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Abstract

Bovine respiratory disease (BRD) remains the leading cause of morbidity and mortality
in feedyard cattle and continues to result in substantial economic losses, reduced animal
performance, and animal welfare concerns in beef production systems. Although cattle
diagnosed with BRD are commonly treated based on clinical assessment, subjective chute-side
prognostic tools capable of improving treatment and management decisions remain limited.
Machine learning and targeted thoracic point-of-care ultrasound (TT-POCUS) have emerged as
promising approaches for integrating animal-level clinical and imaging data into practical
decision-support systems. Therefore, the objectives of this thesis were to evaluate current
machine learning applications relevant to chute-side beef cattle management and to assess the
prognostic utility of TT-POCUS-based predictive models for bovine respiratory disease
outcomes.

The first chapter consists of a scoping review conducted to evaluate how machine
learning is applied to support chute-side decision-making in beef cattle production. A structured
literature search identifies 43 full-text studies for assessment, of which 26 meet the inclusion
criteria. Included studies evaluate applications in disease detection and prognosis, treatment
decision support, physiologic monitoring, imaging analysis, and nutritional prediction.
Collectively, these findings demonstrate the broad versatility of machine learning for integrating
complex animal-level data into actionable management tools while highlighting important
knowledge gaps in external validation, implementation, and practical field adoption.

The second chapter evaluates the repeatability of previously developed TT-POCUS
prognostic logistic regression models for predicting first-treatment failure (FTF) and did-not-

finish (DNF) outcomes in feedyard cattle at initial BRD treatment. A prospective observational
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study enrolls 603 cattle, and previously developed model structures are assessed in an
independent population. Initial deployment identifies multicollinearity among predictors,
limiting direct reproducibility of the previously developed model. Revised models retain
meaningful prognostic performance, with DNF prediction achieving 39% sensitivity and 98%
specificity, and FTF prediction achieving 55% sensitivity and 88% specificity, supporting the
continued evaluation of the prognostic relevance of TT-POCUS-derived pulmonary variables.

The third chapter evaluates and compares six supervised machine learning algorithms
incorporating TT-POCUS-derived variables for predicting FTF and DNF outcomes in feedyard
cattle diagnosed with BRD. A total of 1,422 first-treatment cattle and 150 chronic cattle are
included for 60-day outcome assessment. Predictive performance varies across algorithms and
outcomes, with logistic regression demonstrating the highest discrimination for FTF (AUC =
0.71) and first-treatment DNF (AUC = 0.80), while the perceptron model demonstrates the
highest discrimination for chronic-treatment DNF (AUC = 0.84).

Collectively, these studies demonstrate the growing potential for machine learning to
support practical chute-side decision-making in beef production systems while emphasizing the
importance of biologically relevant and operationally feasible inputs. The scoping review
identified broad opportunities for machine learning integration across cattle health and
production but highlighted persistent limitations in external validation and commercial
implementation. The repeatability and model comparison studies demonstrated that TT-POCUS
derived pulmonary biomarkers provide prognostic information that can improve risk
stratification at the time of BRD treatment, a stage where clinical decision-making often relies
heavily on subjective assessment alone. Importantly, findings from this thesis suggest that when

using structured TT-POCUS and animal-level datasets, simpler linear modeling approaches can
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effectively capture clinically relevant prognostic information while maintaining flexibility for
integration of additional predictive variables in future model development. These findings
emphasize that model selection should align with available data structure, biological context, and
intended field application rather than model complexity alone. Earlier identification of cattle at
elevated risk for treatment failure or non-recovery may improve treatment selection, labor
allocation, culling strategies, and antimicrobial stewardship while reducing unnecessary
interventions and improving animal welfare outcomes. Collectively, this work contributes to the
advancement of precision livestock medicine by supporting development of more data-driven
tools for improving cattle health management and production efficiency in commercial feedyard

systems.



58

59

60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87

Table of Contents

LSt OF FIGUIES ...ttt ettt et ettt e et esebeebeeeabe e saeenbeessseenseessseenseennns viii
] A 0 21 o (<RSP UPSRUSSE X
ACKNOWIEAZEIMENLS ......eiiiiiiieeiiie ettt ettt e ee e e st e e tee e ateeesaaeesaeesssaeesssseessseeessseeanns X1

Chapter 1 - Machine Learning Applications for Chute-Side Decision-Making in Beef Cattle: A

SCOPING REVIEW ..ottt ettt ettt e b e e st e s abeesaaesnbeessseenseensaeenseennnes 1
F N 1 1 2T OO ORPSUPRRPSO 1
INEEOAUCTION ...ttt ettt et e st e et e s et e e bt e saeeeabeesaaeenseenneas 2
Materials and MEthOdS. .........oiuiiiiiiiiiiieee ettt et 4
SATCR SHALEZY .oeeneviieiiie ettt e e e et e e st e e sabeeesnbeeesbeeennseesnsseesnnseeens 4
ENGIDIILY CIIEEITIA ...ttt ettt ettt 5
STUAY SEIECTION ...ttt ettt ettt et sbe et st esae e 6
Data Extraction and SYNthEesis ........c.eevieiiiiiiiiiieieeieeteete ettt re e ene 6
Results and DISCUSSION ......couuiiiiiiiiiiiiiieeieeeeee ettt ettt et e e 7
Disease Detection and PrOZNOSIS ......c...eviiiiriiriiiiiinierieeeeteeee ettt 8
Treatment DeciSION SUPPOTT .....coviriiriiiiiiiiieeiert ettt et 9
Sensor-Based Physiologic MONITOTING ........cccvieeiieeeriiieeiieeeiiee e eeieeesieeeeveeeveeeseaee e 10
Imaging and COmMPULET VISION......ccciiiriiiiiiiieeiiieerieeerieeertee e e eteeesaeeeesbeeesbeeesnreeennseeennne 11
Intake and Nutritional Prediction...........oooiiiiiiiiiriiiieee e 12
Gaps and Future DITECTIONS ......c..ccvuiiiiriiiiiiieniieiteeee ettt 13
COMNCIUSION .ttt et ettt e bt e st e bt e et e e sbte et e esaeeeabeenaeeeane 15
RETEIEIICES ...ttt ettt st e bt e et esbeeeabeens 17

Chapter 2 - Assessing Targeted Thoracic Ultrasound Prognostic Models for Feedyard Cattle at

Initial Bovine Respiratory Disease Treatment...........cceeeveeriieeiienieeiiienieeieesiee e 33
ADSITACE ...ttt ettt bttt h e b et h bbbt e bt et eaeeaes 33
INEEOAUCTION ...ttt ettt ettt et et e bt e e beesbeeeabeens 34
Materials and Methods. ..........ooiiiiiiiii e 36

Experimental Design & Enrollment Criteria .........c.coveevvierieeiiienieeiieeie et 36

Targeted Thoracic Point-of Care Ultrasound..............cccceeeiieniiiiieniieeienieceeeee e 37

vi



88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113

StatiStICAL ANALYSIS...iiivieeiiieiiiie ettt et e et et e et e e et e e e eeeesbeeessbaeessseeessseeessseeesseeensseeenseas 38

Results and DiISCUSSION ......uviiiiiieiiiieiiie ettt et e st e e e e e e s aeeesabeeenseeenseeenseeennns 40
FTE MOAEL....cniiiiiiieee ettt ettt et ettt et st e b e 40
DINF MOttt ettt st be et ettt et e b e 42
Model Repeatability and Recalibration ............cccceccvveeeiieeiiiieiiiicceeceee e 43

FN 0] 0] et 1 103 3 PSR 45

RETETEICES ...ttt st b ettt et st et e e eaeeees 47

Chapter 3 - Evaluation of Machine Learning Models for TT-POCUS Based Prognostic
Prediction of Did-Not-Finish and First-Treatment Failure Cattle Diagnosed with Bovine

ReESPITAtOry DISCASE .....eeuvieiiieiieiiieetie ettt ettt sttt e ettt e eteesateeabeeseeas 62
ADSTTACT ...ttt ettt ettt et et e bt e et e bt e sareens 62
INEEOAUCTION ...ttt b et et sb et et e bt et sete bt enteeneeees 63
Materials and Methods. ..........coiiiiiiiiii et 66

Experimental Design and Enrollment Criteria...........ccooveveeviinieniniienieneeieneeneeie e 66

Targeted Thoracic Point-of-Care Ultrasound ..............ccceeecieeriieiiienieeiiienie e ereesve e 67

Dataset Construction and PreproCesSINg..........coviruierieriiieniieeiieniieeieenieeereeseeesveessneeseenenes 69

Model Development and Machine learning Framework .............coccviniiiiniinnnnicnnnn. 70

Model Evaluation and INnterpretation ...........cc..coceeveriienieniiniinienceeneeseeeeee e 72
RESULES ...ttt ettt ettt be e st e e bt e et enbeesareens 73

First Treatment FAIlUre ..........ccooiiiiiiiiii et 73

First-Treatment Did-Not-Finish...........ccocoiiiiiiiiii e 73

Chronic Treatment Did-Not-Finish...........coccoiiiiiiiiiiiii e 74
DIISCUSSION ..ttt ettt ettt et e s a bt e bt e s at e et eeab e e bt e eab e e bt e eabeesbbeeabeenbeeeabeens 74
COMNCIUSION .ttt et ettt e sb e e st e bt e bt e sbteeabeesaeeeabeenaaeeane 81
RETETEICES ...ttt sttt et b et st b et eaee e 83

vil



114

115

116
117
118
119
120
121
122
123
124
125
126

127

List of Figures

Figure 1.1 Flow diagram of the study selection process for this scoping review, outlining
identification, duplicate removal, title and abstract screening, full-text eligibility assessment,
reasons for exclusion, and final inclusion of studies relevant to machine learning
applications for chute-side decision-making in cattle...........ccccceeevviiinciiiiniiieeciie e 32

Figure 2.1 Histogram displays the first treatment failure (FTF) model by 60-day post-treatment
predicted probability in bins to the observed percentage of first treatment failure within each
bin from individuals enrolled in the first treatment group (n =603). ......cccceevviiriirniieneennen. 60

Figure 2.2 Histogram displays the first treatment did not finish (DNF) model by 60-day post-
treatment predicted probability in bins to the observed percent of did not finish within each

bin from individuals enrolled in the first treatment group (n=603). .........cccvevrrrirereeerreennen. 61

viil



128

129

130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157

List of Tables

Table 1.1 Summary of studies included in the scoping review, organized by data type, machine
learning model(s), predicted outcome, application category, and relevance to practical
chute-side decision-making in beef cattle production. Studies encompass disease detection
and prognosis, treatment decision support, sensor-based monitoring, imaging and computer
vision, and intake and growth prediction, highlighting the breadth of machine learning
applications across feedyard and beef production SYStems............ccceeeeveerveecieenieerieenveennens 24

Table 2.1 Descriptive statistics of first treatment outcome model, cattle according to their
demographics (sex, weight, and days on feed categories), real-time chute-side evaluations

(ultrasound lung score (ULS), A-line count categories, B-line count categories, moth sign)

Table 2.2 Confusion matrix illustrating classification performance of the NEW First Treatment
Failure (FTF) model, including number of true positive, true negative, false positive, and
false NeAtiIVE PIEAICTIONS. ...e.viiiieeiiieiie ettt ettt et e sbeeebeesseeenseens 55

Table 2.3 Descriptive statistics of specificity (Sp), sensitivity (Sn), negative predictive value
(NPV), and positive predictive value (PPV) of the NEW models: first treatment did not
finish (1% Tx DNF) and first treatment failure (FTF). .......ccocooivviviieieicicieceeceeeee, 56

Table 2.4 Descriptive statistics of did not finish the 60-day follow-up evaluation (DNF) outcome
according to cattle demographics (sex, weight, and days on feed categories), and real-time
chute-side evaluations (ultrasound lung score (ULS), A-line count categories, B-line count
categories, and MOth SIZN). c..cocuiriiiiiiiiiie et 57

Table 2.5 Confusion matrix illustrating classification performance of the NEW Did Not Finish
(DNF) model, including number of true positive, true negative, false positive, and false
NEZATIVE PIEAICTIONS. ..eeiviieeiiieeiiieeiieeeieeesteeesteeesaeeessteeessteeeaseeassaeeasseeessseeensseeensseesnsseesnnns 59

Table 3.1 Descriptive statistics of 60-day first-treatment outcomes according to cattle
demographics (sex, body weight, days on feed categories) and real-time chute-side
evaluations (ultrasound lung score, B-line categories, and moth-sign). Outcomes included
recovered, did not finish (DNF), first treatment success (FTS), and first treatment failure

(FTE). cooeeeeeeeeeeeeeeeeeeeee e eeeeee e seeee s e e e s s e s e s e seeeeseeeesseseeseseesseeeeeeesesee 90

X



158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180

Table 3.2 Descriptive statistics of first-treatment failure (FTF) model performance for Perceptron
(P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF), Decision Tree
(DT), and Gradient Boosting (GB). Performance metrics included area under the receiver
operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn), specificity (Sp),
positive predictive value (PPV), negative predictive value (NPV), and F1 score (F1)........ 92

Table 3.3 Descriptive statistics of first-treatment did not finish (DNF) model performance for
Perceptron (P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF),
Decision Tree (DT), and Gradient Boosting (GB). Performance metrics included area under
the receiver operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and F1
SCOTE (F 1) ettt e e st e e st e e s b e e snbeeesabeesnnseeenaeas 93

Table 3.4 Descriptive statistics of chronic treatment did not finish (DNF) outcome according to
cattle demographics (sex, body weight, and days on feed categories, and real-time chute-
side evaluations (ultrasound lung score, A-line count categories, B-line count categories,
ANA MOLN=SIZN). 1oviiiiiiiiieiee ettt et e et e ebeestaeebeessbeesseenseeenseessseesseensseensaens 94

Table 3.5 Descriptive statistics of chronic did not finish (DNF) model performance for
Perceptron (P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF),
Decision Tree (DT), and Gradient Boosting (GB). Performance metrics included area under
the receiver operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and F1
SCOTE (F 1) et ettt e et e e et e e e st e e e s tbeeeeabeeessbeeenabeeenaseeenneas 96



181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

Acknowledgements

I would like to sincerely acknowledge my major professor, Dr. Brad White, for his
guidance, mentorship, and support throughout my graduate studies. His expertise,
encouragement, and commitment to both research and student development have been invaluable
in shaping this work and my growth as a researcher.

I would like to extend my gratitude to my graduate committee Drs. Luis Feitoza, Todd
Gunderson, and Robert Larson for their time, insight, and contributions to this project. Their
feedback, knowledge, and willingness to challenge my thinking strengthened both this thesis and
my development as a student and as a scientist.

I would also like to acknowledge the graduate faculty, staff, and students of the Beef
Cattle Institute, past and present, for their support, collaboration, and encouragement. Their
willingness to share ideas, offer assistance, and create a positive learning environment made this
experience both rewarding and memorable.

Finally, I would like to thank my family: Liliana Rivas, the Kunnarys; Edward (“Dad”),
Raquel (“Mom”), Adelina, and Gentry; and my dogs Roscoe and Jacques for their unwavering
support, patience, and encouragement throughout this journey. Their belief in me has been a
constant source of motivation, and I am deeply grateful for the sacrifices they have made to help

me reach this point.

xi



200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

Chapter 1 - Machine Learning Applications for Chute-Side

Decision-Making in Beef Cattle: A Scoping Review

Abstract

Objective: To evaluate and characterize the current use of machine learning (ML) in beef
cattle production systems, with emphasis on applications that may improve chute-side decision-
making.

Data Sources: Literature secarches were conducted in PubMed, CAB Abstracts, and IEEE
Xplore between February and June 2026 using predefined search terms related to machine
learning, predictive modeling, and beef cattle management.

Study Selection: Studies were included containing beef cattle populations, applied
machine learning, deep learning, or artificial intelligence methods, and outcomes relevant to
practical animal-level management. Review articles, genomic-only studies, non-cattle species,
and studies without direct operational relevance were excluded.

Data Extraction: Extracted variables included study author, data source, machine
learning model(s), predicted outcome, and relevance to chute-side decision-making. Studies were
grouped by primary application area for thematic synthesis.

Results: Twenty-six studies met inclusion criteria. Applications were categorized into
disease detection and prognosis, treatment decision support, sensor-based physiologic and
behavioral monitoring, imaging and computer vision, intake, nutrition, and growth prediction,
and emerging translational applications. Disease-focused studies demonstrated the strongest
alignment with chute-side decision-making, particularly for BRD-related risk, treatment
outcomes, and mortality prediction at or near the time of clinical intervention. Sensor-based and

imaging approaches showed promise for improving objectivity and enabling earlier identification
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of health or performance deviations, while nutritional and production-focused models provided
broader management insights related to efficiency, intake behavior, and growth trajectories.
However, predictive performance, external validation, and practical deployment varied
considerably across study types and application areas.

Conclusions: Machine learning has substantial potential to improve cattle management
by integrating complex animal-level datasets into decision-support tools. Despite expanding
applications, most models remain in pre-deployment stages. Future work should prioritize
biologically relevant, field-deployable tools capable of supporting real-time individual animal

decisions at chute-side.
Introduction

Chute-side decision-making is a critical component of beef cattle production, directly
influencing animal health, welfare, labor efficiency, and economic outcomes (White & Larson,
2020; Wolfger et al., 2015). During routine processing or clinical evaluation, producers and
veterinarians must rapidly make decisions regarding diagnosis, treatment, culling, and
management using limited information available at the point of care. These decisions are
particularly important in feedyard systems, where timely intervention can affect both individual
animal outcomes and broader population-level health performance (White & Larson, 2020).
However, many chute-side decisions rely heavily on visual appraisal, historical risk factors, and
subjective clinical interpretation, which may introduce variability and reduce consistency
between evaluators (Wolfger et al., 2015).

This limitation is especially relevant for diseases such as bovine respiratory disease
(BRD), one of the most economically significant health challenges in beef production. Clinical

signs of BRD are often nonspecific, variable in severity, and may not accurately reflect the
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extent of underlying pulmonary pathology (Timsit et al., 2019). As a result, treatment decisions
are frequently made with incomplete information, which can contribute to treatment failure,
relapse, chronicity, or unnecessary culling. Clinical scoring systems alone may underestimate
underlying pulmonary lesions, highlighting limitations in subjective assessment approaches
(Hussein et al., 2018). Additional chute-side diagnostic tools, including rectal temperature,
inflammatory biomarkers, behavioral monitoring technologies, and thoracic ultrasonography,
have been explored to improve disease characterization. Among these, thoracic ultrasonography
has demonstrated particular utility for identifying pulmonary pathology associated with BRD
severity and treatment outcomes (Buczinski et al., 2014). Improving the ability to identify
disease severity and predict outcomes at the time of treatment remains a major need in feedyard
medicine.

Recent advances in precision livestock technologies have expanded both the quantity and
quality of animal-level data available in real time. These data include body weight, feeding
behavior, water intake, thermal responses, movement patterns, imaging, and ultrasonographic
findings. Machine learning (ML), a subset of artificial intelligence capable of identifying
complex relationships within high-dimensional datasets, offers a potential framework for
transforming these data into practical decision-support tools (Rojas et al., 2022; Xiong et al.,
2023). Unlike traditional statistical methods, ML can integrate multiple biologic and behavioral
data streams simultaneously, allowing identification of complex nonlinear relationships that may
improve real-time clinical decision-making.

In beef production systems, ML has increasingly been explored for a wide range of
applications, including BRD risk prediction, mortality forecasting, and disease classification.

Machine learning approaches have demonstrated utility in predicting BRD-related outcomes
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such as treatment failure and mortality at time of treatment (Heinen et al., 2023a). Broader
livestock applications have also demonstrated that ML can improve prediction of morbidity,
mortality, feed efficiency, and carcass outcomes by integrating complex animal-level data
sources (Rojas et al., 2022; Xiong et al., 2023). These approaches have demonstrated moderate
to high predictive performance across diverse datasets, suggesting that ML may improve the
objectivity, consistency, and precision of cattle management decisions.

Despite growing interest, the application of machine learning specifically for chute-side
clinical decision support remains limited in its practicality and execution. Because chute-side
decisions often require immediate intervention with direct consequences for treatment success,
labor allocation, and long-term animal performance,and rapid decision-support tools may offer
substantial operational value. Many current ML applications rely on retrospective datasets or
indirect indicators of disease rather than biologically grounded, real-time diagnostic measures.
Additionally, ML integration into practical field workflows remains limited despite advances in
predictive modeling and data availability (Heinen et al., 2023a; White & Larson, 2020).
Therefore, the objective of this scoping review was to evaluate and characterize the current use
of ML in cattle production systems, with emphasis on applications that may improve chute-side
decision-making and identify opportunities for future integration of biologically relevant

technologies.

Materials and Methods

Search Strategy
This scoping review was conducted to identify published studies evaluating machine

learning (ML), artificial intelligence (Al), and predictive modeling applications relevant to cattle
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management and chute-side decision-making. Literature searches were performed in three
electronic databases: PubMed, CAB Abstracts, and IEEE Xplore.

The following search string was used across databases, with minor modifications as
required by database syntax:

(((((({(((((("outcome prediction") OR ("prediction algorithm")) OR ("prediction algorithms"))
OR ("prediction methods, machine")) OR ("machine learning"”)) OR ("machine learning
prediction")) OR ("machine learning prediction model")) OR ("machine learning prediction
models")) OR ("predictive model")) OR ("predictive models")) OR ("predictive modeling")) OR
("classification model")) OR ("classification models")) OR ("artificial intelligence")) AND
((("feedyard cattle") OR ("feedlot cattle")) OR ("beef cattle"))

Eligibility Criteria

Studies were included if they involved cattle populations, including feedlot, feedyard,
grazing, or finishing systems, and applied machine learning (ML), deep learning, or artificial
intelligence (Al) methods for prediction, classification, or decision-support purposes. To be
eligible, studies also had to evaluate outcomes relevant to practical cattle management, such as
disease diagnosis, prognosis, treatment response, mortality, culling, intake prediction, body
weight estimation, behavioral monitoring, or performance assessment. Only original research
articles published in English were considered for inclusion.

Studies were excluded if they were review articles, editorials, conference abstracts
without full datasets, or methodological papers without application to cattle datasets. Articles
were also excluded if they did not utilize ML-, deep learning-, or Al-based analytical methods.
Studies focused exclusively on genomics, transcriptomics, omics-based biomarker discovery, or

breeding applications without immediate animal-level management relevance were excluded, as
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were studies evaluating carcass quality, meat science, or slaughter-endpoint traits without
practical live-animal application. Additional exclusions included studies focused solely on feed-
based or nutritional optimization without clear health or chute-side management implications,
studies reporting only pen- or cohort-level outcomes without individual-animal applicability, and
studies limited to behavior classification or animal identification without actionable clinical or
operational outputs. Studies involving non-cattle species or requiring invasive tissue sampling or
laboratory-based technologies unsuitable for field implementation were also excluded.
Study Selection

Titles and abstracts were initially screened for relevance to machine learning applications
in cattle. Studies passing initial screening underwent full-text review. During full-text evaluation,
articles were excluded for reasons outlined above.
Data Extraction and Synthesis

Data were extracted from all included studies and summarized using a standardized
extraction table. Variables collected from each study included author and publication year, data
source and type, machine learning model(s) used, primary predicted outcome, and the
operational relevance of the model to chute-side decision-making. This standardized framework
allowed for consistent comparison of study characteristics and applications across the literature.

Following extraction, studies were grouped according to their primary application area to
facilitate thematic synthesis. Categories included disease detection and prognosis, treatment
decision support, sensor-based physiologic monitoring, imaging and computer vision, intake and
nutritional prediction, and ancillary or emerging applications. Although not all identified
applications were directly deployable at chute-side, these categories were retained to provide

context for the broader trajectory of machine learning integration in cattle production. This
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allowed for identification of technologies and data streams that may inform future chute-side
decision-support systems through adaptation or integration into real-time workflows.

Organizing studies by application rather than chronology allowed for clearer
identification of common trends, practical use cases, and gaps in the current literature. Studies
spanning multiple application areas were assigned to the category most closely aligned with their
primary reported outcome or intended management application to avoid duplication in thematic
synthesis. Collectively, this framework provided a structured means of evaluating how machine
learning is currently being integrated into cattle management systems and where opportunities

for future chute-side implementation may exist.
Results and Discussion

The PubMed search yielded 85 records. CAB Abstracts yielded 213 records, which were
filtered using the evidence-based research filter to 12 eligible records. IEEE Xplore yielded 22
records. After duplicate removal, 112 studies underwent title and abstract screening, of which 43
were assessed for full-text eligibility. Ultimately, 26 studies met the inclusion criteria and were
included in the final scoping review. Table 1.1 summarizes the characteristics of all included
studies, and the screening process is presented in a PRISMA-style flow diagram (Figure 1.1).

Although the objective of this review emphasized machine-learning applications relevant
to chute-side decision-making, only a minority of included studies directly evaluated models
intended for immediate clinical or operational use at the point of care. However, the remaining
studies provided important contextual insight into adjacent areas of cattle management, including
health surveillance, behavior monitoring, imaging-based assessment, and performance

forecasting, which may have translational relevance for future chute-side integration.
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Disease Detection and Prognosis

Disease detection and prognostic modeling represented the most common machine-
learning application identified in this review. These studies generally fell into three distinct
operational categories: prediction of disease risk at feedyard arrival, prognostic prediction at the
time of treatment, and biologically or behaviorally derived disease-detection systems.

Several studies focused on predicting disease risk at feedyard arrival using operational
and management-level variables. Rojas et al. (2022) used arrival characteristics and cohort-level
management variables to classify cattle according to future BRD risk within the first 45 days on
feed, demonstrating the potential for machine learning to refine metaphylaxis and early health-
management decisions. Similarly, Wisnieski et al. (2022) expanded this concept by incorporating
purchase-day and transport-associated variables to forecast weekly mortality risk through
slaughter. Collectively, these studies demonstrate that machine learning can stratify population-
level risk at arrival using data already routinely collected during processing, but their utility is
primarily preventive rather than diagnostic.

In contrast, other studies evaluated prognostic outcomes at the time of BRD diagnosis
and treatment, representing stronger alignment with immediate chute-side decision-making.
Heinen et al. (2023b) developed models to predict whether cattle treated for BRD at first
treatment would fail to finish the feeding period, while Heinen et al. (2022) developed boosted
decision tree models to predict death or culling within 15 days following first and second BRD
treatments. These models demonstrated moderate predictive performance (AUC 0.70-0.80) and
positive economic returns when applied to early culling strategies at high specificity (=90%).

Compared to arrival-risk models, these prognostic models addressed individual-animal outcomes
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during active disease, making them more directly applicable to time-sensitive treatment and
culling decisions.

Additional studies explored biologically and behaviorally derived diagnostic inputs.
Centeno-Delphia et al. (2025) evaluated nasal microbiome composition and pathobiont
abundance as diagnostic indicators of BRD, reporting moderate predictive ability but substantial
feedyard-dependent variation. Limede et al. (2025) used Al-based audio and video systems to
detect behavioral and physiologic changes associated with immune challenge prior to overt
clinical disease. Megahed et al. (2025) used serum and management variables to predict bovine
leukemia virus seropositivity with high predictive performance, while Macias Franco et al.
(2023) used feed intake, water intake, and body weight variables to identify cattle at risk for
feedyard bloat.

Collectively, these findings demonstrate that disease-focused applications remain the
most mature area of machine learning in cattle production. Models using routinely collected
operational data showed the strongest immediate relevance to chute-side decision-making, while
biologically rich datasets offered greater specificity but often lacked practical deploy ability due
to laboratory requirements, infrastructure demands, or delayed turnaround time.

Treatment Decision Support

Treatment decision-support models represented some of the most directly actionable
machine-learning applications identified. Unlike prognostic models that estimate risk alone,
these studies linked predictive outputs to specific management actions.

Heinen et al. (2025) developed models to determine whether metaphylaxis administration
at feedyard arrival would maximize economic returns, reporting strong performance (AUC 0.80—

0.93) and demonstrating that integration of economic variables improved classification accuracy.



404 In a separate study, Heinen et al. (2024) evaluated mortality-prediction models to guide culling
405  decisions following BRD treatment, showing that model-informed culling strategies could

406  improve profitability under specific market and disease conditions.

407 Together, these studies highlight an important distinction between disease detection and
408  treatment support. The practical value of machine learning at chute-side depends not only on
409  identifying risk, but on improving intervention quality, resource allocation, and economic

410  efficiency. These models represent one of the clearest examples of machine learning moving
411  beyond prediction into true decision support.

412  Sensor-Based Physiologic Monitoring

413 Sensor-based physiologic monitoring broadened the concept of chute-side applicability
414 by enabling passive and continuous collection of animal-level data. Unlike retrospective health
415  records, these systems provide dynamic physiologic and behavioral inputs that may identify
416  disease or welfare deviations earlier than traditional visual assessment.

417 Camargo et al. (2026) used accelerometer and GPS collar data to identify lameness-
418  associated behavioral changes up to three days before visual diagnosis. Huijuan et al. (2023)
419  combined accelerometer and positional data to classify behaviors such as walking, standing,
420  eating, and lying with high accuracy. VanGilder et al. (2025) validated passive systems for
421  continuous body weight and water intake monitoring and integrated these variables into

422 machine-learning models for estimating dry matter intake. Similarly, Merenda et al. (2019)
423  demonstrated strong performance for rumination and grazing classification, while Garcia et al.
424 (2025) applied federated learning to multi-farm datasets to identify abnormal weight fluctuations.
425 Across studies, these systems consistently demonstrated strong sensitivity for detecting

426  subtle deviations in behavior, locomotion, and intake before overt clinical signs emerged.
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However, their operational utility remains limited by hardware costs, data-management
requirements, and the challenge of translating continuous monitoring outputs into clear,
actionable clinical decisions.

Imaging and Computer Vision

Imaging and computer vision technologies represented a rapidly expanding area of
machine-learning application in beef cattle systems, primarily through the transformation of
subjective visual assessment into qualitative measurements of animal health and performance.
Bortoluzzi et al. (2023) applied deep-learning image classification to necropsy lung images to
differentiate bovine respiratory disease (BRD), acute interstitial pneumonia, and
bronchopneumonia with interstitial pneumonia, demonstrating proof-of-concept diagnostic
classification; however, its postmortem nature limits direct implementation in chute-side
decision-making workflows.

Xiong et al. (2023) used depth-camera imaging to estimate body weight and body
condition score, reducing reliance on subjective visual appraisal and demonstrating potential for
integration into chute-side processing systems where animals are already restrained and
standardized imaging could be collected. Such approaches may be particularly feasible in
automated chute systems or weigh-sorting stations where image capture can be synchronized
with routine handling events. Similarly, Gritsenko et al. (2023) used RGB-D imaging systems to
derive three-dimensional body measurements for prediction of productivity traits, supporting
non-invasive phenotyping that could be deployed at arrival processing or backgrounding entry
points. However, implementation would require fixed-camera infrastructure, standardized animal
positioning, and consistent lighting conditions, which may limit adoption in conventional

feedyard chutes without automation upgrades.
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Yang et al. (2022) applied overhead RGB video with deep-learning algorithms to classify
social interactions associated with aggression and estrus-related behaviors, suggesting potential
use in pen-level or lot-level monitoring systems rather than individual chute-side decision-
making. While not directly applicable at processing, these systems could complement chute-side
assessments by providing continuous behavioral context before or after handling events.

Collectively, these studies demonstrate that imaging-based machine-learning approaches
have strong potential to improve objectivity and standardization in cattle evaluation. However,
their implementation varies considerably, ranging from highly feasible (camera-based body
weight estimation at chute-side) to infrastructure-dependent systems (continuous video
monitoring), with most applications still requiring integration into existing handling workflows
before routine field adoption.

Intake and Nutritional Prediction

Nutritional and intake prediction represented a substantial portion of the reviewed
literature, although these applications were generally less directly applicable to immediate chute-
side clinical decision-making and instead align more closely with herd-level performance
monitoring systems.

Blake et al. (2023) developed random forest models to predict dry matter intake using
routinely available production variables such as body weight, average daily gain, and water
intake. Blake et al. (2026) extended this work using short-term memory models to forecast water
intake from longitudinal intake patterns and environmental conditions, supporting time-series
prediction of consumption behavior. ArunKumar et al. (2025) similarly applied gradient-
boosting approaches to predict dry matter intake while identifying key contributing variables

through model interpretability methods. Additional studies by Davison et al. (2021), Jeon and Oh
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(2026), Awasthi et al. (2023), and Khotimah et al. (2025) further demonstrated the use of
machine learning for forecasting growth trajectories, feed intake, and body weight using
routinely collected performance data.

From an implementation perspective, these models are unlikely to be applied directly at
chute-side because intake and growth predictions require longitudinal data accumulation rather
than point-in-time clinical assessment. Instead, their most realistic application lies in integration
with management information systems that support ongoing monitoring of feed efficiency,
performance benchmarking, and pen-level health surveillance.

However, despite limited direct clinical utility, these systems may still contribute
indirectly to chute-side decision-making by providing baseline expectations for performance
trajectories. Deviations from predicted intake or growth patterns could serve as early indicators
of disease susceptibility, reduced resilience, or subclinical health challenges that become relevant
during subsequent processing or treatment events.

Gaps and Future Directions

Despite the breadth of applications identified, several important gaps remain in the
literature. First, external validation was limited across many studies. Most models were
developed using single datasets, single operations, or highly specific management systems,
limiting confidence in their generalizability across feedyards, regions, and cattle populations.
This is especially important in commercial beef production where disease pressure, sourcing,
management, and environmental conditions vary substantially. Without external validation,
predictive performance may not remain stable outside the original training environment. In
addition, many studies relied exclusively on retrospective datasets, which may not fully capture

the variability introduced during real-time animal handling, treatment timing, and field-level
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decision-making. Prospective validation under commercial conditions remains an important next
step for determining practical utility.

Second, many studies relied heavily on indirect indicators of disease or performance
rather than biologically specific measures of pathology. Variables such as treatment history,
feeding behavior, intake patterns, and movement data may provide useful associative signals, but
they often fail to directly characterize the underlying disease process. This limitation was
particularly evident in BRD-focused studies, where most models attempted to predict treatment
failure or mortality without direct pulmonary assessment. Given the heterogeneity of BRD and
variability in clinical presentation, reliance on indirect indicators may reduce prognostic
precision for individual-animal decision-making. Future models may benefit from integrating
multimodal data streams, combining biologic, behavioral, environmental, and imaging-derived
variables to better capture disease complexity and improve predictive robustness.

Third, relatively few studies developed models specifically for real-time chute-side
implementation. Although retrospective predictive performance was often promising, practical
deployment remains limited by factors such as speed of data collection, operator variability,
hardware requirements, and model interpretability. This highlights an important distinction
between predictive performance under experimental conditions and operational usability in
commercial settings. Standardization of data collection represents a major challenge, particularly
for imaging, ultrasonography, and behavioral assessments, where operator-dependent variability
may substantially affect model repeatability. Future studies should prioritize standardized
acquisition protocols to improve consistency across operations.

Model interpretability also remains an important but underdeveloped area. While many

studies emphasized accuracy, sensitivity, or AUC, fewer clearly identified the biologic or
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management factors driving predictions. Greater interpretability may improve producer and
veterinarian confidence, facilitate adoption, and support more transparent decision-making.

Additionally, several reviewed models depended on longitudinal data accumulation over
days or weeks, creating a temporal mismatch between data requirements and the point-in-time
nature of chute-side decision-making. Future research should distinguish between systems
designed for continuous surveillance and those intended for immediate clinical intervention.

Finally, few studies evaluated the economic consequences of machine-learning-guided
decisions beyond predictive performance alone. Future work should incorporate cost-benefit
analyses, labor efficiency, and downstream production impacts to better assess practical value in
commercial feedyard systems.

Future research should prioritize the integration of biologically relevant diagnostic tools,
such as thoracic ultrasonography, into predictive modeling frameworks. Combining imaging-
derived lesion data with feedyard history, treatment variables, and sensor-derived physiologic
data may improve model robustness and clinical utility. Prospective validation across multiple
feedyards will also be essential to evaluate repeatability and generalizability. Additionally, the
development of interpretable machine-learning models that provide actionable outputs for
veterinarians and feedyard personnel may improve adoption by increasing transparency and
confidence in model-guided decisions. Future machine-learning systems should prioritize
prospective, multimodal, biologically grounded approaches that integrate directly into existing
feedyard workflows while maintaining interpretability, repeatability, and economic relevance.

Conclusion

Machine learning applications in beef cattle production are expanding rapidly and

demonstrate substantial potential to improve cattle health management, production efficiency,
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and decision-making. Across the studies included in this review, machine-learning approaches
were applied to disease detection and prognosis, treatment decision support, physiologic
monitoring, imaging analysis, and nutritional prediction, highlighting the versatility of these
tools for integrating complex animal-level data into actionable outputs. Collectively, these
applications illustrate the ability of machine learning to improve early risk identification, reduce
subjectivity in cattle evaluation, and support more informed management decisions.

Despite this promise, most current applications remain in the research, development, or
validation stage, with limited real-time implementation in commercial production systems.
Challenges related to prospective validation, model interpretability, standardized data
acquisition, multimodal integration, and operational feasibility continue to limit widespread
adoption. Importantly, this review identified a relative lack of machine-learning models
incorporating biologically direct, chute-side diagnostic inputs for BRD prognosis, despite the
established clinical value of thoracic ultrasonography and other point-of-care diagnostic
approaches.

The integration of machine learning into chute-side decision-making represents the next
major step in precision livestock management. Future research should prioritize biologically

relevant, field-deployable tools capable of generating individual-animal predictions in real time.
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691  Table 1.1 Summary of studies included in the scoping review, organized by data type, machine learning model(s), predicted
692  outcome, application category, and relevance to practical chute-side decision-making in beef cattle production. Studies

693  encompass disease detection and prognosis, treatment decision support, sensor-based monitoring, imaging and computer

694  vision, and intake and growth prediction, highlighting the breadth of machine learning applications across feedyard and beef
695  production systems
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Study Data Type ML Model(s) Outcome Application Chute-Side
category Relevance
Heinen et al. (DNF Feedyard health and | Boosted Decision Death/non-recovery | Disease detection & | High — supports early

prediction)

treatment records

Tree

within 15 days
following BRD

treatment (DNF15)

prognosis

culling and

retreatment decisions

Heinen et al. (First-

First-treatment BRD

Averaged Perceptron,

Failure to finish

Disease detection &

High — prognosis at

pull DNF) records, Neural Network, feeding period prognosis first treatment
demographics, Boosted Decision following BRD
weather Tree, Decision treatment
Forest, Logistic
Regression
Rojas et al. Arrival data, cohort Random Forest, BRD morbidity risk | Disease detection & | Moderate—High —

demographics,
management

variables

Logistic Regression,
Decision Tree, Naive

Bayes, LDA

within 45 DOF

prognosis

arrival risk

stratification
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Wisnieski et al. Purchase-day Random Forest Weekly mortality Disease detection & | Moderate — longer-
records, transport, prediction through prognosis term mortality
weather data slaughter surveillance

Centeno-Delphia et Nasal microbiome Random Forest BRD diagnosis Disease detection & | Moderate —

al. (qPCR, 16S prognosis biologically relevant
sequencing) but limited field

practicality

Bortoluzzi et al. Necropsy lung MobileNet, Respiratory Imaging & computer | Low—Moderate —
images ResNet50, SE- syndrome vision postmortem

ResNeXt, Vision classification (BRD, diagnostic support
Transformer (ViT) AIP, BIP)
Limede et al. Audio recordings, YOLOv11-based Early sickness Sensor-based High — real-time

video monitoring

deep learning

behavior and immune

challenge detection

monitoring

disease surveillance

potential
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Megahed et al. Serum biomarkers, Random Forest, BLYV seropositivity Disease detection & | Low—Moderate —
management Gradient Boosting, prediction prognosis infectious disease
metadata SVM, ANN screening

Macias Franco et al. | Feed intake, water Random Forest, Feedyard bloat Disease detection & | Moderate—High —
intake, body weight | ANN, Logistic detection prognosis metabolic disorder

Regression, SVM detection
Heinen et al. Arrival records, Boosted Decision Economic Treatment decision High — direct arrival
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Figure 1.1 Flow diagram of the study selection process for this scoping review, outlining
identification, duplicate removal, title and abstract screening, full-text eligibility
assessment, reasons for exclusion, and final inclusion of studies relevant to machine
learning applications for chute-side decision-making in cattle.
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Chapter 2 - Assessing Targeted Thoracic Ultrasound Prognostic
Models for Feedyard Cattle at Initial Bovine Respiratory Disease

Treatment

H. E. Kunnary', B. J. White!, L. F. B. B. Feitoza?,
I. Stamm', R. L. Larson', and T. J. Spore?
'Department of Clinical Sciences, Beef Cattle Institute, Kansas State University,
Manhattan, KS, 66506, USA

2 Innovative Livestock Services, Inc., Manhattan, KS, 66503, USA

Abstract

Objective:

Evaluate repeatability of previously developed Targeted thoracic point-of care ultrasound
(TT-POCUS) prognostic models at initial bovine respiratory disease (BRD) treatment in
feedyard cattle.

Methods:

A prospective cohort study was conducted at a high-plains feedyard during November—
December 2024 and May—June 2025. Cattle were enrolled at the time of first antimicrobial
treatment following clinical diagnosis of BRD. The right caudodorsal lung lobe was evaluated in
cattle at first BRD treatment using TT-POCUS, recording ultrasound lung score (ULS), A-line
counts, B-line counts, and pleural abnormalities. Additional chute-side variables including sex,
BW, and days on feed (DOF) were incorporated into model assessment. Post treatment outcomes

were assessed at 60 days: Recovered vs. Did Not Finish (DNF) and First Treatment Success vs.
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Failure (FTF). Previously developed TT-POCUS logistic regression models were evaluated for
repeatability.

Results and Discussion:

Among first treatment cattle (n = 603), 546 were classified as Recovered and 57 as DNF,
while 454 were categorized as Treatment Success and 149 as FTF. Initial deployment of existing
models identified multicollinearity among predictors, indicating limited repeatability. Revised
models demonstrated TT-POCUS findings were strongly associated with post-treatment
outcomes. Predictive performance at first treatment yielded sensitivity and specificity of 39
percent and 98 percent for DNF and 55 percent and 88 percent for FTF, respectively.

Implication and Applications:

Targeted thoracic point-of-care ultrasound (TT-POCUS) provides a rapid, non-invasive
tool for prognostic assessment of BRD in feedyard cattle. Although previously published
predictive models were not reproducible in this dataset, TT POCUS variables retained prognostic
value, with the strongest performance observed for probability of DNF. These findings support
continued development and integration of TT POCUS-based modeling into feedyard decision-
making.

Keywords:

bovine pneumonia, point-of-care, precision veterinary medicine, predictive models,
treatment outcomes

Introduction

Bovine respiratory disease (BRD) remains the leading cause of morbidity and mortality in
feedyard cattle, accounting for approximately 70-80% of all health-related deaths and generating
substantial economic losses each year. (Griffin 1997, Taylor et al. 2010) These losses extend beyond

mortality to include reduced feed efficiency, increased treatment costs, and decreased performance among
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chronically affected animals. (Johnson et al. 2017, Smith et al. 2020) Treatment failure remains a major
contributor to BRD-associated costs, as cattle requiring multiple treatments experience reduced
performance and higher mortality risk. (Booker et al. 2020) Despite extensive research efforts, BRD
continues to challenge diagnosis and management due to its multifactorial etiology and variable clinical
presentation. (Wolfger et al. 2015)

Traditional BRD diagnostic approaches, including visual observation, behavior assessment, and
rectal temperature measurement, provide limited specificity for underlying pulmonary pathology. Visual
detection by trained personnel correctly identifies BRD-positive cattle approximately 62% of the time.
(White et al. 2009) Although these methods identify clinically ill cattle, they frequently fail to
differentiate mild, self-limiting disease from extensive lung involvement that may increase risk of
treatment failure. This limitation may result in reduced ability to identify cattle at greater risk for poor
outcomes at the time of initial intervention.

At the time cattle are removed from their pen and brought to the feedyard hospital for their first
treatment for BRD, the primary diagnostic challenge is not sensitivity, as cattle have already been
identified as clinically affected, but rather the ability to accurately characterize disease severity and
prognosis using chute-side tools.

Thoracic ultrasonography has been extensively reviewed as a practical, accurate method for
detecting pulmonary pathology in both research and commercial settings, with clear descriptions of lesion
classification, scoring systems, and their prognostic implications. (Feitoza et al 2025a, Feitoza et al.
2025b) The TT-POCUS method provides chute-side visualization of pulmonary pathology that is not
detectable through clinical signs alone, addressing longstanding limitations in subjective BRD diagnosis.
(Abutarbush et al. 2012) However, most prior work has focused on cross-sectional or population-level
associations rather than the development and validation of predictive models for individual animal
outcomes. This gap supports the rationale for the present study, which evaluates the prognostic
performance and reproducibility of TT-POCUS-based predictive models for first-treatment failure and

death in feedyard cattle.
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81 The study objective was to evaluate previously developed TT-POCUS-based predictive models
82  (PREYV) for initial BRD outcomes (first-treatment failure [FTF] and did-not-finish [DNF]) described by
83  Feitoza et al. (2025¢) in a new study population. Using the previously developed model structure as the
84  basis for evaluation, we aimed to assess reproducibility and determine whether the prognostic

85  relationships identified in the original models remained consistent across different cattle populations, an
86  essential step in establishing reliable, generalizable clinical decision support tools for feedyard BRD

87  management.

88 Materials and Methods

89 This study was approved by the Institutional Animal Care and Use Committee (IACUC) at

90  Kansas State University in 2024 and 2025 (Protocol #5060 and Protocol #5239, respectively).
91 Experimental Design & Enrollment Criteria

92 This cross-sectional observational study was conducted at a commercial feedyard in the High
93  Plains region of the United States to assess respiratory prognosis in cattle at the time of initial treatment
94  using TT-POCUS. Individual feedyard cattle were the experimental unit, and data were collected
95  November through December of 2024 and May through June of 2025. A trained technician (HK)
96  performed TT-POCUS on cattle presenting for first treatment for BRD.
97 Enrolled animals were selected by feedyard personnel for BRD treatment based on routine
98 clinical evaluation, including visual signs of illness, decreased appetite, and abnormal respiratory effort.
99  During chute-side TT-POCUS evaluations, feedyard personnel were blinded to data collection and
100 ultrasound findings to ensure that treatment protocols were not altered.
101 At the time of initial BRD treatment, demographic information was recorded for each animal
102 including sex, breed, BW, and days on feed (DOF; number of days since arrival at the feedyard). The
103 study aimed to explore associations between TT-POCUS prognostic ability and two key 60-day post-
104  enrollment outcomes: FTF and DNF. Any animal that required re-treatment, was culled, or died within 60

105  days of enrollment was considered FTF. The DNF category included animals that did not complete the

36



106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

60-day post-enrollment period due to death or culling. Cattle were excluded from outcome analysis if a
complete TT-POCUS evaluation could not be performed because of time or animal handling constraints,
or if animals were unavailable for 60-day outcome assessment due to shipment for harvest, culling or

death from non-respiratory causes, and removal from the feedyard within 60 days following evaluation.
Targeted Thoracic Point-of Care Ultrasound

Feedyard cattle were evaluated using TT-POCUS while restrained in a hydraulic squeeze chute.
To maintain the fast-paced workflow typical of commercial feedyards, each ultrasound scan was limited
to 60 seconds. Scanning was focused on the right caudodorsal lung lobe, specifically between the 8th and
11th ribs, similarly observed in Feitoza et al. (2025a). The Butterfly iQ+ Vet (Butterfly Network Inc,
Burlington, MA, USA) ultrasound probe, which operates within a frequency range of 1 to 10 MHz, was
used for all evaluations. The probe was set to the lung preset, which was configured to linear array mode
with a scanning depth of up to 30 cm and a gain of 65%. To prepare the scanning area, 70% isopropyl
alcohol was applied directly to the hair coat until visibly damp without trimming or shaving.

Thoracic ultrasonography was performed with the probe oriented parallel to the ribs. Scanning
began at the dorsal aspect of the 11th intercostal space (ICS) and proceeded ventrally, with sequential
evaluation of each ICS from the 11th through the 8th. Probe angulation was adjusted as needed to
optimize visualization of pulmonary structures between ribs. Lung consolidation was identified as regions
with loss of normal aeration and the presence of consolidation and was recorded and reflected in the ULS.

During real-time imaging and processing, lung findings were recorded including ultrasound lung
score (ULS), presence and number of B-lines and A-lines, and pleural abnormalities such as effusion or
moth sign. Our TT-POCUS evaluation was assessed at the location of the lung lobe deemed to be the
most severely abnormal. Vertical reverberation artifacts extending from the pleural line to the far field
without fading (B-lines or comet tails) were recorded and counted. Then the total number was categorized
as 0-2 or >3 per scanned site. Horizontal reverberation artifacts parallel to the pleural line (A-lines) were

similarly documented and the total count classified as 0—2 or >3. The presence of the moth sign, defined
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as an irregular, shredded appearance of the pleural line with disrupted pleural continuity, was categorized
as a binary variable (present or absent).

The ULS was graded on a five-point scale, where a score of 1 corresponded to normal lung
characterized by fewer than three thin B-lines, and increasing scores reflected progressively abnormal
findings: multiple thin B-lines (score 2), wide and merging B-lines (score 3), wide and merging B-lines
with pleural surface irregularity and moth sign (score 4; irregular hypoechoic interruptions of the pleural
surface producing a divot appearance), and lung consolidation, frequently associated with moth sign or
pleural effusion (score 5).

Variables including BW, DOF, A-lines, and B-lines were categorized for data analysis to ensure
no assumption of relationship linearity within the outcomes FTF and DNF, similar Feitoza et al. (2025c).
Body weight categories were defined as <272, 272 to 361, 362 to 453, and >453 kg. Days on feed were
categorized into 0—42, 43-71, and >72 days. A-line and B-line findings were categorized as 0-2 and >3.
Other collected categorical variables included sex (male/female), moth sign (present/not present), and
ULS (1-5). Categories were selected a priori to match those used in Feitoza et al. (2025¢) and facilitate

external validation.
Statistical Analysis

This work aimed to evaluate the reproducibility of previously developed generalized linear
mixed-effects (GLMR) logistic regression models reported by Feitoza et al. (2025¢), using an
independent study population to reassess the predictive value of chute-side clinical indicators and real-
time measurements collected at first BRD treatment for health outcomes over a 60-day observation
period. The PREV DNF model retained the predictor structure described by Feitoza et al. (2025¢), with
regression coefficients re-estimated using the current dataset. The PREV FTF model was similarly refit
using the original predictor structure.

To detect multicollinearity of PREV models, a structured variable-selection strategy was

implemented to inform development of revised predictive models. Revised (“NEW?”) predictive models
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for DNF and FTF were constructed using generalized linear mixed-effects logistic regression. For the
PREV first-pull FTF and DNF models, Type III Wald chi-square tests from analysis of deviance tables
were used to assess the significance of fixed effects. Multicollinearity among predictors was evaluated
using generalized variance inflation factors (GVIF). When evidence of multicollinearity was identified,
candidate NEW model specifications were generated by systematically removing correlated TT-POCUS
variables. Model selection among candidate models was based on Akaike Information Criterion (AIC),
with lower values indicating improved model fit.

Discriminatory ability of the NEW FTF and DNF binomial models was assessed using receiver
operating characteristic (ROC) curve analysis. Area under the ROC curve (AUC) was calculated as a
threshold-independent measure of model discrimination. Optimal binomial classification thresholds were
determined using Youden’s index, which identifies the cut point maximizing the combined sensitivity
(Sn) and specificity (Sp). Model performance was evaluated by calculating sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV) using standard definitions.
Sensitivity was defined as the proportion of true positive cases correctly identified by the model,
calculated as true positives divided by the sum of true positives and false negatives. Specificity was
defined as the proportion of true negative cases correctly identified, calculated as true negatives divided
by the sum of true negatives and false positives. Positive predictive value was calculated as the proportion
of predicted positive cases that were true positives, while negative predictive value was calculated as the
proportion of predicted negative cases that were true negatives.

The NEW FTF and DNF models were further evaluated by comparing stratified predicted
probabilities with observed outcome frequencies. Predicted probabilities of FTF and DNF were grouped
into five predefined bins: 0-0.19, 0.2-0.39, 0.4-0.59, 0.6-0.79, and 0.8—1.0. Within each bin, the
observed proportion of FTF or DNF cattle was calculated as the number of events divided by the total
number of animals in that bin. Sample sizes for each probability bin were recorded. Observed proportions

were plotted against predicted probability categories to visually assess calibration across risk strata.
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181 Results and Discussion

182 FTF model

183 As shown in Table 2.1, a total of 603 first-treatment animals were evaluated, of which 454 were
184  classified as first-treatment successes, while 149 experienced first-treatment failure by requiring

185  additional BRD treatment, dying due to BRD, or being culled due to BRD during the 60-day follow-up
186  period, resulting in a FTF cumulative incidence of 24.7%.

187 The previously developed FTF model (PREV FTF model) was deployed in the current cohort
188  using the previously identified predictor variables (ULS, moth sign, and B-line category) with updated
189  coefficients estimated from the current dataset. Following deployment of the PREV FTF model, GVIF
190  analysis demonstrated multicollinearity among ULS, moth sign, and B-line category. Modified models
191  were subsequently evaluated to address predictor redundancy. A modified model excluding moth sign and
192 B-line category demonstrated improved model fit compared with a model excluding ULS (AIC: 538.47
193  vs. 575.66) and was therefore selected for further evaluation. In the final NEW FTF model, ULS, DOF,
194  BW, and sex were retained as predictor variables, based on model refinement of the PREV FTF model,
195  with lot included as a random effect. The NEW FTF model was subsequently deployed using the updated
196  predictor structure and model coefficients.

197 Using the binomial classification threshold determined by Youden’s index, the NEW FTF model
198  achieved a sensitivity of 55% and a specificity of 88%. Following deployment of the NEW FTF model
199  using the updated predictor set and model coefficients, model binomial classification performance is
200  summarized in the confusion matrix (Table 2.2), which illustrates the distribution of true positive, true
201  negative, false positive, and false negative classifications. Overall performance metrics, including

202  outcome cumulative incidence, sensitivity, specificity, negative predictive value (82%), and positive
203  predictive value (64%), are summarized in Table 2.3.

204 Figure 2.1 illustrates the relationship between stratified predicted probabilities of FTF and

205  corresponding observed FTF across probability bins. Cattle in the lowest predicted probability bin (0—
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0.2; n = 388) exhibited low observed FTF, while observed FTF increased progressively across higher
probability categories. Intermediate probability bins demonstrated proportional increases in observed FTF
despite smaller sample sizes (0.2—0.39, n = 104; 0.4-0.59, n = 50; 0.6-0.79, n = 32). Cattle in the highest
predicted probability bin (0.8—1.0; n = 29) exhibited observed FTF of 100%, indicating strong agreement
between predicted risk and observed outcomes.

Comparisons between clinical scoring systems and ultrasonography have shown clinical signs
alone frequently underestimate underlying pulmonary pathology, underscoring the need for more
informative diagnostic tools. (Hussein et al. 2018) Ultrasonographic lesions, including consolidation,
pleural line irregularities, and disruptions in normal ultrasound artifacts, have consistently been linked to
disease severity, treatment response, and longer-term outcomes. (Buczinski et al. 2014, Adams et al.
2016, Flock 2004, Ollivett et al. 2016, Rademacher et al. 2013) and recent work indicates lesion extent at
first treatment is relevant to animal performance and likelihood of recovery. (Feitoza et al. 2025¢, 2025d)
Additional studies have demonstrated associations between ultrasonographic lesion size and respiratory
pathogen detection, reductions in consolidation following antimicrobial and anti-inflammatory therapy,
and the presence of subclinical lung lesions that are missed by clinical scoring alone. (Rouault et al. 2025,
Fiore et al. 2022, Baxter-Smith et al 2022)

Bovine respiratory disease lesions associated with bronchopneumonia most commonly originate
in the cranioventral lung fields, where inhaled pathogens establish focal consolidation and hepatization.
As disease progresses, lesions may extend dorsally and caudally, reflecting increased severity and more
diffuse pulmonary involvement. In contrast, interstitial pneumonia (IP) more commonly affects the
caudodorsal lung fields, where ultrasonographic findings such as increased B-lines and loss of A-lines are
strongly associated with histopathologic IP (Feitoza et al., 2025a). While cranioventral ultrasonography
remains essential for identifying classic bronchopneumonia, targeted caudodorsal ultrasonography offers
a rapid, practical chute-side approach to detect lesion extension and to characterize pathology more
consistent with IP. This supports its utility as a prognostic tool, particularly in cattle with more advanced

or atypical respiratory disease.
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DNF model

A total of 603 first-treatment animals were evaluated, of which 546 were still alive and present
with their cohort at the end of the 60-day follow-up period and 57 experienced DNF, resulting in a DNF
cumulative incidence of 9.5%, as shown in Table 2.3.

Following deployment of the PREV DNF model, sex, DOF category, BW category, and ULS
were identified as statistically significant predictors, whereas B-line category and moth sign were not.
GVIF analysis demonstrated multicollinearity among ULS, B-line category, and moth sign. To address
this, two competing candidate models were developed: one excluding ULS and one retaining ULS while
excluding B-line category and moth sign. The model excluding ULS identified BW category, DOF
category, B-line category, and moth sign as significant predictors with no evidence of multicollinearity.
The competing model retaining ULS identified DOF category, BW category, and ULS as significant
predictors and likewise demonstrated no evidence of multicollinearity. Comparison of candidate models
using AIC indicated that the model retaining ULS while excluding B-line category and moth sign
provided the best model fit (AIC = 222.66), compared with the original PREV model (AIC = 266.13) and
the model excluding ULS (AIC = 263.12), and was therefore selected as the final NEW DNF model.

Using the binomial classification threshold determined by Youden’s index, the final NEW first-
treatment DNF model achieved a sensitivity of 39% and a specificity of 98%. Binomial model
classification performance is summarized in the confusion matrix (Table 2.5), which illustrates the
distribution of true positive, true negative, false positive, and false negative classifications. Performance
metrics, including outcome cumulative incidence (9.5%), sensitivity, specificity, negative predictive value
(86%), and positive predictive value (86%), are summarized in Table 2.3.

Figure 2.2 illustrates the relationship between stratified predicted probabilities of DNF and
corresponding observed DNF across probability bins. Cattle in the lowest predicted probability bin (0—
0.2; n = 517) exhibited near-zero observed DNF, while observed DNF increased across higher probability

categories. Intermediate probability bins demonstrated proportional increases in observed DNF despite
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smaller sample sizes (0.2-0.0.39, n = 53; 0.4-0.59, n = 3; 0.6-0.79, n = 8). Cattle in the highest predicted
probability bin (0.8—1.0; n = 22) exhibited observed DNF approaching 100%, indicating strong agreement
between predicted risk and observed outcomes.

While emerging technologies such as continuous temperature monitoring and biomarker-based
assays have shown promise for early disease detection. Studies integrating ultrasonography with chute-
side clinical assessments demonstrate that multimodal approaches improve characterization of BRD
severity and progression. (Baruch et al. 2019, Blakebrough-hall et al. 2020, Martin et al. 2022, Flattot et
al. 2021)

Predictive modeling approaches using large feedyard datasets have identified risk factors and
prognostic indicators associated with treatment outcomes and finishing status. (Heinen et al. 2023)
Heinen et al. evaluated animal-, pen-, and feedyard-level characteristics to predict whether cattle would
finish the feeding period following first BRD treatment, demonstrating information available at initial

treatment can help identify animals at higher risk for adverse outcomes. (Heinen et al. 2023)

Model Repeatability and Recalibration

This study evaluated the prognostic value and repeatability of PREV TT-POCUS based predictive
models for FTF and DNF outcomes in feedyard cattle receiving initial BRD treatment. While the PREV
model predictor structures did not provide the best model in this population, our findings demonstrate TT-
POCUS remains a biologically meaningful and operationally useful prognostic tool when appropriately
recalibrated.

Consolidation, moth sign, and B-lines have all been associated with impaired aeration and more
advanced pathology, supporting biological relevance as prognostic indicators. The present findings
reinforce these relationships: ULS consistently emerged as a robust predictor in both FTF and DNF
models, aligning with prior literature demonstrating lesion extent and severity at first treatment are
strongly associated with relapse risk, mortality, and productivity losses. (Timsit et al. 2019) These

observations help explain why ULS retained independent predictive value in the present population, while
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282  other ultrasonographic features such as B-lines and moth sign contributed less once multicollinearity was
283  accounted for in the NEW multi-variable model. Lung consolidation effectively captured the key

284  pathological variation driving outcomes.

285 When PREV models were applied to the present dataset, significant multicollinearity was

286  detected among ULS, B-line category, and presence of moth sign, a pattern not reported in the original
287  study. Differences in the independent study populations may have contributed to these observations,

288  including variation in disease cumulative incidence, management practices, and baseline animal health
289  status. After adjusting the models to address collinearity, simplified model structures demonstrated

290  improved statistical fit, indicating that although the original PREV models predictor structures were not
291  retained in the final models, the underlying relationship between TT-POCUS findings and cattle outcomes
292 remained consistent. These findings underscore the importance of validating and recalibrating prognostic
293 models prior to adoption into production environments.

294 The NEW FTF model demonstrated moderate overall predictive ability but performed well as a
295  screening and risk-stratification tool for identifying cattle at low-risk for FTF. Good prediction accuracy
296  using a stratified-probability model approach (Figure 2.1) and a high NPV using a binomial model

297  approach (82%) indicate that the NEW model reliably identified cattle unlikely to require additional

298  treatment, supporting its potential utility as a practical chute-side decision aid. In addition, the model’s
299 PPV of 64% was higher than the populations baseline of 24.7% reflecting an improved ability to predict
300 treatment failure.

301 The NEW DNF model likewise provided meaningful prognostic insights despite the low

302  cumulative incidence of DNF in this population (9.5%). From a clinical perspective, the model’s high
303 NPV (86%) is particularly important, as it reliably rules out animals unlikely to fail therapy, supporting
304  management decisions that reduce unnecessary retreatments while optimizing labor and resource

305 allocation. The observed PPV of 86% was higher than the population’s baseline of 9.5% reflecting an
306  improved ability to predict treatment failure. Figure 2.2 further demonstrates close agreement between

307  stratified predicted risk and observed outcomes, with increasing DNF risk across predicted probability
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bins. Collectively, these findings suggest that, following recalibration, the NEW DNF model may serve as
an effective tool for identifying cattle both at low-risk and high risk for DNF, supporting targeted
monitoring while minimizing unnecessary interventions.

Collectively, the present findings, together with previous studies, support the concept that
measures collected at first treatment can be used to inform individualized prognosis, providing a
foundation for the development and validation of TT-POCUS-based predictive models. (Hussein et al.
2018, Blakebrough-Hall et al. 2020, Heinen et al. 2023, Baruch et al. 2019)

These findings demonstrate that TT-POCUS based prognostic modeling retains strong clinical
and operational value but must be recalibrated for new cattle populations or management systems. While
the PREV models required modification of their predictor structures in the present population, the broader
prognostic concept of ultrasonographic lung pathology, particularly consolidation, as a predictor of BRD
outcomes remains consistent. High calibration between predicted and observed FTF and DNF outcomes
in both NEW stratified-probability approach/models, combined with strong negative predictive values,
indicates that TT-POCUS is highly effective for identifying cattle at first treatment that are at low-risk of
FTF and DNF and improved identification of cattle at high-risk of FTF and DNF compared to the
population base-line, supporting targeted, evidence-based post-diagnosis risk stratification that may

improve animal monitoring, guide management intensity, and enhance production efficiency.
Applications

This study assessed the repeatability and prognostic utility of the PREV TT-POCUS models for
predicting bovine respiratory disease outcomes in commercial feedyard cattle. When applied to this
dataset, the PREV models did not generalize well because significant multicollinearity among key
ultrasound variables prevented direct replication and required model adjustment. The NEW models
demonstrated improved prediction ability compared to population baseline FTF and DNF and produced
consistent associations between ultrasound findings particularly lung score and clinically relevant

outcomes such as FTF and DNF. Although the PREV models were not directly transferable across
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333 populations, the NEW models indicated that TT-POCUS metrics continue to hold prognostic value when
334 tailored to the specific characteristics of a feedyard. Overall, these findings underscore the need for

335  population specific model refinement and ongoing validation to strengthen the reliability of ultrasound-
336  based decision support tools and to better inform evidence-based treatment strategies and antimicrobial

337  stewardship in commercial feedyard settings.
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456
457

458

Table 2.1 Descriptive statistics of first treatment outcome model, cattle according to their
demographics (sex, weight, and days on feed categories), real-time chute-side evaluations
(ultrasound lung score (ULS), A-line count categories, B-line count categories, moth sign)

60-day Follow-up evaluation with Cohort outcome

Sex
Heifer

Steer

Days on feed at enrollment categories

0to 42

43 to 71

>71

Body weight, average (SD), kg

Body weight, categories, kg

<272

272 to 361

362 to 453

>453

Real-time measurements?

Ultrasound lung score

1

2

Success, 454>

249 (75.7%)

205 (74.9%)

315 (76.5%)
58 (69.0%)
81 (75.7%)

405.5 (+86.6)

22 (57.9%)
125 (69.8%)
179 (78.5%)

128 (81.0%)

199 (90.0%)
205 (81.7%)
49 (48.0%)

1 (4.2%)

Failure, 149!

80 (24.3%)

69 (25.1%)

97 (23.5%)
26 (31.0%)
26 (24.3%)

382.8(+93.6)

16 (42.1%)
54 (30.2%)
49 (21.5%)

30 (19.0%)

22 (10.0%)
46 (18.3%)
53 (52.0%)

23 (95.8%)
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459

460

5

A-line category
0to2

>3

B-line category
0to2

>3

Moth Sign*
Absent

Present

0 (0.0%)

58 (50.4%)

396 (81.1%)

198 (90.0%)

256 (66.8%)

453 (78.8%)

1 (3.6%)

5 (100.0%)

57 (49.6%)

92 (18.9%)

22 (10.0%)

127 (33.2%)

122 (21.2%)

27 (96.4%)

Animals that were re-treated for BRD, died due to BRD, or were culled due to BRD within 60-day post

evaluation'; Animals that were culled within 60-day post evaluation and present with their cohort and had not

required re-treatment for BRD?; Variables collected at chute side-real time® (n=603); Moth sign is noted when

the pleural line shows irregularities like pleural thickening and sub-pleural consolidation (indentations)*
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Table 2.2 Confusion matrix illustrating classification performance of the NEW First
Treatment Failure (FTF) model, including number of true positive, true negative, false
positive, and false negative predictions.

Observed First-treatment

Observed First-treatment

Failure Success
Predicted First-treatment 96 53
Failure
Predicted First-treatment 80 374

Success
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467
468
469

470

471
472

Table 2.3 Descriptive statistics of specificity (Sp), sensitivity (Sn), negative predictive value
(NPV), and positive predictive value (PPV) of the NEW models: first treatment did not

finish (1% Tx DNF) and first treatment failure (FTF).

Cumulative Sp% Sn% NPV% PPV%
Incidence %
DNF 9.5 98 39 86 86
FTF 24.7 88 55 82 64
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478

Table 2.4 Descriptive statistics of did not finish the 60-day follow-up evaluation (DNF)
outcome according to cattle demographics (sex, weight, and days on feed categories), and
real-time chute-side evaluations (ultrasound lung score (ULS), A-line count categories, B-
line count categories, and moth sign).

Finished 60-day Follow-up evaluation
with Cohort outcome
Finished, 546! Did not Finish, 57>

Sex
Heifer 301 (91.5%) 28 (8.5%)
Steer 245 (89.4%) 29 (10.6%)
Days on feed at enrollment categories
0to 42 378 (91.7%) 34 (8.3%)
43 to 71 77 (91.7%) 7 (8.3%)
>71 91 (85.0%) 16 (15.0%)
Body weight, average (SD), kg. 400.9(£85.5) 386.0 (117.3)
Body weight, categories, kg.
<272 28 (73.7%) 10 (26.3%)
272 to 361 162 (90.5%) 17 (9.5%)
362 to 453 212 (92.6%) 17 (7.4%)
>453 144 (91.7%) 13 (8.3%)
Real-time measurements®
Ultrasound lung score, head
1 217 (98.2%) 4 (1.8%)
2 247 (98.4%) 4 (1.6%)
3 78 (76.5%) 24 (23.5%)

57




479
480

4
5

A-line category, head

0to2
>3

B-line category, head

0to2

>3

Moth Sign, head*
Absent

Present

3 (12.5%)

1 (20%)

78 (67.8%)

468 (95.98)

216 (98.2%)

330 (86.2)

542 (94.3%)

4 (14.3%)

21 (87.5%)

4 (80.0%)

37 (32.2%)

20 (4.1%)

4 (1.8%)

53 (13.8%)

33 (5.7%)

24 (85.7%)

Animals that were alive 60-day post-evaluation and present with their cohort'; Animals that died due

to BRD or were culled due to BRD within 60-day post evaluation?; Variables collected at chute side-

real time* (n = 603); Moth sign is noted when the pleural line shows irregularities like pleural

thickening and sub-pleural consolidation (indentations)*
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Table 2.5 Confusion matrix illustrating classification performance of the NEW Did Not
Finish (DNF) model, including number of true positive, true negative, false positive, and

false negative predictions.

Observed Did Not Finish 60-

day Follow-up evaluation

Observed Finish 60-day

Follow-up Evaluation

Follow-up Evaluation

Predicted Did Not Finish 60- 49 8
day Follow-up Evaluation
Predicted Finish 60-day 77 469
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488  Figure 2.1 Histogram displays the first treatment failure (FTF) model by 60-day post-
489  treatment predicted probability in bins to the observed percentage of first treatment failure
490  within each bin from individuals enrolled in the first treatment group (n = 603).
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494  Figure 2.2 Histogram displays the first treatment did not finish (DNF) model by 60-day
495  post-treatment predicted probability in bins to the observed percent of did not finish within
496  each bin from individuals enrolled in the first treatment group (n=603).
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Chapter 3 - Evaluation of Machine Learning Models for TT-POCUS
Based Prognostic Prediction of Did-Not-Finish and First-Treatment

Failure Cattle Diagnosed with Bovine Respiratory Disease

H. E. Kunnary', B. J. White!, L. F. B. B. Feitoza?,

R. L. Larson', J. A. R. Zimmermann?, T. J. Spore?

! Department of Clinical Sciences, Beef Cattle Institute, Kansas State University, Manhattan,
66506, KS, USA
Innovative Livestock Services, Inc., Manhattan, 66503, KS, USA
3Department of Anatomy and Physiology, Beef Cattle Institute, Kansas State University,

Manhattan, 66506, KS, USA

Abstract

Bovine respiratory disease remains the leading cause of morbidity and mortality in
feedyard cattle and is associated with substantial economic and animal welfare consequences.
Prognostic tools remain limited, but combining objective diagnostic measures with predictive
modeling may improve clinical decision-making. This study evaluated the performance of
machine learning models incorporating targeted thoracic point-of-care ultrasound (TT-POCUS)-
derived variables to predict did-not-finish (DNF) and first-treatment failure (FTF) outcomes in
feedyard cattle diagnosed with bovine respiratory disease (BRD). First-treatment cattle were
evaluated for both FTF and DNF outcomes, whereas chronic cattle were evaluated for DNF

outcomes following enrollment.
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A cross-sectional observational study was conducted in cattle receiving either first
treatment or chronic treatment for BRD. TT-POCUS examinations were performed at enrollment
to assess pulmonary abnormalities including lung consolidation, pleural irregularities, B-lines,
and lesion scores. A total of 1,422 first-treatment cattle and 150 chronic cattle were enrolled. Six
supervised machine learning algorithms were trained using TT-POCUS variables and
demographic data.

For FTF prediction, logistic regression demonstrated the highest AUC (0.71). For first-
treatment DNF, logistic regression again achieved the highest AUC (0.80). In chronic cattle, the
perceptron model demonstrated the highest AUC (0.84). Overall, TT-POCUS-derived variables
provided meaningful prognostic information and may support improved treatment decisions,

antimicrobial stewardship, and animal welfare in feedyard cattle.
Introduction

Bovine respiratory disease (BRD) remains the most significant health challenge in
feedyard cattle and is the leading cause of morbidity and mortality in the industry 2. Bovine
respiratory disease has been estimated to account for approximately 75% of morbidity and 50%
to 70% of mortality during the finishing phase, highlighting its substantial effects on cattle health
and feedyard productivity 3. In addition to mortality losses, BRD negatively affects average
daily gain, feed efficiency, days on feed, and carcass quality, resulting in considerable economic
consequences for beef production systems . Although reductions in BRD prevalence can
improve overall industry performance, economic benefits may not be evenly distributed across
sectors, with feedyard operators often bearing a disproportionate share of disease-related costs .

The persistent burden of BRD reflects its multifactorial etiology, involving interactions

among pathogens, host immunity, environmental stressors, and management practices >®. Risk
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factors such as transportation stress, commingling, source variability, and nutritional stress
contribute to disease development, yet no single factor fully explains disease occurrence °.
Furthermore, subclinical disease and imperfect diagnostic methods complicate identification and
management, emphasizing the need for improved objective diagnostic and prognostic tools.

Recent advances in data collection and computational methods have increased interest in
predictive modeling and machine learning applications within livestock production systems.
These approaches allow integration of multidimensional biological, environmental, and
management data to identify complex relationships not readily captured using conventional
statistical methods. Predictive modeling has been applied to diverse cattle production challenges,
including thermal stress assessment, feed intake prediction, disease detection, reproductive
management, and milk production forecasting * 4.

Within beef production systems, predictive models have been evaluated to support
management decisions such as metaphylaxis administration at arrival and mortality risk
following BRD treatment !>!6. These studies demonstrate predictive tools may improve
economic decision-making and intervention targeting. Predictive model performance depends
heavily on data quality, predictor selection, and model structure. No single modeling
methodology has consistently demonstrated universal superiority across all cattle health
applications, suggesting model selection should align with the biological context, available data,
and intended use case "8,

Despite recent advances, comparatively few predictive modeling studies have focused on
prognosis following BRD treatment initiation relative to arrival-risk classification or disease
detection models. Existing prognostic approaches have primarily relied on demographic,

management, or clinical variables, with limited incorporation of objective pulmonary imaging
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biomarkers such as targeted thoracic point-of-care ultrasound (TT-POCUS)-derived lesion
characterization. Prognostic decision-making following BRD diagnosis remains clinically
important because it may influence retreatment decisions, antimicrobial use, culling strategies,
labor allocation, and animal welfare outcomes.

Development of accurate BRD prognostic models is challenging for several reasons.
First, BRD diagnosis in field settings often relies on clinical signs that do not perfectly identify
the true disease status of cattle. Consequently, some animals diagnosed with BRD may not
actually have the disease (false positives), while others with BRD may go undetected (false
negatives), reducing the reliability of data used for model development '¥2°. Second, class
imbalance is common because severe outcomes such as mortality or non-recovery occur
substantially less frequently than successful treatment responses. In imbalanced datasets, many
classification algorithms tend to favor prediction of the majority class because doing so
minimizes overall classification error. Consequently, fewer animals are classified as positive
cases, increasing the likelihood of false-negative predictions and reducing model sensitivity
despite apparently high overall accuracy 2!. Third, variation among production systems,
treatment protocols, and outcome definitions may limit external validity and practical
implementation. Collectively, these challenges indicate that improved biologically relevant
predictors are needed to advance prognostic performance.

Thoracic ultrasonography has emerged as a valuable tool for evaluating pulmonary
disease in cattle and offers strong potential for integration into predictive modeling frameworks.
Unlike conventional clinical assessment methods, ultrasound provides objective, real-time
visualization of lung consolidation, pleural abnormalities, interstitial changes, and lesion severity

22_and has outperformed traditional methods such as auscultation and rectal temperature for
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detection of pulmonary pathology in some settings . Targeted thoracic point-of-care ultrasound
(TT-POCUS) is a streamlined chute-side approach designed for rapid assessment under
commercial feedyard conditions, and TT-POCUS-derived variables, including lung score, B-line
patterns, lesion distribution, and consolidation severity, have been associated with clinically
relevant outcomes such as first-treatment failure (FTF) and death or non-recovery (DNF) in
cattle treated for BRD 2*. Because TT-POCUS can be performed rapidly during processing or
hospital evaluation, it may provide a practical and objective tool for real-time risk stratification.
Given the substantial burden of BRD and limitations of current prognostic approaches,
there is a need to evaluate whether TT-POCUS variables can improve prediction of treatment
outcomes when combined with machine learning methods. Therefore, the objective of this study
was to compare the performance of multiple supervised machine learning algorithms
incorporating TT-POCUS-derived variables for prediction of first-treatment failure (FTF) and
did-not-finish (DNF) outcomes in feedyard cattle diagnosed with BRD. We hypothesized that
models incorporating TT-POCUS variables would provide clinically useful prognostic
discrimination and that model performance would vary across algorithm types and outcome

definitions.

Materials and Methods

Experimental Design and Enrollment Criteria

This study was approved by the Institutional Animal Care and Use Committee (IACUC)
at Kansas State University (Protocol #5060 and Protocol #5239).

This was a prospective cohort observational study conducted within the high-plains
region of the United States. Cattle were enrolled from a single commercial feedyard between

2023 and 2025. Eligible animals included cattle presented to the feedyard hospital for their initial
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BRD treatment (first-treatment cohort) or cattle receiving a third or greater BRD treatment
according to hospital protocol (chronic cohort). Cattle evaluated at second treatment were not
enrolled to preserve distinction between acute first-treatment and established chronic disease
populations.

Animals enrolled at first treatment were not subsequently re-enrolled if they later
progressed to chronic disease, ensuring each animal contributed only one observation to the
dataset. At enrollment, demographic information including sex, body weight, and days on feed
were recorded. Animals were excluded if a complete TT-POCUS examination could not be
obtained because of time or animal handling constraints. Study outcomes included first-treatment
failure (FTF) and death or non-recovery (DNF) within 60 days following enrollment, whereas
chronic cattle were evaluated for DNF outcomes only during the 60-day follow-up period. Any
animal that required BRD retreatment, was culled because of BRD, or died due to BRD within
60 days of enrollment was classified as FTF. For both first-treatment and chronic cohorts,
Animals that died or were culled because of BRD within the 60-day follow-up period were
classified as DNF. Cattle were excluded from outcome analysis if they were unavailable for
complete 60-day follow-up because of shipment for harvest or removal from the feedyard for
reasons unrelated to BRD, including non-respiratory death. Cause of death and culling decisions
were determined according to feedyard diagnostic records and attending staff assessments.

Targeted Thoracic Point-of-Care Ultrasound

The TT-POCUS method targeted the right caudodorsal lung lobe, beginning at the 11th
intercostal space and progressing cranially to the 8th intercostal space, as previously described
by Feitoza et al. (2025a-d)**%6. Each intercostal space was scanned dorsoventrally to ensure

complete evaluation of the lung field. Examinations were performed chute-side and lasted
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approximately 60 seconds, and probe angulation and positioning were adjusted as needed to
optimize visualization for pulmonary pathology. Real-time assessments of pulmonary
abnormalities associated with BRD, including lung consolidation, pleural line irregularities, B-
lines, A-lines, and ultrasound lung score (ULS) were recorded.

A-lines were defined as horizontal, repetitive hyperechoic reverberation artifacts arising
from the pleural line and occurring at regular intervals deeper in the image, representing normal
aerated lung and the absence of significant interstitial or alveolar fluid accumulation. B-lines
were defined as vertical hyperechoic reverberation artifacts originating from the pleural line and
extending to the far field without fading, consistent with increased pulmonary fluid or interstitial
involvement. Coalescing or widened B-lines were interpreted as more severe interstitial
pathology. Pleural line irregularities, described as a “moth-eaten” appearance termed “moth-
sign”, represented disruption or unevenness of the normally smooth pleural surface and were
associated with inflammatory or chronic pulmonary changes. Lung consolidation was defined as
hypoechoic tissue-like regions within the lung parenchyma resulting from loss of normal
aeration, often containing visible air bronchograms and consistent with bronchopneumonia.

Scoring was based on the most severe lesion identified across the scanned region.
Ultrasound lung scores ranged from 1 to 5, where ULS 1 indicated minimal pathology
characterized by fewer than 3 thin B-lines, consistent with normal or near-normal lung tissue.
Although A-lines were recorded as a separate ultrasonographic variable, they were not
incorporated into ultrasound lung score assignment. ULS 2 indicated the presence of 3 or more
distinct B-lines, suggestive of mild interstitial involvement. ULS 3 indicated widening or

coalescing B-lines consistent with more extensive interstitial pathology. ULS 4 represented
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pleural line irregularities or “moth-eaten” lesions indicating pleural disruption, while ULS 5
indicated lung consolidation consistent with severe pulmonary pathology.
Dataset Construction and Preprocessing

For model development, the dataset was divided into training (75%) and testing (25%)
subsets using stratified random sampling based on outcome status (FTF or DNF, depending on
the analysis cohort) to preserve class distribution across datasets. The testing dataset was
withheld from model training and used exclusively for final model evaluation.

In addition to the train—test split, repeated stratified k-fold cross-validation was conducted
as a supplemental internal validation procedure to assess model performance stability. Cross-
validation was performed using 5 folds with 5 repeats, with outcome stratification maintained
across folds. This procedure was applied to the full dataset and was used to evaluate model
discrimination using the area under the receiver operating characteristic curve (AUC). Cross-
validation was used to evaluate the stability of model performance across repeated data splits and
was not used for hyperparameter tuning.

Candidate predictors were selected a priori based on biological relevance and included
thoracic ultrasonography variables (lung score, A-line presence categorized as 0-2 and >3, B-
line count categorized as 0-2 and >3, and moth-sign presence or absence) and animal-level
characteristics (sex, body weight categorized as <272, 272-361, 362-453, and >453 kg, and days
on feed categorized as 0—42, 43-71, and >72 days at time of assessment). Although A-line
presence was included as a predictor in the chronic treatment model, it was excluded from the
first-treatment model because A-line observations were not consistently recorded during the

earlier collections, resulting in substantial missing data for that variable.
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Data preprocessing was conducted within a unified machine learning pipeline to prevent
information leakage, and to prevent algorithms accessing information outside the training set.
Missing continuous variable values were imputed using median values, followed by
standardization using z-score scaling. Missing categorical values were imputed using the most
frequent category. Categorical predictors were encoded using one-hot encoding with the first
category dropped to avoid collinearity. All preprocessing steps including imputation, scaling, and
encoding were fit exclusively on the training dataset and subsequently applied to the testing
dataset through the pipeline structure to ensure no information from the test set informed model
training.

Model Development and Machine learning Framework

Six supervised classification algorithms were evaluated: logistic regression (LR),
decision tree (DT), random forest (RF), gradient boosting machine (GB), artificial neural
network (NN), and perceptron (P). These models were selected to represent parametric,
nonparametric, and ensemble approaches commonly used in biomedical and veterinary
predictive modeling.

The LR was included as a baseline parametric model because of its widespread use in
clinical research and ease of interpretation. Logistic regression estimates the probability of a
binary outcome and quantifies the direction and magnitude of predictor effects 27. Although
logistic regression is generally resistant to overfitting, it is limited in its ability to model
nonlinear relationships unless these terms are explicitly specified.

Both the NN and P models were included to evaluate nonlinear relationships among
predictors. Complex interactions and nonlinear decision boundaries are modeled through the

hidden layers used in NN?. In contrast, the P model provides a simpler single-layer structure that
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can still perform effectively in certain classification tasks and offers insight into class
separability %,

Interpretability and flexibility with mixed data types motivated the selection of DT °.
These models classify observations by recursively splitting predictor variables according to
criteria such as information gain or Gini impurity, resulting in a rule-based structure. However,
single DT models are often unstable and prone to overfitting.

To address these limitations, RF models were incorporated because they aggregate
multiple decision trees built from bootstrap samples and random subsets of predictors. This
ensemble strategy improves predictive accuracy, reduces variance, and captures nonlinear
relationships and interactions *°. Additional advantages of RF include out-of-bag error estimation
and measures of variable importance.

Gradient boosting machines operate as sequential ensembles in which each new tree is
trained to correct errors from previous trees. This approach enables flexible modeling of
nonlinear effects, interactions, and threshold relationships *!. Regularization strategies such as
shrinkage and subsampling help mitigate overfitting. DT-based methods have further
demonstrated strong performance in cattle health prediction, including outcomes related to
bovine respiratory disease 2!.

Class imbalance was partially addressed using inverse-frequency class weighting in
applicable classifiers. All models were trained within a unified preprocessing pipeline designed
to prevent information leakage. Final model performance was assessed on an independent testing

dataset to evaluate generalizability and reduce overfitting.
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Model Evaluation and Interpretation

Predictive performance was evaluated using area under the receiver operating
characteristic curve (AUC), accuracy, sensitivity (Sn), specificity (Sp), positive predictive value
(PPV), negative predictive value (NPV), and F1 score. These metrics were selected to assess
overall discrimination and classification performance, particularly in the presence of class
imbalance. The AUC measures a model’s ability to distinguish positive from negative outcomes
across all thresholds by plotting sensitivity against 1 — specificity; values range from 0.5 (no
discrimination) to 1.0 (perfect discrimination). Accuracy represents the proportion of correctly
classified observations and is calculated as (TP (True Positive) + TN (True Negative) / (TP + TN
+ FP (False Positives) + FN (False Negatives)). Sensitivity, or recall, measures the proportion of
true positives correctly identified and is calculated as TP / (TP + FN), while specificity measures
the proportion of true negatives correctly identified and is calculated as TN / (TN + FP).

Positive predictive value, or precision, is the proportion of predicted positives that are
truly positive and is calculated as TP / (TP + FP). Negative predictive value (NPV) is the
proportion of predicted negatives that are truly negative and is calculated as TN / (TN + FN).
The F1 score is the harmonic mean of PPV and sensitivity, calculated as 2 x (PPV x Sensitivity)
/ (PPV + Sensitivity), and is commonly used in imbalanced classification settings because it
jointly summarizes precision and recall into a single metric.

Predicted class labels were generated using each model’s default classification rule
through the predict () function in scikit-learn. For probabilistic classifiers, this generally
corresponds to a default probability threshold of 0.50, whereas linear classifiers use their default
decision boundary. Area under the receiver operating characteristic curve (AUC) was calculated

separately using predicted probabilities or decision scores when available.
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To aid interpretation, model coefficients were examined for logistic regression models,
while feature importance rankings were evaluated for tree-based and ensemble methods when
available. These measures were used to identify predictors contributing most strongly to model
performance. All analyses were conducted in Python 3.14.0 using standard scientific computing

libraries, including scikit-learn, pandas, NumPy, and matplotlib.

Results

First Treatment Failure
A total of 1,422 first-treatment cattle were included in the FTF analysis, of which 458
(32.2%) experienced first-treatment failure within 60 days (Table 3.1). Descriptive
characteristics of cattle classified as first-treatment success or FTF are summarized in Table 3.1.
Model performance for prediction of FTF is summarized in Table 3.2. Among evaluated
models, logistic regression demonstrated the highest overall discrimination (AUC = 0.71) with
balanced sensitivity and specificity. The perceptron model showed comparable discrimination
with the highest sensitivity, whereas neural network and gradient boosting approaches
demonstrated higher specificity but substantially lower sensitivity. Decision tree models
demonstrated the lowest overall discrimination.
First-Treatment Did-Not-Finish
A total of 1,422 first-treatment cattle were included in the DNF analysis, of which 248
(17.4%) were classified as DNF within 60 days (Table 3.1). Descriptive demographic and
ultrasonographic characteristics for recovered and DNF cattle are summarized in Table 3.1.
Model performance for prediction of first-treatment DNF is presented in Table 3.3.
Logistic regression demonstrated the highest overall discrimination (AUC = 0.80) and highest

sensitivity, while neural network and gradient boosting models demonstrated the highest
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specificity and overall accuracy but markedly reduced sensitivity. Random forest models
demonstrated moderate discrimination and more balanced classification performance across
metrics. Negative predictive values remained consistently high across models, reflecting the
relatively low prevalence of DNF within the study population.

Chronic Treatment Did-Not-Finish

A total of 150 chronic-treatment cattle were included, consisting of 59 recovered and 91
DNF animals (60.1%) (Table 3.4). Descriptive demographic and ultrasonographic characteristics
of recovered and DNF chronic-treatment cattle are presented in Table 3.4.

Model performance for chronic-treatment DNF prediction is presented in Table 3.5. The
perceptron model demonstrated the highest overall discrimination (AUC = 0.84), while random
forest models achieved the highest sensitivity. Logistic regression and neural network models
demonstrated moderate-to-good discrimination with relatively balanced performance across
classification metrics. In contrast, decision tree and gradient boosting approaches demonstrated

lower overall discrimination.
Discussion

This study evaluated multiple supervised machine learning algorithms incorporating TT-
POCUS-derived variables for prediction of clinically relevant outcomes in feedyard cattle
diagnosed with BRD. Predictive performance varied by outcome, with moderate discrimination
observed for first-treatment failure and moderate-to-good discrimination observed for DNF
outcomes, particularly in chronic cattle. Across analyses, simpler linear approaches such as
logistic regression (LR) and perceptron (P) models frequently demonstrated performance
comparable or superior to more complex nonlinear approaches. These findings suggest that TT-

POCUS-derived pulmonary biomarkers may provide clinically meaningful prognostic
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information while remaining compatible with interpretable and operationally practical predictive
models. Because cattle were enrolled from a single commercial high-plains feedyard under field
conditions, the findings may have relevance to similar commercial BRD management systems.
However, interpretation should consider important study limitations, including the single-
feedyard study population, potential outcome misclassification associated with field-based BRD
diagnosis, and the absence of external validation.

Predictive performance for FTF was lower than for DNF outcomes, suggesting that early
retreatment risk may be influenced by factors extending beyond pulmonary lesion severity alone.
Differences were also observed between first-treatment and chronic DNF outcomes. First-
treatment DNF models demonstrated good discrimination, with logistic regression achieving the
highest AUC (0.80), but performance was characterized by high negative predictive values (84—
94%) and lower positive predictive values (26-50%) across algorithms, reflecting the low
prevalence of DNF in this population. In contrast, chronic DNF models demonstrated improved
discrimination, with the perceptron model achieving the highest AUC (0.84), while several
models demonstrated greater sensitivity (80-88%) and positive predictive values (73—84%). This
difference likely reflects the greater severity and consistency of pulmonary abnormalities among
chronically treated cattle, resulting in stronger associations between TT-POCUS findings and
subsequent non-recovery outcomes. The strong performance of simpler linear classifiers suggests
that much of the prognostic information contained within TT-POCUS-derived variables may be
represented through straightforward predictor-outcome relationships. Under these conditions,
increasing model complexity did not consistently improve discrimination.

This observation aligns with previous BRD predictive modeling studies, where increased

algorithmic complexity has not consistently translated into improved predictive performance
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when using structured clinical datasets 2!*233, Although ensemble and neural network
approaches are capable of modeling nonlinear interactions, they may also be more sensitive to
noise, feature redundancy, and class imbalance commonly present in field-derived veterinary
datasets '8. Similarly, Amrine et al. (2014) reported substantial variation in classifier
performance across feedyards and concluded that no single model consistently outperformed all
others **. This likely reflects biological and management heterogeneity among operations,
including differences in cattle sourcing, pathogen exposure, antimicrobial protocols,
environmental stressors, and BRD case definitions. Consequently, predictor-outcome
relationships identified in one population may not generalize consistently across operations,
emphasizing the importance of local validation and model recalibration.

The lower discrimination observed for FTF prediction, relative to other outcomes, likely
reflects the multifactorial nature of early treatment response. FTF is influenced not only by
pulmonary pathology but also by antimicrobial selection, timing of intervention, host immune
response, pathogen susceptibility, and environmental stressors '®. As such, TT-POCUS provides
important but incomplete information regarding treatment response dynamics. However, the
present findings suggest that TT-POCUS-derived variables may still improve prognostic
performance relative to conventional demographic and management variables alone. This pattern
is further supported by the stronger discrimination observed for DNF compared with FTF among
first-treatment cattle, suggesting that severe outcomes may be more directly associated with
measurable pulmonary pathology than short-term retreatment risk.

The relative importance of sensitivity versus specificity depends on the intended clinical
application of the model. For prognostic BRD decision-making, sensitivity may be particularly

important because false-negative predictions result in cattle at high-risk of FTF or DNF being
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incorrectly classified as low risk. Failure to identify these animals may delay additional
monitoring or intervention and could contribute to increased mortality, chronicity, welfare
concerns, and economic losses. Conversely, false-positive classifications may increase
antimicrobial use, labor requirements, and hospital resource utilization. Therefore, optimal model
selection and classification thresholds should be determined according to the relative
consequences of false-negative and false-positive errors within a given management system.
From a management perspective, improved sensitivity in chronic cattle is particularly relevant
because these animals often require repeated antimicrobial therapy, prolonged hospitalization,
altered marketing strategies, or culling decisions

Feitoza et al. (2025c¢) previously demonstrated that TT-POCUS abnormalities, including
elevated lung scores, increased B-line patterns, and moth-sign lesions, were associated with
adverse 60-day outcomes in feedyard cattle. The present study extends those findings by
incorporating these lesion-based variables into supervised machine learning frameworks for
outcome prediction 4,

When compared with prior predictive modeling efforts in BRD, these findings suggest
that inclusion of TT-POCUS-derived variables may improve prognostic performance relative to
conventional data sources alone. Heinen et al. (2023) evaluated 96,382 BRD-treated cattle using
routine feedyard variables and reported a median AUC of 0.675, with boosted decision trees
performing best (AUC = 0.738) 2!. In contrast, the present study achieved an AUC of 0.80 using
logistic regression, suggesting that ultrasound-derived pulmonary biomarkers may provide
clinically meaningful prognostic information beyond demographic and management variables

alone.
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Future integration of TT-POCUS-derived variables with existing demographic-based
prognostic models, such as those described by Heinen et al., could be explored using either
parallel or serial testing frameworks. In a parallel framework, sensitivity may improve by
identifying cattle flagged by either model, whereas serial application may improve specificity by
restricting high-risk classification to cattle identified by both approaches. Future work should
evaluate how these combined strategies affect predictive values and clinical utility under
commercial conditions.

These findings are consistent with prior chute-side diagnostic technologies such as
Whisper® lung scoring, where incorporation of standardized respiratory auscultation
substantially improved prognostic discrimination for BRD mortality compared with rectal
temperature alone *°. In that study, inclusion of Whisper® lung scores increased ROC AUC from
0.50 to 0.64, while combining Whisper® scoring with rectal temperature further improved AUC
to 0.69. Whisper® scoring also markedly reduced false-negative classifications relative to fever
alone, indicating improved sensitivity for identifying cattle at risk of death. Similar to Whisper®,
TT-POCUS provides structured lesion-based pulmonary assessment rather than reliance solely
on rectal temperature or subjective clinical appraisal. The comparatively stronger performance
observed in the present study, particularly for DNF outcomes where LR achieved an AUC of
0.80, suggests that direct ultrasonographic characterization of pulmonary pathology may provide
additional prognostic information beyond traditional chute-side clinical assessment methods.

Amrine et al. (2014) reported that predictive accuracy varied across 23 feedyards and that
locally derived models often outperformed combined datasets, highlighting the importance of

t34

biological and management context °*. The variability in model performance reported by Amrine

et al. (2014) may partially explain why simpler and more interpretable models generalized
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effectively within the present feedyard population. Furthermore, objective lesion-based
predictors such as TT-POCUS may reduce some variability associated with subjective clinical
assessment because TT-POCUS provides standardized lesion-based pulmonary evaluation rather
than relying exclusively on visual appraisal of clinical signs.

The consistently high negative predictive values across models are particularly relevant
for clinical application. In low-prevalence outcomes such as DNF, high NPV indicates strong
reliability in identifying cattle unlikely to experience poor outcomes, which may support reduced
intervention intensity in animals at low-risk of FTF or DNF and more focused allocation of
hospital resources toward higher-risk cattle '8,

The improved predictive performance observed in chronic cattle supports the concept that
TT-POCUS may provide greater prognostic discrimination when pulmonary pathology is more
established. In these animals, TT-POCUS abnormalities may be more pronounced and therefore
more strongly associated with clinical outcomes. Prior TT-POCUS research has similarly
demonstrated that larger areas of lung consolidation, higher ultrasound lung scores, pleural
irregularities, and extensive comet-tail artifacts are associated with poorer clinical outcomes and
increased mortality risk in feedyard cattle >%,

Earlier identification of cattle unlikely to recover may also improve financial outcomes
by allowing earlier culling decisions before prolonged feed, treatment, and labor costs
accumulate. Previous economic analyses have shown that delayed culling of chronically ill cattle
can substantially increase net return losses compared to earlier removal decisions >°.

The findings of this study suggest that integrating TT-POCUS-derived variables with
machine learning approaches may provide practical value for prognostic decision-making in

feedyard cattle identified for BRD treatment. The practical value of TT-POCUS-based prediction
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lies in its ability to convert objective lesion-based information into actionable management
decisions at the time of evaluation.

In practical feedyard settings, these tools could assist veterinarians and personnel in
prioritizing monitoring intensity, retreatment decisions, hospital pen allocation, and antimicrobial
use. Because LR and P models demonstrated competitive predictive performance despite their
relative simplicity, clinically useful implementation may not require highly complex
computational frameworks. This may facilitate integration into practical feedyard decision-
support systems with reduced computational burden and greater interpretability for veterinary
personnel.

The results also reinforce that predictive model utility should be matched to the intended
management objective. Models with higher sensitivity may be preferred when the goal is early
identification of chronic cattle, whereas models with higher specificity may be advantageous
when minimizing unnecessary intervention is the priority. This principle has been emphasized in
prior BRD predictive modeling reviews, where cutoff selection should depend on the relative
cost of false positives and false negatives rather than a single universal threshold '®.

Several limitations should be considered when interpreting these findings. First, the study
population was derived from a single commercial feedyard, which may limit generalizability to
other regions, management systems, cattle populations, and BRD case definitions. Previous work
has demonstrated that yard-specific models often outperform pooled models, highlighting
substantial between-operation heterogeneity >4,

Second, BRD diagnosis and outcome classification under field conditions are inherently

imperfect and may introduce misclassification that affects both model training and evaluation. In
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the absence of a definitive gold standard for BRD, this limitation is common across predictive
modeling studies %22

Incomplete availability of some predictors, including full A-line data for first-treatment
cattle, limited uniform inclusion across analyses. Additional clinical, treatment, environmental,
behavioral, and pathogen-related variables may improve future model performance, as suggested
by prior work emphasizing precision livestock data streams and multimodal integration %32,

Although internal train—test validation was performed, external validation in independent
feedyard populations is still required prior to clinical implementation. In addition, default
classification thresholds were used for binary outcomes, and future work incorporating threshold
optimization based on economic or antimicrobial stewardship objectives may improve practical
application.

Future research should evaluate integration of TT-POCUS-derived variables with broader
clinical, management, and environmental datasets to improve predictive performance. External

validation across multiple feedyards and optimization of classification thresholds based on

economic and stewardship priorities will be necessary before widespread implementation.
Conclusion

Overall, this study demonstrates that TT-POCUS-derived variables provide clinically
meaningful prognostic information for BRD outcomes in feedyard cattle when incorporated into
supervised machine learning models. Predictive performance was moderate for first-treatment
failure (FTF) and higher for death or non-recovery (DNF), suggesting that ultrasound-based
measures may be more effective for identifying cattle at risk of poor longer-term outcomes than
for predicting early treatment response. Among the evaluated approaches, simpler methods such

as logistic regression outperformed more complex nonlinear and ensemble-based algorithms,
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indicating that increased model complexity did not consistently translate into improved
predictive utility within this dataset.

Collectively, these findings support TT-POCUS as a practical, objective source of chute-
side information that can enhance risk stratification when combined with routinely collected
animal-level data. In a production context, this type of prognostic information may assist
veterinarians and feedyard personnel in refining treatment decisions, targeting monitoring
intensity, and improving allocation of resources for high-risk cattle. These models require further
refinement and external validation across diverse feedyard populations before widespread

implementation.
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Table 3.1 Descriptive statistics of 60-day first-treatment outcomes according to cattle
demographics (sex, body weight, days on feed categories) and real-time chute-side
evaluations (ultrasound lung score, B-line categories, and moth-sign). Outcomes included
recovered, did not finish (DNF), first treatment success (FTS), and first treatment failure

(FTF).
First Treatment 60-day Outcome
Recovered! DNF? FTS3 FTF*
Sex
Heifer 680 121 548 235
Steer 494 127 398 223

Days on feed at enrollment categories

0to 42
43 t0 71
>71

Body weight, average (SD), keo.

Body weight, categories, kg.

<272
272 t0 362
363 to 454
>454

Real-time measurements’

Ultrasound lung score, head

1

814 171 653 332

156 32 115 73
204 45 178 71
376.1 371.6 380.6 364.7

(+/-84.8) (+/-85.9) (+/- 86.4) (+/81.2)

101 20 77 44

462 112 353 221

377 74 314 143
234 42 202 68
298 17 264 Sl1

90




2 472 73 389 156

3 291 96 210 177
4 85 48 63 70
5 28 14 20 22

B-line category, head

Oto2 700 170 571 299
>3 474 78 375 177

Moth-sign, head®

Absent 1083 248 876 408

Present 91 47 70 68

Animals that were not culled within 60-day post evaluation and present with their cohort
and had not required re-treatment for BRD!; Animals that were re-treated for BRD, died due
to BRD, or were culled due to BRD within 60-day post evaluation?; Animals present with
cohort at 60 days post-evaluation and did not require re-treatment for BRD.?; Animals re-
treated for BRD, died due to BRD, or were culled due to BRD within 60 days post-
evaluation.*; variables collected at chute side-real time”; Moth-sign is noted when the
pleural line shows irregularities like pleural thickening and sub-pleural consolidation

(indentations).®
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1099
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1100
1101
1102
1103
1104
1105

1106

1107

Table 3.2 Descriptive statistics of first-treatment failure (FTF) model performance for
Perceptron (P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF),
Decision Tree (DT), and Gradient Boosting (GB). Performance metrics included area
under the receiver operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and F1
score (F1).

AUC ACC% Sn% Sp% PPV% NPV% F1%
P 0.68 63 77 56 46 83 58
NN 0.64 66 29 85 49 71 37
LR 0.71 66 67 65 48 80 57
RF 0.68 65 50 72 47 74 49
DT 0.63 59 56 60 42 73 48
GB 0.65 63 27 81 42 69 33
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Table 3.3 Descriptive statistics of first-treatment did not finish (DNF) model performance
for Perceptron (P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF),
Decision Tree (DT), and Gradient Boosting (GB). Performance metrics included area
under the receiver operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and F1
score (F1).

AUC ACC% Sn% Sp% PPV% NPV% F1%
P 0.59 71 36 79 26 85 30
NN 0.79 82 18 96 46 85 26
LR 0.80 70 81 68 35 94 48
RF 0.75 73 53 77 33 89 41
DT 0.68 67 63 68 29 90 40
GB 0.74 83 13 97 50 84 21
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1117  Table 3.4 Descriptive statistics of chronic treatment did not finish (DNF) outcome

1118  according to cattle demographics (sex, body weight, and days on feed categories, and real-
1119  time chute-side evaluations (ultrasound lung score, A-line count categories, B-line count
1120  categories, and moth-sign).

1121

Chronic Treatment 60-day Outcome

Recovered ! DNF?

Sex
Heifer 31 60
Steer 21 38

Days on feed at enrollment categories

0to 42 7 25

43 to 71 28 30

>71 17 43
Body weight, average (SD), kg. 389.8 366.3

(+/-69.6)  (+-87.2)

Body weight, categories, kg.

<272 3 15
272 to 362 14 32
363 to 454 26 33
>454 9 18

Real-time measurements?

Ultrasound lung score, head

1 5 1

94



1122
1123

3 25 33
4 9 37
5 2 11

A-line category, head

0to2 22 57
>3 30 41

B-line category, head

0to2 13 39
>3 3 95

Moth-sign, head*

Absent 41 53

Present 11 45

Animals that were not culled within 60-day post evaluation and present with their cohort
and had not required re-treatment for BRD'; Animals that were re-treated for BRD, died due
to BRD, or were culled due to BRD within 60-day post evaluation?; variables collected at
chute side-real time®; Moth-sign is noted when the pleural line shows irregularities like

pleural thickening and sub-pleural consolidation (indentations)*
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Table 3.5 Descriptive statistics of chronic did not finish (DNF) model performance for
Perceptron (P), Neural Network (NN), Logistic Regression (LR), Random Forest (RF),
Decision Tree (DT), and Gradient Boosting (GB). Performance metrics included area
under the receiver operating characteristic curve (AUC), accuracy (ACC), sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive value (NPV), and F1
score (F1).

AUC ACC% Sn% Sp% PPV% NPV% F1%
P 0.840 76 80 69 &3 64 82
NN 0.812 66 68 61 77 50 72
LR 0.779 68 64 77 84 52 72
RF 0.774 76 88 54 79 70 83
DT 0.675 58 52 69 77 42 62
GB 0.543 71 88 38 73 63 80
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