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A thank you to key collaborators
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Outline
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+ Why tech for cattle?

+ Is behavior correlated 
with disease?

+ Who is better AI or 
humans?



Why are we talking 
about tech for dairy calf 

management?
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+ Farms are fewer, 
larger

+ Less skilled laborers

+ Higher input costs

+ Increased emphasis 
on efficiency

In the USA…



Opportunities: Robotic grain and milk feeders

+ Promote growth1-5

+ Feed more milk 1-5

+ Customize how calves 
are weaned from milk
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1 De Paula Vierera et al., 2010
2 Pempek et al., 2016

3 Benneton et al., 2018. 
4 Welk et al., 2022

5 Cantor et al., 2019



Pedometers and automated milk feeders
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 Milk intake
 Drinking speed
 Visits

 Lying time
 Lying bouts
 Steps
 Activity index



Early growth preweaning= more milk first lactation



Early growth preweaning= more milk first lactation

Gelsinger et al., 2016 JDS



Robotic feeders provide calves a choice
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Robotic feeders maximize growth
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1 Adapted from Cantor et al., 2019
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BUT finding sick calves in group 
housing is challenging



Cortese, 2009

High Risk of Bovine Respiratory 
Disease

High Risk of diarrhea

Dairy calves lack immunocompetence



Precision technology can 
help us!
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Hulbert et al., 2016

Sickness behavior is a biological process



What is precision 
livestock farming {PLF}?

1 Review Costa et al., 2021
2 Cantor et al., 2021

3 Cantor and Costa, 2022
4 Cantor et al., submitted

5 Casella et al., submitted
6 Cantor et al., 2022

 Sensor + software1

 Monitors baseline for 
changes1-5

 PLF = sensor + software + 
alert for decision 
making5-6
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Back to calves: A precision livestock 
farming story



Leading cause of morbidity1

33% of calves had diarrhea (USDA 2018)

Leading cause of mortality1

Leading cause 50% of deaths (USDA 2018)

184  USDA, 2018

Scours or diarrhea is commonplace



 Causes metabolic acidosis, low blood 
sugar, dehydration1

 Reduces average daily gain2

 Might affect first lactation milk3
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1 Trefz et al., 2016, 2017
2 Pardon et al., 2022

3 Abutarish et al., 2021
4 USDA, 2018

Consequences of diarrhea in calves



Simple: Correlation diarrhea with behavior in calves
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Is feeding behavior correlated with calf 
diarrhea?



Calves drink less milk surrounding diarrhea
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1 Adapted from Conboy et al., 2022
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Calves tend to drink slowly during diarrhea
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1 Adapted from Conboy et al., 2022
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Sick calves are less active
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1 Adapted from Guevara-Mann et al., 2023



Steps and index useful for -2 d alert
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1 Adapted from Guevara-Mann et al., 2023



Using collective feeding behavior had poor sensitivity

26

*

* *

^

Feeding behavior Optimal 
cutpoint Sensitivity Specificity Area under 

ROC  curve

Milk intake (mL) 6025 0.44 0.28 0.36

Rewarded visits (/d) 11 0.34 0.69 0.52

1 Adapted from Conboy et al., 2022



So how do we find the sick calf?



Objective: Use robotic 
data to create 
algorithm for diarrhea

28

1 Adapted from Conboy et al., 2022
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N=259 calves w complete data

Daily health records

Milk, speed, rewarded visits tested

Relative change, rolling dividends 

Alert steps: create, test, validate

Cantor et al., 2024



10 L/d
VS.

15 L/d



Alert steps: create relative change alert
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Milk intake relative change today =
(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 −day before yesterday milk)

day 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
 

Cantor et al., 2024



Alert steps: create rolling dividends alert
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Milk intake rolling dividends today =
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

day 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
 

Cantor et al., 2024



Alert test: Diagnostic accuracy
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AUC ROC curve > 70%
Sensitivity > 80% 
Precision > 90%
Accuracy > 80%

Cantor et al., 2024



Results



Alert works! dividends milk + drinking speed 

35

15 L/d calves
 Threshold ≤ 0.60

Sensitivity 91% 32/35
 Accuracy 82% 39/46
 Precision   89% 32/36
 Specificity 73% 8/11

Cantor et al., 2024



Alert test failure: rolling dividend milk
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1 Adapted from Conboy et al., 2022

10 L/d
No diagnostic accuracy

Threshold 0.71
Sensitivity 48% 36/75
Accuracy 52% 45/86
Precision   96% 36/38
Specificity 82% 9/11

Cantor et al., 2024



Summary: calves are individuals

Cantor et al., 2024
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Where should we go?
 Test alert with real time data1

 Test potential of different 1-3 
interventions

38

1 Welk et al.,  in review
2 Cantor et al., 2021
3 Carter et al., 2022



2024- Test “Smart” robotic algorithm



What do you think does an NSAID work 
for improving calf behavior?
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Locomotor activity greatly affected (N=32)
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What about pneumonia?
43



Bovine Respiratory Disease Complex (BRD)

Urie et al., 2018
 Benaraek et al., 2014

 Welling et al., 2020, 
USDA, 2018

 Dubrovsky et al., 2019



BRD is a leading killer of dairy replacements

 Second leading killer of preweaned calves

 Leading killer of postweaned calves

 Potentially underdiagnosed5

 One study found 40% of BRD cases missed

Urie et al., 2018
 Benaraek et al., 2014

 Welling et al., 2020, 
USDA, 2018

 Dubrovsky et al., 2019



The correlation of BRD with feeding and activity
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Feed intake decreases surrounding BRD

*
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ITEM

DAILY

HEALTHY
[95% CI]

BRD
[95% CI] SEM

F-VALUE 
DEGREES  

FREEDOM

BRD 

STATUS1

TREAT* 
DAY

Milk intake L 9.41 

[9.07-9.75]

8.58

[8.24-8.91]

0.16 13.001,31 0.001 0.66 

Drinking speed 

(L/min)

0.89

[0.80-0.98]

0.96

[0.86-0.11]

0.04 1.031,31 0.32 0.57

Rewarded 

visits

3.57

[3.36-3.78]

3.71

[3.50-3.91]

0.10 0.961,32 0.33 0.54

Unrewarded 

visits2

2.23 

[1.58-2.95]

1.95

[1.32-2.64]

NA 0.361,32 0.55 0.05

Starter intake2 

g

69.93 

[50.34-95.88]

42.34 

[29.54-59.28]

NA 4.721,31 0.03 0.12
Cantor and 
Costa, 2022



BRD calves show lethargic behavior

*
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ITEM

DAILY

HEALTHY
[95% CI]

BRD
[95% CI] SEM

F-VALUE 
DEGREES  

FREEDOM

BRD 

STATUS1

TREAT* 
DAY

Lying time 17.05

 [16.79-17.31]

17.72 

[17.46-17.97]

0.13 14.241,30 < 0.001 0.18

Lying 

bouts

21.07

 [19.81-22.34]

18.51 

[17.25-19.77]

0.62 8.911,31 0.01 0.60

Step count 645.97 

[592.36-

699.58]

428.41 

[375.15-481.67]

26.25 35.941,30 < 0.001 0.87

Activity 

index1

3504.94 

[32271.71-

3788.18]

2444.62

 [2162.48-

2726.76]

134.48 31.111,29 < 0.001 0.88

Cantor and 
Costa, 2022



Even calves who relapse from 
antibiotics change their behavior!
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Which performs better: Tech or exams?
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2021-2023 Artificial intelligence= 
pneumonia 96% accuracy w robotics 



That’s nice but is it economical?

*

55



Accuracy 80% -6 d with budget constraints

56
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The cons to Precision Dairy 
Technologies



Word of caution

+ Most commercial technologies 
are lab validated

+ These “validations” can affect 
industry regulatory changes

+ But, do they work in animal 
conditions?

1Woodrum Setser et al., 2020
2Cantor et al. 2022 58



The case of the implantable microchips: 
nearly perfect in a lab setting

1Woodrum Setser et al., 2020
2Cantor et al. 2022 59



Once implanted in the calf, none could 
substitute for rectal temperature

1Woodrum Setser et al., 2020
2Cantor et al. 2022 60



Infrared thermography was also 
influenced by ambient temperature

1Woodrum Setser et al., 2020
2Cantor et al. 2022 61



2024-Explore techy alternatives
to robotics for disease detection



Summary

63

Sickness behavior is useful

Alert for automated milk feeders 
can find calves 15 L/d
 Commercial testing needed

Computers find BRD calves sooner

Economical to use the data

Non-antimicrobial alternatives?



Thank you!

Melissa Cantor, PhD
Assistant Professor

 Precision Dairy Science 
mmc7081@psu.edu

64


	Moo-ving forward: AI and precision livestock farming strategies for dairy calf care
	A thank you to key collaborators
	Outline
	Why are we talking about tech for dairy calf management?
	In the USA…
	Opportunities: Robotic grain and milk feeders
	Pedometers and automated milk feeders
	Early growth preweaning= more milk first lactation
	Diapositiva numero 9
	Robotic feeders provide calves a choice
	Robotic feeders maximize growth
	Diapositiva numero 12
	Diapositiva numero 13
	Precision technology can help us!
	Diapositiva numero 15
	What is precision livestock farming {PLF}?
	Diapositiva numero 17
	Diapositiva numero 18
	Diapositiva numero 19
	Diapositiva numero 20
	Diapositiva numero 21
	Calves drink less milk surrounding diarrhea
	Calves tend to drink slowly during diarrhea
	Sick calves are less active
	Steps and index useful for -2 d alert
	Diapositiva numero 26
	Diapositiva numero 27
	Objective: Use robotic data to create algorithm for diarrhea
	Diapositiva numero 29
	Diapositiva numero 30
	Alert steps: create relative change alert
	Alert steps: create rolling dividends alert
	Alert test: Diagnostic accuracy
	Diapositiva numero 34
	�Alert works! dividends milk + drinking speed ���
	Alert test failure: rolling dividend milk
	Summary: calves are individuals���
	Where should we go?
	Diapositiva numero 39
	Diapositiva numero 40
	Diapositiva numero 41
	Diapositiva numero 42
	Diapositiva numero 43
	Bovine Respiratory Disease Complex (BRD)�
	BRD is a leading killer of dairy replacements
	Diapositiva numero 46
	Diapositiva numero 47
	Diapositiva numero 48
	Diapositiva numero 49
	Diapositiva numero 50
	Diapositiva numero 51
	Diapositiva numero 52
	Which performs better: Tech or exams?
	Diapositiva numero 54
	Diapositiva numero 55
	Accuracy 80% -6 d with budget constraints
	The cons to Precision Dairy Technologies
	Word of caution
	The case of the implantable microchips: nearly perfect in a lab setting
	Once implanted in the calf, none could substitute for rectal temperature
	Infrared thermography was also influenced by ambient temperature
	Diapositiva numero 62
	Summary
	Thank you!

