of machine learning algorithms to predict health outcomes in
beef cattle production systems while describing input data, algorithms, and hierarchy of the
outcome variable to determine areas of consideration when utilizing predictive modeling in the

beef sector.
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Materials and Methods

For this review, the PubMed (National Library of Medicine, 2025), CAB Direct (CABI,
2025), and Agricola (National Agricultural Library, 2025) databases were used. These databases
were selected to ensure adequate coverage of primary research in the beef sector of the cattle
industry.

Initial search terms were selected based on the objective statement: cattle, dairy, beef,
machine learning, and disease. Search terms were entered into the MeSH database from PubMed
(National Library of Medicine, 2025) to add synonyms and preferred search words. This resulted
in the following search string: ((((((((cattle) OR (dairy)) OR (beef)) OR (feedlot)) OR (bovine))
AND ((((predictive learning model) OR (machine learning)) OR (artificial intelligence)) OR
(deep learning))) AND (((disease) OR (morbidity)) OR (mortality)). This search string was used
to search the databases in the article title, abstract, and keywords fields in May of 2025.

Inclusion and exclusion criteria were applied to select articles relevant to the systematic
literature review objective statement. The criteria are displayed in Table 1. Two authors (LH and
BJW) evaluated article titles and abstracts based on these criteria. If a consensus could not be
reached, the article was evaluated by a third author (RLL) to break the tie.

Following the review process, each selected article was read in full to extract relevant
data. The data were recorded in an Excel spreadsheet and structured so each row represented a
“study arm” from a selected article. A study arm serves as the smallest unit within an article for
which performance metrics were reported. Study arms could represent different algorithms,
different outcomes, or different data inputs. The columns represented data points extracted to
evaluate the systematic review objective. Table 2 describes the columns in greater detail.
Additional articles were removed at this step, all articles referencing only dairy cattle or calves
were removed from consideration. If an article reported using data from both dairy and beef
cattle, it was retained. Articles where a clear production system could not be identified were also
removed. Furthermore, only articles utilizing classification algorithms were retained in order to
compare predictive model performance across the same metrics; articles describing the use of
regression algorithms were removed. Finally, model performance metrics of interest were
accuracy, sensitivity, specificity, positive predictive value, and negative predictive value.
Articles were removed if these values were not reported or could not be calculated based on data

provided in the article.
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Predictive model performance metrics

All of the following measurements were calculated using counts of possible model
outcomes: true positive, true negative, false positive, and false negative. A true positive is a unit
(animal, group, or operation) that is identified as belonging to the positive class by the model and
is truly positive. A true negative is a unit that is identified as belonging to the negative class by
the model and is truly negative. A model may also make mistakes and misclassify a unit. A false
positive is a unit that the model determines to belong to the positive class but is truly negative. A
false negative is a unit that the model determines to belong to the negative class but is truly
positive. Using the counts of these model outcomes, one can calculate various metrics for the
evaluation of predictive model performance.

Accuracy measures how well the model determines truly positive and truly negative units
in the total tested population. Accuracy is calculated by dividing the number of true positives and
true negatives by the total population tested using the model. Sensitivity measures the ability of
the model to find the truly positive units and is calculated by dividing the number of true
positives by the total positive population (true positives and false negatives). Specificity
measures the ability of the model to find the truly negative units. Specificity is calculated by
dividing the number of true negatives by the total negative population (true negatives and false
positives).

Positive predictive value (PPV) and negative predictive value (NPV) are additional
measures of model performance and are affected by prevalence of the outcome of interest. PPV
refers to the probability that a positive classification by the model correctly identifies a unit as
positive and it is calculated by dividing the number of true positives by the total model positive
population (true positives and false positives). NPV refers to the probability that a negative
classification by the model correctly identifies a unit as negative. NPV is calculated by dividing
the number of true negatives by the total model negative population (true negatives and false
negatives). Using all these metrics to evaluate predictive model performance is important as the
prevalence may affect some metrics more than others. Additionally, an imbalanced dataset can
result in the model favoring the prediction of one outcome over the other resulting in models that
can appear to have great accuracy but at the expense of other metrics such as sensitivity or

specificity (Haixiang et al., 2017).
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Results

The initial search led to a total of 1,061 articles across the three search databases
(PubMed, CAB Direct, and Agricola). Following the removal of duplicates, 776 unique article
titles and abstracts were available for review. Several articles (n = 122) were removed from
review due to inability to access the full article text or due to full article text not being written in
English. This resulted in 654 unique articles to be evaluated for final inclusion using the
inclusion and exclusion criteria displayed in Table 1.

Following review of 654 abstracts, two authors (LH and BJW) agreed on inclusion of 118
articles in the final evaluation. The disagreements (n = 53) were reviewed by a third author
(RLL) and resulted in the inclusion of 27 additional articles. This left a total of 145 articles for
full review and data extraction. Removal of all articles referencing dairy cattle or those
referencing an unknown production system resulted in removal of 117 and 4 articles,
respectively. One article was removed due to describing the use of regression algorithms for
prediction. Finally, four articles were removed due to inability to calculate all metrics of interest.
The remaining 19 articles were left for data collection.

Of these 19 articles, 11 studies described data collection and model building as occurring
only in beef animals. The remaining studies (n = 8) were conducted in both dairy and beef
systems. Articles were published between 2014 and 2025 and published in 12 different journals.
Health outcomes of interest covered 13 unique diseases that were broadly categorized in four
different disease processes (Respiratory Disease, Foreign Animal Disease, Bovine Tuberculosis,
and Other). The hierarchy of the outcome also varied between articles. An operational level
outcome was defined as an outcome which would be determined at the level of a farm or feedlot.
A group-level outcome was considered as an outcome determined at the level of a cohort of
animals that had all been managed in a similar manner but were part of a larger operation. For
example, a pen of cattle at a feedlot. An individual-level outcome was one in which the outcome
was determined at the level of a single animal, regardless of that animal’s participation in a
group or farm. The majority of articles (n = 11) investigated individual-level outcomes. Six
studies investigated operation-level outcomes. Only two studies investigated group-level
outcomes.

The input data used to train the predictive models were diverse between the investigated

articles. To simplify analysis, input data were broadly categorized: images and videos, climate
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data, laboratory test results, and demographic data. Several studies included input data from
multiple categories. Demographic data could further be categorized into individual-level, group-
level, and operation-level data. Many studies utilized individual-level input data to predict an
individual-level outcome (n = 11). Four of those studies also utilized operation-level and group-
level data. Operation-level input data alone was used to predict operational-level outcomes in six
articles. Only two studies used group-level data alone to predict group-level outcomes. Table 3
describes the input data used by the 19 articles by disease outcome category in greater detail.

Prevalence of health outcome varied between the studies. Table 4 reports the average
prevalence of each health outcome as well as the number of articles and study arms contributing
to the prevalence. The range of prevalence for each health outcome is also displayed for the
health outcomes for which more than one prevalence was reported. Several performance metrics
used to evaluate predictive models should be evaluated in the context of prevalence. Specifically,
positive and negative predictive values (PPV and NPV) will vary depending on a low or high
prevalence outcome.

Predictive model performance metrics were evaluated by disease outcome category and
by algorithm category. The “Other” and “Respiratory Disease” outcome categories included all
algorithm categories. The “Bovine Tuberculosis” disease outcome category only included linear
and tree-based models. The “Foreign Animal Disease” category included few articles and only
covered neural network and tree-based models. Figure 1 displays box-and-whisker plots of
accuracy for the different disease outcome categories and algorithm categories. Points are used to
indicate individual study arms. Accuracies were clustered together among the different algorithm
categories in the “Respiratory Disease” outcome but varied in the “Other” category. Non-linear
algorithms (neural networks, tree-based, and bayes-based) appeared to perform with higher
accuracy than linear algorithms.

Figure 2 displays box-and-whisker plots of sensitivity and specificity for the different
disease outcome categories and algorithm categories. Sensitivity varied greatly for all disease
outcomes, particularly within the “Respiratory Disease” category. The linear algorithm category
displayed the smallest variability in sensitivity among the algorithm categories. Specificity
varied less and tended to be in the upper range (> 0.50) for all disease categories; however, linear

models in the “Other” disease category displayed a wide range in specificity.
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Figure 3 displays box-and-whisker plots of NPV and PPV for the different disease
outcome categories and algorithm categories. NPVs tended to be high across different disease
outcome categories and displayed little variation. Linear models built for the “Other” disease
outcome category demonstrated a wide range of NPVs. Consequently, PPVs demonstrated lower
values overall and displayed greater variability. Neural network models in the “Foreign Animal

Disease” and “Other” categories displayed high PPVs.

Discussion

The search terms used in this literature review revealed hundreds of relevant articles. The
application of machine learning to production agriculture has become popular in recent years,
resulting in the publication of many articles relevant to livestock health conditions. The majority
of the 145 articles originally selected for inclusion by the three authors described the application
of predictive models to dairy cattle diseases. Data analysis within the dairy industry, especially in
North America, benefits from vertical integration, meaning detailed data is often available for
individual animals. Additionally, a variety of automatic sensors and computer systems have been
adopted by the dairy industry in recent years. The vast amount of data generated by this
technology lends itself well to machine learning techniques to detect health incidents or
decreased performance of individual cows and contributes to the large amount of research on the
application of machine learning the dairy cattle sector.

Comparatively few studies describe the application of machine learning to beef cattle
health issues. Many articles included in this review focus efforts on bovine respiratory disease.
As this is the costliest and most prevalent condition affecting the beef industry, specifically in the
feedlot sector, this makes sense (USDA APHIS National Animal Health Monitoring System,
2013). Bovine tuberculosis is also well-represented in this review. This condition is also
widespread and costly particularly in countries where eradication efforts are underway
(Department for Environment, Food & Rural Affairs, 2014; Department for Environment, Food
& Rural Affairs and Animal and Plant Health Agency, 2025). An additional reason why these
two conditions are well-represented in this review could be due to the availability of the data
used as inputs for the models predicting BRD and bovine tuberculosis outcomes. For example,
the bovine tuberculosis articles utilized national databases on previous testing information

collected by government agencies tasked with the tracking of tuberculosis outbreaks in cattle.
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Many articles investigating the use of predictive models in BRD outcomes utilized treatment
data from feedlots.

A variety of input data were utilized across the 19 articles included in this review. The
most popular category was demographic data (Amrine et al., 2014; Feuz et al., 2021; Heinen et
al., 2022; Heinen et al., 2023; Heinen et al., 2024; Punyapornwithaya et al., 2022; Rojas et al.,
2022; Romero et al., 2020; Romero et al., 2021; Romero et al., 2022; Romero et al., 2023;
Stanski et al., 2021; Unruh et al., 2017). This broad category featured three distinct hierarchies of
data: individual animal-level, group-level, and operation-level. In the beef sector, animals are
almost never marketed or managed as individuals except for the treatment of sick individuals.
Group-level demographic data describes the characteristics of the group such as sex, average
weight, and origin, among others. These characteristics not only describe the group but also
inform various operation-specific management and marketing practices. For instance, weight and
sex often determine a group of cattle’s risk level for high morbidity at a feedyard. Operation-
level demographic data can describe unique aspects of a single operation but may not be relevant
if the predictive model is built for one operation only. The complicated structure of livestock
production data lends itself to machine learning, especially non-linear algorithms which may be
better able to model complex relationships between variables. However, special attention must
be paid to ensure that the levels of data are used in a manner that does not result in
overgeneralization of a model. This becomes an issue when models are trained on the data of one
or multiple operations but applied to a different group of operations to which that data is not
relevant.

Climate data was utilized by several studies (Heinen et al., 2023; Romero et al., 2020;
Romero et al., 2021; Romero et al., 2023; Stanski et al., 2021; Unruh et al., 2017).
Environmental factors likely contribute to the spread of disease and are significant in highly
transmissible diseases such as foot and mouth disease (Gale et al., 2009). Additionally, the
association of weather data and BRD morbidity and mortality has been investigated using
traditional inferential statistics (Cernicchiaro et al., 2012; Cusack et al., 2007). One article in the
current review directly evaluates the effect of inclusion of weather data on the performance of
predictive models (Heinen et al., 2023). This article concluded that there was no benefit from the
addition of weather data. Several studies included climate data but did not compare the

performance of models built with and without it. These studies investigated bovine tuberculosis
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outbreaks in England. In the context of this outcome, climate data was reported to have high
feature importance indicating that the inclusion of climate data was important for predictive
model performance (Romero et al., 2020; Romero et al., 2021; Romero et al., 2023). This finding
could indicate that the inclusion of climate data should be considered for disease outcomes
related to outbreak status or spread of disease. Additionally, climate data may only be important
for diseases in which environmental spread is of particular importance.

Laboratory testing data were included in several articles as inputs for predictive models
(Centeno-Delphia et al., 2025; Romero et al., 2020; Romero et al., 2021; Romero et al., 2022;
Romero et al., 2023; Stanski et al., 2021; Wilson et al., 2024). These type of data are not as easy
to obtain as the demographic and climate data. Climate data are easily obtained from many
sources automatically and at a low cost through automatic programming interface (API) calls.
Demographic data are often recorded on many levels at an operation for book-keeping purposes
or to evaluate morbidity and mortality over time. Laboratory testing data are often not
contemporaneous with other data. Time must be allowed for running a laboratory test and
reporting of outcomes. This can introduce errors. Additionally, the application of a predictive
model is often desired at the time an intervention can be implemented; thus, waiting for a test
result is not always practical. Despite these limitations, laboratory testing may provide useful
information and increase the accuracy of a predictive model depending on the test and predictive
model application.

Several articles reported using images as input data for disease outcome predictions
(Bortoluzzi et al., 2023; Gupta et al., 2023; Senthilkumar et al., 2024; Trindade et al., 2025;
Unruh et al., 2017). Image classification with machine learning has become a powerful tool in
both veterinary and human medicine (Marschner et al., 2017; Pesapane et al., 2018).
Additionally, studies report using images for identification of individual animals (Li et al., 2022;
Qiao et al., 2021). Images or video data can capture data in a form that cannot otherwise be
conveyed in a table. This unique data source is also easy to collect with the right tools and, as
technology improves, obtaining high quality images becomes less cost prohibitive. A limitation
of this data source is the required storage space needed to utilize it in machine learning tasks.
Additionally, models trained on image data may require longer processing times to provide
predicted outcomes; thereby limiting their utilization to assist with management decisions in

real-time.
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Prevalence of an outcome, especially a disease-related outcome, should always be
considered in the context of predictive model evaluation. Oftentimes, the outcome of interest
may be a rare one, with low prevalence; however, the rare outcome is of interest to model due to
significant economic or population health implications. The result is predictive models trained on
imbalanced datasets. Evaluation of model performance on a single metric alone (such as
accuracy) is not appropriate in such cases as this does not provide the full breadth of the model’s
performance (Haixiang et al., 2017). For example, a model trained on a dataset in which the
prevalence of an outcome of interest is 5% may favor prediction of the negative because it results
in a high accuracy (95%). If that model is evaluated on accuracy alone, it appears to be a great
model. However, upon evaluation of sensitivity (0%), it becomes clear that the model is
predicting every row to be negative, which is not useful if the outcome of interest is presence or
absence of disease.

This imbalance of the outcome of interest is apparent in the current review. Prevalences
for disease outcomes in this study ranged from 6.1 to 86.0%. The application of predictive
models to disease outcomes for which the positive class is rare, may result in a tendency of the
predictive model to favor selection of the majority class to improve accuracy (Loyola-Gonzalez
et al., 2016). In these cases, the predictive model may boast high accuracy but fails to detect any
of the truly positive cases resulting in a very low sensitivity. In applications in which disease
detection is important, such a predictive model becomes useless. Several articles report high
prevalences which may have resulted in the opposite phenomenon, high sensitivity values while
sacrificing specificity (Romero et al., 2020; Romero et al., 2021; Romero et al., 2022; Romero et
al., 2023; Trindade et al., 2025).

An additional consequence of utilizing imbalanced data is captured by the trends seen in
figures 2 and 3. Both NPV and PPV are metrics influenced by the sensitivity and specificity of
the model as well as the prevalence of the outcome of interest. Oftentimes, the prevalence of
disease-positive individuals tends to be lower than those that are disease-negative (Wisnieski et
al., 2021). Very high NPVs and low PPVs demonstrate that models predicting a negative
outcome had a higher probability of being correct and models predicting a positive outcome had
a lower probability of being correct. Instances in which prevalence of disease positive

individuals is higher would result in decreasing NPVs and increasing PPVs regardless of
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sensitivity and specificity — which are metrics that remain the same regardless of prevalence of
outcome of interest.

Class-imbalanced data are perhaps the biggest challenge in the application of predictive
models to determine health outcomes in beef cattle. There exist several strategies to cope with
this challenge. Several machine learning approaches have been developed specifically to address
class-imbalance such as development of ensemble methods such as random forest or boosting
(Galar et al., 2013; Krawczyk et al., 2016). Additionally, balancing of the outcome classes prior
to testing using over- or undersampling techniques as also been described. Two articles included
in the current review reported on the differences in model performance when utilizing a
balancing technique in comparison to the baseline prevalence. The results demonstrated no
improvement of predictive model performance metrics (Amrine et al., 2014; Heinen et al., 2023).
Other methods such as hybrid over- and under-sampling, cluster-based, and distance-based
methods also exist and have demonstrated promise in other fields (Haixiang et al., 2017). Efforts
should be made to address class imbalance either through application of an ensemble method or
a balancing technique in the application of predictive modeling to health outcome determination.

There has been increased interest in the application of machine learning to improve
health and productivity in cattle. The dairy sector of the industry remains ahead of the beef sector
in applying predictive model technology. As the beef sector, in addition to the remainder of the
livestock production industry, moves forward with machine learning integration, there are
several important considerations revealed by the current review. First, selection of input data
should balance utility in the model, ease of collection, and quality. Contribution to predictive
model performance should be measured if possible and evaluated in the context of cost of
collection. Efforts should be made to remove data which could provide misleading information.
Second, evaluation of predictive model performance should include several variables and
consider the prevalence of the outcome of interest in order to avoid development of predictive
models that favor a single outcome class. Finally, the challenges of class-imbalanced data should

be addressed with algorithm selection and/or use of a balancing technique at training.
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Figure 1.1. Box-and-whisker plots of predictive model accuracy by disease outcome and
algorithm category extracted from reviewed articles. Points represent individual study
arms.
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Figure 1.2. Box-and-whisker plots of predictive model sensitivity and specificity by disease
outcome and algorithm category extracted from reviewed articles. Points represent
independent study arms.
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Figure 1.3. Box-and-whisker plots of predictive model negative and positive predictive
values by disease outcome and algorithm category extracted from reviewed articles. Points
represent independent study arms.
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Table 1.1. Inclusion and exclusion criteria applied to articles for literature review selection

Inclusion

Exclusion

Primary research article

Narrative or systematic literature review,
meta-analysis

Data used from dairy or beef cattle

Data used from small ruminants, poultry,
companion animals, rodents, reptiles, equine,
or other atypical bovids (bison, water buffalo,
yaks, etc.)

Data must be at the individual animal-,
group/herd, or operational level

Simulated data

Outcomes of interest are related to a specific
disease or condition or overall morbidity or
mortality

Pregnancy loss considered a disease

Outcomes of interest are related to production
performance such as carcass characteristics,
milk yield, pregnancy diagnosis, weight gain,
etc.

Machine learning/predictive modeling is
utilized to anticipate the outcome of interest

Inferential statistics are used to determine an
association between the outcome and
predictor variables
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Table 1.2. Description of data collected from articles included in narrative literature

review

Variable Name

Description

Title

Title of the research article as published

Authors Last name and initials of all authors
Year Year of publication
Journal Title of journal in which article was published

Production System

Broad category of animal type/use referred to
in the article; beef, dairy, or both

Study Arm

Letter to indicate study arm of the article

Outcome_Category

Word or phrase to describe the broad disease
category being investigated in the article;
example: lameness, respiratory disease

Image yn

Describes if images or video data were used
to train the models

Climate Data yn

Described if weather data were used to train
the models. Included data such as
temperature, humidity, wind speed, etc.

TestResults_yn

Described if laboratory test results were used
to train the models. Included data such as
complete blood count results, intradermal
tuberculosis testing, etc.

Demographic_Data yn

Described if demographic characteristics were
used to train the models. Further split into
three different hierarchies: operation, group,
and individual. Included data such as number
of animals on an operation, average weight of
a group, rectal temperature of an individual,
etc.

Number EU Number of experimental units in the training
dataset given to the model

EU Type Type of experimental unit to describe data
hierarchy; example: farm, individual animal

Algorithm Machine learning or predictive model used in

the study arm, as a broad category; example:
tree-based, linear, etc.

Accuracy, %

Measure of number of correctly classified
units over total classified units
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Sensitivity, %

Proportion of the truly positive individuals
(diseased) that were identified as positive by
the model

Specificity, %

Proportion of the truly negative individuals
(disease free) that were identified as negative
by the model

Positive predictive value (PPV)

Proportion of the model-identified positive
individuals that were truly positive

Negative predictive value (NPV)

Proportion of the model-identified negative
individuals that were truly negative
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Table 1.3. Distribution of articles and study arms from literature review by input data
type and disease outcome category

Input Data Type Disease Outcome Count of Articles Count of Study
Category Arms
I Vid, Oth
mage or Video er 3 14
Respiratory Di
espiratory Disease ) 16
Foreign Animal
. 1 5
Disease
Climate Data Other
1 11
Respiratory Disease ! 5
Bovine Tuberculosis
4 32
Laboratory Testing Other
1 30
Data
Respiratory Disease ) i
Bovine Tuberculosis
5 35
Operational Respiratory Disease
. 4 51
Demographic Data
Foreign Animal
. 1 3
Disease
Bovine Tuberculosis
5 35
Group-Level Other 1 s
Demographic Data
Respiratory Di
espiratory Disease 5 55
Individual Animal-Level | Other
X 1 11
Demographic Data
Respiratory Di
espiratory Disease 4 50
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Table 1.4. Description of health outcomes and prevalence of health outcomes investigated
by articles included in literature review

Disease Category | Health Outcome Count of Count of Average
Articles Study Prevalence,
Arms % (range)*
Respiratory Acute interstitial | 4 11.8
Disease pneumonia (10.7-12.9)
Broncho-interstitial i 4 38.5
pneumonia (35.4-40.9)
Bovine respiratory 6 20.1
disease ! (6.1-51.9)
Other pneumonia ! 4 13.7
(11.4-16.4)
Foreign Animal Foot-and-mouth disease 1 3 270
Disease '
Lumpy skin disease i 5 38.6
(31.6-49.1)
Bovine Bovine tuberculosis 3 13.6
Tuberculosis > > (3.58-86.0)
Other Heat stress 1 1 11.8
Infectlous‘bow'ne' ‘ 1 1 19.5
keratoconjunctivitis
Liver abscess 1 30 44.8
Total morbidity 1 5 185
Anaplasmosis 1 1 79.1
Babesia 1 1 85

*Ranges only available for health outcomes with more than one entry for prevalence
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Chapter 2 - Evaluation of predictive models to determine total
morbidity outcome of feedlot cattle based on pen-level feed delivery

data during the first 15 days on feed

L. Heinen!, P.A. Lancaster', B.J. White!", and E. Zwiefel?
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This research is published in the Journal of Translational Animal Science and is reproduced with
permission from publisher as formatted in referenced publication. Lilli Heinen, Phillip A.
Lancaster, Brad J. White, Eric Zwiefel. Evaluation of predictive models to determine total
morbidity outcome of feedlot cattle based on pen-level feed delivery data during the first 15 days
on feed, Translational Animal Science, Volume 6, Issue 3, August 2022,

txac121, https://doi.org/10.1093/tas/txac121
Abstract

Changes in feeding behavior and intake have been used to predict the onset of bovine
respiratory disease in individual animals but have not been applied to cohort-level data. Correctly
identifying high morbidity cohorts of cattle early in the feeding period could facilitate the
administration of interventions to improve health and economic outcomes. The study objective
was to determine the ability of feed delivery data from the first 15 days of feed to predict total
feeding period morbidity. Data consisted of 518 cohorts (10 feedlots, 56,796 animals) of cattle of
varying sex, age, arrival weight, and arrival time of year over a 2-year period. Overall cohort-
level morbidity was classified into high (>15% total morbidity) or low categories with 18.5% of
cohorts having high morbidity. Five predictive models (advanced perceptron, decision forest,
logistic regression, neural network, and boosted decision tree) were created to predict overall
morbidity given cattle characteristics at arrival and feeding characteristics from the first 15 days.

The dataset was split into training and testing subsets (75% and 25% of original, respectively),
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stratified by the outcome of interest. Predictive models were generated in Microsoft Azure using
the training set and overall predictive performance was evaluated using the testing set.
Performance in the testing set (» = 130) was measured based on final accuracy, sensitivity (Sn,
the ability to accurately detect high morbidity cohorts), and specificity (Sp, the ability to
accurately detect low morbidity cohorts). The decision forest had the highest Sp (97%) with

the greatest ability to accurately identify low morbidity lots (103 of 106 identified correctly), but
this model had low Sn (33%). The logistic regression and neural network had similar Sn (both
63%) and Sp (69% and 72%, respectively) with the best ability to correctly identify high
morbidity cohorts (15 of 24 correctly identified). Predictor variables with the greatest importance
in the predictive models included percent change in feed delivery between days and 4-day
moving averages. The most frequent variable with a high level of importance among models was
the percent change in feed delivered from d 2 to 3 after arrival. In conclusion, feed delivery data
during the first 15 days on feed was a significant predictor of total cohort-level morbidity over
the entire feeding period with changes in feed delivery providing important information.

Keywords: feeding patterns, machine learning, predictive analytics

Introduction

Bovine respiratory disease (BRD) is one of the costliest diseases in the feedlot industry
(Salman et al., 1991). Early identification and prompt treatment of the disease can reduce the
costs associated with BRD (Booker et al., 2004). Additionally, gastrointestinal diseases,
lameness, and other adverse health events negatively impact animal performance, but the
prevalence of these other diseases is relatively low. Machine learning has been applied to various
fields in the agricultural industry to decrease costs and increase outputs. Predictive modeling
techniques have not been heavily studied for use in the beef industry (White et al., 2018).
Feedlots collect large volumes of data daily, including feed calls, antimicrobials, and other
treatments administered, and various arrival characteristics. These data and more are potential
inputs for predictive models that could be used to predict the health outcome of cohorts of cattle.
Therefore, the study objective was to evaluate the diagnostic ability of predictive models to
determine whether a cohort would have a health outcome of >15% total morbidity during the
feeding period based on data collected at arrival and feed delivery data for the first 15 days of
feed. The hypothesis was that predictive models can accurately predict total feeding period

morbidity, and that feed delivery patterns during the first 15 days on feed are important
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1006  predictors. The objective was to determine the accuracy, sensitivity, and specificity of five
1007  predictive models using arrival characteristics and feed delivery data during the first 15 days on

1008  feed to correctly identify high (>15%) morbidity cohorts.
1009 Materials and Methods

1010  Animal Care and Use Committee approval was unnecessary as data were obtained from an
1011  existing database of feedlot operational data.

1012 Data Collection

1013 Daily records for 12,657 cohorts of cattle (1,005,320 animals) were obtained from 10
1014  U.S. feedlots spanning 2018 to 2020. Health event records on an individual animal basis were
1015  tied to cohort-level data. A cohort was defined as a group of cattle purchased and managed
1016  together but not necessarily housed in the same pen for the entirety of the feeding phase.

1017 Data Transformation

1018 Data were transformed into the appropriate format and new variables generated before
1019  use in predictive models. First, inclusion criteria were applied to the data. Cohorts needed to
1020  have complete arrival and feeding data. Feed delivery data beyond 15 days on feed were not
1021  included in the dataset, and remaining feed delivery data were adjusted for arrival body weight
1022  (percentage of arrival body weight) on a dry matter basis. Any cohorts with missing data were
1023 removed. This resulted in removal of many rows of data as several cohorts were rearranged early
1024  in the feeding period. Cohorts with extreme values for some arrival characteristics or dry matter
1025  intake were also removed to reduce data entry errors. Cohorts were removed if the cohort was
1026  designated as a hospital pen, the average arrival weight was less than 182 kg or greater than 545
1027 kg, days on feed was less than 0 or greater than 300, the cohort had not yet been closed out, or
1028  dry matter intake as a percentage of average arrival body weight was greater than 5% or less than
1029  0.1% on any given day within the first 15 days on feed. After applying these exclusion criteria,
1030 12,139 cohorts were removed from the dataset. Secondly, data wrangling techniques applied in R
1031  software (R Core Team, 2021) were used to create a dataset that consisted of one row per cohort.
1032 Several additional variables were created using the existing data to describe feed delivery
1033 characteristics such as day-to-day changes in feed delivery and rolling averages of feed delivery
1034 using 2-to-7-day time spans. Figure 2.1 outlines the feeding variables and which days on feed

1035  were accounted for in each feeding characteristic variable. Although each variable indicated in
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the figure is noted only once, feeding variables were calculated for their respective increments
throughout the 15-day feeding period of interest. The outcome of interest was captured in a
variable called total morbidity category. This variable described the total morbidity (all diseases)
of a cohort of cattle during the entire feeding period. It was expressed as a categorical variable in
which high morbidity indicated a total morbidity percentage of greater than or equal to 15%.
Low morbidity was a total morbidity percentage of less than 15%. Table 2.1 offers a complete
overview of all the variables that populated the dataset. Following data transformation and
variable creation, the final dataset consisted of 518 cohorts (56,796 animals) with 18.5% of
cohorts having high morbidity.

Before the model building step occurred, data were split into separate training and testing
sets, stratified by the prevalence of outcome of interest. The training set represented 75% of the
original dataset while the testing set represented the other 25%. Using the Pipeline Designer
function in Azure Machine Learning Studio (Microsoft, 2022), the datasets were used to create
five predictive models. The models trained and tested in this study were advanced perceptron,
neural network, boosted decision tree, decision forest, and logistic regression. A previous
description has been given by Rojas et al. (2022) from our laboratory. Briefly, neural networks
and advanced perceptron models can be useful for identifying patterns in operational data, but
are difficult to utilize for describing model structure or importance of predictive variables
(Rosenblatt, 1957; Zhang, 2010). Boosted decision trees and decision forests are classification
models creating a series of splits in data based on attributes to minimize entropy in resulting data
subsets (Breiman, 2001; Roe et al., 2005). Logistic regression models are often used for
statistical analysis and these algorithms can be created, then used to estimate a probability of
even occurrence in a predictive manner (Dreiseitl and Ohno-Machado, 2002). The models
selected for investigation in this study are based on previous work conducted by Rojas et al.
(2022) and Amrine et al. (2014), as well as the resources available on Azure.

Model Evaluation

Finally, test data were used to evaluate model performance. Adjustment of the threshold
probability was done manually for each model to maximize F1 score to balance sensitivity and
positive predictive value. The metrics used to evaluate the models were accuracy, sensitivity
(Sn), specificity (Sp), positive and negative predictive values (PPV and NPV, respectively), and

area under the receiver operating characteristics (ROC) curve (AUC). These values were
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calculated using the confusion matrices produced by each model run in Azure. Using these
metrics, we were able to compare models based on their ability to accurately predict the total
feeding period morbidity of a cohort. Figure 2.2 demonstrates the training and testing process of

the predictive models.

Results and Discussion

The ROC curves for the five predictive models are presented in Figure 2.3. A line closer
to a true positive rate of 1.0 and a false positive rate of 0.0 (i.e., top left corner) has greater
sensitivity (correctly identify true positives—high morbidity cohorts) and specificity (correctly
identifying true negatives—low-morbidity cohorts). Logistic regression, neural network, and
decision forest models have similar ROC curves, whereas the decision tree model appears to be
slightly less predictive, and the advanced perceptron model has very little predictive ability.
Additionally, the overall accuracy, in addition to the AUC value, support the conclusion that the
advanced perceptron model has very poor performance (Table 2.2). The advanced perceptron
model identified all cohorts as high morbidity based on the sensitivity of 100.0%. The logistic
regression and neural network models had similar overall accuracy, was well as similar
sensitivity, specificity, positive and negative predictive values. The decision tree and decision
forest models had the greatest overall accuracy and specificity indicating good ability to identify
low morbidity cohorts but had low sensitivity.

Previous work from our lab (Amrine et al., 2019) reported that predictive models with
greater specificity had lesser sensitivity when using sale barn and arrival characteristics to
predict BRD in the first 14 days on feed. The “best” model depends upon the goals of the feedlot
manager. If the goal is to accurately identify low morbidity cohorts, then a model with the
greatest specificity would be deemed the ‘best” model. Conversely, if the goal is to accurately
identify high morbidity cohorts, then a model with the greatest sensitivity would be deemed the
‘best” model. Accurate identification of high morbidity cohorts could lead to actions that allow
changes in risk management, frequency of disease monitoring, and other interventions. However,
if the model misclassifies low morbidity cohorts as high morbidity cohorts, then valuable
resources would be wasted. The decision forest model had a low sensitivity, only accurately
classifying 33% of high morbidity cohorts, but based on the high PPV, this model had a high
probability of being correct when it did classify a cohort as high morbidity. Thus, the decision
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1097  forest model would not identify all of the high morbidity cohorts, but if potential interventions
1098  were implemented based on this model little resources would be wasted.

1099 Several previous studies (Sowell et al., 1999; Buhman et al., 2000; Quimby et al., 2001;
1100  Moya et al., 2015; Wolfger et al., 2015; Jackson et al., 2016) have indicated that feed intake,
1101  feeding behavior, and drinking behavior are predictive of onset of BRD in individual cattle. The
1102  onset of BRD can be predicted 4 to 7 days before clinical signs can be observed using feeding
1103  and drinking data (Buhman et al., 2000; Moya et al., 2015; Wolfger et al., 2015; Jackson et al.,
1104  2016). Feeding behavior has predicted BRD with an overall accuracy of 84% to 89% and

1105  positive predictive value of 85% to 96% (Quimby et al., 2001). Wolfger et al. (2015) indicated
1106  that feed behavior correctly predicted 81% of BRD cases and 77% of healthy animals 3 days
1107  prior to clinical signs; adding feed intake did not improve these predictions. Similarly, Moya et
1108 al. (2015), using pattern recognition techniques, reported that feeding behavior predicted BRD
1109  with good sensitivity (58% to 83%) and specificity (67% to 100%) for some of the models with
1110  the best overall accuracy.

1111 From the Microsoft Azure platform, feature importance could be obtained for the

1112 decision tree, decision forest, and logistic regression models. In each of these models, feeding
1113 data were among the top five predictors, and the percent change in feed delivery from days on
1114  feed (DOF) 2 to 3 was one of the most important predictors. Other predictors were percent

1115  change in feed delivery from DOF 4 to 5 and from DOF 8 to 9, and rolling average in percent
1116  change in feed delivery from DOF 7 to 10. These results indicate that alterations in feeding
1117  patterns very early in the feeding period are predictive of total morbidity, which may allow
1118 interventions to mitigate disease progression in the cohort.

1119 In commercial feedlots, cattle are managed as pens except for individual animal treatment
1120  of disease. Tracking individual animal feeding behavior is not practical nor cost-effective in a
1121  commercial feedlot. However, commercial feedlots collect real-time data that can be used to
1122 make pen-level management decisions. The results of this study and the previous discussion
1123 indicate that feeding data can be used to predict morbidity in cattle. In our study, we looked at
1124  total morbidity, but BRD accounted for 65% of the total treatments. The predictive models in
1125  this study were somewhat predictive of total cohort level morbidity indicating that feeding data
1126  can be used to predict morbidity in pens of cattle, which could lead to improved management of

1127  disease in feedlots. However, in the current study, feed delivery data were used as predictors in
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the models, which do not account for feed refusals. Based on previous data (Jackson, 2016), feed
intake decreases prior to clinical signs of BRD and thus in our case, a decrease in the feed
delivered is likely indicative of significant feed refusals and decreased feed intake for the day
prior. Although, an increase in feed refusals could also be due to several other factors such as
weather, removal of cattle from the pen, etc., which cannot be ascertained from our current

dataset.

Conclusion

Feed intake and feeding behavior data are predictive of BRD in individual animals, and
feed delivery data are predictive of total morbidity in commercial feedlot pens. Predictive an-
alytics is a valuable tool that can be used to convert feedlot operational data into animal health
management decisions. Future research should evaluate the ability of feed delivery to predict
specific diseases (BRD, bloat, etc.), and combine feed delivery data with other data types to

improve the prediction of morbidity in feedlot cattle.
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Figure 2.1. Timeline schematic demonstrating the feed delivery data corresponding to various
feeding predictor variables. Triangles indicate data on dry matter delivered as percentages of
arrival body weight (DMI-BW). Arrows indicate data on percent change in DMI-BW from day

to day.
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Figure 2.3. Receiver operating characteristic (ROC) curves for five predictive models trained to
predict high (> 15%) morbidity cohorts of feedlot cattle. The five predictive models are
Advanced Perceptron, Logistic Regression, Neural Network, Decision Tree, and Decision Forest.
Perf. Pred. represents the perfect predictive model.
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Table 2.1. Complete overview of variables in the final dataset to train and test the five

predictive models

Variable category

Variable name

Description of variable

Feeding variables

DMI-BW! for day 0 through 15

Feed intake measured by DMI-
BW for each day starting on the
day of arrival (0) to day 15 (16

total measurements)

Percent change in DMI-BW
from one day to the next for
days 0 through 15

Percent change in feed intake
measured by DMI-BW between
sequential days (15 total
measurements)

2-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 2-day
increments of percent change in
DMI-BW (14 total
measurements)

3-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 3-day
increments of percent change in
DMI-BW (13 total
measurements)

4-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 4-day
increments of percent change in
DMI-BW (12 total
measurements)

5-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 5-day
increments of percent change in
DMI-BW (11 total
measurements)

6-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 6-day
increments of percent change in
DMI-BW (10 total
measurements)

7-day increment rolling
averages of percent change in
DMI-BW

Rolling averages in 7-day
increments of percent change in
DMI-BW (9 total
measurements)

Cohort characteristics

Arrival date

Date of arrival for the cohort,
format: MM/DD/YYYY

Average arrival weight

Average weight at arrival of the
cohort in pounds
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Sex Sex of the cohort, could be
heifer, steer, mixed

Arrival head count Head count of the cohort upon
arrival
Outcome variable Total morbidity category High (= 15%) or low (< 15%)

based on morbidity for any
diagnosis as a percentage of
arrival head count

'DMI-BW indicates the feed intake on a dry matter basis given as a percentage of the average arrival weight of the
cohort.
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Table 2.2. Model evaluation of five predictive models trained to predict high (> 15%) morbidity
cohorts of feedlot cattle

Model AUC! Acc (%) Sn (%) Sp (%) PPV NPV
Advanced  0.653 18.5 100.0 0.0 0.18 -
Perceptron

Logistic 0.675 67.7 62.5 68.9 0.31 0.89
Regression

Neural 0.691 70.0 62.5 71.7 0.33 0.89
Network

Decision 0.691 78.5 29.2 89.6 0.39 0.85
Tree

Decision 0.671 85.4 333 97.2 0.73 0.87
Forest

'AUC = area under the receiver operator characteristic (ROC) curve; Acc = overall accuracy; Sn = sensitivity,
ability to predict high morbidity cohorts; Sp = specificity, ability to predict low morbidity cohorts; PPV = positive
predictive value, probability that predicted high morbidity cohorts are truly high morbidity cohorts; NPV = negative
predictive value, probability that predicted low morbidity cohorts are truly low morbidity cohort
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Chapter 3 - Evaluation of predictive models to determine final
outcome for feedlot cattle based on information available at first

treatment for bovine respiratory disease

L. Heinen', B.J. White!, D.E. Amrine!, R.L. Larson'
'Beef Cattle Institute, Kansas State University, Manhattan, KS 66505, USA

This research is published in the American Journal of Veterinary Research and is reproduced
with permission from publisher as formatted in referenced publication. Lilli Heinen, Brad J.
White, David E. Amrine, Robert L. Larson. Evaluation of predictive models to determine final
outcome for feedlot cattle based on information available at first treatment for bovine respiratory
disease, American Journal of Veterinary Research, Volume 84, Issue 10, August 2023,

https://doi.org/10.2460/ajvr.23.05.0094.
Abstract

OBJECTIVE

To evaluate predictive model ability to determine whether an animal finished the feeding period
using data known at first treatment for bovine respiratory disease (BRD). Additional
comparisons evaluated the potential benefits of predictions by adding weather data, utilizing
balancing techniques, and creating models for individual feedyards.

ANIMALS

This retrospective study included animal, pen, and feedyard data from 12 US feedyards from
2016 to 2021. The final dataset consisted of 96,382 BRD cases of which 14.2% did not finish the
feeding phase.

PROCEDURES

Five predictive models were trained and underwent threshold probability adjustment to
maximize F1 score. Model performance was evaluated using accuracy, sensitivity specificity,
positive and negative predictive values, and area under the receiver operating characteristics
curve (AUC).

RESULTS
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Overall, model performance was low with a median AUC value of 0.675. The addition of
weather data had little effect on AUC but resulted in more variation in sensitivity and specificity.
Resampling the dataset had a limited effect on performance. Individual feedlot models had
higher AUC values than others with the decision tree typically performing best in most
feedyards.

CLINICAL RELEVANCE

Results indicated some utility of predictive models evaluating BRD cases to predict cattle that
did not finish the feeding phase. These models could be valuable in assisting health providers
making decisions on individual cases.

Keywords: bovine respiratory disease, machine learning, cattle, point-of-care diagnostics, case

fatality risk

Introduction

Bovine respiratory disease (BRD) is among the costliest diseases encountered in the
feedlot industry.! Distinguishing more severe cases from those that may require less attention
could lead to more appropriate treatment and management decisions that improve treatment
outcomes as well as reduce costs associated with unnecessary drug administration. Modern data
analytic strategies including machine learning algorithms have been applied to various fields in
the agricultural industry to decrease costs and increase outputs.> Predictive modeling
techniques have not been heavily studied for application in making animal health decisions in the
beef industry.®> Feedyards collect large volumes of data daily, including but not limited to, feed
calls, antimicrobials and other treatments administered, number of head per pen, and weight of
individual animals and pens. These data and more are potential inputs for predictive models that
could be used to predict the outcome of a singular calf at the time of first pull for BRD.

Risk factors associated with BRD morbidity and mortality have been well researched.®
Weight of incoming cattle to a feedyard, distance transported, time of the year, and more have
been well-established markers for BRD management decisions.® These markers have also been
associated with disease outcome and severity.® Historically, traditional statistics have been
utilized in these kinds of studies to measure the association between predictor behavior and onset
and outcome of BRD morbidity.”8 Predictive analytics and machine learning approach the

prediction of an outcome in a different way than traditional statistics. Rather than measure the
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association of a predictor variable and an outcome of interest, predictive models utilize inputs to
make predictions regardless of association.’

This study aims to evaluate the diagnostic ability of predictive models to determine
whether an animal will finish its feeding period with its group or have a negative outcome based
on data collected at first treatment for BRD. Additionally, we aim to determine the value of
applying different data and model-tuning techniques in 3 different comparisons. One comparison
will examine the difference between models created with and without weather data in addition to
data from the feedyard. Another comparison aims to evaluate the impact that balancing a dataset
with respect to minority outcome will have on the predictive ability of the models. Finally, the
last comparison will analyze the differences between individualized models created for feedyards
or the models created using a dataset consisting of many feedyards. We hypothesize that the
predictive models created with such data will be able to accurately predict the outcome of an
animal treated for BRD at a feedyard. In addition, we hypothesize that adding data and using
techniques to increase the diagnostic ability of predictive models will have a positive impact on

their performance in comparison to the original.

Methods

Animal Care and Use Committee approval was not obtained for this study due to data being
obtained from existing databases provided by several feedyards.

Data collection

Treatment records were obtained from 12 US feedyards spanning 2016 to 2021 including
information from 396,486 head of cattle. The feedyards were located throughout the Great Plains
and were located in Kansas, Nebraska, Colorado, and Texas. Treatment records were on an
individual animal basis and were tied to cohort-level data. A cohort was defined as a group of
cattle purchased and managed similarly but not necessarily housed in the same pen for the
entirety of the feeding phase. In addition to data obtained from feedyards, weather data were
obtained using the Visual Crossing Weather application programming interface for the feedyard
locations. '

Data transformation

Before data could be used to create predictive models, they were transformed into the

appropriate format and all variables to be included in the models were generated. First, the
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inclusion criteria were applied to the available data. To be included in the study, an animal had to
be diagnosed with BRD and treated with an antimicrobial. Any data collected after the animal’s
first treatment for BRD were not considered. Secondly, data wrangling techniques were applied
in R!! to remove incomplete rows and extreme values. Criteria used to remove data are described
(Table 3.1). The exclusion criteria included what the authors deemed to be extreme values, often
caused by data entry errors. To minimize these, data points outside of the physiological limits of
the cattle population were excluded. Additionally, animals with incomplete data were removed.
A number of additional variables were created using the existing data to describe individual-,
cohort-, and feedyard-level characteristics. These variables encompassed only information that
would be known at the time of first treatment for BRD. A complete overview of all the variables
that populated the dataset is available elsewhere (Appendix Table A.1). The outcome of interest
was captured in a variable called did not finish (DNF). This variable described whether an
animal finished the feeding period with its pen mates or if it died or was culled (railed) before
that time. The data were then transformed so each row of data corresponded to an animal and
each animal had data for each variable. Following data transformation and variable creation, the
final dataset consisting of 96,382 animals with a 14.2% prevalence of DNF was used to create
predictive models that would be tested on their ability to accurately predict DNF.
Model-building process

Before the model-building step occurred, the dataset to be used for the creation of
predictive models was first split into separate training and testing sets, stratified by prevalence of
outcome of interest, DNF. The training set represented 75% of the original dataset while the
testing set represented the other 25%. Using the Pipeline Designer function in Azure Machine
Learning,'? the datasets were used to create a multitude of predictive models. Five different
models, averaged perceptron, neural network, boosted decision tree, decision forest, and logistic
regression, were trained with the same training dataset and evaluated with the corresponding
testing dataset. These models were selected based on previous research® and what was available
in Pipeline Designer. Adjustment of the threshold probability was done manually to maximize F1
score to balance sensitivity (Sn) and PPV after the models were trained. The models are
described in more detail below.

Neural network—Neural network models consist of units called neurons organized in

layers. The input layer receives predictor data and transfers them to multiple hidden layers that
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learn patterns in the data and connect them to the output layer which consists of the known
outcome. Neural networks are adaptive and useful for real-world data in which patterns may be
hard to identify.'3

Averaged perceptron—Perceptron models perform similarly to neural networks but do
not consist of multiple layers. Statistical measurements from large data are used to construct a
system that can recognize patterns. Perceptron models can shorten the amount of it takes to
categorize data into a prediction in comparison to conventional models.'* Both the neural
network and averaged perceptron algorithms fall into the “black box” category of predictive
analytics.

Boosted decision tree—Decision trees are classification models that split data based on
discrete attributes within variables which best characterize a class to be predicted. One split is
called a node. A following split creates a branch. These splits continue through all variables in
the dataset. Boosting is an ensemble method that creates multiple additional trees based on the
misclassification of the first tree. Boosted decision trees have been reported to be more robust
and efficient than more complicated predictive models such as neural networks. !>

Decision forest—Decision forests or random forest models are many decision trees built
from randomly split sections of data. The large number of decision trees produced then vote for
the most popular classification category.'® The decision forest model is intended for
classification tasks.!’

Logistic regression—Logistic regression is a well-known statistical method used to
assign probability to an outcome. In machine learning, this model calculates the probability of
class membership and uses it to make a prediction. Many papers have shown that logistic
regression models work well on a large variety of data.'® Logistic regression models are
manually built in a stepwise function in traditional statistics in which predictor variables that are
not significantly associated are eliminated from the model. In predictive modeling, this process is
completed by the computer without input from the researcher.

Model evaluation

Finally, the testing dataset was used to evaluate the performance of the trained and tuned
models. Performance was evaluated using accuracy, Sn, specificity (Sp), positive, and negative
predictive values (PPV and NPV, respectively), and area under the receiver operating

characteristics (ROC) curve (AUC). These values were calculated using the confusion matrices
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produced by each model run in Azure. Using these metrics, we were able to compare model sets
based on their ability to accurately predict DNF for a calf treated for the first time due to BRD.
All the model-building and evaluation steps are outlined (Figure 3.1). The performance of the
models was then reevaluated in a series of comparisons to determine the benefit of adding
weather data (Weather vs Base), balancing with regard to the minority outcome class (Balanced
vs Base), and creating individualized models (Individual vs Base). The comparisons are
discussed in detail below.

Weather versus Base models

The value of including weather data to predict the desired outcome was tested by
comparing the base predictive models to models built with the same dataset with additional
variables to describe weather. Weather predictive models received 80 more variables than the
Base models. These included temperature, humidity, precipitation, and wind speed among others.
The new weather variables described the weather on the same day as first treatment for BRD, in
addition to up to 7 days before the initial BRD treatment occurred. This included weather
variables from the day previous to the day of first treatment for BRD and moving averages of
all weather variables from 3, 5, and 7 days previous to the treatment. This was done to capture
weather information on the day of treatment and days leading up to treatment.

Balanced versus Base models

Next, models trained with varying degrees of prevalence of outcome were compared to
the Base models (naive prevalence of outcome). The purpose of this comparison was to test the
value of “balancing” a dataset with respect to outcome to increase predictive model
performance.!® To balance a dataset means to increase the prevalence of the minority outcome
(in the case of our study, the percentage of cattle that DNF) to provide the model with more
data to predict that outcome. In this comparison, the training dataset used to train the predictive
models proceeded to an additional balancing step that either randomly duplicated minority class
observations (oversampling) or randomly deleted majority class observations (undersampling)
until the prevalence of DNF was 50%. This step was performed in R using the tidymodels
package.?® The Base models were trained on a dataset with a DNF prevalence of 14.2%. The

same models were retrained using datasets with a DNF prevalence of 50% created by
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oversampling and undersampling, respectively. This made for a total of 3 sets of models that we
compared to each other to determine the benefit of oversampling the minority class and
undersampling the majority class. The flow of data for the creation of the datasets used to train
the Balanced models is demonstrated (Figure 3.2).

Individual versus Base models

Finally, the Base models were compared to models built for individual feedyards. Each
feedyard’s data were separated from the rest and used to build the same models as the base. This
resulted in the creation of 12 new sets of predictive models whose performance was compared to
that of the Base models. The purpose of this comparison was to determine the value of creating

individualized models for a feedyard instead of using models built using combined data.

Results

Evaluation of Base models

Five models (averaged perceptron, decision forest, logistic regression, neural network,
boosted decision tree) were trained and evaluated. Table 3.2 provides a summary of the metrics
used to evaluate performance for the Base models and all comparisons. The boosted decision tree
model had the highest AUC. Overall, all algorithms possessed high NPVs and low PPVs.
Despite low PPVs, the ability to identify cattle that DNF using predictive models is greater than
simply guessing at baseline prevalence. This is because the baseline prevalence of animals that
DNF was 14.2% and 4 out of 5 of the models had a PPV above this value. High NPVs give high
confidence in the animals that the models predicted to finish. It is important to keep in mind that
the prevalence of animals that finished the feeding period was much higher than those that DNF,
which would naturally increase the NPV.

Comparison of weather and Base models

The 5 base models (Base) were compared to the same 5 models created using additional
weather data (Weather). AUC values decreased by very little and other evaluation metrics
between the model sets did not vary greatly. The ranges in Sn and Sp values increased
numerically in the Weather models when compared to the Base models. For both model sets, the

boosted decision tree algorithm ranked highest with respect to AUC (0.735 and 0.742 for
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Weather and Base, respectively). Overall, Weather models demonstrated very similar
performance to the Base models with respect to the metrics evaluated in this study.

Comparison of balanced versus Base models

The Base models were compared to models that oversampled and undersampled data for
cattle that DNF so that the number of cattle that DNF accounted for 50% of the animals in the
training dataset. Again, 5 models were created for each sampling target and compared to the
Base models. Models performed similarly across sets with regard to AUC. Numerically, AUC
values tended to increase with both sampling strategies in the logistic regression and decision
forest models. The boosted decision tree model received the highest AUC for each model set
(Table 3.2). The Balanced models demonstrate a tighter spread of Sn, Sp, and Accuracy values
when compared to the Base models. PPV and NPV for the Balanced models resembled what was
observed for the Base models. Overall, balancing a dataset with respect to the outcome of
interest resulted in marginal performance benefits regardless of the balancing strategy.

Comparison of individual versus Base models

Each yard’s dataset was used to train 5 models, which were then compared to the Base
models. Median AUC values were more varied, with a range from 0.548 to 0.868 between yards
(Figure 3.3). Boosted decision tree models led again with regard to the highest AUC value.
Accuracy, Sn, and Sp values followed the pattern observed for the previous comparisons. The
model set for yard 6 was the only one to demonstrate a different pattern compared to other yards
with very high Sp values (average of 90.3%) and low Sn values (average of 37.8%). A notable
difference from the Base models was several yards producing models with high PPVs
(maximum: 0.71 for the boosted decision tree model from yard 8). The results for NPV remained

similar to the pattern of the Base models.

Discussion

Accurate and early diagnosis of BRD in cattle in feedyards can reduce costs associated
with morbidity and improve the health outcome for the animal.?® Prudent antimicrobial use is
also of importance in the industry with efforts made to reduce metaphylactic use of
antimicrobials to reduce both morbidity and mortality associated with BRD. Diagnostic
strategies at the time of treatment in combination with visual cues contribute to the diagnosis of

BRD in the feedyard today. These include rectal temperature and lung auscultation. Many



1471
1472
1473
1474
1475
1476
1477
1478
1479
1480
1481
1482
1483
1484
1485
1486
1487
1488
1489
1490
1491
1492
1493
1494
1495
1496
1497
1498
1499
1500

studies have been conducted to compare new diagnostic strategies such as computer-aided lung
auscultation (Whisper) and serum acute phase protein concentrations.?' Our study does not
attempt to diagnose BRD but instead aims to diagnose DNF, using evaluation metrics similar to
ones used in a previous study.’ Predicting whether or not an animal will finish the feeding period
could have a longer term effect, as an accurate prediction provides information on the calf’s final
outcome, thus offering an opportunity to make interventions to prevent a negative outcome.
However, the predictive ability of our models is not yet good enough to be used in a real-time,
feedyard setting. Further development and research could make this possible.

The Whisper Stethoscope automatically assigns a respiratory score and has been
evaluated on its ability to detect BRD at the time of treatment. By including a fever cut-point, its
AUC (0.686) is similar to the median seen in our Base model set of 0.675.22 Using acute phase
proteins, such as haptoglobin and lipopolysaccharide binding protein, to predict BRD morbidity
can yield AUCs as high as 0.967.23 The Whisper Stethoscope? can be used at the time the
animal removed from the pen for treatment. The sample for acute phase protein analysis kits is
collected at the time of treatment but the test must be performed in a lab.?? Both methods of
predicting BRD morbidity require a significant monetary investment, either up front in the case
of the Whisper Stethoscope, or on a per head basis, as with the acute phase protein test kit. The
predictive models evaluated in our study were created on the Azure Machine Learning platform
by Microsoft, which allows users to train and deploy predictive models for use in the field.'?
Such a tool would allow for immediate results at the time of treatment with little input from
employees on the ground, given that most of the data are already collected by the feedyard and
can automatically populate the model of choice. Additionally, utilizing predictive analytic
strategies in place of traditional statistics could help investigate outcomes using data that
traditional statistical methods have difficulty handling. For example, neural network models are
designed to work as “black box” models for use on real-world data in which patterns are hard to
identify.!3

Despite the relative ease of use of the predictive models investigated in this study, their
predictive power was lacking. Additionally, predictive models, unlike explanatory models, do
not provide associations between risk factors and outcomes. Traditional statistical methods

provide the mathematical equations used to assess causal relationships between predictor
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variables and the outcome of interest. Predictive models focus on providing the most accurate
prediction, without regard for interpretability, which makes their outputs difficult to assess.

Predictive models require large amounts of data for training. A common rule of thumb is
that the training set should have more than 10 times as many rows as columns to ensure adequate
variability in the features of interest to make accurate predictions. Our training set surpassed this
minimum threshold, and thus, we feel confident that the amount of data used for training the
predictive models investigated in this study was sufficient. However, the data used to predict
DNF were extremely variable, which is often the case in biology. Additionally, data were
collected at multiple different operations, and while many of the measures used were objective,
the data collection methods and accuracy may have varied by operation. This could have limited
the performance of the predictive models. Methods to decrease the variability of the data used in
this study were not investigated but could be an interesting area for future research.

A common finding among the models tested in this study was an increased ability to
accurately classify the majority class (animals that finished the feeding period with their pen
mates) in comparison to the minority class (animals that DNF the feeding period with their pen
mates). This finding is demonstrated by the overall lower Sn values compared to the higher Sp
values. This is a ubiquitous finding in algorithms attempting to predict a rare or minority
outcome.?* Often the minority outcome is most interesting to the user, as is the case in this study.
In such cases, evaluating predictive models based on accuracy alone can be misleading.?* The
models will have a bias toward the majority class. Hiaxiang et al*> explain that the evaluation of
such models should utilize other metrics besides accuracy alone. Among others, the AUC of a
ROC curve is adapted for use in imbalanced data problems because they account for the
distribution of classes. For this reason, AUC as well as accuracy, Sn, Sp, PPV, and NPV were
used to characterize the performance of all models evaluated in this study.

Many techniques are employed to improve the performance of predictive models across
many fields. For example, ensemble methods, such as boosting and stacking, improve the

performance of classification models trained with an imbalanced dataset.?

This likely explains
the greater AUC values, and thus greater predictive power, of the decision tree models across
multiple comparisons demonstrated in this study. This feature was built into the decision tree
model but none of the others used in this study. These findings indicate the potential benefit of

adding ensemble methods to other models to increase performance.
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Other common strategies, utilized especially in biomedical engineering models, are
resampling techniques.?> Oversampling and undersampling are both popular techniques applied
to the training dataset before model building. However, using these strategies does not always
increase performance. Oversampling techniques are prone to creating overgeneralized models
and can be problematic for predicting a very rare outcome.?* An overgeneralized model is one
that can make accurate predictions with the training data but cannot generalize its model to
a different dataset. This makes the model less accurate when exposed to naive data.
Undersampling has been found to be superior to oversampling in datasets with hundreds of
minority observations.>?> Additionally, combining the 2 strategies to resample the training
dataset has shown promise®® but was not investigated in this study.

Our results demonstrated little benefit in utilizing a resampling strategy on the training
dataset. This could be due to overgeneralization of our models. This has been described with an
oversampling strategy but not an undersampling strategy.>> Small numerical increases in the
performance metrics of the models investigated in this study indicate that further investigation
into balancing techniques may be warranted. Only preprocessing methods were used in this
study. Learning methods applied to the predictive models themselves, and postprocessing
methods may contribute a greater benefit to the model performance.

High dimensionality is another issue commonly seen in predictive analytics. It is intuitive
to believe that the addition of more data can only have a beneficial effect on the predictive ability
of a model. However, research has shown that high dimensionality in a training dataset can lead
to noisy data contributing to the prediction of an outcome.?* This can have a degradative effect
on the evaluation metrics. High dimensionality could have contributed to the underwhelming
performance of the predictive models in this study.

In the case of our Weather versus No Weather comparison, we saw virtually no
difference in the median AUC between the 2 model sets (0.674 vs 0.675). This comparison
showed neither a deleterious effect nor a beneficial effect with the addition of weather data.
Dimensionality reduction methods may have been useful in this comparison but were not
investigated. Previous research has shown that weather variables are significantly associated with
increased BRD morbidity and mortality.>*” The current study cannot evaluate the associations
between the weather data included and DNF. However, the lack of increased performance

suggests weather data do not increase the predictive power of the models evaluated in this study.

11



1563
1564
1565
1566
1567
1568
1569
1570
1571
1572
1573
1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593

Management and data collection vary from feedyard to feedyard. For this reason, models
created for individual yards were compared to the Base models. Amrine et al made a similar
comparison in their 2012 paper. In that study, the COMBO dataset created models that ranged in
accuracy from 52% to 77%.°> Our study found a wider range of accuracies (14.2% to 75.9%).
This is likely due to differences in model selection and parameter tuning. A similar finding in
both studies was the occurrence of several models classifying every animal as DNF, resulting in
high Sn values and low Sp values. Our research shows that the creation of models for individual
feedyards can produce models that perform better than models created using the base dataset.
However, some individual feedyard models were not as accurate as the Base models. This
indicates some differences in quality of data collected regarding predictive ability. Research
investigating the differences in feedyard data is needed to better understand the variation in
model performance across feedyards.

The objective of this study was to evaluate the diagnostic ability of various predictive
models to determine final outcome of an animal at its first treatment for BRD. This study also
aimed to determine the benefit of including weather data, utilizing data balancing techniques,
and creating individualized models. Models were tuned by maximizing Sn and PPV in relation to
each other using F1 score. We evaluated model performance using various metrics including
AUC of the ROC curve, Sn, Sp, PPV, NPV, and overall accuracy. AUC value was used to
evaluate overall predictive ability of each of the models.

Wide ranges for all evaluation metrics were noted across all models trained and tested.
This could be due to ranges in data quality as well as ranges in the predictor variables. The
model algorithms themselves may contribute to this range as some models are better suited to the
type of data used in this study than others. Overall, the boosted decision tree model outperformed
other models consistently across comparisons with regard to AUC. The addition of weather
data had very little effect on AUC, likely due to its contribution to high dimensionality which
can negatively impact model performance. Balancing the training dataset did not benefit model
performance. This is likely caused by overgeneralization of the models trained with an
oversampled dataset, which can lead to a decreased predictive performance when subsequently
exposed to the testing dataset. Creation of individual models for feedyards can lead to increased
performance when compared to the Base models for some feedyards. However, other feedyards

produced models that performed worse in comparison to the Base models. This finding is likely
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due to the vast difference in information quality and warrants further research. At this time, the
predictive models evaluated in this paper are not likely to greatly improve detection of animals
that will not finish. More research could lead to the improvement of predictive models applied to
this problem which could lead to application to a modern-day feedyard treatment protocol to
assist in decision-making in real time. Early culling, application of more aggressive treatment, or
moving that animal into a convalescent pen are all possible interventions that could be
investigated using models that predict DNF. Future research is needed to elucidate the economic

and animal health benefits of these options.
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Figure 3.1. Flowchart describing the steps followed to create the base predictive models
investigated in this trial. Inclusion criteria include a first-time treatment for bovine respiratory

disease with an antimicrobial.
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Table 3.1. Summary of exclusion criteria and the rows of data removed from the study. Rows
were removed in order of the criteria listed. 300,104 animals were removed from the study.

Criteria to remove data Rows removed
Day of pull less than 0 714
Sex of the lot other than mixed, steer, or heifer 3,324

Weight at time of pull greater than 1360.8 kg (3000 1bs.) 15

Lot’s average arrival weight greater than 1360.8 kg (3000 1,884

Ibs.)

Lot’s head in greater than 600 1,679
Lot’s arrival data after 02/01/2021 15
Animals with incomplete data 292,473
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Table 3.2. Summary of Base model metrics and results.

Model Results

Model AUC Sn (%) Sp (%) Accuracy PPV NPV
(%)

Base
Avg. Percept. 0.630 100.0% 0.0% 14.2% 0.14 DBZ*
Dec. Forest 0.624 70.3% 47.6% 50.8% 0.18 0.91
Log. Regress. 0.675 55.5% 68.8% 66.9% 0.23 0.90
Neural Net. 0.696 50.0% 76.2% 72.5% 0.26 0.90
Dec. Tree 0.738 57.0% 76.3% 73.6% 0.28 0.91
Weather
Avg. Percept. 0.623 100.0% 0.0% 14.2% 0.14 DBZ
Dec. Forest 0.612 47.8% 68.8% 65.9% 0.20 0.89
Log. Regress. 0.674 50.8% 72.8% 69.7% 0.24 0.90
Neural Net. 0.69 59.8% 67.0% 65.9% 0.23 0.91
Dec. Tree 0.735 51.2% 80.0% 75.9% 0.30 0.91
Undersampled
Avg. Percept. 0.613 47.0% 68.4% 65.4% 0.20 0.89
Dec. Forest 0.664 52.2% 70.2% 67.6% 0.22 0.90
Log. Regress. 0.678 46.1% 77.5% 73.1% 0.25 0.90
Neural Net. 0.680 46.5% 77.2% 72.9% 0.25 0.90
Dec. Tree 0.726 63.3% 69.3% 68.4% 0.25 0.92
Oversampled
Avg. Percept. 0.619 68.8% 59.4% 59.2% 0.19 0.90
Dec. Forest 0.652 53.4% 68.8% 66.7% 0.22 0.90
Log. Regress. 0.678 60.7% 64.9% 64.3% 0.22 0.91
Neural Net. 0.673 56.6% 68.6% 66.9% 0.23 0.91
Dec. Tree 0.732 50.3% 80.8% 76.5% 0.30 0.91

*DBZ indicates a division by zero
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Chapter 4 - Economic impact of mortality prediction by predictive

model at first and second treatment for bovine respiratory disease

L. Heinen!, B.J. White!, R.L. Larson', D. Kopp!, D.L. Pendell?
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with permission from publisher as formatted in referenced publication. Lilli Heinen, Brad J.
White, Robert L. Larson, Dannell Kopp, Dustin L. Pendell. Economic impact of mortality
prediction by predictive model at first and second treatment for bovine respiratory disease,
American Journal of Veterinary Research, Volume 85, Issue 12, September 2024,

https://doi.org/10.2460/ajvr.24.06.0169.
Abstract

OBJECTIVE

To evaluate a predictive model’s ability to determine cattle mortality following first and second
treatment for bovine respiratory disease and to understand the differences in net returns
comparing predictive models to the status quo.

METHODS

2 boosted decision tree models were constructed, 1 using data known at first treatment and 1
with data known at second treatment. Then, the economic impact of each outcome (true positive,
true negative, false positive, and false negative) was estimated using various market values to
determine the net return per head of using the predictive model to determine which animals
should be culled at treatment. This was compared to the status quo to determine the difference in
net return.

RESULTS

The models constructed for the prediction of mortality performed with moderate accuracy (areas
under the curve > 0.7). The economic analysis found that the models at a high specificity (>
90%) could generate a positive net return in comparison to status quo.

CONCLUSIONS
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This study showed that predictive models may be a useful tool to make culling decisions and
could result in positive net returns.

CLINICAL RELEVANCE

Bovine respiratory disease is the costliest health condition experienced by cattle on feed.
Feedyard record-keeping systems generate vast amounts of data that could be used in predictive
models to make management decisions. It is essential to understand the accuracy of predictions
made via machine learning. However, the economic impact of implementing predictive models
in a feedyard will influence adoption.

Keywords: bovine respiratory disease, diagnosis, feedlot, machine learning, net returns

Introduction

Bovine respiratory disease (BRD) is among the costliest diseases encountered in the
feedlot industry.! Few diagnostics can be efficiently applied at the time of treatment to predict
the final outcome of an animal diagnosed with BRD in the feedyard. Economic loss due to
mortality is a concern for feedyard managers, and early shipments of chronically sick or poor-
doing cattle at a discounted price (commonly called railing or realizing) is used to ensure some
return on investment in these cattle. Modern data analytic strategies, including machine learning
algorithms and predictive models, are now being researched for use in dairy and beef
production.”* The vast amount of data produced by feedyards today make them an environment
ideal for testing the application of predictive models to assist management decisions. Predictive
analytics and machine learning approach the prediction of an outcome differently than traditional
statistics. Rather than measure the association of a predictor variable and an outcome of interest,
predictive models utilize inputs to make predictions regardless of association.’

Risk factors associated with BRD morbidity and mortality have been well-researched
using traditional statistical methods. Weight of incoming cattle to a feedyard, distance
transported, time of the year, and more have been well-established inputs for BRD management
decisions.® These data are readily available in a feedyard’s data management system and could
easily be incorporated into a predictive model. The performance of a predictive model is
measured using several metrics that describe its accuracy, but when applying this tool to make
management decisions in a feedyard, it is also important to understand the economic

implications.
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The objective of this study is to determine the ability of a boosted decision tree predictive
model to predict mortality within 15 days of an animal’s first or second treatment for BRD and
to quantify the net return of using the predictive model compared to status quo at different
probability thresholds as a management tool to decide which animals should be culled (railed)
ahead of their pen mates. We hypothesize that the boosted decision tree models will perform
with moderate accuracy when asked to determine the outcome of an animal in the next 15 days.
We anticipate that by using the models to determine which animals should be railed, feedyard
managers may have the ability to return an economic benefit depending on which probability

threshold is utilized.
Methods

IACUC approval was not obtained for this study due to data being obtained from existing
databases provided by several feedyards.

Data collection

Treatment records were obtained from 13 US feedyards from 2018 through 2021 and
included information from 396,486 head of treated cattle. Feedyards included in this dataset were
located in the central High Plains region of the US. Records obtained from each yard were on an
individual animal basis and were tied to cohort-level data. A cohort was defined as a group of
cattle purchased and managed similarly but not necessarily housed in the same pen for the
entirety of the feeding phase. In addition to data collected from feedyards, relevant economic
data were acquired from a variety of sources. Cull cow slaughter prices were obtained from the
USDA Agricultural Marketing Service database.” These records were obtained using an
application programming interface call to the system to obtain cull cow slaughter prices from
each state represented in the dataset. The cull cow slaughter prices were later used in the
economic analysis. Monthly fed cattle prices from January 2018 through December 2021 were
obtained from the CattleFax online database.® Historic commodity prices from October 2018
through May 2019 were used to determine the price per pound of a feed ration. Alfalfa hay and
corn prices were acquired from Focus on Feedlots Monthly Reports.® Wet distillers grain price
was from Agriculture Marketing Resource Center’s Weekly Ethanol, Distillers Grain, and Corn
Prices and was an average of the monthly prices from lowa, Illinois, Nebraska, South Dakota,

and Wisconsin.'?
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Feedyard data transformation

Before feedyard data could be used to create predictive models, they were transformed
into the appropriate format, and feature engineering was used to generate additional variables to
be included in the models. These steps were all performed in R.!! First, inclusion criteria were
applied to the dataset, including validating records, only cohorts with heifers, steers or mixed
genders, cohort and treatment weights less than 3,000 pounds, cohort arrival head counts less
than 600, and cattle meeting case definition for each model (Figure 4.1). These inclusion criteria
were applied to minimize the inclusion of data entry errors and to ensure that only animals with
complete data were included in the dataset.

Two different datasets were created: 1 included all data known at cattle’s first treatment
for BRD (BRD1), and the other included all data known at cattle’s second treatment for BRD
(BRD2). All cattle in the second treatment dataset were included in the first treatment dataset. A
case definition was created for each dataset. The diagnosis of BRD was based on standard
operational procedures for each feedyard, which involved identifying individual animals within
each cohort that illustrated signs typical of BRD, which included depression, anorexia, and
increased respiration. Following diagnosis in the pen, animals were taken to a hospital facility
where diagnosis was confirmed. To be considered a first treatment for BRD, an animal was
administered an antimicrobial for a diagnosis of BRD for the first time. To be considered a
second treatment for BRD, an animal was administered an antimicrobial for a diagnosis of BRD
for the second time. These case definitions further refined our datasets and are also represented
in Figure 3.1.

Feature engineering and variable generation consisted of creating new variables using the
existing data to describe individual-, cohort-, and feedyard level characteristics. These variables
encompassed only information that would be known at the time of first or second treatment for
BRD for each respective dataset (Appendix Tables B.1 and B.2). The outcome of interest was
captured in a variable called DNF 15 (did not finish at 15 days post treatment event). This
variable described whether an animal experienced mortality or was culled (railed) within the next
15 days following the BRD treatment of interest. The cutoff of 15 days was used based on an
assessment of the range of days post treatment event, which demonstrated that approximately
40% of mortalities and railing events occurred by 15 days after treatment. Data were then

transformed so that each row of data corresponded to 1 animal and each animal had data for all
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variables. The final BRD1 dataset consisted of 60 variables, and the final BRD2 dataset
consisted of 102 variables, with 60 of those repeated from the BRD1 dataset. These datasets
were used to construct predictive models capable of determining the DNF 15 of individual
animals at first or second treatment for BRD.

Model building process

Before the model building step occurred, each dataset was first split into separate training
and testing sets, stratified by prevalence of outcome of interest, DNF 15. The training set
represented 75% of the original dataset, whereas the testing set represented the other 25%. Using
the Pipeline Designer function in Azure Machine Learning, datasets were used to train, test, and,

1.12 This algorithm was chosen out of the many

eventually, validate a boosted decision tree mode
possible options due to prior experience and research done within our group.>!'® Decision trees
are classification models that split data based on discrete attributes within variables that best
characterize a class to be predicted. One split is called a node. A following split creates a branch.
These splits continue through all variables in the dataset. Boosting is an ensemble method that
creates multiple additional trees based on the misclassification of the first tree. Boosted decision
trees have been reported to be more robust and efficient than more complicated predictive
models, such as neural networks.'

Before model training occurred, a 2-way chi-squared feature scoring method was applied
to the training dataset in order to remove redundant variables in each dataset. Feature selection
allows for better performance of a predictive model and the removal of unnecessary variables. !>
Following 2-way chi-squared analysis, features were selected for inclusion in machine learning
models.

Hyperparameters are used in machine learning to adjust the model training process and
optimize performance. In this study, a module provided by Azure Machine Learning performed a
parameter sweep to identify the hyperparameters that would maximize the area under the
receiver operating characteristics curve (AUC).'® This sweep was performed with the training
dataset following feature selection. Hyperparameter tuning led to adjustments made in the
default architecture. The tuning process indicated that the same parameters should be used for
the BRD1 and BRD2 models to maximize the predictive power of the models as indicated by the
highest AUC value. The maximum number of leaves per tree was set to 32, resulting in a

maximum of 32 nodes that could be created by any tree. A larger number would put the model at
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risk of overfitting the data. A minimum of 50 samples per leaf node was set. This means that at
least 50 cases were needed in order to create a rule. The number of trees constructed was set to
500. Creating more trees results in better coverage of the data but increases training time. Lastly,
the learning rate was set to 0.025. Adjustment of the learning rate defines how fast the learner
converges on the optimal solution. Decreasing the learning rate results in more precision but
increases training time.!”

The boosted decision tree model was now tested to predict the outcome of interest,
DNF 15, using the testing dataset that had been withheld from the previous training steps. This
was done using a technique called crossfold validation. This technique is commonly applied in
machine learning to assess the variability and reliability of the dataset used to train a model.'®
The testing datasets were each divided randomly into 10 folds, with data from 1 fold retained for
validation. The model is trained on 9 folds, and final performance metrics are calculated using
the validation fold. The process is repeated, with each fold undergoing a turn as the validation
fold. The end result is 10 sets of performance metrics, allowing for evaluation of the dataset’s
variability and the model’s reliability. To simplify the analysis, the fold resulting in the highest
AUC value was selected for further evaluation.

Model performance was evaluated using accuracy, sensitivity, specificity, positive and
negative predictive values, and AUC. These values were calculated using the confusion matrices
produced by each model run in Azure. Figure 4.2 outlines all the model building and evaluation
steps. The usefulness of the results needed to be put into context, so an economic analysis was
performed using the scored datasets obtained from the crossvalidation fold of each predictive

model with the highest AUC. The economic analysis is described in further detail below.

Economic analysis

In order to address the economic implications of applying predictive models to assist in
feedyard post-treatment culling decisions, an economic model was created to estimate net
returns. The predictive models described above encompassed the 15-day post-treatment interval;
however, the economic model was designed to account for the remainder of the feeding period to
capture the long-term economic effects of using a predictive model to make a culling decision.
Cost and income calculations were estimated for various processes of production and culling.

The net returns for each individual diagnostic outcome were estimated using unique

formulae for each diagnostic outcome at first and second treatment for BRD. Diagnostic
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outcomes fell into 1 of 4 categories: true negatives, false positives, true positives, or false
negatives. Cattle that truly lived and remained with the group beyond 15 days were either
predicted to live by the model (true negatives) or predicted to experience mortality (false
positives). Cattle that truly died or were culled within 15 days post-treatment were either
predicted to experience mortality by the model (true positives) or predicted to live by the model
(false negatives). A summary of each outcome and their respective net return formulae for the
BRDI1 data are described in Figure 4.3. The BRD2 formulae were similar but included an
additional treatment cost in each outcome formula.

Detailed descriptions of the calculations used to estimate the individual elements of the
net return equations for each model outcome can be found in Table 4.1. This economic model
did not include purchase cost, processing cost, yardage, or feed cost up until the time of
treatment as we were interested in determining the differences between model outcomes for net
returns following first or second treatment for BRD. Feed costs were adjusted for the true
negative and false positive animals based on expected changes in consumption for animals in
each category. False positive animals would be shipped early, thus sparing the feedyard this feed
cost, so it was included as cost savings in the calculation for net return of this outcome.
Treatment costs were applied to negative prognostic model outcomes (true and false negatives)
and were based on the cost of generic tulathromycin.'

A feed ration consisting of 10% alfalfa hay, 30% wet distillers’ grain, and 60% corn was
developed. Prices for alfalfa, distillers’ grains, and corn were as follows”: $170.24/ton,
$46.12/ton, and $137.5/ ton. These values were used to set a feed price of $0.0803/1b of feed.
The national average fed cattle price was calculated to be $116.10/cwt.® This was used to
determine the sale price of animals that finished the feeding period. The animals predicted by the
model to experience mortality in the next 15 days (true positives and false positives) would be
shipped early (railed/culled) at a discounted price. Railer price was estimated using the following
equation from Horton et al*’:

74.6% X average breaker cull cow price

Cull cow prices were derived from CattleFax data from the states represented in our
dataset from 2018 through 2021.% This method of estimating railer prices was recently described
by Horton et al.?® This yielded a railer price of $45.04/cwt. Sale price was determined based on

the average out-weight of the lots included in each dataset and calculated using 6-state averages
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from CattleFax.® The risk of did not finish (Riskpnr) later in the feeding period needed to be
accounted for in the economic model for the false positive and true negative model outcomes.
The median Riskpnr was calculated using data from Babcock et al*! by dividing the median
cumulative mortality rate (0.013) by the median days on feed (178 days), resulting in a Riskpnr
0f 0.007%. The Riskpnr for each dataset was estimated by multiplying the estimated daily risk of
mortality by the average days between treatment and end of the feeding period. The respective
sale prices for each dataset were multiplied by the Riskpyr later to estimate the cost associated
with DNF later (Figure 4.3).

Next, the overall net return for using the predictive model (either at first or second
treatment for BRD) was based on the frequency of each outcome and their individual net returns.
A status quo was calculated based on no change in action from normal management procedures
performed following treatment (cattle remained in pen with no culling but may have experienced
mortality within the 15-day post-treatment observational period). The cost associated with the
status quo was estimated in order to make a comparison to the economic results from utilizing
the predictive model. To do this, a cost for animals that DNF within 15 days of treatment for
BRD was determined to be a loss equivalent to the money lost from the potential sale of that
animal (sale price) and the money lost on administering a treatment to that animal. The animals
that survived also received an estimated cost. This was equivalent to the calculation for a true
negative model outcome (the net return from the sale price after the subtraction of feed cost and
treatment cost and the adjustment for Riskpnr later in the feeding period). These 2 costs were
calculated for both the BRD1 and BRD2 datasets and were used to calculate a status quo cost per
head. The status quo was set to zero and compared to the overall net returns of using the
predictive models to make a culling decision at first and second treatment.

Each predictive model run produced a scored dataset that included the true outcome,
predicted outcome, and the probability of that predicted outcome for each observation. A scored
dataset displays the predicted outcome and a measure of certainty of the prediction, usually given
as a probability. The decision of scoring a predicted outcome is based on the probability
threshold, the default of which is usually 0.5. For example, a predicted outcome of DNF 15 with
a 0.7 probability will be scored as a DNF 15 positive (would not finish) by the model, whereas a
predicted outcome of DNF 15 with a 0.4 probability will be scored as an animal that will

survive. The probability threshold can be increased or decreased to adjust sensitivity and
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specificity, thus altering the total numbers of true positives, true negatives, false positives, and
false negatives. In this study, 9 probability thresholds from > 0.1 to > 0.9 in 0.1 increments were
used for each model. The results for the net return calculation for each prognostic outcome were
multiplied by the total number of true positives, true negatives, false positives, and false
negatives at each probability threshold for each model (BRD1 and BRD?2). The total costs were
then divided by the number of observations (head of cattle) in each dataset to return an
approximate net return of running the model per head. The difference of these values from the
status quo per head calculations were then determined to understand the difference in net return
between using the predictive model to make an early culling decision and the status quo for the

feedyard.
Results

Following data transformation and variable creation, the final BRD1 dataset consisted of
133,249 animals, with a 6.1% prevalence of DNF _15. The final BRD2 dataset consisted of
27,726 animals, with a 14.0% prevalence of DNF _15. For the BRD1 dataset, the top 30 variables
were kept, and the top 50 variables were kept for the BRD2 dataset following ranking from the
chi-squared filtering approach. Appendix Tables B.3 and B.4 indicate the features selected for
inclusion in both datasets along with the associated chi-square correlation coefficients.

Evaluation of models

Two separate boosted decision tree models were trained, tested, and validated to predict
DNF 15 based on information known at first (BRD1) and second treatment (BRD2) for BRD.
Table 4.2 provides a summary of performance metrics for these models. Overall, both models
demonstrated high specificities and high negative predictive values but low positive predictive
values and low sensitivities. The AUCs for both models were between 0.7 and 0.8,
demonstrating moderate predictive power.

Economic analysis results

The results from the economic model illustrated different net returns for each of the
outcomes as classified by model prediction and actual cattle outcome. The net returns for true
positives were $393.75 and $388.58/head for the BRD1 and BRD2, respectively. True negative
net returns were profits of $1,377.12 and $1,371.11/head for BRD1 and BRD2, respectively.
False positives resulted in the largest losses, with net returns of —$1,000.94 and —$998.94/ head
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for BRD1 and BRD2, respectively. False negatives were also losses, with —$411.32/head for
BRD1 and —$404.99/head for BRD2. The results for status quo economic estimates for BRD1
and BRD2 were $1,186.36 and $933.32, respectively.

Using the equations for net return described above, the difference from the status quo was
calculated for each model (BRD1 and BRD?2) across all probability thresholds, from > 0.1 to >
0.9. Figure 4.4 graphs the economic results from the BRD1 and BRD2 models. In general, as the
probability threshold increased, the net return per head increased as well. For the BRD1 model,
net return peaked at the threshold of > 0.6 and then decreased slightly. In the BRD2 model, net

return continued to increase up to the probability threshold of > 0.9.

Discussion

With the models constructed in this study, we attempted to predict mortality within the
next 15 days of both first and second treatment for BRD. Our models included variables
previously identified to be associated with mortality due to BRD, such as weight and body
temperature at the time of treatment, quarter of arrival, and days on feed. Often the variables
collected for these kinds of studies are involved in 2- and potentially 3-way interactions.® These
complex interactions may be difficult to interpret and thus make machine learning an attractive
application to predict mortality. Additionally, predictive models are well-suited to handling large
amounts of data, which is often the case when conducting a retrospective analysis of feedyard
data.?? Predictive models are able to handle large amounts of data, and algorithms exist to handle
collinearity, mitigating another concern with using traditional statistical approaches.?* The
algorithm used in this study was a boosted decision tree. Boosting allows for correction of
misclassification and has been shown to be superior to other algorithms, such as neural networks,
when used on datasets with large numbers of variables.'* Decision trees are known to be
applicable to a wide range of problems in addition to their ability to handle data with high
dimensionality.?*

Based on our AUC values of 0.81 for the BRD1 model and 0.78 for the BRD2 model, we
determined the models investigated in this study to have moderate accuracy. Recent
studies®*!*° have investigated the prediction of BRD morbidity or case fatality using machine

125

learning. Feuz et al™ reports higher sensitivities for the algorithms tested in their study but do not

report AUC values. Amrine et al® report a maximum AUC of 0.62, which is considerably lower
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than our reported AUC values. Babcock et al”" reports as high as 91% of lots correctly classified
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for cumulative morbidity risk; however, they do not report AUC values, making their models
difficult to directly compare to ours. Rojas et al® constructed models to determine BRD morbidity
on a pen-level basis. The highest AUC reported in that study was 0.79. Overall, our models
perform similarly to other published classification model studies; however, our models
demonstrate lower sensitivities, likely due to the imbalanced nature of the outcome class.
Additionally, direct comparisons are difficult to make as the aforementioned studies made
predictions on a lot-level basis, whereas the current study investigated predictions on an
individual basis. Predictions made on an individual basis are likely subject to higher variability
and thus are less accurate than those made on a lot level.

We utilized a pooled dataset consisting of feedyard data from multiple operations in
different geographic locations over several years. This allowed for a robust but highly variable
dataset. The predictive models built from this dataset are therefore quite general and may result
in poorer performance in comparison to a predictive model built using a specific feedyard’s
dataset. Previous research has demonstrated that models built using individual feedyard data can
perform either worse or better in comparison to models built from a pooled dataset.>!* The
reason for this finding likely lies in the data quality differences between feedyards that wash out
in the pooled dataset. However, consistent between the aforementioned studies is the finding that
the variability in model performance decreases when creating models for individual feedyards.

Our economic analysis found that increasing the specificity of the models increased the
net return per head compared to the status quo, with an even further increased net return found
with the BRD2 model. A couple of papers have performed similar economic analyses using
classification models on treated cattle in a feedlot. In 2021, Feuz et al?® reported an average
increase of $14.01 net return per head compared to a simulated standard culling procedure when
using the logistic regression model described in their study. They simulated the net return per
head using various predictive model algorithms to model mortality in feedlot cattle removed
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from their pen for any health-related reason. In 2022, Feuz et al”® conducted a similar study with

more feedyards included in the dataset. This time they reported an average increase in net return

of $6.31/head. These are far lower than our economic results. Feuz et al investigated the

25,26

prediction of mortality to the end of the feeding period in both papers,~~® whereas we focused

on the period of 15 days post treatment for BRD. Other work has shown a decrease in predictive

25,26

ability over longer periods of time.!* Finally, Feuz et al, in both papers,>*® included calves
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pulled and treated multiple times for the same or different disease process as the first pull. This
means that each health incident and prediction in an individual calf was considered independent
from any others, allowing for that animal to be newly classified unless it had been previously
categorized as DNF.

Despite the differences in net returns, their findings support that increased specificity
results in higher net returns, indicating that false positives cost more than false negatives. This
same finding is supported by other studies that have investigated changes in net returns
associated with changing diagnostic test characteristics.?” Thus, when using economic analysis to
consider predictive models for implementation, specificity (the ability to determine the true
negatives) will drive the selection. This consequently sacrifices sensitivity, resulting in an
increased number of false negatives. In situations where detecting truly diseased individuals
outweighs economic advantages, consideration should be given to a model with an increased
sensitivity.

The models designed in this study have never been implemented to make culling
decisions in real time, and thus the results reported are simply expectations. This paper
investigated the economic implications of making a culling decision assuming the animal in
question would be shipped the same day the decision was made. This is unlikely to happen in
actuality as animals that are culled early are not shipped daily and often must remain at the
feedyard in order to wait out their withdrawal period. Therefore, we are likely overestimating the
net returns in our economic analysis as we did not account for continued loss that would
inevitably occur as animals wait to get shipped. The outcome DNF 15 incorporated both animals
lost to mortality and those that were culled early. There is no guarantee that the animals that were
culled in the original dataset would have died before the end of the feeding phase. However, they
were included in our outcome because this population of cattle serves as a source of loss
comparable to mortalities at the feedyard.

Additionally, the predictive models were built on data limited to the feedyards we had
access to. The formulae created for the economic analysis were based largely on estimates of
prices that are constantly changing. Although beyond the scope of the current study, a sensitivity
analysis or stochastic model of the economic analysis would be useful in capturing the impact
the volatile market has on outcome. Further research and additional data are needed to create

more robust analyses.
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In conclusion, the intersection between machine learning and livestock production has
occurred in recent years. More studies are exploring the application of predictive models to
health and productivity challenges in various livestock systems. With this paper, we hope to
contribute to the growing body of knowledge on the use of predictive models to make
management decisions on US feedyards by creating models that determined whether or not an
animal would die in the next 15 days after first and second treatment for BRD. Additionally, we
sought to investigate the estimated net returns of using a predictive model to make a culling
decision in comparison to the status quo. The boosted decision tree models we constructed
performed with moderate accuracy, and we found that by increasing the specificity of those
models we were able to generate high net returns in comparison to a feedyard’s status quo. These
models and the economic analysis performed in this study cannot capture the complexity and
volatility of cattle health and the market. Therefore, analysis with a stochastic predictive and
economic model could help more accurately represent what the expected economic benefit

would be when using machine learning to implement an early culling strategy at a feedyard.
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396,486 unique treatments
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Day of treatment greater than 0 (395,941 records)
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Only heifer, steer, and mixed lots (392,296 records)

!

Lot arrival and individual animal treatment weights less than 3000 Ibs (392,181 records)

!

Lot head count at arrival less than 600 (390,450 records)

'

Lot arrival date before 02/01/2021 (390,437 records)

P il )

Case definition for BRD1 (177,309 records) Case definition for BRD2 (38,404 records)
BRD1 dataset with complete data (133,249 records) BRD2 dataset with complete data (27,726 records)

Figure 4.1. Flowchart summarizing exclusion criteria and dataflow. BRD1 refers to first
treatment for BRD. BRD2 refers to second treatment for BRD.
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Table 4.1. Summary of calculations for estimation of cost and prices associated with model

results.

Cost/Income Calculation Result ($)

Railer price Average weight at treatment * BRDI1 = (817 lbs) * ($45.04/100

(RP) estimated railer price per cwt lbs) = $367.78
BRD2 = (863 lbs) * ($45.04/100
lbs) = $388.58

Sale price (SP)  Average out weight * national BRD1 = (1,499 Ibs) * ($116.10/100

average sale price per cwt 1bs) = $1,739.92

BRD2 = (1,490 Ibs) * ($116.10/100
lbs) = $1,730.26

Adjusted feed (Average feed consumed by BRDI1 = (613,544 1bs/151 head) *

cost for true lot/average head in the lot) * average  ($0.0803/Ib) = $326.87

negative (FCrv)  cost of feed per pound BRD2 = (644,290 1bs/160 head) *
($0.0803/1b) = $323.36

Cost of first Average weight at first BRD (874 1bs) * ($2.01/100 Ibs) =

BRD treatment
(TC)

treatment * cost of tulathromycin per
cwt

$17.57

Cost of second
BRD treatment

(TC)

Average weight at second BRD
treatment * cost of tulathromycin per
cwt

(863 lbs) * ($2.01/100 Ibs) =
$16.41

Risk of DNF
adjustment
(Riskpnr)

[(median cumulative mortality /
median final days on feed) * average
days between treatment and end of
feeding period] * sale price

BRDI = [(0.013/178 days) * 145
days] * $1,739.92 = $18.36

BRD2 = [(0.013/178 days) * 153
days] * $1,730.26 = $19.38
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2183
2184  Table 4.2. Summary of model performance predicting DNF 15 at first and second treatment for
2185 BRD.

2186
Metric BRD1 Model BRD2 Model
AUC-ROC 0.811 0.783
True positives 8 14
True negatives 3100 586
False positives 10 11
False negatives 213 82
Sensitivity 3.6% 14.6%
Specificity 99.7% 98.2%
PPV 0.44 0.56
NPV 0.94 0.88
Accuracy 93.3% 86.6%

2187

2188
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Chapter 5 - Predictive models to determine best strategy for

metaphylaxis application in cattle at arrival to a feedyard

L. Heinen!, P. A. Lancaster, R.L. Larson', D.L. Pendell?, D. Kopp!, B.J. White!
Beef Cattle Institute, Kansas State University, Manhattan, KS 66506, USA
2Department of Agriculture Economics, Kansas State University, Manhattan, KS 66502, USA

This research is published in the Journal of Preventive Veterinary Medicine and is reproduced
with permission from publisher as formatted in referenced publication. Lilli Heinen, Phillip A.
Lancaster, Robert L. Larson, Dustin L. Pendell, Dannell Kopp, Brad J. White, Predictive models
to determine best strategy for metaphylaxis application in cattle at arrival to a feedyard,
Preventive Veterinary Medicine Volume 242, May 2025,
https://doi.org/10.1016/j.prevetmed.2025.106572.

Abstract

Metaphylaxis, the application of an antimicrobial to a cohort of cattle at arrival to a feedyard, is
an important bovine respiratory disease (BRD) control strategy for certain cattle populations.
Predictive modeling techniques could be used to assist in determining which cohorts should
receive metaphylaxis based on a desired economic outcome instead of subjectively. The study
objective was to evaluate predictive models trained with cattle demographic variables to
determine which cohorts should receive metaphylaxis based on an economic evaluation of
highest net returns and to elucidate the benefit to model performance with the addition of origin
and external economic variables. Data from 16,368 cattle cohorts were used to build four
predictive models: boosted decision tree, logistic regression, neural network, and random forest.
Area under the Receiver Operating Characteristics curve (AUC-ROC) was used to evaluate
model performance. The same algorithms were used to compare adding origin and external
economic data to the baseline models. Overall, model performance was high with AUC-ROC
values ranging from 0.80 to 0.93 in the baseline models. Adding external economic variables
such as commodity futures prices increased performance (AUC-ROC=0. 92 — 0.94). Adding
origin data, such as city and state, resulted in poorer performance (AUC-ROC=0.79 — 0.89). The

combination of external economic data and origin resulted in intermediate AUC-ROC values
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(AUC-ROC=0.87 — 0.91). The study demonstrated that predictive models can be used
successfully to select an optimal metaphylaxis strategy as determined by economic evaluation for
cattle arriving at the feedyard.

Keywords: machine learning, antibiotic, bovine respiratory disease, feedlot

Introduction

Bovine respiratory disease (BRD) is a complex disease condition of cattle affecting the
respiratory tract and is associated with a myriad of host, environmental, and microbial factors
(Fulton, 2009; O’Neill et al., 2014). Environmental risk factors are well-researched and include
long-distance transportation, commingling, and others (Cernicchiaro et al., 2011; Cernicchiaro et
al., 2012; Sanderson et al., 2008). Economic loss due to BRD mortality was estimated to be
about $643 million in 2010 (USDA NASS, 2011). Perhaps more important is loss attributed to
BRD morbidity which includes negative effects on average daily gain (ADG) and feed
conversion in morbid animals, treatment and labor costs, and lower carcass grades at slaughter
(Gardner et al., 1999; Irsik et al., 2006; Schneider et al., 2009). To mitigate these losses,
feedyards implement antibiotic metaphylaxis, the application of an antibiotic to an entire group
of cattle at or near the time of feedyard arrival in order to decrease BRD incidence (Ives and
Richeson, 2015). The decision to apply metaphylaxis to a group of cattle at arrival is often based
on risk classification informed by the various group-level risk factors including, but not limited
to, weight as a proxy for age, source (ranch or auction), distance transported, presence of
commingling, and pre-arrival conditioning such as vaccination, dehorning, and castration
procedures (Ives and Richeson, 2015; Nickell and White, 2010; Seeger et al., 2008).

Implementation of metaphylaxis has been shown to decrease both BRD morbidity and
mortality (Baptiste and Kyvsgaard, 2017; Horton et al., 2023; Tennant et al., 2014). Additionally,
positive net returns have been demonstrated when administering metaphylaxis at arrival versus
no metaphylaxis although this effect is modified by antibiotic class (Dennis et al., 2020). Despite
the evidence demonstrating the animal health and economic benefits of metaphylaxis
administration, calls to reduce antimicrobial use in the livestock industry from organizations like
the European Union and World Health Organization have led to efforts to reduce this practice
(European Union, 2015; World Health Organization, 2017). In addition to researching antibiotic
alternatives, industry interest has also begun to incorporate technology which would help

specifically target antibiotic application. A potential tool to encourage strategic antimicrobial use
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could be a predictive model trained to determine which cohorts of cattle arriving at the feedyard
will benefit from metaphylaxis based on estimated economic returns. Using economic returns as
a metric allows for the incorporation of several outcome possibilities including morbidity,
mortality, and finishing to slaughter.

Predictive models are algorithms with statistical backbones trained to estimate a future
outcome based on retrospective data. Depending on the algorithm, models can analyze complex
relationships between input variables. Predictive models are trained on a dataset with input
variables and a known outcome. Following training, the model can be introduced to a dataset
where the outcome is unknown and make a prediction with some margin of error. As artificial
intelligence technology advances and human and computational machines become further
connected via the internet, more industries are utilizing predictive modeling techniques to
expand production and improve consumer satisfaction (The Pecan Team, 2023). However,
predictive models cannot consider all aspects of a decision-making process like a human can and
thus cannot fully replace all human-decision making.

The popularity of machine learning and predictive models has reached production
agriculture. The swine and poultry industries utilize predictive models to solve both animal
health and productivity issues (Astill et al., 2018; Lee et al., 2019; Magalhaes et al., 2023;
Omomule et al., 2020). Within the cattle industry, much research exists in the dairy sector
investigating application of predictive models to anticipate calving, thermal stress, and post-
partum diseases (Rutten et al., 2017; Vergara et al., 2014; Wang et al., 2018). Similar research
exists in the beef sector with focus on carcass growth, heat stress, and BRD (Heinen et al., 2023;
Heinen et al., 2024; Huuskonen et al., 2013; Vieira de Sousa et al., 2018; Wisnieski et al., 2021).
Utilizing predictive models to target antibiotic treatment and metaphylactic application is an
important area for development in the beef cattle industry. In addition to reducing the cost of
drug application, the strain on labor demand could be eased and public perception could be
improved via the reduction of antibiotic use (Drouillard, 2018). Thus, the objective of the current
study is to evaluate the ability of predictive models to determine if on-arrival metaphylaxis
application is optimal for groups of cattle given cattle demographic data. Additionally, a
secondary objective is to compare performance of models given demographic data alone with

models given origin and external economic data. We hypothesize that models built with origin
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and economic data will perform with greater accuracy than models built with cattle demographic

data alone.

Materials and methods

Ethical statement

Institutional Animal Care and Use Committee (IACUC) approval was not required as all data
used for analysis were obtained from existing operation databases and no procedures specific for
this study were performed on cattle.

Data sources

Feedyard data

Retrospective data from 20 feedyards were collected over an eight-year period (2015-
2023). These data encompass cohort-level information where a cohort is defined as a group of
cattle purchased, managed and sold together, but not necessarily housed together for the entirety
of the feeding period. Cohort-level information in this study included head count at arrival,
arrival and exit dates, days on feed, cohort average entry and exit weights, sex, morbidity and
mortality counts, and origin information when available. Origin data incorporated: city, state,
latitude, and longitude. Morbidity and mortality counts included those animals diagnosed with
BRD at the time of treatment or death. Diagnosis of BRD was made by trained personnel at each
feedyard and based on typical clinical signs such as elevated rectal temperature, elevated
respiratory rate, increased respiratory effort, anorexia/lethargy, cough, and ocular or nasal
discharge. Necropsy to confirm cause of death due to BRD was not consistently performed
among all feedyards included in the dataset. In addition to including mortality counts, cohort data
also included a “railer count” which captured the number of animals in each cohort that were
culled from the group to be shipped early at a discount. An animal is typically culled in this
manner due to failure to respond to treatment. Finally, a variable called “meta_yard” described
whether or not each cohort received metaphylaxis at arrival. Cohorts were considered to have
received metaphylaxis if more than 50% of the cohort received an antibiotic at arrival. For
clarity, cohorts that originally received metaphylaxis will be referred to from this point forward
as META cohorts whereas, cohorts that did not originally receive metaphylaxis will be called

NO META cohorts.
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Records for 22,789 cohorts of cattle were collected. Only heifer and steer unisex cohorts
were kept, all mixed sex cohorts or cohorts without sex information were removed (n =437 and
n = 1,142, respectively). To ensure adequate and accurate data, cohorts with less than 50 or
greater than 250 days on feed (DOF) and cohorts with less than 50 head received were removed
(n= 1,047 and n = 275, respectively). Cohorts with 100% morbidity were eliminated (n = 3) as
well as cohorts with average daily gain (ADG) calculations of over 6 lbs (2.7 kg) (n=21). To
eliminate cohorts with data entry mistakes, groups with average exit weights lower than average
arrival weights (n = 43) and cohorts with less than 0 head out (n = 4) were removed. These
criteria is similar to criteria used in similar studies (Heinen et al., 2023, Heinen et al., 2024). Due
to adjusted ADG calculations for the economic analysis, cohorts with BRD death counts higher
than BRD treatment counts (n = 1,974), and cohorts with BRD treatment counts greater than
head received (n = 101) were removed as these cohorts would result in a nonsensical values for
adjusted ADG (Formula 4). Cohorts with average arrival weights below 300 Ibs (136.1 kg) or
greater than 1,100 lbs (499.0 kg) were removed due to lack of price availability outside this
range. Additionally, cohorts with exit weights below 1,000 (453.6 kg) and over 1,800 (816.5 kg)
Ibs were removed for the same reason (n = 1,347). Finally, cohorts with any missing data were
removed (n = 27). This left a total of 16,368 cohorts for analysis.

Several variables were estimated or calculated for the subsequent economic analysis
using the existing feedyard data. These variables and economic analysis are similar to a study
performed by Kopp et al. (2024). No variable existed to capture the number of mortalities due to
causes other than BRD so one was calculated by subtracting the BRD mortalities and railed
animals from the difference between head shipped to harvest and head count at arrival. ADG was
calculated by dividing the difference between average exit weight and average arrival weight by
the total DOF.

Feed delivery data were not available for some feedyards in the dataset. Dry matter intake
(DMI) per head was calculated using a linear regression equation based on a different feedyard’s
dataset and then applied to the calculated ADG from the current study’s average arrival weight
(Formula 1). The dataset to build the DMI estimate formula did not contain the same cohorts as
those included in this analysis, but cattle type, management, and nutrition were similar between
the two datasets. Three models were created to estimate DMI and tested against actual intake

information. Each model included ADG and either average arrival weight, average exit weight,
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or average weight throughout the feeding period as the additional variable. The dataset consisted
of 6,289 individual cohorts of cattle with 70% (n = 4,402) used for training and 30% (n = 1,887)
set aside for validating. Each of the three models were tested against the actual intake data and
the model with the highest correlation to the actual DMI was selected to calculate DMI for the
present dataset. The selected model’s DMI calculation had a correlation coefficient of 0.91 when
compared to the actual DMI provided by the feedyard.

DMI per head = 4.0993 + (2.5944 * ADG) + (0.0101 * avg. arrival weight)
Formula 1. A formula for dry matter intake (DMI) per head from a linear regression equation
where 4.0993 represents the intercept, average daily gain (ADG) is multiplied by a coefficient of
2.5944 and average arrival weight is multiplied by a coefficient of 0.0101. Correlation
coefficient = 0.91 with actual DMI

Head-days were used to calculate expenses that are typically accrued on a daily basis by
the number of cattle present during each DOF. The formula accounts for the days on feed spent
by each animal that arrives at the feedyard and includes estimates for the days on feed spent by
animals that die during the feeding phase (Formula 2). BRD mortalities were estimated to occur
at 50 DOF and all other mortalities were estimated to occur half-way through the feeding phase.
A case fatality risk (CFR) was calculated as the BRD mortality count divided by the BRD
morbidity count for each lot.

Head Days = (BRD mortalities * 50) + (Other mortalities * 0.5 * DOF) +
(exit head count * DOF)

Formula 2. A formula for head days. BRD mortalities are estimated to occur at 50 days on feed,
and other mortalities are estimated to occur halfway to the end of their feeding phase. All other
animals in the cohort live to the end of the feeding phase. BRD = bovine respiratory disease,
DOF = days on feed.

Cattle price data

Feeder cattle prices for the same eight-year period (2015-2023) were acquired from the
United States Department of Agriculture’s Agriculture Marketing Service Livestock, Poultry &
Grain Market News (USDA AMS Livestock, Poultry, & Grain Market News, 2015a) and were

given as a price per hundredweight and organized by sex, hundredweight category, month, and
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year. The purchase price for each cohort was based on average entry weight and feeder cattle
price relative to corresponding weight category in the month and year that cohort of cattle
entered the feedyard. Fat cattle price was obtained from the same database with a similar
structure (USDA AMS Livestock, Poultry & Grain Market News, 2015a). Sale price for each
cohort was calculated based on average exit weight and fat cattle price relative to the
corresponding weight category in the month and year that cohort of cattle exited the feedyard.

Feed data and cost calculation

The feed ration price per pound was calculated using historical feedstuffs data for the same
eight-year period and a hypothetical diet based on a survey of consulting feedyard nutrition
recommendations (Samuelson et al., 2016) was created. Historical alfalfa hay prices were
collected from Kansas State University’s Focus on Feedlots Monthly Report (K-State Research
and Extension, 2015). These data provided average alfalfa hay prices on a monthly basis for each
year in the dataset. USDA’s Agriculture Marketing Service’s database was used to collect
monthly prices for wet distillers’ grains and corn for the years 2015-2023 (2015b). All feedstuff
prices were acquired for the state of Kansas as most feedyard in the dataset were in Kansas or in
the greater High Plains region. Prices were matched to each cohort’s arrival month and year. A
supplement cost of $700 per ton was also included and this number was based on expert opinion
and internal data.
A hypothetical ration consisting of 10% alfalfa hay, 67% corn, 20% wet distillers’ grains and 3%
supplement was created based on a study by Samuelson et al. (2016) who used conducted a
survey of feedyard consulting nutritionists’ recommendations. Using this hypothetical ration,
feedstuff prices mentioned above, and each diet component’s dry matter as a proportion a
formula was constructed to calculate the total feed cost for each cohort (Formula 3). Each
feedstuff price was converted to dollars per ton before inclusion in the calculation for feed cost
per pound.

Feed cost per lb

0.03 * supp price

0.67 * corn price . 0.20 * wdg price . 0.10 * hay price
+ 0.93

0.88 0.35 0.85
2000

Formula 3. A formula to calculate feed cost on a per pound basis. A diet component’s price is

+

expressed in dollars per ton (as fed) and multiplied by the ingredient’s proportion in the diet to

then divided by that diet component’s dry matter expressed as a proportion. Following the
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addition of all terms, the sum is divided by 2000 to obtain the feed cost in dollars per pound.
WDG = wet distillers’ grains, hay = alfalfa, supp = supplement.

Treatment cost

The cost of a dose of metaphylaxis and the cost of treatment were determined by the cost
of generic tulathromycin at the time of the economic analysis and was measured in dollars per
hundredweight (Macrosyn, dd). The total cost of metaphylaxis for a cohort was determined by
the average arrival weight divided by 100 and multiplied by the cost of tulathromycin in
$/hundredweight, and the total head count at arrival. The total cost of treatment for a cohort was
determined by the average arrival weight divided by 100 and multiplied by the cost of
tulathromycin per hundredweight and BRD morbidity count.

Economic analysis to calculate returns
Economic analysis for existing metaphylaxis status

Each cohort’s total expenses and revenue were calculated to simulate net returns based on
existing metaphylaxis status captured in the variable, meta_yard. The calculation of sale price
was described in the Cattle Price section above and this value was the only source of revenue for
each cohort. No income from railer cattle, or cattle shipped early at a discount, was included.
Total expenses were calculated using purchase price, cost of processing, cost of treatment,
yardage, feed costs, and cost of metaphylactic therapy for the META cohorts. Purchase price was
described in the Cattle Price section. The cost of processing was set at $28.60 per head based on
internal data. The per head processing cost was multiplied by the total head count entering the
feedyard. Treatment costs contributed to the total expenses and included a chute charge per head
treated of $1.50 based on internal data added to the antimicrobial treatment cost described in the
previous section. Total cohort treatment cost was calculated by summing the cost of treatments
within each cohort over the entire period. Yardage was charged at a rate of $0.35 per head per
day. Head-days were multiplied by the yardage charge to calculate the total yardage for each
cohort. The cost of feed was calculated by multiplying the DMI per head calculated using
Formula 1 by head-days calculated using Formula 2 and cost of feed per pound using Formula 3.
For META cohorts, the cost of metaphylactic treatment was included in the total expenses. There
was no charge for metaphylactic treatment included in the total expenses for the NO META

groups. Net returns (total revenue — total expenses) were calculated for each cohort.
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Economic simulation to determine returns based on opposite metaphylaxis status

Economic returns for each cohort were calculated twice: once to represent the actual
performance of the cohort given the original decision of META or NO META at the feedyard,
and once more to simulate the cohort’s performance if metaphylaxis status at arrival was
opposite from reality. For example, a META cohort would be modeled as a NO META cohort
and vice versa. This was done by first determining the efficacy of metaphylaxis with
tulathromycin using a systematic review and mixed treatment meta-analysis as previously
reported by Kopp et al. (2024). This informed a metaphylactic efficacy odds ratio of 0.35
selected based on research from Abell et al. (2017).

For NO META cohorts, a reduced morbidity risk was calculated with this odds ratio. The
original CFR from NO META cohorts was then multiplied by the new morbidity risk to
determine a new number of BRD mortalities. Mortalities due to other causes were assumed to
remain the same. No adjustments were made for railed animals. Subsequent adjustments in head
days, ADG, income, and costs were made. A new ADG for healthy cattle was calculated using
the original ADG, total arrival and exit counts, BRD morbidity counts, and mortality counts
(Formula 4). This healthy ADG was calculated using the original ADG and an adjustment factor
of 5% decrease in weight gain in cattle treated for BRD (Schneider et al., 2009). A new sick
ADG was calculated by multiplying the healthy ADG by the ADG adjustment factor. The new
healthy and sick ADGs were used to adjust exit weight of the cohort which influenced income
for each metaphylaxis modeled cohort. Additionally, the new healthy and sick ADG informed
how much feed was consumed therefore influencing feed cost.

For META cohorts, a new morbidity risk was calculated by dividing the cohort’s existing
odds of a BRD morbidity by the metaphylactic efficacy odds ratio from above. A new CFR was
then calculated using the new morbidity risk. Similar to the simulated NO META cohorts, ADG

needed to be adjusted along with head-days which in turn impacted income and total expense.

ADG
head received — head treated BRD — other mortalities

head exited + [(1 — ADG adjustment) X (head treatedh]_zs‘? e_xilide mortalltleS)]

Healthy ADG =

Formula 4. A formula to adjust ADG for healthy animals. ADG = average daily again. ADG
adjustment = 0.05 based on data from Schneider et al. (2009). BRD = bovine respiratory disease.
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Following modeling of each cohort’s opposite scenario, the resulting dataset included two
values for net return based on the status of application of metaphylaxis on arrival. A new
variable called Best Option was created to determine which metaphylaxis status yielded the
highest net return, Metaphylaxis or No Metaphylaxis. All economic calculations and
metaphylaxis scenario adjustments were performed in R Studio (2024). The dataset was reduced
to include only variables that would be known at the time of arrival to the feedyard and was used
to create the Baseline predictive models. Additional data were added to the Baseline dataset in
order to determine if this would improve predictive ability. This process is described in greater
detail below.

Predictive modeling

Creation of datasets for predictive models

A Baseline dataset was built to represent the cattle demographic information known at
arrival. These included variables describing sex, head count at arrival, arrival month and year,
average arrival weight, and the variable to be predicted: Best Option (Metaphylaxis or No
Metaphylaxis). The Baseline dataset did not include origin information as these data were not
available for each cohort. To determine the impact of origin information on predictive ability of
machine learning algorithms, a dataset was created with only cohorts that included this
information. The Baseline + Origin dataset, therefore, included the same demographic variables
from above in addition to variables describing the city, state, latitude, and longitude of the
cohort’s origin. The Baseline + Origin dataset had fewer cohorts (n = 2406); so, to compare to
the Baseline using the same number of cohorts, a subset of the Baseline dataset called Baseline
Subset was created and used to build models.

One objective of this study was to understand the influence of various predictor variables
describing the relevant market prices on the predictive impact of models trained to determine
whether a cohort of cattle entering the feedyard should receive metaphylaxis. To do this,
additional data were captured from Livestock Marketing Information Center to describe futures
prices of various commodities for each month from 2015 to 2023 (Livestock Marketing
Information Center, 2024a; 2024b). This included feeder cattle, fat cattle, soybean, soybean

meal, and corn futures prices. Brent oil futures prices were obtained from a different database
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(Investing.com, 2005). The futures prices data represented the nearby futures contracts for each
month within each year.

In addition to the relevant eight-year span (2015-2023), historical data were collected up
to a decade prior to 2015. This was done to capture monthly trends in commodity futures prices.
Ten-year averages of nearby futures prices for each month were calculated for each commodity.
Each cohort’s current months nearby futures price was determined and additional variables then
captured the difference between the nearby futures prices of each commodity and the ten-year
average of the same commodity. Monthly national interest rate data were captured from the
Federal Reserve and similar variables as described for futures prices data were created
(FedPrimeRate.com, 2005). Combined with the original demographic data, these new predictor
variables created a Baseline + Econ dataset.

The combination of the origin and additional economic variables with the Baseline was
also created to determine the effect of both sets of new variables on predictive ability. In total,
five different datasets (Baseline, Baseline + Econ, Baseline Subset, Baseline + Origin, Baseline +
Origin + Econ) were generated to create predictive models that were trained to determine
whether or not a cohort should receive metaphylaxis on arrival (Figure 5.1). Each of the five
datasets were used to train four different algorithms using the same methodology. This
methodology and the metrics used to evaluate each set of algorithms are described below.

Predictive modeling

All predictive models were built in Microsoft Azure Machine Learning Studio
(Microsoft, 2024). The procedure used to build, optimize, and test the predictive algorithms in
this study is similar to what has been described previously by Heinen et al. (2024). To
summarize, the dataset is split stratified by outcome of interest (Best Option, in this case) into a
training and testing set. The training set, accounting for 75 % of the whole dataset, is further
split. Another 75% of the training split is used to train an algorithm while the remaining 25 % is
used in procedures called feature importance and hyperparameter tuning.

Feature importance computes importance scores for each predictor variable of a dataset
and ranks them based on a specified evaluation metric. For this study, accuracy (the proportion
of true results to total cases) was selected. Importance scores are calculated by computing the
sensitivity of the selected metric to random permutations of the features. The idea being that if a

variable is not important to the prediction of the outcome of interest, that random permutations of
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that variable will have little effect on the selected metrics. In this manner, a list of the variables is
generated from most important to least important (Bleik, 2015). This can then be used to reduce
the number of predictor variables to just the 10 to 20 most important. This reduces run time and
is a commonly used technique in machine learning to optimize generalizability of models (Bleik,
2015). Our datasets contained less than 30 variables so, although feature selection was performed
and results will be reported, no filtering of features was performed on these models and all
variables in the dataset were included in model building.

Hyperparameter tuning also optimizes predictive model performance. The processing of
tuning involves performing a parameter sweep to determine an optimal set of hyperparameters
for each specific trained model (“Tune Model Hyperparameters,” 2024). Parameters are unique
to each algorithm and can be adjusted manually to improve performance. Performing a sweep
and selecting a metric to evaluate parameters allows us to easily determine which parameters
result in optimized performance. Area Under the Receiver Operating Characteristics (AUC-
ROC) was selected as the primary metric for evaluating performance. This measure represents
the ability of the model to distinguish between the two classes of outcome of interest. Following
determination of optimum hyperparameters, these values were adjusted in the final training step.
The testing subset (25% of the whole dataset) was then used to train and test the final model in a
process called crossfold validation. This is standardized practice in machine learning and is used
to evaluate the variability and thus, reliability of the dataset of interest to train and test a model.

The testing subset was divided into 10 equal folds at random. Of those 10 folds, the
model is trained on 9 and validated with the final fold. The process is repeated so that each fold
takes a turn as the validation fold. At the end of the process, there are 10 sets of predictive model
performance values (“Cross Validate Model,” 2024). The metrics used to evaluate performance
of predictive models include AUC-ROC, sensitivity, specificity, accuracy, positive predictive
value, and negative predictive value. Each metric is described in more detail below.

Area under the Receiver Operating Characteristics curve (AUC-ROC) is used to evaluate
the predictive ability of a model. This outcome gives a good overall impression of the model’s
ability to differentiate between two outcome classes, and it is measured as a probability with
values ranging from 0 to 1. At a 0.5 level, the model is guessing at the outcome class, with
values closer to 1 representing a better model. Sensitivity is a value commonly represented as a

percentage that describes the proportion of the META cohorts that the model correctly identifies.
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On the opposite side, specificity describes the proportion of the NO META cohorts that the
model correctly identifies. Positive predictive value (PPV) and negative predictive value (NPV)
are both probabilities. PPV determines how likely the cases called META by the model are truly
in that class. NPV determines how likely the cases called NO META by the model are truly in
that class.

Four different predictive modeling algorithms were trained and tested for each dataset
described above (Baseline, Baseline + Econ, Baseline Subset, Baseline + Origin, Baseline +
Origin + Econ). These were chosen based on experience among the authors (Amrine, 2014’
Amrine, 2019; Heinen, 2023; Rojas, 2022). The differences between algorithms stem from the
math working in the background to generate probabilities and assign classes. The algorithms are
explained in greater detail below.

Boosted decision tree (BDT)

The decision tree algorithm is a popular method for classification prediction (Song and
Lu, 2015). It can be widely adapted to many different data classes and problems. It is visualized
as a tree with a root node (representing the whole population of interest) and decision nodes
(representing predictor variables split at specific criteria) with branches connecting the two nodes
to each other and to leaf nodes (indicating the final outcome) (Jijo and Abdulazeez, 2021).
Boosting allows for improved performance of a decision tree by correcting the mistakes made by
previous iterations of the decision tree (“Two-Class Boosted Decision Tree Component,” 2024).

Several parameters can be adjusted to improve performance. Details about each
parameter and the consequences of adjustment are found on the model’s accompanying help
page (“Two-Class Boosted Decision Tree Component,” 2024). Adjustment of the maximum
number of leaves per tree allows one to control the number of terminal nodes created. Large
numbers of terminal nodes result in greater precision but poorer generalizability. Similarly, the
number of cases required to create a terminal node can also be changed. By increasing this
number, the threshold for creating a new rule is stricter (i.e. requires more cases) and therefore
makes that rule more specific. Learning rate determines the rate at which the learner takes to
determine the optimal solution. By making this parameter smaller, you increase the time it takes
the model to train. The number of trees constructed can also be changed. By creating more trees,
the boosting method for increasing performance has more trees for which to correct errors but

this can greatly increase run time.
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Logistic regression (LR)

Logistic regression is a widely used and well understood statistical model. Used to model
binary outcomes, it can be applied to complex, multivariate analysis to determine associations
with predictor variables. In the context of predictive modeling, data are fit into a logistic function
and the probability of experiencing the outcome is used by the algorithm to determine its
prediction (“Two-Class Logistic Regression component,” 2024). Although a simple algorithm,
logistic regression predictive models are capable of handling large amounts of complex data
(Shipe et al., 2019).

Azure Machine Learning Studio allows the adjustment of a few parameters for logistic
regression models (“Two-Class Logistic Regression component,” 2024). Regularization prevents
overfitting by assigning a penalty to models with extreme coefficient values regardless of
accuracy. Specifically for the models in the present study, L2 regularization was adjusted. This
value should be adjusted if large amounts of data are used to train the model. Optimization
tolerance can also be changed. This specifies a threshold for improvement between iterations that
triggers the algorithm to converge on a solution. The closer this value is to zero, the longer the
training time and the greater the risk of overfitting.

Neural network (NN)

Inspired by the human brain, neural network algorithms recognize patterns in data by
assigning weights to the inputs to predict the outcome (Dreiseitl and Ohno-Machado, 2002). This
process is repeated in layers and the number of layers varies depending on the complexity of
relationships between outcomes and inputs (“Two-Class Neural Network component,” 2024).
Neural networks are similar to logistic regression models in the way model parameters are
determined by maximum likelihood estimation; however, while the coefficients and intercepts
supplied by a logistic regression algorithm can be interpreted in the context of the data, this is not
the case with parameters provided by neural network models. These types of algorithms are
being increasingly applied to the medical field and have already been well-established in
artificial intelligence software and image recognition technology (Nicholson, 2023).

A few parameters are set to default and cannot be changed manually by the user in the
Azure software (“Two-Class Neural Network component,” 2024). Only one hidden layer is

between the output and input layers and is fully connected to both. The number of nodes in input
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layer is the same as the number of input variables. The number of nodes in the hidden layer is set

at 100. The number of nodes in the output layer is set to the number of classes of the outcome

variable (two in the present study. Learning rate may be adjusted to determine the size of step

taken at each iterative model run before correction. Larger values here make for faster training

time but can result in less accurate results. The number of learning iterations allows the user to

specify the node weights during training (“Two-Class Neural Network component,” 2024).
Random forest (RF)

Random forest algorithms are derived from decision tree classifiers. Multiple decision
trees are constructed during the training phase, each on a random subset of data. The algorithm
then votes for a final prediction based on the results of all the trees (Liu et al., 2012).
Traditionally, the trees are built using only subsets of input variables, again selected at random.
However, the Azure Machine Learning Studio’s random forest model utilizes the entire selection
of input variables in the dataset but starts building the trees using different variables (“Two-Class
Decision Forest component,” 2024). Advantages of this algorithm include its ability to manage
non-linearly correlated and noisy data and reduce overfitting (Sarica et al., 2017).

Using Azure Machine Learning Studio, individual trees are created using a bagging
method, otherwise known as bootstrap aggregating (“Two-Class Decision Forest component,”
2024). Using this method, each tree is constructed on a random sample of data which is
continually replaced until the dataset is the size of the original. Various parameters may be
adjusted (“Two-Class Decision Forest component,” 2024). The number of decision trees can be
adjusted. Increasing this number results in greater coverage but can dramatically increase run
time. The maximum depth may also be adjusted to increase or decrease precision with the trade-
off of increased or decreased overfitting risk. The minimum sample per leaf node can also be
altered, similar to the BDT model described above.

Parameters
Baseline

For the Baseline BDT model, the learning rate was set to 0.05. The minimum number of
samples per leaf node was set to 50 with a maximum number of leaves per tree set to 32. The
total number of trees constructed was set to 100. The Baseline Subset BDT model had a learning

rate which was set to 0.2, a minimum of 10 samples per leaf node, a maximum of 8 leaves per
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tree, and a total of 20 trees constructed. The LR model regularization weight was set to 1.0 with
an optimization tolerance of 0.00001 in the Baseline model. The L2 regularization weight in
Baseline Subset model was changed to 0.1. The same NN model parameters were used in the
Baseline and Baseline Subset series were the same. The learning rate was set to 0.4 with a
number of learning iterations set to 160. The RF model parameters in the Baseline and Baseline
Subset series included the decision tree maximum depth set to 16 with a total number of decision
trees set at 32. The minimum number of samples per leaf node was set to 4.

Baseline + Econ

For the BDT model, a learning rate of 0.05 was selected. The number of trees was set at
100 with a maximum number of leaves per tree at 50, and a minimum number of samples per
leaf node set at 32. Parameters for the LR model included an L2 regularization rate of 0.01 and
the same optimization tolerance for the Baseline and Baseline Subset models. The NN
parameters were same as previously written and did not change for any of the following model
runs. The maximum depth of decision trees was set at 16 for the RF model. The number of
decision trees was set at 32 with a minimum of 16 samples needed per leaf node.

Baseline + Origin

The BDT learning rate was set to 0.025. The minimum number of samples per leaf node
was set to 50 with a maximum number of leaves per tree set to 8. The total number of trees
constructed was set at 500. The parameters for LR were identical to those above described for
the Baseline model. The RF parameters were as follows: maximum depth at 64, minimum
number of samples per leaf node at 1, and number of decision trees at 32.

Baseline + Origin + Econ

A learning rate of 0.05 was set for the BDT model. There were 100 trees constructed with
a maximum of 8 leaves per tree with a minimum of one sample needed per leaf node. The LR
parameters remained identical to those reported for the Baseline Subset model. The RF model
consisted of 32 decision trees each with a maximum depth of 16 and a minimum of one sample

per leaf node required.
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Results

Descriptive statistics

16,368 cohorts of cattle were included in this study. The average cohort size was 172
head. The overall average arrival weight was 762 lbs (345 kgs) and the average exist weight was
1,322 1bs (600 kgs). Approximately 44% of the cohorts were heifers (7,264/16,368) with the
remaining 56% being steer cohorts. Average cohort level BRD mortality risk in the study
population was 1.4%. Cohort-level BRD morbidity risk was 12.6% on average. Complete origin
information (city, state, latitude, and longitude) was only available for 2,406 cohorts. In total, 33
states were represented in the origins with greater than 75% of cattle coming from Kansas,
Oklahoma, Texas, Nebraska, and Missouri. Table 5.1 provides descriptive statistics for the
dataset split by economic model-assigned outcome and metaphylaxis choice made by the
feedyard.

The outcome of interest, Best Option, captures the results of the economic simulation
described above which determines whether or not a cohort of cattle arriving at the feedyard
should receive a metaphylactic antibiotic. In the study dataset (n = 16,368), 28.5% (4672/16,368)
of the cohorts had a best option of “Metaphylaxis.”

Baseline

The Baseline dataset contained 16,368 cohorts. The prevalence of Best Option =
Metaphylaxis is 28.5 % (4672/16,368). Baseline models included head received, average arrival
weight, sex, arrival year, and arrival month as predictor variables. Average AUCs ranged from
0.81 to 0.93. Standard deviations of AUC-ROCs were small at 0.01 to 0.02. See Figure 5.2.
Overall, sensitivities were high (87.9 — 91.3 %) indicating the models identified around 87 to 91
% of the cohorts whose Best Option was identified as “Metaphylaxis”. Specificities were
moderate (36 — 74 %) meaning the models identified 36 to 74 % of the cohorts whose Best
Option was “No Metaphylaxis.” PPV ranged from 0.78-0.90 and NPVs ranged from 0.55 — 0.77
for Baseline models. The BDT model demonstrated the highest metrics across all the models.
However, the NN model had a higher sensitivity than the BDT model. The LR model had the

lowest performance metrics.
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Baseline + Econ

The Baseline + Econ dataset contained the original number of cohorts (n = 16,368) and
the same prevalence of Best Option = Metaphylaxis (28.5 %). The Baseline + Econ models were
given data to incorporate the 10-year monthly averages of soybean, soybean meal, corn, brent
oil, feeder cattle, and fat cattle futures prices along with interest rates. Additionally, the
difference between the current arrival month’s commodity futures prices and interest rate to the
comparable 10-year average was also calculated and added to the dataset as a predictor variable.
In total, ten new predictor variables were added to the original Baseline dataset to build the
Baseline + Econ dataset. AUC-ROC values ranged from 0.92 to 0.94 with small standard
deviations (0.01) (Figure 5.2). Sensitivity values ranged from 89.7 % to 91.2% and specificity
values ranged from 71 % to 75.9%. The PPVs and NPVs were also high at 0.89 to 0.90 and 0.74
to 0.77, respectively. For each performance metric, the BDT model ranked above the other
models and the LR ranked the lowest. See Table 5.2 for a full summary of Baseline + Econ
model performance metrics.

Baseline Subset

The Baseline Subset models were used to compare the models built with the Baseline +
Origin and Baseline + Origin + Econ datasets. Only 2406 cohorts from the original 16,368 cohort
dataset had origin data available. The prevalence of Best Option = Metaphylaxis was 31.0 %
(747/2406). The mean AUC-ROC values of the Baseline Subset ranged from 0.80 to 0.89 with
standard deviations of 0.03 to 0.05). See Figure 5.3 for visualization of AUC-ROC values.
Sensitivity ranged from 85.8 to 89.3. Specificity ranged from 38.2 to 67.2. PPVs ranged from
0.87 to 0.90 and NPVs ranged from 0.55 to 0.77. The BDT model performed with the highest
metrics while the LR model possessed the lowest metrics. See Table 5.2 for a complete summary
of the metrics for the Baseline Subset models.

Baseline + Origin

The Baseline + Origin dataset consisted of 2406 cohorts with a prevalence of Best Option
= Metaphylaxis of 31.0 % (747/2406). The Baseline + Origin models were given city, state,
latitude, and longitude values corresponding to the origin of each of the cohorts. Mean AUC-
ROC values for the Baseline + Origin models ranged from 0.79 to 0.89 with standard deviations

ranging from 0.03 to 0.04 (Figure 5.3). The sensitivity values ranged from 80.0 % to 88.7 % and
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the specificity values ranged from 39.1 % to 66.3 %. The range of PPVs was 0.76 to 0.85. The
range of NPVs was 0.55 to 0.71. The BDT model again performed the best according to all
metrics. The LR had the lowest performance metrics.

Baseline + Origin + Econ

The Baseline + Origin + Econ dataset has origin information as well as additional
economic predictor variables in addition to the same cohort demographic variables included in
the Baseline dataset resulting in an additional 14 variables. The dataset contains 2,406 cohorts
and a prevalence of Best Option = Metaphylaxis of 31.0 %. The average AUC-ROC values for
the Baseline + Origin + Econ models demonstrated a range from 0.87 to 0.91 and standard
deviations of 0.03 to 0.04 (Figure 5.3). Sensitivities were high with a range of 88.1 to 90.1 %
with lower specificities of 61.2 to 69.4 %. PPVs had a narrow range from 0.83 to 0.87. NPVs had
arange of 0.71 to 0.75. The BDT outperformed all models with respect to the performance
metrics calculated. The LR model had the lowest values for each performance metric apart from
NPV. The NN model had the lowest NPV value.

Feature importance

Feature importance rankings were performed for each model run for each dataset. All
feature importance data could not be displayed. The BDT model displayed the highest AUC-
ROC values for each dataset so only the top three variables are presented for each model set in
Table 3. A full ranking of the variables for each dataset are displayed in the supplementary
material (Appendix Table C.1).

Discussion

The study objective was to evaluate the ability of predictive models to determine if on-
arrival metaphylaxis application is optimal for groups of cattle given cattle demographic data.
The Baseline models were trained with cattle demographic data to predict Best Option. The
AUC-ROC values ranged from 0.81 to 0.93 demonstrating a good ability to distinguish between
the outcome classes, Metaphylaxis and No Metaphylaxis. Specifically, the high sensitivity values
(87.9-91.0 %) demonstrate that the Baseline models are able to detect high proportions of the
Metaphylaxis class.

The secondary objective was to compare the performance of the Baseline models to

models built with additional origin and external economic data. The Baseline + Econ models
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resulted in higher AUC-ROC values than those of the Baseline (0.92 to 0.94). The Baseline +
Econ sensitivity values are similar to Baseline sensitivity values; however, the specificity values
were higher (71-75.9 % for the Baseline + Econ models, 36-73.9 % for the Baseline models)
indicating an improved ability to predict the No Metaphylaxis class in the Baseline + Econ
models. Adding origin data resulted in slightly lower AUC-ROC values as compared to the
Baseline Subset (0.79- 0.89 vs. 0.80- 0.89, respectively). Other performance metrics remained
similar between the Baseline + Origin and Baseline Subset models. The Baseline + Origin +
Econ models possessed higher AUC-ROC values as compared to the Baseline Subset (0.87-0.91
vs 0.80-0.89, respectively). Similar to the pattern seen in the Baseline vs. Baseline + Econ
comparison, sensitivity values were comparable between the Baseline Subset and Baseline +
Origin + Econ models, but the specificity values increased in the Baseline + Origin + New Econ
models. The addition of origin data appears to provide no benefit to model performance whereas
the addition of commodity futures prices variables results in higher AUC-ROC values and
increased specificity.

The overall rate of cohorts receiving metaphylaxis (META) at the feedyards in the
dataset was 15.8 % (2594/16,368). When using the economic model to determine whether
metaphylaxis is the best option, the number of cohorts receiving metaphylaxis increases to 24.8
% (4071/16,368). This indicates that using net returns as the deciding factor for metaphylatic
treatment, results in a greater prevalence of metaphylaxis application than what is currently
performed. This could be due to pressures on feedyard management to reduce metaphylaxis
application to cohort arriving at feedyards. Estimates for net return of using metaphylaxis ranges
from $90 to $118 per head in high risk, yearling animals when compared to no administration of
metaphylaxis (Dennis et al., 2020). Another study reports a mean profit per head ranging from
$45 to $84 in metaphylaxis-treated, high risk calves compared to control calves which suffered
from an average loss of $41 per head (Corbin et al., 2009). The findings of different net returns
between metaphylaxis-treated calves and control calves were not repeated in a study on medium-
risk calves (Horton et al., 2023). Overall, it appears that metaphylactic application of an
antimicrobial at the time of arrival improves morbidity and mortality risks as well as
performance outcomes, leading to high net returns although this finding is not consistent in
groups of cattle that aren’t high risk. These positive net returns seen with metaphylaxis likely

drove our economic model to assign metaphylaxis as the best option to cohorts more frequently
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than the feedyards were actually administering. It is important to acknowledge that economic
returns should not be the sole driver of a decision to apply metaphylaxis or not. Public health
concerns, such as antimicrobial resistance, and animal welfare are difficult, if not impossible, to
measure objectively but are important factors to consider.

The models in this study possessed AUC-ROC values between 0.79 to 0.94 indicating
good performance. This range is greater than values from other research in our group
investigating different outcomes with similar datasets (Amrine, 2014; Amrine, 2019; Heinen,
2023; Heinen, 2024; Rojas, 2022). Across model series tested in the present study, the BDT and
RF models often demonstrated higher AUC-ROC values. Decision tree algorithms have
consistently performed well in other research done within our group (Heinen, 2023; Heinen,
2024). Surprisingly, the LR models demonstrated lower AUC-ROC values than the NN models
in several comparisons. This differs from findings previously reported where NN models had the
lowest AUC-ROC values (Heinen, 2023).

Higher AUC-ROC values in the current study compared to previous by our group are
likely due to the nature of the data (Amrine, 2014; Amrine, 2019; Heinen, 2023; Heinen, 2024;
Rojas, 2022). Previous papers investigated the use of predictive models to make predictions on
health outcomes (either morbidity or mortality due to BRD). These biological processes are
likely very complex and difficult to predict. The current study focused on a prediction of an
economic outcome. The data used to inform the economic outcome came from historical
databases with easily observed trends. Additionally, trends in the market are driven by consumer
behavior and not subject to the randomness of biology. Furthermore, the predictions made in the
current study were on a cohort-level where several previous papers focused on predictions made
on an individual animal-level. Previous investigations often used group-level averages as
predictor variables for an individual animal outcome which likely introduced much error. In
comparison, this experiment applied group-level averages to a group-level prediction potentially
lessening error and minimizing noise compared to previous investigations (Amrine, 2014;
Amrine, 2019; Heinen, 2023; Heinen, 2024; Rojas, 2022).

The Baseline + Econ models containing external economic data such as corn and feeder
cattle futures prices at the time of arrival of a cohort had higher AUC-ROC values than the
Baseline (0.92-0.94 vs. 0.81-0.93). This could be due to the information captured in the futures

prices variables. As futures contracts reach their expiration date, the prices converge on the
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market price for that asset (Phung, 2024). This convergence is a common phenomenon in a well-
functioning market. The data captured in the futures prices variables in our models could be
highly informative of the economic outcome variable, which was calculated using cattle prices as
well as feedstuff prices, leading to our high AUC-ROC values in the Baseline + Econ models.
Additionally, the cattle market likely influences cattle buying behavior and vice versa which in
turn could change the risk tolerance of cattle buyers. Feeder cattle prices specifically could drive
cattle buyers to purchase groups of cattle at higher or lower risk of BRD outbreaks. This could be
the reason feeder cattle futures was ranked as an important feature; however, using feature
importance ranking does not allow one to make specific assumptions about the direction and
magnitude an effect has on an outcome of interest.

The addition of economic data in the form of average and current commodity futures
prices resulted in increased model performance. Subsequently, the new economic variables
appeared high in the feature importance ranking while still ranking below the cattle demographic
variables. Among the higher-ranking variables, fat cattle and feeder cattle futures prices
frequently made an appearance. This makes sense as these futures prices represent the projected
value of cattle in the market, making metaphylaxis to reduce morbidity and mortality a more
valuable management tool. While predictive models do not offer specific associations to be made
between variables, it can be assumed that as futures prices increased and cattle were worth more,
it would become more profitable to apply metaphylaxis to cohorts of cattle entering the feedyard
in order to protect that investment.

The Baseline + Origin models displayed similar AUC-ROC values to the Baseline Subset
(0.79 — 0.89 vs 0.80 — 0.89) demonstrating that the addition of origin data may not be useful in
the prediction of whether an incoming cohort of cattle to the feedyard should receive
metaphylaxis. This could be because origin data received for a subset of the cohort included in
this study reflected the last origin before cattle arrived. This information did not necessarily
reflect where cattle were born or raised, which may be more pertinent information. Additionally,
both ranges of the Baseline + Origin and Baseline Subset AUC-ROCs were slightly lower than
the range reported for the Baseline (0.81 — 0.93). This finding highlights an important
consideration for predictive modeling. Large datasets are necessary for the iterative process
needed to generate predictive models that are reliable and generalizable to a greater population

(Wisnieski et al., 2021). Due to the limited origin data available, only a subset of the total dataset
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(2406/16,368) was able to be used to build both the Baseline + Origin and Baseline Subset
models likely resulting in greater variability in performance and decreased generalizability when
exposed to the novel testing data.

Origin variables appeared to rank lower than both cattle demographic and economic
variables. Overall, Baseline + Origin models performed with similar AUC-ROC values to the
Baseline subset. In feature importance rankings, the origin variables tended not to rank high, and
their ranking order appeared random. This is surprising because cattle origin often informs
management decisions upon feedyard arrival. Biases exist with cattle buyers for the quality of
calves from different regions of the United States. For example, cattle buyers in the Midwest
may believe that calves from ranches in the southeastern states will experience higher BRD
morbidity and mortality than calves from northern states. Perhaps, the distribution of our data
sources and overall rarity of origin information created noise in the data that were not
informative for the predictive models. Perhaps, the bias among cattle buyers against southeastern
cattle is unfounded. Further investigation is prompted to determine if origin variables can
improve the prediction of the benefit of metaphylaxis application to cohorts of cattle at feedyard
arrival.

The results of our models were characterized by overall high sensitivity values (85.8-
91.3%) and moderate to low specificity values (36.0-75.9%). These are opposite values of what
has been reported by other studies applying predictive models to feedyard management decisions
(Amrine, 2014; Amrine, 2019; Heinen, 2023; Heinen, 2024; Rojas, 2022). These papers reported
overall high specificities and low sensitivities. This is most likely due to the differences in
outcome class distributions. Amrine et al. (2014) and Heinen et al. (2023) used BRD case fatality
as their outcome of interest. Case fatality risks in their datasets ranged from 8.5% to 14.2%,
resulting in a more unbalanced dataset with regards to the outcome classes than in the current
study. Generally, predictive models perform better with balanced data (Haixiang, 2017).
Additionally, extreme cases of unbalanced outcome classes result in biased selection of the
modeling algorithm to the majority class, resulting in much higher sensitivity or specificity
(depending on the majority outcome class). Our dataset did not demonstrate highly imbalanced
outcome classes which likely contributed to the more balanced nature of our sensitivity,
specificity, PPV, and NPV when compared to previous work (Amrine, 2014; Amrine, 2019;
Heinen, 2023; Heinen, 2024; Rojas, 2022).
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Feature importance ranking was performed in the current study to evaluate the
contribution of various input variables to the prediction of metaphylaxis on arrival. Cattle
demographic variables consistently ranked high. This makes sense as these variables are often
used by cattle managers to inform the susceptibility to BRD outbreaks in cohorts of cattle
arriving at the feedyard. Arrival month and year often ranked above other cattle demographic
variables. Month was likely a proxy for the type of cattle entering the feedyard along with
average arrival weight, which also ranked high. The combination of these three variables likely
informed the predictive models in this study of the relative age. Younger, lighter weight cattle
placed in the fall months are typically seen as higher risk for a BRD outbreak due to the high
likelihood of recent weaning. Young cattle at weaning are more susceptible to illness due to risk
of an underdeveloped immune system (Booker and Lubbers, 2020).

As with all economic models, the decision to administer metaphylaxis to a cohort of
cattle based on the calculations made in the current study is based on many assumptions. These
assumptions are very likely not representative of every cohort of cattle on feed in North America.
However, we believe that this economic model is useful as it incorporates the most important
inputs and costs associated with placing cattle on feed such as feeder and fed cattle price, corn
prices, and interest rates (Mark, 2000). Additionally, the net returns of a decision may not be the
only determining factor. Other motives for administering metaphylaxis or not include animal
welfare concerns, a desire to reduce antimicrobial resistance, labor or facility constraints
reducing the ability of an operation to respond adequately to a large health challenge, or the
marketing of a “never treated with antibiotic” product. Using these outcomes, the proportion of
cohorts receiving metaphylaxis would likely be different than what we modeled. Furthermore, by
basing the outcome variable on a sole, objective measurement (net returns), this study could
support the variety of subjective assessments made by feedyard personnel. In addition to
subjective evaluations made by people, this model does not consider additional aspects that are
likely to motivate application or not of metaphylaxis to a group of cattle such as desire to reduce
antimicrobial use and the public’s perception of antimicrobial use in cattle.

The results of the current study demonstrate that certain types of data are important for
the prediction of Best Option. The origin data collected for the Baseline + Origin and Baseline +
Origin + Econ models did not improve model performance when compared to the Baseline

Subset. Based on this and its limited availability, it is likely not useful to collect and include in
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the prediction of Best Option. Perhaps, if more accurate information was available about a group
of cattle’s ranch origin, there would be improved model performance. The addition of external
economic data improved predictive ability in the current study. The cattle market is heavily
influenced by other commodity markets, so it is likely that it is important to incorporate these
data in prediction of Best Option. Further investigation is needed to establish which external
economic data would be most useful to the prediction of Best Option.

A limitation of the current study is the use of retrospective data collected from
participating feedyards. One aspect of the study that is greatly impacted by this limitation is the
diagnosis of BRD made by feedyard personnel. Clinical diagnosis of BRD in cattle has been
demonstrated to have low sensitivity (Churchill et. al, 2025). By using a subjective evaluation to
diagnose disease in feedyard cattle, this study may have been limited in its ability to diagnose
true cases of BRD. Despite this limitation, using the data this way provides high external validity
as subjective evaluation of cattle is the industry standard for diagnosis of disease with very few
in the feedyard industry utilizing additional diagnostics.

Perhaps the biggest limitation of predictive modeling is the inability to draw conclusions
about associations between predictor variables and the outcome of interest. Numerical
associations from traditional statistical models often help inform decision making in the real
world. This is not possible with predictive modeling. However, using predictive models in the
manner described in the current study could be advantageous to the cattle industry. Machine
learning algorithms, like the models used in this study, can handle large amounts of complex
data and run in real time to assist with management decisions.

The goal of this research was to determine the ability of predictive models to predict the
best option for metaphylaxis application to groups of cattle given cattle demographic
information, origin data, and external economic data. Different algorithms were evaluated, and
comparisons were made to determine which models and data would result in the greatest
performance. Overall, cattle demographic data alone resulted in high-performing predictive
models. Performance improved with external economic data describing market conditions
around the time of arrival and trends over several years. The addition of origin data, however,
resulted in poorer performance as measured with AUC-ROC values. Cattle demographic
variables consistently ranked high in variable rankings based on contribution to prediction.

Several economic variables also ranked highly when included. The Best Option variable in this
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study was based on a comparison of net returns between administering metaphylaxis or not. In
reality, the decision to administer metaphylaxis to a cohort of cattle at arrival is based on a
variety of subjective and objective factors. Future research should incorporate these factors into
the outcome to further refine predictive models as a potential tool for making a management

decision regarding metaphylactic application to cohorts of cattle at arrival to a feedyard.
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Figure 5.1. Flowchart demonstrating the different variables, datasets, and number of cohorts

included in each dataset.

74




Baseline Baseline + Econ

1.00 -

0.00 1 IIII IIII

Mean AUC-ROC
o (@)
3 o

(@)

N

(@)
L

BDT LR NN RF BDT LR NN RF
Model

3153

3154  Figure 5.2. Bar chart demonstrating the average AUC-ROC values for the Baseline and the
3155  Baseline + Econ models. Error bars represent the standard deviation. BDT = boosted decision
3156  tree, LR = logistic regression, NN = neural network, RF = random forest.
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deviation. BDT = boosted decision tree, LR = logistic regression, NN = neural network, RF =
random forest
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Table 5.1. Table of descriptive statistics of selected variables split by metaphylaxis choice made

3165 by feedyard and economic model.
Variable Best Option Economic Feedyard Actual
Model
Meta- No META’ NO META?
phylaxis Metaphylaxis
Total Cohorts 4,672 12,297 2,594 13,774
Sex: % Heifer Cohorts (% 49 (51) 43 (57) 43 (57) 45 (55)
Steer Cohorts)
Average Head Received 140 183 172 173
Average Arrival Weight, lbs | 724 (328) 774 (351) 681 (309) 777 (352)
(kg)
Average Exit Weight, Ibs (kg) | 1,297 (588) | 1,328 (602) 1,290 (585) 1,326 (601)
Average DOF? 172 163 187 162
Average BRD* Morbidity 29.2 9.9 27.6 12.3
Risk, %
Average BRD* Mortality 4.6 0.4 2.0 1.4
Risk, %
3166 ! Meta = metaphylaxis
3167  ?No Meta = no metaphylaxis
3168  *DOF = days on feed
3169  “BRD = bovine respiratory disease
3170  Table 5.2. Table showing all performance metrics for each model series and model run. Models
3171  included boosted decision tree, logistic regression, neural network, and random forest.
Model Series Model | Average | St.Dev.? |Sn(%)* |Sp(% |PPV’ | NPVS
AUC- AUC- )
ROC! ROC!
Feedyard Actual 24.6 87.0 0.39 0.78
Baseline BDT’ 0.93 0.01 91.0 73.9 0.90 0.77
LR® 0.81 0.02 87.9 36.0 0.78 0.55
NN’ 0.90 0.01 91.3 64.3 0.87 0.74
RF!? 0.93 0.01 91.0 73.1 0.89 0.76
Baseline + Econ BDT 0.94 0.01 91.2 75.9 0.90 0.77
LR 0.92 0.01 90.4 71.0 0.89 0.74
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3177
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3179
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3182

NN 0.93 0.01 90.5 74.2 0.90 0.76
RF 0.93 0.01 89.7 75.8 0.90 0.75
Baseline Subset BDT 0.89 0.03 87.5 67.2 0.86 0.72
LR 0.80 0.05 86.0 38.2 0.76 0.54
NN 0.84 0.05 85.8 62.2 0.84 0.68
RF 0.89 0.03 89.3 65.2 0.85 0.74
Baseline + Origin BDT 0.89 0.03 87.8 66.3 0.85 0.71
LR 0.79 0.03 86.0 39.1 0.76 0.55
NN 0.79 0.04 80.0 55.2 0.81 0.58
RF 0.87 0.04 88.7 56.3 0.82 0.69
Baseline + Origin + | BDT 0.91 0.03 88.1 68.6 0.87 0.73
Econ
LR 0.87 0.04 89.0 61.2 0.83 0.73
NN 0.88 0.04 86.7 69.4 0.86 0.71
RF 0.90 0.03 90.1 66.7 0.86 0.75

'AUC-ROC = area under the receiver operating characteristics curve

2St. Dev. = standard deviation

3SN = sensitivity

4SP = specificity

SPPV = positive predictive value

’NPV = negative predictive value

"BDT = boosted decision tree

8LR = logistic regression
NN = neural network

ORF = random forest
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Chapter 6 - Evaluation of 3-, 6-, and 9-day post-treatment intervals
following pradofloxacin for treatment of bovine respiratory disease

in stocker cattle

L. Heinen', B. V. Lubbers', R.K. Tessman?, R.G. Amachawadi', B.J. White!
'Beef Cattle Institute, Kansas State University, Manhattan, KS 66506, USA
2Elanco Animal Health, Greenfield, IN 45140, USA

This research is published in the Bovine Practitioner journal and is reproduced with permission
from publisher as formatted in referenced publication. Lilli Heinen, Brian V. Lubbers, Ronald K.
Tessman, Raghavendra G. Amachawadi, Brad J. White. Evaluation of 3-, 6-, and 9-day post-
treatment intervals following pradofloxacin for treatment of bovine respiratory disease in stocker

cattle, Bovine Practitioner Volume 59, Issue 2, August 2025,

Abstract

Pradofloxacin is a fluroquinolone antimicrobial approved for treatment of bovine
respiratory disease (BRD) in cattle in the United States. The primary objective of this study was
to compare different post-treatment intervals (PTI) following therapy with pradofloxacin on first
treatment success and case fatality in stocker cattle naturally affected with BRD. The days to
death following enrollment was evaluated as a secondary outcome. Cattle at five commercial
stocker operations were identified with BRD by site personnel and were randomized in a 1:1:1
ratio to 3-, 6-, or 9-day PTI within each cohort. Following treatment with pradofloxacin, cattle
were followed for 45 days to monitor health outcomes. First treatment success was defined as no
additional treatment for BRD and no mortality. Case fatality was defined as death due to any
cause. Generalized linear mixed models were used for statistical analysis. Weight at treatment
and rectal temperature were not different between PTI groups. First treatment success (p = 0.51)
and case fatality (p = 0.52) were not different among PTI treatment groups. Days to death were
not different between PTI treatment groups (p = 0.20). These results will assist with determining

optimal use of pradofloxacin in stocker cattle.
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Introduction

Pradofloxacin (Pradalex™)? is a third-generation fluoroquinolone approved in the United
States for the treatment of bovine respiratory disease (BRD) associated with Mannheimia
haemolytica, Pasteurella multocida, Histophilus somni and Mycoplasma bovis in beef and dairy
cattle between 2-12 months of age intended for slaughter or in breeding cattle less than 1 year of
age. Pradofloxacin is a bactericidal antimicrobial agent with activity against Gram-positive and
Gram-negative bacteria as well as Chlamydia and Mycoplasma species. Additionally, its
spectrum also includes anaerobic bacterial species.! Establishment of pharmacokinetic and
antimicrobial resistance performance is important for evaluation of an antimicrobial for
treatment of disease.

Pharmacokinetic studies in cattle infected with experimentally induced BRD have
demonstrated that therapeutic concentrations in the pulmonary epithelial lining fluid (PELF) are
reached in 7 hours following a single injection of pradofloxacin at 10 mg/kg.? To date, no
pharmacokinetic studies have been published in cattle treated with pradofloxacin for naturally
occurring BRD. Pharmacokinetic data allows for understanding of therapeutic concentrations in
the body and determination of appropriate dosage; however, determination of the optimal
interval between treatment administration and evaluation of the treatment’s success, called the
post-treatment interval (PTI), should be based on clinical data.

In vitro analysis of bovine isolates of M. haemolytica and P. multocida reports mutant
prevention concentrations (MPCs) of less than 0.063 microgram per milliliter. This is four-fold
below the reported susceptibility breakpoint for pradofloxacin.! The same study reports that all
41 tested strains of M. haemolytica and P. multocida demonstrated minimum inhibitory
concentration (MIC) values below the breakpoint for pradofloxacin.! These findings show that
pradofloxacin has favorable in vitro activity against two main BRD pathogens and a low
likelihood for antimicrobial resistance selection. As antimicrobial resistant isolates from BRD
cases are reported more frequently, minimizing antimicrobial exposure may slow the progression
of resistance.? Establishment of an optimal PTI for pradofloxacin in cattle treated for BRD would

ensure adequate time for resolution of clinical signs and reduce unnecessary antimicrobial use.
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While understanding pharmacological and antimicrobial resistance properties of an
antimicrobial are important, clinical performance and determination of treatment success or
failure is equally important. To date, a single study has compared the efficacy of pradofloxacin
to tulathromycin and florfenicol in steers experimentally induced with BRD.? This study
demonstrated no difference in time to resolution of clinical signs in the treatment groups. When
evaluating clinical success or failure of a treatment, emphasis is placed on the PTI. Single
injection antimicrobial therapy available for BRD treatment has placed even more importance on
PTIs. Many studies have investigated the impact of different PTIs on the treatment outcome
using other single injection antimicrobials in cattle diagnosed with BRD; however, no studies
have been published investigating PTIs following pradofloxacin treatment for BRD in cattle.*®

The primary study objective was to evaluate the effect of 3-, 6- and 9-day post-treatment
intervals (PTI) on first treatment success and case fatality in naturally occurring bovine
respiratory disease (BRD) in stocker calves. Secondary outcomes included days-to-death (DTD)
in the same population. Our hypothesis was that the 6- and 9-day PTI treatment groups will
demonstrate improved first treatment success rates and case fatality rates as compared to the 3-
day group. Additionally, we hypothesized there would be no differences in DTD between PTI

treatment group case fatalities.

Materials and Methods

This study was performed at 5 commercial stocker operations in Kansas and Indiana. The
study began in October 2024 and concluded in February 2025. All procedures were approved by
the Kansas State University Institutional Animal Care and Use Committee prior to initiation of
the study (Protocol Number 5055).

Sample size calculation

First treatment success was used for sample size estimates. Sample size was calculated to
detect a difference of 15% between the 3-day group (estimated 70% first treatment success) and
the 9-day group (estimated 85% first treatment success). A 95% confidence interval (alpha set at
0.05) was selected with beta set to 0.80. Estimated sample size was calculated at 118 per

treatment group. Study numbers were inflated by 5% and rounded up to account for missing data
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and loss to follow-up resulting in 125 animals per treatment group to achieve desired statistical

power.

Study population

Cohorts of cattle arriving at each operation were required to meet certain criteria. The
cohorts could only contain animals greater than 2 months of age and only native beef breeds.
Dairy breeds and beef-on-dairy crossbred cattle were not eligible for enrollment. Mixed sex
cohorts and those containing intact bulls were eligible for study inclusion. At cohort arrival, all
operations were required to adhere to a standard processing protocol including metaphylaxis with
tulathromycin (Increxxa™ ) at the label dose of 2.5 mg/kg, vaccination for respiratory
pathogens (bovine viral diarrhea type 1 and 2, infectious bovine rhinotracheitis, bovine
parainfluenza 3, bovine respiratory syncytial virus, and M. haemolytica) (Titanium® 5° and
Nuplura®?) and parasite treatment with injectable moxidectin (Cydectin®°) at 0.2 mg/kg.
Additional procedures (such as castration, dehorning, BVDV PI testing, and/or administration of
growth implants) were allowable based on the determination of the veterinarian of record for
each study site. A mandatory 5-day post-metaphylaxis interval (PMI) was required for all study
animals; animals requiring antimicrobial therapy during this period were treated at the discretion

of on-site personnel, but were not eligible for enrollment in the current study.

Inclusion criteria

Following the 5-day PMI, cattle were observed daily for clinical signs of BRD using a
standardized BRD case definition for enrollment. An animal was considered a BRD case if it
displayed at least two of the following clinical signs: anorexia, depression, increased respiratory
rate or effort, nasal discharge, cough, or a rectal temperature greater or equal to 104 degrees
Fahrenheit (40 degrees Celsius). Individual cattle meeting the BRD case definition were
administered a dose of pradofloxacin at 10 mg/kg and randomly assigned to a post-treatment

interval (PTT).
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Feed and housing

Site A is located in central Kansas and typically purchases high risk calves out of the
southeast United States. Cattle for the trial were purchased from auction markets in Kentucky,
Arkansas and Missouri. All enrolled cattle were steers, although some of the cohorts had 15-20%
bulls at arrival. Average arrival weights ranged between 575 to 605 1bs (261 to 274 kgs). For the
first 21 days on feed, cattle were fed a ration containing 14% ground hay, 14% corn, 35% wet
distillers grains, 33.5% corn silage and 3.5% supplement mix. The ration changes after 21 days
to incorporate 15% sorghum silage with a subsequent decrease in ground hay and corn silage.

Site B is located in central Kansas and is used primarily as a grow facility for a larger
feedlot operation. Pens consist of traditional dirt floor pens and grass traps. Maximum capacity at
the facility is approximately 11,000 head and cattle are kept on pasture from May to August.
Cattle for the trial came from 2 cohorts of native breed heifers purchased from a sale barn in
Oklahoma City at average weights of 450 Ibs (204 kgs) and 550 1bs (249 kgs). At arrival, cattle
started on a ration consisting of 22% rolled corn, 6.5% sorghum silage, 38% ground hay, 30%
modified distillers grains, and 4% liquid protein. At this site, cattle remain on the starter ration
for 3 weeks before beginning a step-up program to the final grow ration which contains a higher
corn and modified distillers percentage. Cattle typically remain at this site for 90 days before
moving to the finishing feedlot.

Site C starts 1,500 calves per year on grass in the Flint Hills region of Kansas. Calves
receive brome and prairie hay ad libitum and the starter feed contains soybean hulls, dry distillers
grains, oats and corn. Calves are fed until they are eating 2% of their body weight in hay and 1%
of their body weight in starter feed. Typically, this operation feeds cattle from mid-October to
mid-March. Trial calves at this site were all heifer calves sourced from a southwest Missouri
auction market and shipped to central Kansas. Cattle weighed an average of 504 Ib. (229 kgs) at
arrival and all tested negative for persistent bovine viral diarrhea virus infection (BVDV PI)
using an ear notch test.

Site D purchases cattle from livestock auction markets year-round to start on grass in
central Kansas. Cattle had access to 30-acre pastures and were fed prairie hay ad libitum along
with dry distillers grains and cracked corn in a 1:1 ratio. The cattle purchased for this study were

purchased from northern Alabama and southern Tennessee auction markets over 3 days, most as
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singles or pairs, and transported for 12 hours. Approximately 80% of the cattle were bulls with
the remaining 20% as steers. At arrival, cattle weighed 630 Ibs (286 kgs) on average.

Site E is a row-crop and stocker operation in Kentucky. Cattle are purchased from several
regional auction markets and transported to the facility in groups throughout the year. Cattle
have access to grass pastures attached to dirt floor pens.

Site F feeds 6,000 calves per year, keeping about 1,200 head on site at one time, year-
round. Pens are approximately 15 acres each and are a combination of dirt floor and pasture.
Cattle are fed a ration consisting of hay, corn silage, wet distillers grain, hominy and mineral
mix. Cattle for the study were sourced from multiple sale barns in Kentucky, Tennessee and
Georgia in October. They were placed in groups of 70-80 head upon arrival to the operation in
Indiana with an average arrival weight of 480 Ibs (218 kgs). All cattle from this site were steers.

No feed-grade antimicrobials were administered in the rations at any sites. Other feed
additives such as melengesterol acetate or amprolium were allowed, if necessary. Water access
was provided ad libitum through automatic waterers at each operation. Enrollment was not
restricted by site. Animals were enrolled on a rolling basis until a total of 400 animals was
enrolled.

Enrollment

Animals were randomly assigned in a 1:1:1 ratio within each cohort to one of three PTI
groups: 3-day, 6-day, and 9-day. Study participants were given an enrollment form to use to
assign animals to one PTI group in groups of three. Complete blinding of study personnel to
treatment group was not possible given that the same individuals were enrolling animals in the
study and administering treatments.

A random number generator (Excel) was used to create a random number for each blank
on the enrollment form. For each group of three rows on the enrollment form, the smallest
number was assigned to the 3-day PTI, the largest number was assigned to the 9-day PTI, and the
middle number was assigned to the 6-day PTI. The first calf meeting the BRD case definition
was assigned to the first blank. The next calf from the same cohort was assigned to the second
blank. This randomization strategy was performed in an effort to distribute PTI groups evenly
between cohorts. Ear tags were used to denote the date the calf would be eligible for treatment.
No information about the date the calf was originally pulled was included on the ear tag. Weight

at the time of treatment and rectal temperature were recorded.
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Observation period

Following drug administration and assignment to PTI group, cattle were returned to their
home pen and followed for 45 days to monitor for subsequent health outcomes. Following the
assigned PTI, cattle were eligible for retreatment if they met the initial case definition for BRD.
Animals that required additional treatment(s) were treated according to individual operation
protocol but were not treated with pradofloxacin again. Health outcomes of interest were: first
treatment success (FTS), case fatality (CF), and days to death (DTD). First treatment success
(FTS) and case fatality (CF) were determined at the individual animal level and converted to
binary outcomes. Treatment success was defined as not requiring additional treatment for BRD
and not experiencing mortality within 45 days of initial treatment. Case fatality was defined as
mortality due to any cause within 45 days of initial treatment. The variable characterizing the
number of days between initial treatment and death for those animals experiencing a case fatality
was left as a continuous numerical variable and was calculated as days to death (DTD). Cattle for
which 45-day observation data was unavailable and cattle which were treated before their
assigned PTI was over were removed from final analysis. Post-mortem examinations were not
performed consistently across sites to determine cause of death. As such, an animal was

considered a case fatality if it died following enrollment without regards for true cause of death.

Statistical analysis

Data management steps and subsequent statistical analysis were carried out in R
software.” Sex was not included in the models as it was confounded by site and cohort. Weight
and rectal temperature were categorized for analysis. Weight was categorized into four groups:
450 1bs. (204 kgs) or less, 451-550 Ibs. (205-249 kgs.), 551-650 1bs. (250-295 kgs.), and greater
than 650 Ibs. (295 kgs). Temperature was categorized: normal (below 104 degrees Fahrenheit, 40
degrees Celsius), and febrile (greater than or equal to 104 degrees Fahrenheit, 40 degrees
Celsius) based on pre-established case definition.

Generalized linear mixed models were used for statistical analysis of FTS and CF with
binomial distributions. To model DTD, a generalized linear mixed model with a Poisson

distribution and log link function was utilized. In all models, a random effect of cohort nested
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within site was included to account for lack of independence. Fixed effects included rectal
temperature category, weight at enrollment category, and PTI group. Rectal temperature and
weight categories remained in the model as experimental design factors. Pairwise comparisons

for PTI group were performed using Tukey’s adjustment.

Results

A total of 446 animals were enrolled in the study. One animal was removed as it was
enrolled twice, and 14 animals were removed due to re-treatment before their assigned PTI was
completed. Site E was removed less than a week from the start of the study due to a higher-than-
expected morbidity and labor constraints. All animals enrolled at Site E were removed from the
study (n = 25). Table 1 displays the total number of animals enrolled at each site excluding the
40 animals that were removed.

Descriptive characteristics for the 406 enrolled cattle are presented by treatment group in
Table 2. A chi-square test of independence was applied to determine differences in sex between
PTI treatments groups. There were no statistical differences between the counts of heifers, steers,
or bulls between the PTI treatment groups (p-value > 0.05). Site B experienced an outbreak of
nervous coccidiosis approximately half-way through the trial. The affected pens of cattle
received a 5-day course of amprolium pellets at 454 mg per 100 1b. of body weight. Three calves
enrolled in the trial demonstrated neurologic signs and were independently treated with oral sulfa
boluses and thiamine (vitamin B1) injection (n = 3). The treatment for nervous coccidiosis did
not meet criteria for BRD re-treatment; however, tTwo calves subsequently died following
treatment, and these were included as treatment failures and case fatalities. The surviving calf
was considered a treatment success as it did not require additional treatment for BRD and did not

experience mortality.

First treatment success

First treatment success risk across all study sites was 61.8%. There were no statistically
significant differences in first treatment success between PTI treatment groups (p = 0.51). Other

fixed effects including rectal temperature category and weight at treatment category were not
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statistically associated with first treatment success. Numerically, the 9-day PTI group had the

poorest treatment success risk and the 6-day group had the best risk.

Case fatality and days to death

There were also no significant differences in case fatality between PTI treatment groups
(p = 0.52). Fixed effects including rectal temperature category and treatment weight category
were not statistically associated with case fatality. Days to death was not statistically different (p
=0.20) between the three treatment groups. Table 3 reports the model-estimated means and
standard errors of the mean (SEM) by treatment groups for the three outcome measures (FTS,

CF, and DTD).

Discussion

To the authors’ knowledge, this is the first study to investigate PTIs for pradofloxacin in
naturally occurring BRD. Furthermore, it is one of the first investigations evaluating PTIs in
stocker calves for any antimicrobial. Results of this study indicate that there are no differences in
FTS, CF and DTD between the investigated PTIs. These results help provide recommendations
for antimicrobial use in stocker calves treated for naturally occurring BRD.

Previous studies in feedlot cattle with different antimicrobials have demonstrated the
value of PTIs for improving treatment outcomes.*® A multi-site investigation in feedlot cattle
comparing 3-, 5- and 7-day PTIs following administration of ceftiofur crystalline free acid
(CCFA) for BRD found statistically significant (P < 0.05) differences in 28-day treatment
success rates between the 3- (65.6%) and 7-day (77.5%) groups. There were no differences in
treatment success between other PTI groups and no differences in mortality rates between PTI
groups.® Another study evaluating CCFA in feedlot cattle was repeated over a 56-day
observation period.® This study found improved treatment success risk among the 7-day group as
compared to the 3-day group. There were no other differences in treatment success and no
differences in mortality between treatment groups.® The CCFA studies demonstrated similar
findings despite evaluating treatment outcomes over different lengths of time (28 days vs. 56

days).
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A study evaluating PTIs in feedlot cattle treated for BRD with tilmicosin found a
significant (P = 0.05) difference in first treatment success rates between the 3- (67.9%) and the
9-day (86.9%) PTI groups. The study found no significant (P = 0.39) differences in case fatality
between PTI groups.” These 3 studies demonstrate that first treatment success rates were
improved by implementing PTIs greater than 3 days following initial treatment. Extension of the
PTI to 7 or even 9 days in the aforementioned studies likely allowed the cattle in these studies to
return back to a “healthy” appearance, resulting in fewer second or third treatments.

Post-treatment intervals of 7, 10 and 14 days were evaluated following treatment of BRD
in feedlot cattle with tulathromycin.* Statistical analysis found no significant (P > 0.05)
differences for first treatment success and case fatality rates between PTI treatment groups. This
research demonstrated that longer PTIs (greater than 7 days) had no impact on treatment success
or mortality rates. A study by Theurer et al. evaluated prolonged PTI intervals following therapy
with gamithromycin.® The study compared 3-, 6-, 9- and 12-day PTIs in feedlot cattle.
Differences in first treatment success (P = 0.012) and case fatality (P = 0.032) between the PTI
treatment groups were notable. Specifically, differences in first treatment success were seen
between the 3-day (56.8%) and 9-day (72.3%) groups. Differences in case fatality were observed
between the 9-day (7.2%) and the 12-day (15.0%) groups. While previous BRD PTI studies
demonstrated that longer PTIs improved clinical outcomes, the gamithromycin PTI study
demonstrated that there is likely an upper limit to PTIs at which point clinical outcomes are
negatively impacted.’

The current study found no statistically significant differences in case fatality rates
between treatment groups. This finding is consistent with other reported PTI studies with the
exception of the study by Theurer et al.® However, the longest PTI investigated in the current
was 9 days whereas the Theurer et al. study found a significantly higher case fatality in their 12-
day PTI group. The current study also found no significant differences in first treatment success,
a finding that is at odds with other studies.’® Original sample size calculations anticipated a
greater difference in first treatment success risk between the 3- and 9-day group, so it is likely
the current study is underpowered. Additionally, a permissive BRD case definition was used,
meaning that the criteria for initial enrollment and retreatment were easily met. Doing so allowed
for high external validity, as this is representative of current standard practice in the industry;

however, it may have resulted in the treatment of animals that would have otherwise recovered
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without intervention. This could have led to higher treatment success rates and lower case
fatality rates. Previous PTI studies utilized BRD case criteria for enrollment that differed from
what was used in the current study which may have contributed to differences in study
findings.”®

At the time of this writing, only one study has been published evaluating the efficacy of
pradofloxacin compared to other antimicrobials for the treatment of BRD. As a secondary
outcome, Foster et al. evaluated clinical outcomes in dairy steers challenged with M. haemolytica
and subsequently treated with pradofloxacin, tulathromycin or florfenicol.® All steers
demonstrated rapid resolution of clinical signs following treatment administration and there were
no statistically significant (P > 0.05) differences between groups with regard to depression score,
respiratory score or rectal temperature from day of treatment to study endpoint (all steers were
humanely euthanized on day 12 post-treatment).

DTD has not been evaluated in case fatalities in previous PTI studies. Motivation for
investigation of DTD as an outcome was brought about by producer concerns that adhering to
longer PTIs results in cattle dying later due to delayed retreatment. Median values for the current
study’s case fatality were all below 20 days with a maximum value of 43. Smith et al. reported
on DTD following initial BRD treatment in feedlot cattle across several regions in the United
States.!? Their first and third quartile values are 4 and 43, closely matching our data. The current
study demonstrated no significant differences in DTD between PTI treatment groups, indicating
that the PTI investigated in this study do not impact timing of death. Furthermore, the
distribution of DTD is similar to that reported in the literature for feedlot cattle.

Many meta-analyses have been published comparing efficacy of several antimicrobials
for the treatment and control of BRD.!!"!> The meta-analyses were published before the approval
for pradofloxacin for treatment of BRD but most report on the comparative efficacy of other
fluoroquinolone antimicrobials. The meta-analyses summarize that both enrofloxacin and
danofloxacin result in lower re-treatment risk compared to other antimicrobials except
tulathromycin.'>'* It is important to mention, however, that the meta-analyses reported here do
not account for a PTI which is needed to direct comparisons between antimicrobials when
evaluating efficacy.

One of the major strengths of this study is the external validity of the study population.

This study was conducted in commercial operations with cattle procurement, feeding and
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management typical of current stocker cattle industry practices. Although processing and health
evaluations were standardized by study protocol, they were also representative of stocker
production practices. One of the limitations of this study is the incomplete blinding of cattle
health evaluators to treatment groups. It was not possible to keep all individuals at these
operations blinded to the treatment groups due to labor constraints; however, each site had
multiple animals enrolling each day, making it more difficult to identify which animals belonged
to each PTI treatment group due to the numerous eligible retreatment dates. Another limitation of
this study is the permissive BRD case definition. This could have resulted in more spontaneous
recoveries, leading to higher treatment success rates and fewer case fatalities. Additionally,
permissive retreatment criteria could have led to a greater number of retreatments. Together with
the spontaneous recoveries, the current BRD case definition could have led to few differences
between PTI treatment groups. Despite this limitation, the enrollment criteria used in the current
study was an accurate reflection of BRD case definitions on these operations, further
contributing to external validity. As not all of the sites in this study typically use a rectal
temperature cut-off for treatment, a rectal temperature cut point of 104 °F (40 °C) or greater was
only included as one of the enrollment criteria.

Evaluation of clinical outcomes following treatment is important for determination of the
optimal PTI. This trial found no significant differences in first treatment success and case fatality
between PTI treatment groups. Other studies have concluded that longer PTIs demonstrate
favorable FTS, although the findings are not consistent in PTIs 12 days or longer. Lack of
statistical differences in case fatality between treatment groups is supported by the literature.
Low statistical power and a permissive BRD case definition likely contributed to the findings in
the current study. DTD was not statistically different by treatment group. Results of this study
should not be extrapolated to other populations of cattle (such as those in the finishing phase of
production) without confirmation of these findings in additional studies. The results of this study
will help practitioners determine the optimal application of pradofloxacin related to health

outcomes in beef stocker cattle.

End Notes

2Pradalex, Elanco Animal Health, Greenfield, IN
Increxxa, Elanco Animal Health, Greenfield, IN

“Titanium 5, Elanco Animal Health, Greenfield, IN
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4Nuplura, Elanco Animal Health, Greenfield, IN
°Cydectin, Elanco Animal Health, Greenfield, IN

10.
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Table 6.1. Characteristics of cattle at study enrollment by study location

Site Total number Average weight, Ibs. | Sex
enrolled (kgs)

A 147 575 (261)-605 (274) | Steer

B 155 450 (204)-550 (249) | Heifer

C 29 504 (229) Heifer

D 44 630 (286) Bull, Steer

F 31 480 (218) Steer

Table 6.2. Characteristics of cattle at study enrollment based on treatment group and
across the study population.

3-day PTI 6-day PTI 9-day PTI Overall
% Bull* 7.4 (10/136) 8.3 (11/133) 9.5 (13/137) 8.4 (34/4006)
% Steer* 39.7 (54/136) 39.8 (53/133) 35.0 (48/137) 38.2 (155/406)
% Heifer* 52.2 (71/136) 51.9 (69/133) 54.7 (75/137) 53.0 (215/406)
Weight at
treatment, lbs. | 547 (248) 548 (249) 546 (249) 547 (248)
(kgs)
Temperature at
treatment,
degrees 104.9 (40.5) 104.9 (40.5) 104.8 (40.4) 104.9 (40.5)
Fahrenheit
(degree Celsius)

Table 6.3. Outcome means (= SEM) by treatment group from generalized linear mixed
models with random intercept to account for lack of independence in cohorts within sites.

Outcome 3-day PTI 6-day PTI 9-day PTI Overall P-value
First treatment | ;) 5, 747 7472 + 6.74 68.82+7.71 | 0.51

success risk, %

Case fatality | 5 35,5 59 6.84+3.01 8.93 + 3.80 0.52

risk, %

Days to death 18.24 £2.47 16.28 £2.22 18.18 £2.15 0.20
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3596 Appendix A - Supplement to Chapter 3

3597 Appendix Table A.1. Complete list of variables created or obtained to describe the data.

Variable Category Variable Description
Cohort level Arrival weight of the cohort ~ Average weight of the
cohort on arrival
Year of arrival Year the cohort arrived
Quarter of arrival Quarter of the year that the

cohort arrived (1 = Jan. —
Mar., 2 = Apr. — Jun., 3 =
July — Sept., 4 = Oct. —
Dec.)

Month of arrival Month of the year that the
cohort arrived

Day of arrival Day of the week that the
cohort arrived (1 = Mon., 2
=Tues., 3=Wed., 4=
Thurs., 5= Fri., 6 =Sat., 7=
Sun.)

Arrived on a Binary variables (1 = yes, 0
= no) for each day of the
week a cohort could have
arrived

Arrived on a holiday Binary variable (1 =yes, 0 =
no) for whether or not a
cohort arrived on a holiday;
includes all federal holidays

Sex The sex of the cohort; could
be steer, heifer, or mixed

Date of max fill Date that the pen reached
capacity (would be the same
as date of arrival if the pen
was filled on that day)

DOF of max fill Days on feed that the lot
took to reach capacity (date
of arrival — date of max fill)

Total head in Number of head in the
cohort on day of arrival
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Number of pulls on the same
day

Count of additional pulls for
any reason in that cohort on
a specific event date

Number of pulls last week

Count of pulls for any
reason in that cohort in the
last 7 days before the event
date

Distance between origin and
feedyard

Calculated distance in
kilometers between a
cohort’s origin and the
feedyard at which they are
being fed

Total deads in cohort

Cumulative count of
mortalities for any reason in
a cohort up to the event date

Total rails in cohort

Cumulative count of rails for
any reasons in a cohort up to
the event date

Origin latitude

Latitude in degrees of the
cohort’s origin

Origin longitude

Longitude in degrees of the
cohort’s origin

Individual animal level

Year of BRD1

Year the animal received its
first treatment for BRD

Quarter of BRDI1

Quarter of the year that the
animal received its first
treatment for BRD (1 = Jan.
—Mar.,2=Apr. —Jun,3 =
July. — Sept., 4 = Oct. —
Dec.)

Month of BRD1

Month of the year that the
animal received its first
treatment for BRD

Day of BRD1

Day of the week that the
animal received its first
treatment for BRD (1 =
Mon., 2 = Tues., 3 = Wed., 4
= Thurs., 5 = Fri., 6 = Sat., 7
= Sun.)

Treated for BRD1 on a

Binary variables (1 = yes, 0
= no) for each day of the

95



week an animal could have
received its first treatment
for BRD

Treated for BRD1 on a
holiday

Binary variable (1 =yes, 0 =
no) for whether or not an
animal received its first
treatment for BRD on a
holiday; includes all federal
holidays

Event DOF Days spent on feed until first
treatment for BRD (date of
arrival — event date)

Temperature Rectal temperature obtained
at first treatment for BRD

Event weight Weight at first treatment for

BRD

Treated for GI previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
digestive issues prior to the
first treatment for BRD

Treated for MS previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
musculoskeletal issues prior
to the first treatment for
BRD

Treated for repro previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
reproductive issues prior to
the first treatment for BRD

Treated for other previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for any
other issue prior to the first
treatment for BRD

ADG at BRDI1

Calculated average daily
gain at event date ((event
weight — arrival
weight)/event DOF)

96



3598

Feedyard level

Number of pulls on the same
day at feedyard

Count of additional
treatments at the yard on the
same event date

Number of pulls last week at
feedyard

Cumulative count of all
treatments at the yard in the
last 7 days prior to the event
date

Total cattle on feed at yard

Total count of cattle on feed
at the feedyard on the event
date

Moving averages of pulls

Moving averages of the
number of treatments at the
feedyard in 3-, 5-, 7-, 14-,
21-, and 28-day increments
prior to day of first
treatment for BRD

Divergence from moving
average

The difference in the event
date’s number of treatments
from each of the increments
of moving averages of
treatments at the feedyard

Number of cattle that arrived
on same day

Count of total head in the
yard for a given arrival date

BRD1 indicates the first treatment for BRD.
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Appendix B - Supplement to Chapter 4

Appendix Table B.1. Complete list of variables included in both the BRD1 and BRD2

datasets.
Variable Category Variable Description
Cohort level Arrival weight of the cohort ~ Average weight of the

cohort on arrival

Year of arrival

Year the cohort arrived

Quarter of arrival

Quarter of the year that the
cohort arrived (1 = Jan. —
Mar., 2 = Apr. —Jun., 3 =
July — Sept., 4 = Oct. —
Dec.)

Month of arrival

Month of the year that the
cohort arrived

Day of arrival

Day of the week that the
cohort arrived (1 = Mon., 2
= Tues., 3 =Wed., 4=
Thurs., 5=Fri.,, 6 =Sat., 7=
Sun.)

Arrived on a

Binary variables (1 = yes, 0
= no) for each day of the
week a cohort could have
arrived

Arrived on a holiday

Binary variable (1 =yes, 0 =
no) for whether or not a
cohort arrived on a holiday;
includes all federal holidays

Sex

The sex of the cohort; could
be steer, heifer, or mixed

Month of max fill

Month of the year that the
pen reached capacity (would
be the same as date of
arrival if the pen was filled
on that day)

Day of max fill

Day of the week that the pen
reached capacity (1 = Mon.,
2 =Tues.,3=Wed., 4=
Thurs., 5 = Fri., 6 =Sat., 7=
Sun.)

98



DOF of max fill

Days on feed that the lot
took to reach capacity (date
of arrival — date of max fill)

Total head in

Number of head in the
cohort on day of arrival

Number of treatments on the
same day

Count of additional
treatments for any reason in
that cohort on a specific
event date

Number of treatments last
week

Count of treatments for any
reason in that cohort in the
last 7 days before the event
date

Number of treatments to
date

Count of treatments for any
reason in that cohort since it
arrived on the feedyard

Distance between origin and
feedyard

Calculated distance in
kilometers between a
cohort’s origin and the
feedyard at which they are
being fed

Total deads in cohort

Cumulative count of
mortalities for any reason in
a cohort up to the event date

Total rails in cohort

Cumulative count of animals
culled (railed) for any reason
in a cohort up to the event
date

Origin latitude

Latitude in degrees of the
cohort’s origin

Origin longitude Longitude in degrees of the
cohort’s origin
Individual animal level Year of BRD1 Year the animal received its
first treatment for BRD
Quarter of BRD1 Quarter of the year that the

animal received its first
treatment for BRD (1 = Jan.
—Mar.,, 2 =Apr. —Jun, 3 =
July. — Sept., 4 = Oct. —
Dec.)
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Month of BRD1

Month of the year that the
animal received its first
treatment for BRD

Day of BRD1

Day of the week that the
animal received its first
treatment for BRD (1 =
Mon., 2 = Tues., 3 = Wed., 4
= Thurs., 5 = Fri., 6 = Sat., 7
= Sun.)

Treated for BRD1 on a

Binary variables (1 = yes, 0
=no) for each day of the
week an animal could have
received its first treatment
for BRD

Treated for BRD1 on a
holiday

Binary variable (1 =yes, 0 =
no) for whether or not an
animal received its first
treatment for BRD on a
holiday; includes all federal
holidays

Event DOF Days spent on feed until first
treatment for BRD (date of
arrival — event date)

Temperature Rectal temperature obtained
at first treatment for BRD

Event weight Weight at first treatment for

BRD

Treated for GI previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
digestive issues prior to the
first treatment for BRD

Treated for MS previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
musculoskeletal issues prior
to the first treatment for
BRD

Treated for repro previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
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reproductive issues prior to
the first treatment for BRD

Treated for other previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for any
other issue prior to the first
treatment for BRD

ADG at BRD1

Calculated average daily
gain at event date ((event
weight — arrival
weight)/event DOF)

Feedyard level

Number of treatments on the
same day at feedyard

Count of additional
treatments at the yard on the
same event date

Number of treatments last
week at feedyard

Cumulative count of all
treatments at the yard in the
last 7 days prior to the event
date

Moving averages of
treatments

Moving averages of the
number of treatments at the
feedyard in 3-, 5-, 7-, 14-,
21-, and 28-day increments
prior to day of first
treatment for BRD

Divergence from moving
average

The difference in the event
date’s number of treatments
from each of the increments
of moving averages of
treatments at the feedyard

BRDI indicates the first treatment for BRD. BRD2 indicates the second treatment for BRD.

Appendix Table B.2. Complete list of additional variables included in only the BRD2

dataset.
Variable Category Variable Description
Cohort level Number of pulls on the same Count of additional pulls for

day

any reason in that cohort on
the day of BRD2

Number of pulls last week

Count of pulls for any
reason in that cohort in the
last 7 days before BRD2
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Updated number of
treatments to date

Updated count of treatments
for any reason in that cohort
since it arrived on the
feedyard

Updated total deads in
cohort

Updated cumulative count
of mortalities for any reason
in a cohort up to BRD2

Updated total rails in cohort

Updated cumulative count
of rails for any reasons in a
cohort up to BRD2

Individual animal level

Year of BRD2

Year the animal received its
second treatment for BRD

Quarter of BRD2

Quarter of the year that the
animal received its second
treatment for BRD (1 = Jan.
—Mar., 2 =Apr. —Jun, 3 =
July. — Sept., 4 = Oct. —
Dec.)

Month of BRD2

Month of the year that the
animal received its second
treatment for BRD

Day of BRD2

Day of the week that the
animal received its second
treatment for BRD (1 =
Mon., 2 = Tues., 3 = Wed., 4
= Thurs., 5 = Fri., 6 = Sat., 7
= Sun.)

Treated for BRD2 on a

Binary variables (1 = yes, 0
= no) for each day of the
week an animal could have
received its second
treatment for BRD

Treated for BRD2 on a
holiday

Binary variable (1 =yes, 0 =
no) for whether or not an
animal received its second
treatment for BRD on a
holiday; includes all federal
holidays

Second event DOF

Days spent on feed until
second treatment for BRD
(date of arrival — event date)
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Second event temperature

Rectal temperature obtained
at second treatment for BRD

Second event weight

Weight at second treatment
for BRD

Updated treated for GI Binary variable (1 =yes, 0 =
previously no) for whether or not an
animal was treated for
digestive issues prior to the
second treatment for BRD
Updated treated for MS Binary variable (1 =yes, 0 =
previously no) for whether or not an

animal was treated for
musculoskeletal issues prior
to the second treatment for
BRD

Updated treated for repro
previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for
reproductive issues prior to
the second treatment for
BRD

Updated treated for other
previously

Binary variable (1 =yes, 0 =
no) for whether or not an
animal was treated for any
other issue prior to the
second treatment for BRD

ADG at BRD2

Calculated average daily
gain at event date ((event
weight — arrival
weight)/event DOF)

Drug class

The antimicrobial class
which was used as first
treatment for BRD (beta
lactam, fluoroquinolone,
macrolide, tetracycline,
phenicol)

Drug name

The specific antimicrobial
used at first treatment for
BRD (ceftiofur,
danofloxacin, enrofloxacin,
florfenicol, gamithromycin,
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oxytetracycline, tildipirosin,
tilmicosin, tulathromycin)

Days between treatments

The number of days between
first and second treatment
for BRD (second event date
— first event date)

Feedyard level

Updated number of
treatments on the same day
at feedyard

Count of additional
treatments at the yard on the
same event date

Updated number of
treatments last week at
feedyard

Cumulative count of all
treatments at the yard in the
last 7 days prior to the event
date

Updated moving averages of
treatments

Moving averages of the
number of treatments at the
feedyard in 3-, 5-, 7-, 14-,
21-, and 28-day increments
prior to day of second
treatment for BRD

Updated divergence from
moving average

The difference in the event
date’s number of treatments
from each of the increments
of moving averages of
treatments at the feedyard

BRD?2 indicates the second treatment for BRD.

Appendix Table B.3. Summary of the features selected for inclusion in the BRD1 model
with associated chi square correlation coefficients.

Feature Chi Square Correlation
Coefficient
Event DOF 4573.702274
Event Weight 1588.435581
Temp 1265.809628
Lot Arrival Weight 1032.181785
Death Count 909.6541482
Railer Count 906.9989237
Difference from Yard Pull Moving 7 Day Average 616.5512241
Difference from Yard Pull Moving 5 Day Average 587.9573396
Difference from Yard Pull Moving 3 Day Average 530.6411536
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Difference from Yard Pull Moving 21 Day Average 488.7084571
Difference from Yard Pull Moving 14 Day Average 464.809555

Pulls Last Week 423.6559944
Difference from Yard Pull Moving 28 Day Average 336.2323994
Lot Head In 280.5218564
Origin Longitude 250.4637661
ADG at Pull 171.0379668
Origin Latitude 167.5820331
Pulls Today 166.8064602
Sex 159.4191228
Arrival Month 123.291462

Lot Max Month 123.2709112
Pull Month 121.3196543
Distance 109.5110013

Arrival Quarter

95.74068774

Yard Pulls Moving 7 Day Average

83.40157531

Yard Pulls Moving 5 Day Average

83.22193657

Yard Pulls Moving 3 Day Average

75.91059225

Pull Quarter

75.70398169

Yard Pulls Moving 28 Day Average

74.67447512

Yard Pulls Today

74.0621834

3609 Appendix Table B.4. Summary of the features selected for inclusion in the BRD2 model
3610  with associated chi square correlation coefficients.

Feature Chi Square Correlation
Coefficient
Lot Arrival Weight 5883.277922
Second Pull Event DOF 834.7695641
Drug Name 747.6033154
Second Pull Event Weight 727.9967012
Event Weight 714.3840295
Event DOF 688.6798818
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Drug Class

674.6072373

ADG at Second Pull

313.7334169

ADG at Pull

289.1462645

Days Between Pulls

266.4971166

Second Pull Difference from Yard Pull Moving 28 Day
Average

254.5541031

Second Pull Difference from Yard Pull Moving 21 Day
Average

244.2552955

Second Pull Difference from Yard Pull Moving 14 Day
Average

242.3834577

Second Pull Month 193.6363286
Difference from Yard Pull Moving 21 Day Average 184.2238347
Lot Head In 175.7987889
Pulls Today 171.891481
Pulls Last Week 166.7031833
Second Pull Yard Pull Moving 7 Day Average 163.2569589
Second Pull Difference from Yard Pull Moving 7 Day 162.219898
Average

Difference from Yard Pull Moving 28 Day Average 160.2515969
Second Pull Yard Pull Moving 3 Day Average 158.4757184
Second Pull Yard Pulls Today 158.0993427
Second Pull Yard Pull Moving 5 Day Average 156.3171592

Second Pull Yard Pulls Last Week

152.0904538

Second Pull Yard Pull Moving 28 Day Average

151.8417672

Second Pull Yard Pull Moving 14 Day Average 148.9196045
Second Pull Yard Pull Moving 21 Day Average 145.2769934
Difference from Yard Pull Moving 14 Day Average 144.0239092
Death Count 143.0168193
Second Pull Pulls Today 142.6409059
Second Pull Difference from Yard Pull Moving 5 Day 139.6821739
Average

Origin Longitude 134.7853158

Difference from Yard Pull Moving 7 Day Average

133.9455601
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3611

Pull Month 133.4447939
Yard Pulls Moving 21 Day Average 132.9032049
Second Pull Difference from Yard Pull Moving 3 Day 130.3977869
Average

Yard Pulls Moving 14 Days Average 129.7740312
Yard Pulls Last Week 129.325457
Railer Count 127.9973476
Second Pull Railer Count 127.7113414
Second Pull Pulls Last Week 126.4887276
Sex 126.4271189
Arrival Month 125.7135927
Temp 125.4594175

Yard Pull Moving 28 Day Average

125.0878284

Lot Max Month

122.5586843

Yard Pulls Today

122.4779628

Yard Pulls Moving 3 Day Average

121.4890673

Yard Pulls Moving 7 Day Average

121.1558651
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3612 Appendix C - Supplement to Chapter 5

3613  Appendix Table C.1. Table describing the ranking of each variable for each predictive
3614  algorithm within each dataset

Dataset Model Feature Importance Ranking

Baseline BDT! Purchase Month
Purchase Year

Average Arrival Weight
Sex

Head Received

LR? Purchase Month
Purchase Year

Average Arrival Weight
Sex

Head Received

NN? Purchase Month
Purchase Year

Average Arrival Weight
Sex

Head Received

RF* Purchase Month
Purchase Year

Average Arrival Weight
Sex

Head Received

Baseline BDT Purchase Month

Subset Purchase Year

Average Arrival Weight
Sex

Head Received

LR Purchase Month
Average Arrival Weight
Purchase Year

Sex
Head Received

NN Purchase Month
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Purchase Year

Average Arrival Weight
Head Received

Sex

RF

Purchase Month
Purchase Year

Average Arrival Weight
Head Received

Sex

Baseline +
Econ

BDT

Purchase Month

Average Arrival Weight

Average Corn Futures

Feeder Futures

Difference from Average Brent Oil Futures
Sex

Head Received

Average Brent Oil Futures

Average Feeder Futures

Difference from Average Fat Futures

Fat Futures

Purchase Year

Average Interest Rate

Difference from Average Feeder Futures
Difference from Average Corn Futures
Average Fat Futures

Interest Rate

Difference from Average Soybean Futures
Difference from Average Interest Rate
Average Soybean Futures

Average Soybean Meal Futures

Brent Oil Futures

Corn Futures

Soybean Meal Futures

Difference from Average Soybean Meal Futures
Soybean Futures

LR

Feeder Futures
Purchase Year
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Fat Futures

Difference from Average Feeder Futures
Average Interest Rate

Difference from Average Fat Futures
Average Soybean Meal Futures

Average Feeder Futures

Average Corn Futures

Soybean Meal Futures

Average Arrival Weight

Average Soybean Futures

Soybean Futures

Average Fat Futures

Difference from Average Soybean Futures
Difference from Average Corn Futures
Average Brent Oil Futures

Difference from Average Brent Oil Futures
Interest Rate

Purchase Month

Corn Futures

Brent Oil Futures

Sex

Head Received

Difference from Average Soybean Meal Futures
Difference from Average Interest Rate

Average Feeder Futures

Feeder Futures

Fat Futures

Purchase Month

Average Arrival Weight

Difference from Average Feeder Futures
Average Interest Rate

Average Corn Futures

Difference from Average Fat Futures
Average Fat Futures

Average Soybean Futures

Interest Rate

Difference Average Brent Oil Futures
Sex
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Brent Oil Futures

Average Soybean Meal Futures
Difference from Average Soybean Meal Futures
Average Brent Oil Futures

Soybean Meal Futures

Purchase Year

Soybean Futures

Corn Futures

Difference from Average Corn Futures
Difference from Average Soybean Futures
Head Received

Difference from Average Interest Rate

RF

Average Arrival Weight

Average Corn Futures

Sex

Purchase Month

Head Received

Difference from Average Soybean Meal Futures
Average Fat Futures

Corn Futures

Difference from Average Brent Oil Futures
Average Soybean Futures

Fat Futures

Interest Rate

Average Brent Oil Futures

Soybean Meal Futures

Average Feeder Futures

Average Soybean Meal Futures
Difference from Average Fat Futures
Difference from Average Feeder Futures
Difference from Average Interest Rate
Soybean Futures

Difference from Average Soybean Futures
Brent Oil Futures

Average Interest Rate

Difference from Average Corn Futures
Purchase Year

Feeder Futures
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Baseline +
Origin

BDT

Purchase Month
Purchase Year

Average Arrival Weight
Latitude of Origin

Sex

City of Origin
Longitude of Origin
Head Received

State of Origin

LR

City of Origin

Purchase Month

State of Origin
Purchase Year

Sex

Head Received

Average Arrival Weight
Latitude of Origin
Longitude of Origin

Purchase Month
Purchase Year

City of Origin

Sex

Head Received
Longitude of Origin
Latitude of Origin
Average Arrival Weight
State of Origin

RF

Purchase Month
Purchase Year

Average Arrival Weight
State of Origin
Longitude of Origin
City of Origin

Head Received

Latitude of Origin

Sex
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Baseline +
Origin +
Econ

BDT

Purchase Month

Difference from Average Brent Oil Futures
Feeder Futures

Average Arrival Weight

Difference from Average Corn Futures
Sex

Average Fat Futures

Corn Futures

Fat Futures

Soybean Meal Futures

Difference from Average Fat Futures

City of Origin

Average Feeder Futures

Difference from Average Soybean Meal Futures
Difference from Average Interest Rate
Head Received

Purchase Year

Longitude of Origin

Average Soybean Meal Futures

Brent Oil Futures

Average Interest Rate

Latitude of Origin

Average Brent Oil Futures

Average Corn Futures

Soybean Futures

Difference from Average Feeder Futures
Difference from Average Soybean Futures
State of Origin

Average Soybean Futures

Interest Rate

LR

Feeder Futures

Fat Futures

Average Feeder Futures

Difference from Average Feeder Futures
Difference from Average Fat Futures
City of Origin

Purchase Year

State of Origin
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Difference from Average Soybean Futures
Soybean Futures

Average Soybean Futures

Average Interest Rate

Difference from Average Interest Rate
Difference from Average Soybean Meal Futures
Sex

Average Arrival Weight

Head Received

Average Corn Futures

Longitude of Origin

Corn Futures

Difference from Average Corn Futures
Purchase Month

Average Brent Oil Futures

Average Soybean Meal Futures

Soybean Meal Futures

Latitude of Origin

Average Fat Futures

Brent Oil Futures

Interest Rate

Difference from Average Brent Oil Futures

Feeder Futures

Average Feeder Futures

Difference from Average Feeder Futures
Sex

Interest Rate

Average Soybean Futures

Brent Oil Futures

Soybean Futures

Difference from Average Interest Rate
Purchase Month

Difference from Average Soybean Futures
Purchase Year

Longitude of Origin

Average Corn Futures

Difference from Average Brent Oil Futures
Difference from Average Corn Futures
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Average Interest Rate

Head Received

Average Soybean Meal Futures
Corn Futures

City of Origin

Latitude of Origin

Average Fat Futures

Difference from Average Soybean Meal Futures

Average Arrival Weight

Average Brent Oil Futures

Soybean Meal Futures

State of Origin

Difference from Average Fat Futures
Fat Futures

RF

Average Arrival Weight

State of Origin

Purchase Month

Soybean Futures

Head Received

Purchase Year

Average Brent Oil Futures
Average Soybean Meal Futures
Brent Oil Futures

Feeder Futures

Latitude of Origin

Average Feeder Futures
Average Soybean Futures
Interest Rate

Difference from Average Corn Futures
Average Corn Futures
Difference from Average Feeder Futures
Sex

Longitude of Origin

Corn Futures

Fat Futures

City of Origin

Average Fat Futures

Average Interest Rate
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3615
3616
3617
3618

Difference from Average Soybean Futures
Soybean Meal Futures

Difference from Average Brent Oil Futures
Difference from Average Fat Futures
Difference from Average Interest Rate
Difference from Average Soybean Meal Futures

'BDT = boosted decision tree
2LR = logistic regression
3NN = neural network

“RF = random forest
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