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Introduction

*Early post partum responses to NEB
°5 response patterns to NEB
*Need for BHBA and NEFA testing

*Prediction models for response patterns
using FTIR from milk testing data

*Outlook on prediction modeling using
FTIR and Machine Learning/Deep Learning
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NEB ans response patterns

« NEB, metabolic challenges and
« response patterns, such as hyperketonemia,

 Negative Energy Balance early post calving

« Cows react differently to NEB with...
« different degree of fat mobilisation
 liver damage
* Immunosuppression
« change in DMI
« (late) consequences, for ex. RP, Metritis, DA’s

 Response patterns to NEB —> 5 ‘cow types’
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Cow types
 5response patterns to NEB early post calving:

« Athlete cow
* Clever cow
* Healthy cow, but define ‘healthy’...
 Hyperketonemic cow - let’s rethink this concept.
 PMAS cow, the ‘wrong’ reaction to NEB

Athlete cow f 1

Clever cow | ? |

Healthy cow l l t

0 Hyperketonemic cow 1 ? l
%ELEJ.E%*J&L&?ERl&s'o’ﬂf

PMAS cow | t 4



Cow types
* 5response patterns to NEB:

Athlete cow ¢ ? t
Clever cow ? |
Healthy cow i l t
i 2
CHglvr\)/erketonemlc 1 : l
PMAS cow | | t 1

Poor Metabolic Adaptation - PMAS cow:
=Older cow, high milk production,
=Early lactation>3DIM

"increased BCS (>3.5) during early lactation

=or extremely low BCS (<2.5)

*"Increased liver enzymes (GLDH, billirubin)
»decreased DMI and rumen filling, fewer rumen

ogil’i‘%j@wm%me contractions, reduced milk production-> ‘Crash’ cow
Tremblay et al., 2018, 2019




5 Cow types
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« Where does this come from?

Variable Description (units) Mean SD #NA
Lactation Lactation number 3.00 1.60 0| Robot
DIM Days in milk 275 120 0 data
Milk Production Mid-24 hr milk calculated from robot (kg) 320 7.1 0

Milk Fat Fat content (%) 416 0.83 0]

Milk Protein Protein content (%) 327 032 0

FPR Milk fat protein ratio 128 025 o Milk
SCC Somatic cell count (1000 cells/mL) 158.8 4884 0| test
Urea Urea content (mg/dL) 238 87 0| data
Lactose Lactose content (%) 483 0.17 O

Blood Protein (g/L) 712 51 07

Albumin (g/L) 365 28 0

Bilirubin (umol/L) 1.21 1.08 0

AST Aspartate aminotransferase (U/L) 842 251 0

GGT Gamma-glutamyl transferase (U/L) 198 61 0| Blood
GLDH Glutamate dehydrogenase (U/L) 124 112 0

CK Creatine kinase (U/L) 281 452 0 test
BHBA Beta-hydroxybutyric acid (mmol/L) 0.80 038 0| data
NEFA Non-esterified fatty acids (mmol/L) 045 035 0

Cortisol (ng/mL) 26.0 202 14

Rumen Contractions Number of rumen contractions in 2 minutes 2.02 033 0

Rumen Fill? Diagnostic rumen fill score (TR*: 1-5) 3.08 0.68 1 | Physical
Back Fat Back fat measured by ultrasound (mm) 121 39 15 exam
Milk Production Reduction Milk production reduction in one day (kg)  0.012 0.055 15 data
Change in Back Fat Difference in back fat in one week (mm) -0.63 2.37 260

+ Date

+ Farm ID
+ Cow ID
+ Breed

=Bavarian AMS farms (n=26)
were enrolled for weekly
visits (avg. 7 wks)

=Physical examinations of
the cows (5 to 50 DIM) by
veterinarians

®Blood and milk samples
were collected

=790 observations from 312
cows (309 Simmental)

FSM-Irmi Project
Tremblay et al 2018,
2019
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5 Cow types
* bHresponse patterns to NEB:

Cluster: = C1 = C2 = C3 =~ C4 = C5 PMAS Classification: * Low 4 Intermediate + High
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PC1 (50.7% explained var.)

FSM-Irmi Project
Tremblay et al 2018,
2019




BHBA (mmoliL)

Cow Types
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e 5response patterns to NEB:
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Cluster 4: Athlete cow Cluster 3: PMAS cow
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High milk fat early DIM,
reduced milk production
Healthy cow

Hyperketonemic cow: high bBHBA, not doing well
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Cluster

Cluster 5: Clever cow
Reduced milk fat,
Healthy

FSM-Irmi Project
Tremblay et al 2018,
2019



BHBA (mmol/L)

Cow Types
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e 5response patterns to NEB:
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FTIR spectral data to predict bBHB, bNEFA 0

lactose

fat

T I B o o A e U B e e S 8

Entire milk FTIR spectrum

|
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Lactose:; 270-284 Fettl: 292-322
Fett+Eiweiss: 355-382  Fett2: 447-458
Eiweiss: 395-410 Fett3: 735-775

fat

fat +
organic
acids



Prediction models in literature...

Use of milk fatty acids to estimate plasma nonesterified fatty acid
concentrations as an indicator of animal energy balance

Development and analytical validation of a screening method

for simultaneous detection of five adulterants in raw milk using

mid-infrared spectroscopy and PLS-DA t
e 1s H . 4

Bruno G. Botedho ', Nadia Reis ', Leandro 5. Olivelra ", Marcedo M. Sena 1 derlvatlve J. R, R, Dores, . A. French, and L. &. Armentano‘

& Department of Dary Soence, University of Wisconsn, Madison 53706 G LM
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Potential use of milk mid-infrared spectra to predict individual
methane emission of dairy cows

external validation

F. Dehareng' ', C Delosse™”, £ Froidmant’, H. Soyeun™, C. Martin®, N. Gengler™*,
A. VarsSerde' and P Dardenne
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Determination of Protein Concentration in Raw Milk
by Mid-Infrared Fourier Transform Infrared/Attenuated
Total Reflectance Spectroscopy

*Princi
e o ncipal component analysis(Pca)
- eural network model
|
An attempt at predicting blood B-hydroxybutyrate from Fourier-transform
mid-Infrared spectra of milk using multivariate
mixed models in Polish dairy cattle

- PLS,

«\‘\Q(?\)f’\eag\. external validation
At " 2019

“e’c‘“o —

PLS, ANN,

with and w/o cow data

external validation

2020

« 2nd derivatives R Bele 8. 0. Copnedtwars & 1. Kot and ¥ Mner
« PLS regression
. Signal correction

artwwory = Arwrad Kulvion e Deetes ¥roersdy of Agrestan 1 Krov, Ko

(EMSC)
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Modeling choices matter...

Examples for decision criteria:

= Feature extraction

= Observation selection
= Missing data

" Transformations

= Model algorithms

- 8 steps for modeling choices:
VETERINARY MEDICINE Tremblay et al 2018, 2019
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For example: QCheck data
¢ nN=9960, 2641 cows, 5-50 DIM, HF and FV

Gruber et al. 2021, Milk Science International, accepted for publication

« QCheck prediction model for hi/lo bBHB

« and bNEFA uses
 Milk testing data

« Cow data (DIM, lactation number, milk production)
 |R spectral data from 1 instrument

Gruber et al., accepted for publication
JF Mandujano-Reyes 2020, under review, numeric predictions

[ ]
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QCHECK
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* regression tree Full Model Selection... rtFMS
« Dbased on Tremblay et al 2019, ElasticNet algorithm

bBHBA = of < 1.2 mmol/I <D
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results —

 rtFMS: bBHBA regression tree

* ...Machine Learning GLMNET,

-Check to detect hi/lo bBHBA

« 06 model variants, n=9960, 2641 cows, HF and FV

FAF

FAE1

FAE2

FAE3

IR

IR.EMR
standardized

FAF est fowet upper FAF1 est fower upper FAF2 lower upper IFAF3 est lower upper iR lower uppes IR_STAND est lower upper
aprev 0179 0177 0,182 |apeey 0.238 0.235 0.240 | aptey 0,253 0.250 0.255 japrey 0.200 0.197 0.203 [aprev 0.191 0.188 0,193 |aprey 0.190 0.188 0.193
tprev 0.063 0.061 0.064 [tprey 0063 0.061 0.064 [tprev 0,062 0.061 0.064 tprev 0.062 0.061 0.064 [tprev 0.063 0.061 0.064 [tprev 0.063 0.061 0.064
= 0.667 0.655 0.678|se 0.606 0.594 0619 se 0.710 0.699 0722158 0.637 0.624 0.649 [se 0.739 0727 0.750|se 0.752 0.741 0.763
3 0.853 0.851 0.855|sp 0.787 0.784 0.790}sp 0.778 0.775 0781 E_sp 0.829 0.827 0.832sp 0.846 0.844 0.848 |sp 0.847 0.845 0.850
diag.acc 0.841 0.839 0.844 |dlag.acc 0776 0773 0.778 |diag.acc 0774 0 07 lb?dhucc 0817 0.815 0.820 |¢agacc 0.839 0.837 0.842 |diag.acc 0841 0839 0.844
bal.acc 0.760 0.753 0.767 |batacc 0.697 0.689 0.704 |batace 0.744 0.737 0 ISLfbal.ux 0.733 0.725 0.740 [balace 0.792 0.785 0.799 |halacc 0.800 0.793 0.806
diag.or 11607 10969 12.283|dlag.or 5.691 5392 6.007 [diag.o¢ B.584 8.097 9.101 [diag.or 8.498 B.037 B.987 |dlag.or 15525 14618 16487 |disg.or 16872 15871 17936
nnd 0.007 0.007 0.007 |nnd 0.007 0.007 0.007 |nnd 0.007 0.007 0.007 land 0.007 0.007 0.007 {nnd 0.006 0.006 0.006 nnd 0.006 0.006 0.006
youden 0520 0.505 0.534 |youden 0.393 0.378 0.408 |youden 0.488 0.474 0.502 lyouden 0.466 0,451 0.480 [youde 0.585 0571 0.598 |youden 0.600 0586 0.613
PPV 0232 0.226 0.239 |ppv 0.160 0.155 0.164 |ppv 0.176 0171 0.181 lppw 0.199 0,193 0.205 |ppv 0242 0,236 0.249 |ppv 0.247 0.241 0.254
npy 0.975 0973 0.976 |npv 0.968 0.966 0,969 |npy 0976 0.975 0 t)Hinov 0972 0.970 0.973 {npv 0.980 0979 0,981 |npv 0981 0.980 0.982
pir 4537 4430 4,646 |plr 2.846 2779 2.915|ple 3197 3.132 3.263 [phr 3.725 3.636 3.816{pir 4.797 4695 4.901 |plr 4931 4828 5.036
nir 0391 0377 0.405 |nlr 0.500 0.485 0.516|nlr 0372 0.358 OJE-SEnk 0.438 0.424 0.453 |nlr 0.309 0,296 0322 |nlr 0.292 0.280 0.305
BRA_FAP S SN NONE_Cone. Yt _Srand. %00 | BHES_FAF] R ENE. NONE_Con. You_firmard, W | DHEA_FAF2_ R KM NONE_Cotn, Yod_Broed, hi_ | BHOA_FAF T Ru SVR. NONE_Cow. Yer_firmad. Vs | S0A_ T8 SO DMI_EME, NONE_Con. Yas_Brend. N | 5022 1R_5 D, CK_DW, STAND Com. You_t-eed ¥
VIMME, M AT TN i), i ghCorr_nof satExt_5 (M5 TWWE. Nn_aAY het_ine) , ighCorr_nufestEet_ [M1 TR, Yer AV TW_inc), i ghCorr_nofeetEcs | MY TIME, Yes_ A1 IWnine ], nighCorr_noFanstes | TAME. B2 2_inc) MighCorr_sof satis |00 ThE . Mo _ENR21 2 _tncl. thghCarr _ncF sat
MOTE2 GUET. ST . €3_GLWNET,_5660_8 SMOTEZ00. pp. €3 GLMNET_ 9442 12 xt _SHOTEIO0. DO 5. GLMNET_3660. 216

FAF*:
EMR:

fatty acid packages by FOSS, DK
FTIR standardization by Grelet et al., 2015, 2016
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rtFMS: s Tremblay et al 2019
QCheck project: Gruber et al., 2021, accepted for publication
QCheck model: JF Mandujano Reyes et al., under revision

QCHECK



Machine Learning, Deep Learning

« How does is work?

What does a Neural Network look like?

- Data for Input layer

« Hidden layers in

« densely connected convoluted neural networks (DNN)
« Output layer

/
== data

’ O
‘gradient descent’ .

see F. Chollet 2020 Input
SCHOOL OF
VETERINARY MEDICINE layer
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Aim: predict bBHBA hi/lo using FTIR only...
a classification model and different algorithms
212 wave numbers, 2"d derivative

Qcheck Cross-validated prediction results (cv =10), n=9660

Balanced s e

BHB (1.2) AUC Accuracy A Sensitivity Specificity PPV NPV

™ 0.861 0.793 0.768 0.743 0.793 0.236 0.976
+0.073  +0.088 +0.074 + 0.192 +0.104 +0112  +0.021

ANN 0.830 0.825 0.745 0.647 0.842 0.261 0.963
+0.095  +0.074 +0.084 + 0.195 + 0.085 +0.122  +0.035

ONN 0.827 0.833 0.742 0.635 0.848 0.260 0.963
+0.106  +0.078 +0.102 + 0.224 + 0.085 +0.107  +0.035

XGBoost  0.802 0.861 0.802 0.733 0.872 0.3323 0.974

+0.031

SCHOOL OF

wvmmwmmwma Very similar prediction performances
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Aim: predict bBHBA hi/lo using FTIR only...

a classification model

*What is next?

*Stack different data sets

*Optimize prediction models
*Robustness check:; external validation

*Compare EMR standardized FTIR models
to non-standardized data used for
prediction models

‘Ensemble models

0 VE lLR]N -'\l Y '\AEDICINF
............................



Prediction models in literature...

Use of milk fatty acids to estimate plasma nonesterified fatty acid
concentrations as an indicator of animal energy balance

Development and analytical validation of a screening method

for simultaneous detection of five adulterants in raw milk using

mid-infrared spectroscopy and PLS-DA t
e 1s H . 4

Bruno G. Botedho ', Nadia Reis ', Leandro 5. Olivelra ", Marcedo M. Sena 1 derlvatlve J. R, R, Dores, . A. French, and L. &. Armentano‘

& Department of Dary Soence, University of Wisconsn, Madison 53706 G LM
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Potential use of milk mid-infrared spectra to predict individual
methane emission of dairy cows

external validation

F. Dehareng' ', C Delosse™”, £ Froidmant’, H. Soyeun™, C. Martin®, N. Gengler™*,
A. VarsSerde' and P Dardenne

e o A1/l sty Drssatmrd, AbBam Ay v Aol (e B30 Cavnn, Rrkguery * Wpna St o b S ant oy 3on, B
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Determination of Protein Concentration in Raw Milk
by Mid-Infrared Fourier Transform Infrared/Attenuated
Total Reflectance Spectroscopy

*Princi
e o ncipal component analysis(Pca)
- eural network model
|
An attempt at predicting blood B-hydroxybutyrate from Fourier-transform
mid-Infrared spectra of milk using multivariate
mixed models in Polish dairy cattle

- PLS,

«\‘\Q(?\)f’\eag\. external validation
At " 2019

“e’c‘“o —

PLS, ANN,

with and w/o cow data

external validation

2020

« 2nd derivatives R Bele 8. 0. Copnedtwars & 1. Kot and ¥ Mner
« PLS regression
. Signal correction

artwwory = Arwrad Kulvion e Deetes ¥roersdy of Agrestan 1 Krov, Ko

(EMSC)
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Conclusions

*5 cow types in response to NEB
*Opportunities for cow- and herd-level management
*Need for bBHB and bNEFA testing

*FTIR prediction models are useful

*Modeling choices matter

*Need for uncertainty measures for performance
*Need for prediction modeling standards and comparisons
*Need for external validation of prediction models
*Re-visit the choice of performance parameters
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Conclusions

*Why is this important?

*There is a need for
Interdisciplinary
communication to support
decision-making
processes.

*Prediction models are
part of this process.
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Thank you!
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Thank you to the MetAlarm Project Team!
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