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Study-case :

Milk mid-infrared spectrometry




1883-1887: First dairy companies in Belgium

1903: Firstinternational congress of dairy industry
in Belgium =» Common approach

1953: Belgian law : label Aand AA

1903: Creation of International Dairy Federation (IDF)
Starting research to standardize and to discover new
analytical, simple, reliable and reproducible methods

1957: Milk recording on individual cows

»

>

1897: First national congress of dairy industry
Need for solid content quantification to fix
milk price

1927:
First spectroscopic analysis
Filtered UV analysis on milk

Algorithms based on milk analysis

L 1960 : use of L

1964: Routine milk analysis for quality and composition for the milk payment

60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

1964:

—| Increasing use of MIR
analysis to assess milk
composition

multivariate linear
regression

17 1970: First MilkoScan : one cell measurement

1990: FT-MIR : Anadys

1991: First PLS model for milk analysis.




60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

1970: First MilkoScan : one cell measurement

Milk spectroscopic analysis

1927: 1964:
First spectroscopic analysis Increasing use of MIR
Filtered UV analysis on milk analysis to assess milk
composition
4 Filters




Prior to making a comparison of the two
calibration approaches, it will be useful to re-
view the basic principles of infrared milk anal-
ysis. A much more detailed discussion of basic
principles of infrared analysis is available else-
where (3). In general, four filters are used in
most infrared analyzers. The following predom-
inant wavelengths are commonly used: 5.723
um for fat (C=0 at the ester linkage), 6.465 um
for protein (N-H bond with the peptide bond),
9.610 um for lactose (C-OH bond), and 3.48
pum for fat (CH, groups). These filters are
referred to as fat A, protein, lactose, and fat B,
respectively. A separate reference filter (i.e.,
wavelength) is used in combination with each
of these wavelengths in most instruments.
Some new instrument models (Multispec Dairy
lab) use no reference filter (it uses water read-
ing at the same wavelength) or only uses one
separate reference filter wavelength for all
channels.

4 Filters

1,747cm " for fat (C=0 ester linkage) = Fat A

1,547 cm for protein
1,041 cm for lactose

2,873 cm for fat (CH2 groups) = Fat B

0.0 1

0.15 4

SYMPOSIUM: INSTRUMENTAL METHODS FOR MEASURING
COMPONENTS OF MILK

Infrared Milk Analysis — Challenges for the Future!
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Linearity between IR absorption and trait

Univariate linear regression

y X

Y1 X4

2 X2 Filters :

. =g+b* ) +e e Protein
| . * Lactose
Yn X




Univariate linear regression
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Linearity between IR absorption and trait

Univariate linear regression

y X

Y1 X4

2 X2 Filters :

. =g+b* ) +e e Protein
| . * Lactose
Yn X

—)  %fat ?



Use the information coming from 2 filters

Multivariate linear regression

%fat FAT A FatB
] %fat
y1 X1 X1
Yo X5 X5
= b1 . + b2 : + e
Yn Xn X, ~
/FatA
Variable to
be
explained y = B t e

Regression coefficients FatB The 2 filters are not strongly correlated.




Regression

Estimation of regression coefficients
y=xXB+e

Ordinary least squares (OLS) estimation

min (e*= (y - X B)*)

a(y—X,B)2= =(X" X)X’
— TR -}66 )}3/

\(
I

The inversion can be sometimes problematic when
features are highly correlated.



Regression

Estimation of regression coefficients by iteration

min ((y - X B)?) =» (y - X B)* is the cost function (J([B))

=)

Best estimator

100~

J(B1)
J(Bo,B1)

n
1
e == ) 0= )’
i=1
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P



Regression

Estimation of regression coefficients by iteration

min ((y - X B)?) =» (y - X B)* is the cost function (J([B))

B coefficients are estimated from partial derivatives

e —

d
temp0 = By — a =] (Bo, B1)

d
_j(ﬁﬂa ﬁl) 9Po
dPo p
) ‘ temp1 = B, — a3 (6o )
a .
a_ﬂl)’(ﬁﬂa ﬁl) Po = tempO
; = temp1l




Regression

Estimation of regression coefficients by iteration

From univariate regression N

d

temp0 = 5, — Hﬂﬁu

)’(BIJJ )81)

J(Bo)

Bo = temp0

Positive slope
= derivative

Farest we are from the best estimator, bigger will be
the derivative value (=slope) !! ﬁﬂ

A 4

Bo



Regression

Estimation of regression coefficients by iteration

From univariate regression
temp0 = f — Hﬂﬁ J(Bo» B1)
0

templ = f; — ﬂ—f(ﬁmﬁ:l)

0,
By = temp0
f; = templ

Gradient descent

15r

wy




Regression

Estimation of regression coefficients by iteration

From univariate regression

temp0 = f, — H;\E}(ﬁu:ﬁi)
templ = B, — Hi}(ﬁmﬁﬂ
0p
po = tempO
p; = templ

Gradient descent

Number of iterations



When have we started to
machine learning /
artificial intelligence ?

Tom Mitchell introduces the concept of « Learning
by experience »

« A computer program is said to learn from
experience E with respect to some task (T) and some
performance measure P, if its performance on T, as
measured by P, improves with experience E. »

=» When we have started to estimate regression
coefficients using interative procedure.




Model complexity

e Structure
e Number of features or combined features

* Number of parameters
* Optimized parameters



The complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivariate
linear
regression




60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

1970: First MilkoScan : one cell measurement

Milk spectroscopic analysis

1927: 1964: T— 1990: FT-MIR : Anadys

First spectroscopic analysis Increasing use of MIR

Filtered UV analysis on milk analysis to assess milk [ p—
composition e

Higher dimensionality

Multivaried linear regression

Y=p+b;x;+by,x,+e

1
* Low computational »
resources 0'6
* Need anumber of samples 0'4
higher than the number of '
. . 0.2
features in the regression
. - 0
* Features cannot be highly
r-0.2
correlated
0.4
0.6

0.8




Different possibilities

(1) Make a selection of features

(2) Forceto share the informations
between correlated features

(3) Create new less correlated features
based on linear combination




Different possibilities

Penalized regression <«

(1) Make a selection of features

(2) Forceto share the informations
between correlated features

(3) Create new less correlated features
based on linear combination




Penalized Regression

Ridge
» Solve the colinearity problem by reducing the value of b coefficients

Regularization parameter

/

min F—i(y" = Braxy =+ = Byixg)” @Z By
= j=1

—

If =0 => simple linearregression

\ J | } If 1, penality is growing

! f

OLS Penalty




Penalized Regression

Lasso

» Lasso (Least Absolute Shrinkage and Selection Operator)

min

. .
D 01— Bux == B +1 ) |
=1 =1

1 N

Y Y
OLS Penalty




Coefficients

20

15

10

Ridge vs. Lasso regressions

2 2 2 2 2 2 2 2 2 2 2 0 0 0
] RIDGE < LASSO
Sharing o | Feature selection

Coefficients
10

Log Lambda
Log Lambda



Penalized Regression

ElasticNet

» Combination between Ridge and Lasso

n q q
Y @i Bty — = Baxg) 3, ) B+ ) [
i=1 j=1 j=1

\ J \ J

! !

OLS Penalty




But, the complexity of models changes &

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear
linear Regression
regression (Ridge, Lasso,

Elastic)




Different possibilities

(1) Make a selection of features

(2) Forceto share the informations
between correlated features

(3) Create new less correlated features
based on linear combination




Nvariable in the regression is limited to the number of
records — the number of estimated coefficients

Spectral variables (X variables) are correlated between
them - colinearity

% What can we do?




B |

"

20d

PC1

- Reducing the dimensionality of the X matrix

- Principal components are independent

Principal Components

Analysis

=0

Correlations between them




Principal Components Analysis

ﬁecords (nxp) \

- n=number of observations
- p =number of variables (e.g., 1,060)

Standardization of each j explaining variable

;O — %)

- s /
r B

(1) 2 = UgXig + UpXip + 20+ UpXip
2 2 “e e 2 _
(2)U ‘|j+u 2j+---+U pj_1
(3) UnjUgi + Ugipi + 222+ UgiU, = 05 Vj# K
(4) Maximum variance for Z,

\_




Principal Components Regression (PCR)

PCA allows to maximize
the X variability and
reduce the number of

considered x variables if

they are correlated
y = XPCA B + e between them.

Similar to multivariate linear regression but now the features are not correlated.



Partial Least Squares Regression (PLS)

» Advantages of multivariate regression without inconvenients

» No colinearity problem
» No problem to model with a large dataset

» No problem to interpret

» Take into account simultaneously X and y variabilities



PLS method — NIPALS algorithm

cov(exs j, eys)

Oexs j Oeys

eXs j,eYs

Egs=Ds-1, B R(exs j eys)

exS j:eyS = .
2 vaarlable+1
J=1

R(ex; j eys)

B1 =(tn’tn)_’]tn’DS

tnp = WpeXgq + WpeXsy + ...+ Wypariable€Xs nvariable



But, the complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear Principal
linear Regression Component
regression (Ridge, Lasso, regression
Elastic)

Partial Least
Squares
Regression




Why other kinds of
model?

Difficulty to consider no linear relationships

* Use polynomials




A discriminant modelling method

SVM
Support Vector Machines

V.N. Vapnik (The Nature of Statistical Learning
Theory, Springer-Verlag, New York, 1995)

!

'

© Juan Fernandez Pierna, 2024



A discriminant modelling method

SVM

Notations

— Consider a learning data set {(x!,y?),...,(x",y")} where y.
1s the class label of vector x;

= Spectra lie in X whereas labels lie in y = {-1,1}

Aim

— build a decision function /(x) able to assign a label from
the observation of a certain number of input-output pairs

(i) i=1,..m}
f(x): X — {+1,-1}

© Juan Fernandez Pierna, 2024



A discriminant modelling method

SVM

Hyperplane classifier

— We assume here that a linear classifier can be implemented

Quantification =» distance from
the hyperplane

(Source : Manuel Davy, CNRS (Equipe ADTS) © Juan Fernandez Pierna, 2024
October 11, 2003, Nantes, France)



A discriminant modelling method

SVM

Suggestion

—> The one that maximises the margin within the learning
data set

C optimizer.

Classifier that maximises the margin = Optimal sparating hyperplane
-> better generalization is expected © Juan Fernandez Pierna, 2024



A discriminant modelling method

SVM

— The decision function1s | f(x)=sign Z V., <x,x; >+b
i=1

= «;’s are nonzero only for a small number of learning
vectors, samples at the margin

called Support Vectors

—> Then, one only considers
support vectors (sparse solution)

SV
f(x)=sign Zylaf <X,x;" >+b

i—] © Juan Fernandez Pierna, 2024




Or a nonlinear classifier?

‘m Fernandez Pierna, 2024



But, the complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear Principal Support vector
linear Regression Component machine
regression (Ridge, Lasso, regression
Elastic)

Partial Least
Squares
Regression




Neural network

* Artificial neural network (ANN)
* Basic of deep learning

* McCulloch-Pitts (1943) represents the neuron
as a binary tool

e Greatinterestinthe 80’s and 90’s

* Mimic the structure of brain composed of
neurons and synapses




Firstidea

INPUT MACHINE

CARACTERISTIQUES ALGORITHMES CLASSES
PREDICTIONS TECHNIQUES REPONSES
ATTRIBUTS MODELES CIBLES

VARIABLES PREVISIBLES VARIABLES DEPENDANTES

@Richard, 2017



Artificial neural network

Combination function calculate the value of a
node from the other connected nodes and their
corresponding weights

Transfer function define the output value
* E.g.,sigmoid or logistic function

* Linear behavior nearto 0 and not
linear at the extremities

* Model linear and not linear
phenomena

g(x)

: \ —
—O—
a

33 /

1
1+ exp (—x)




h(x) = af) =9(0c§? ac()z) _|_9(2) (2) +9(2) (2) +6(2) gz))
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Concrete example

o1
-30
° h(x) = agz) = g(—30.x5 + 20.x; + 20.x,)

1
01(1) +20
° I h(X)

9(1) +20 e logit

21 1 co000000000
203

) 0,9 .o".
Transfer function: . .o'
Logit 0’7 o®
e* _ 1 0,6 o.
+1 0 0 g(-30) o
o 02

1T+eX 1+4e™ 0'5.°
[ ]
O®!
11 1 5(10) N
csscseee®®®® o
-6 -4 -2 0 2 4 6

[ J
Explicative variable (x)

Probability



Weight estimation

Back-propagation of error gradient
* The oldest algorithm
* Minimize the prediction error similarly to the ordinary least squares

* |terative estimation
 Start : attribution of random value to all weights = first prediction = error
* The values will be modified at each iteration
* Higher will be the error, stronger will be the change of the weight value.

n k
N = number of samples 2 ~ 2
K = number of nodes € = zz(yij ~ Yij)
i=1j=1



Optimization

Complex process to optimize the architecture of the
neural network

* Number of nodes/ units on the hidden layer
(size)

* Number of layers (often one hidden layer)
* Penalty (decay)
* Number of iterations

* Needthe cross-validation to assess the model quality

* Eachrun can give different cross-validation results
due to the random initialisation = fix the seed
* For afirst approach:
* High number of iterations

* Gridtotestthe best number of nodes and decay
value




Wide & deep neural network

Output layer Output layer A

Output layer Output layer

Concatenation

Concatenation Output layer B

Hidden 2

Hidden 1

Hidden 1 Hidden 1

Input layer

Input layer

Input layer A Input layer B Input layer A Input layer B

Sequential \ Y

| net k
neural networ Wide & deep neural network



Decrease the weights

e Feature selection

e Lasso
e Random Forest

* PCR components
* PCAnet

* PLS components



But, the complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear Principal Support vector Neural
linear Regression Component machine Network —
regression (Ridge, Lasso, regression Multilayer
Elastic) perceptron
Partial Least
Squares
Regression







Convolutional neural network (CANN)

David H. Hubel and Torsten Wiesel in the 50’s
observed that several neurons in the visual
cortex of cats in the brain focus on a restrict
region of the visual field and interact only if
visual stimuli occurred in this region.

=» No interest to link all neurons ‘ .
<+ | LGN Retlna \ % -
O) . -

Optical Input

=>» Localreceptive field (LRF)

V1 Receptive Fields




Local receptive field (LRF

Convolutional layer 2

Convolutional layer 1

] S 4
\

V1 Receptive Fields

Optical Input
Local receptive field
—  Connections with the next layer
-~ -
: »
Input layer Pixel Q - m
g PP 4
O  Neuron Optical Input
e
\ J \ J | J

| : !
Dense Pooling Convolution Pooling Convolution Convolution



Padding and stride

S
/
n
A
I\
>»
§$=2°¢ T Y7 7
A A Y 7
( Zy y -
7 7 <
\ 7/ \ \ 7
N7 , S

7/
5 padding = "SAME"

/ W added margin
stride = 2



filter

1 0 1
B 35 5 onE
0 1 0
GG
Input image _
Padding = valid (no margin) Filter (3x3)
Stride = 1
E Ei @2x1)+(0%0)+(1*1) 2 ©° 1
S I +(0*0)+(1*0)+(0*0) 0o 1 ©
&0 +H0*0)+(0*N)+(1*0)
2 =3
o ERERE
2 0 | 1 ‘ 1
1 0
0 1 0 0
| . >< 0 0
0 0 1 0
' 0 1
0 3 0 0

==

Output image with
stride = 1
1 0
X oo
0 1
— 3 2
o 3 1

Final output image




Feature maps

Spatial convolution n feature maps
with n flilters

fli.x.y)
........ single pixel .
Ll B output padding
feature map .

.t
et
et
A

filters

local receptive field

Where are the weights ?




Feature map

H\ Zjq = (f1,1 *Wyq * x1,1) + (f1,z * Wy o * xl,z) + (fi,a *Wy3 * x1,3)
- +(f2,1 FWyq * xz,l) + (fz,z *Wy o * xz,z) + (fz,a * Wy 3 * xz,a)

+(f3,1 FWgq % -7‘-’-'3,1) + (fa,z *Wg o * xz,z) + (fa,a *Wg 3 * JI73,3)
+ bias, 4

Not all neurons are connected

filter
1 0 1
———— 0 0 0
0 1 0
x1 4
Zi, L1,
xz,d
XS 4
2,4 Zy 5
x-ﬂ,-ﬂ




Pooling layer

* decrease the dimensionality of
the layer by sub-setting the i i

Image  MaxPool2D | | MaxPool2D J ( MaxPool2D—:l

] | T W

e 2*2 is preferred

e Max or mean is used 2= i R




cANN

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

Need to treat the spectrum as an image.



But, the complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear Principal Support vector Neural Convolutional
linear Regression Component machine Network - neural network
regression (Ridge, Lasso, regression Multilayer
Elastic) perceptron
Partial Least
Squares
Regression

Linear until non-linear relationships



But the complexity of models changes

LASSO (L1 norm)

400 600
Lambda value

Higher features, higher train R®



Impact of validation

* External validation:
* Independent datasets
* Take care to the hidden dependencies
* Internal validation: ) e bedifteront
* Simple: Random splitting of the dataset
e 2/3 calibration and 1/3 validation
* Cross-validation
* Bootstrapping ...



But, the complexity of models changes

e Structure
* Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried Penalized linear Principal Support vector Neural Convolutional
linear Regression Component machine Network — neural network
regression (Ridge, Lasso, regression Multilayer
Elastic) perceptron
Partial Least
Squares
Regression

Higher computational resources

Linear until non-linear relationships



Example with saturated fatty acids

Method N Parameters RMSEcv Ricv Validation

Mean SD Mean SD N RMSE_v R%v
ridge 1500 1.00E-04 0.10 0.01 0.96 0.00 200 0.10 0.99
lasso 1500 0.1 0.39 0.05 0.79 0.06 200 0.23 0.93
enet 1500 0.525_1e-04 0.09 0.01 0.99 0.00 200 0.10 0.99
pls 1500 28 0.09 0.01 0.99 0.00 200 0.10 0.99
pcr 1500 29 0.12 0.02 0.97 0.01 200 0.13 0.98
rf 1500 289 0.17 0.01 0.95 0.00 500 0.20 0.94
RRF 1500 145_0.01_1 0.17 0.02 0.95 0.00 200 0.19 0.95
pcaMNNet 1500 5_0.001 1.84 0.03 0.19 0.23 500 1.88 0.47

There is not only one interesting model ...




Jeurrmal of

JOUI'I"ICII of D{]iry Science Dairy Seience
Volume 103, Issue 12, December 2020, Pages 11585-11596

Research

A comparison of 4 different machine

Table 1. The 10-fold cross-validation and external-validation performances for predicting learning algorithms to p[‘edict lactoferrin
lactoferrin content in milk using 4 different machine learning algorithms’ content in bovine milk from mid-infrared
spectra

PLSR  PLS +Linear PLS +Polynomial SWR  PLS + ANN

SVR H.Soyeurt® 9 =, C. Grelet 2, 5. McParland %, M. Calmels % M. Coffey 5, A. Tedde ., B. Delhez ! €,
F. Dehareng ? N. Gengler®

Selection function one5SE oneSE best best = oneSE>
Calibration (n= Parameters nlV: = C¢=5 degree = 3; scale = size = 4; decay Exa m p le : LactOferri n
5,541) 23 0.01;C=1 =0.5
R*c 0.53 0.53 0.64 0.60 Mean: 260 m g/|_
RMSEc 14004 14432 125.89 130.50 |Difference| pisys ann: 1.59 mg/L =» 0.61%
Cross-validation Ricv 0.51 0.53 0.56 055 |D|ffe rencel PLS vs LSUM - 11.16 mg/l_ 9 4.29%
. . 0
evSD 003 003 0.0 003 |Difference| p s vspsym: 2.99 mg/L = 1.15%
. . 0
RMSEcv 14431 14460 138.40 130.01 |B|:ze reNCe| axnvsLsvm* | 2';5 m/gli Lea 4‘52? /0
ifference :4.58 m 1.76%
RMSEcvSD 577 561 8.08 5.05 | ) | ANNvs PSVM g
|Difference,; psymyssym: 8-17 mg/L=» 3.14%
RPD 143 1.42 1.49 1.48
External validation (n R%v 0.61 0.63 0.62 0.60 .
-836) Small differences!
RMSEv 163.76 17492 166.75 162.17

Soyeurt et al., JDS 2020



Average RMSE (g/day)

Journal of Dairy Science

£ Eik Volume 105, Issue 10, October 2022, Poges 8272-8285
ELSEVIER

Research

Predicting methane emission in Canadian
96 Holstein dairy cattle using milk mid-
infrared reflectance spectroscopy and other

o commonly available predictors via artificial
neural networks
Saeed Shadpour %, Tatiane C.5. Chud *, Dagnachew Hailemariam ?, Graham Plastow 2,
92 Hinayah R. Oliveira %, Paul Stothard 2, Jan Lassen ? Filippo Miglior 1 #, Christine F. Baes
Dan Tulpan , Flavio S. Schenkel! 2 &
90,3775
90
88
86,9575 Example : Methane
86
Mean: +/- 400g/jour
84 |Difference| p s sy - 38/day = 0.75%
82
N e'\ e“lx é(b éb‘ éoj e@ é\ %tb %o') NN 2 Q)‘lz Q;b Q)v Q)<° P Q;\ Q)Q) Q)O.) O
Q S S S S S S S T T VST TESEE



Jourrmal of

Journal of Dairy Science Dairy science
Volume 107, Issue 2, February 2024, Pages 978-991

Research
Predicting methane emissions of individual
. Statistic H H
Method Predictor L L : b P10 Hethod T . b o grazing dairy cows from spectral analyses of
Previous Previous M .
a.m. -0.23(8.97) 43.04(2.36) 0.54(0.03) 0.94(0.11) 1.76(0.16) a.m. 0.12 (8.66) 42.50 (1.64) 0.64(0.02) 0.90(0.11) 1.76(0.16) their milk Samples
-0.11
p.m. 0.03(9.49) 43.73(2.48) 0.63(0.03) 0.93(0.11) 1.74(0.16) p.m. (10.00) 43.15(2.04) 0.64(0.03) 0.87(0.10) 1.73(0.18) 5. McParland, M. Frizzarin, B. Lahart, M. Kennedy, L. Shalloo, M. Egan, K. Starsmore,
.m. and M. d D.P. Berry 2 =
;'nT 4N _0.01(8.89) 42.15(1.52) 0.65(0.03) 0.94{0.10) 1.77(0.17) ;: AN _0.42(8.26) 41.14(1.86) 0.67(0.02) 0.90(0.09) 1.81(0.16) =
Average Average
am.and -0.09(8.81) 41.76(1.98) 0.66(0.03) 0.95(0.11) 1.79(0.18) am.and  -0.42 (7.96) 41.45(1.45) 0.66(0.03) 0.91(0.12) 1.80(0.15)
p.m. p.m.
Following Following
a.m. -0.49(9.34) 44.62 (1.46) 0.61(0.02) 0.95(0.09) 1.71(0.11) a.m. -0.73(8.93) 43.59(1.42) 0.64(0.02) 0.92(0.11) 1.75(0.11)
) p.m. -0.06 (9.93) 45.23(0.90) 0.60(0.04) 0.93(0.12) 1.69(0.12) p.m. -0.36 (9.08) 44.36(0.37) 0.62(0.03) 0.89(0.07) 1.72(0.11)

Partial least . and Meural am. and

squares p'm' -0.20(9.14) 44.14(0.76) 0.62(0.03) 0.94(0.10) 1.73(0.11) networks p'm' -0.96 (8.84) 42.48 (1.02) 0.66(0.03) 0.89(0.08) 1.80(0.13)
Average Average
am.and  -0.56(9.43) 44.00(1.40) 0.63(0.03) 0.95(0.10) 1.74(0.11) a.m.and  -0.46 (8.23) 42.33(1.38) 0.66(0.03) 0.92(0.09) 1.81(0.13)
p.m p.m. Example : Methane
Flanking Flanking
a.m. -0.42(9.08) 38.09 (1.87) 0.6 (0.03) 0.95(0.11) 1.87(0.17) a.m. 0.16(8.97) 38.23(L.50) 0.68(0.03) 0.92(0.12) 1.86(0.17)
p.m. -0.11(9.71) 39.25(1.57) 0.66(0.03) 0.93(0.12) 1.81(0.15) p.m. -0.46(9.27) 39.16(0.94) 0.66(0.02) 0.87(0.07) 1.82(0.14)
.m. and .m. and P
;nT % _0.10(8.83) 37.98(1.36) 0.68(0.03) 0.95(0.11) 1.87(0.16) ;'r: N _0.77(8.43) 37.17(153) 0.70(0.02) 0.91(0.09) 1.91(0.15) Also low differences
Average Average
am.and -0.25(8.92) 37.56(2.00) 0.69(0.03) 0.96(0.11) 1.90(0.16) am.and -0.33(7.95) 37.46(4.01) 0.71(0.03) 0.92(0.11) 1.85(0.16)

p.m. p.m.




Open Access | Article
Identifying Health Status in Grazing Dairy Cows from Milk Mid-Infrared
Spectroscopy by Using Machine Learning Methods

by Brenda Contla Hernandez ' &, Nicolas Lopez-Villalobos 2 B2 and Matthieu Vignes "

! School of Fundamental Sciences. Massey University, Palmerston North 4442, New Zealand Table 2. Performance of classification models obtained in 10 Monte Carlo cross-validation for classifying any
2 School of Agriculture and Environment, Massey University, Palmerston North 4442, New Zealand health problem and healthy cows during lactation (early, mid and lactation) at two dairy farms during the 2016
* Author to whom correspondence should be addressed. production season 1

Animals 2021, 11(8), 2154; https://doi.org/10.3390/ani11082154
Models 2 Sensitivity Specificity Accuracy PPV NPV AlUC MCC

PL53-DA 65602597 7950236 ¥885x223 | 15252307 9766205 7259327 024=x004

RF 4622+ 862 THZ6xZ15| 77E12105 [ 1094+£188 B9638x073 G6274+x378 014x004

SVM G6.39+680 7TE39x292| To84 242 | 13482162 97612061 7139237 022=x002

MM G1.74+1599 O700+285| 9516+ 3.26 |59099+326.20 97E87+087 7O037+0916 0583+022

More nuanced |n ClaSS|flcat|0n CMM 70241270 925+527 | 0063 +408 |3382+1341 975075 7476688 039+013

ESA 57151238 87V61x619) 86022621 |2406+13.07 9736077 7238x848 031=x016

ESMJ G075+£598 8357256 8236227 [ 1718+321 97462055 7216229 0252004

ESWA  5643+1456 85132741 83612736 (21331418 97220087 7078971 027017

1 These values correspond to the mean + SD obtained by 10-fold Monte Carlo cross-validation for
classifying any health problem (lameness, mastitis, reproductive disorder, etc.). From the cows' records,
the positive cases were cows that had any illness (lameness, mastitis, reproductive disorder, etc.) and
negative cases were cows who were healthy (no diagnosed disease), S0 = Standard deviation; PPV =
positive predicted value; NPV = negative predicted value; AUC = area under the receiver operating
characteristic curve; MCC = Matthews correlation coefficient. 2 Models used to perform the classification:
PLS-DA = partial least squares discriminant analysis, RF = random forest, SVM = support vector machine,
MM = neural network, CNM = convolutional neural network, ESA = ensemble stacking average, ESMJ =
ensemble stacking major voting and ESWA = ensemble stacking weighted average.



Table 3. Model performance for multilayer perceptron (MLP) and convolutional neural

Journal of Dairy Science g el of network (CNN) approaches based on strategy 3 data': accuracy (Acc), sensitivity (Sens),

Volume 105, Issue 4, April 2022, Pages 3615-3632

specificity (Spec), and area under the receiver operating characteristic curve (AUC) values
within the training, herd-independent validation (VAL-Test) and pregnancy-associated
glycoproteins validation (VAL-PAG) data sets

ELSEVIER

Research

Pregnancy status predicted using milk mid-

Deep Training Test validation (VAL-Test) Glycoprotein-based
infrared spectra from dairy cattle learning validation (VAL-PAG)
approach?
k.M. Tiplady*? 2, =, M.-H. Trinh %, S.R. Davis !, R.G. Sherlock , RJ. Spelman *, D.]. Garrick and model® Acc Sens Spec AUC Acc Sens Spec AUC Acc Sens Spec AUC
B.L. Harris !
MLP
approach
MLP CNN PP
l — J [ —— [ = ] [ e FT-MIR 0502 0.574 0.611 0.628 0586 0580 0.607 0632 0664 0.672 0569 0.660
Nx1 N x 528 Nx1 N x 528 spectra
v v v
et G = FT-MIR 0504 0621 0566 0.631 0614 0620 0.564 0635 0.602 0700 0.409 0.647
7 spectra +
AdaptiveAvgPool DIM
tealoRoL!) FT-MIR 0550 0.554 0.564 0.583 0562 0567 0.547 0581 0554 0547 0.636 0.636
BatchN
Y " fm spectra (pre-
| Nx10 [ Nx10 ] [ N x 1024 x1x 1 ] adjusted for
DIM)
CNN
approach
FT-MIR 0.625 0.625 0625 0.675 0611 0620 0.582 0641 0.684 0.606 0554 0.676
spectra
FT-MIR 0.645 0.670 0.6520 0.700 0.636 0.650 0.563 0.654 0.723 0.741 0519 0.685
BatchNorm spectra +
FullyConnected FullyConnected
DIM
i} E FT-MIR 0.982 0975 0.988 0.098 0.668 0.790 0.273 0551 0.750 0.805 0266 0.564
spectra (pre-
adjusted for
More nuanced in classification DIM)
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Journal of Dairy Science Dairy Science
Volume 105, Issue 10, October 2022, Poges 8272-8285

Research

Predicting methane emission in Canadian
The variability is bigger within the same model using Holstein dairy cattle using milk mid-

different sets of features infrared reflectance spectroscopy and other
commonly available predictors via artificial

neural networks

Saeed Shadpour %, Tatiane C.S. Chud *, Dagnachew Hailemariam 2, Graham Plastow ?,

Hinayah R. Oliveira 1, Paul Stothard 2, Jan Lassen 3, Filippo Miglior ! 4, Christine F. Baes !,

Dan Tulpan !, Flavio S. Schenkel! 9

Features| PLS L NN1 NN2 NN3 NN4 NN3 NNG NN7 NN8 NN9 NN10 LB NNB1 NNB2 NNB3 NNB4 NNB3 NNB6 NNB7 NNBS NNBS  NNB10 sD
1 96.47 96.55 93.08 93.16 93.33 94.74 93.98 94.36 97.60 97.60 96.54 99.39 96.26 91.67 93.01 92.58 92.07 92.41 92.2 92.2 92.22 92.08 92,45 2.26
2 95.68 95.29 91.4 93.47 94.64 94.00 95.54 96.11 95.44 98.04 97.66 96.16 95.61 91.93 92,99 93.26 92.89 93.12 93.07 93.06 92.97 92.92 931 [ 178
3 96.32 96.36 93.98 94.44 93.96 94,55 94,71 97.27 97.69 97.39 95.15 98.47 95.99 92.49 93.19 91.46 91.91 92.30 92.45 92.3 92,31 92.45 9259 [ 2.13
4 95.84 92.73 93.4 94.186 96.15 93.98 96.62 94.14 96.05 97.44 96.62 96.97 95.98 91.8 93.41 93.14 93.32 92.84 92.66 92.81 93.17 93.22 92.79 [ 167
] 96.5 96.72 95.23 94.89 93.41 97.01 98.30 98.94 97.31 99.91 100.94 100.9 96.11 92.6 93.67 93.02 92.82 93.08 92.66 92.98 92.83 92.8 92.83 | 2.84
6 96.75 96.07 94.41 95.66 96.8 97.44 97.69 10116 100.12  100.65 98.93 101.93 95.66 92.55 93.46 93.87 93.33 93.07 93.4 93.45 93.34 93.35 9362 | 2.94
7 73.7 72.44 77.56 81.19 81.51 85.42 84.69 82,72 84.49 8§2.27 80.79 84.57 7161 7175 76.2 76.96 79.48 §1.59 §2.58 78.65 80.36 79.33 8166 [ 4.15
8 71.76 70.31 75.75 77.95 76.08 79.72 §3.64 §2.61 81.85 85.36 78.72 83.08 70.83 70.87 76.12 77.5 83.09 80.28 8§2.42 82.1 79.16 80.56 8171 [ 4.44
sD 10.91 11.48 7.90 6.94 7.08 6.20 3.78 7.02 6.76 6.96 8.48 1.26 11.42 9.67 7.92 6.83 5.41 5.52 4.75 5.84 6.06 5.98 5.20

= Not only focus on the model type
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Not so simple ...
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Different teams

Spectral
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Methods ——
Violume 186, February 2021, Pages 97-111 . .

Large-scale phenotyping in dairy sector
using milk MIR spectra: Key factors affecting
the quality of predictions

. Grelet ® =, P.Dardenne ° &=, H. Soyeurt b =, ).A. Fernandez ® &=, A. Vanlierde ® =,

F. Stevens ® =, M. Gengle_rb =, E Dehareng® S =

For regression mainly ...

Highlights

Robustness of models is essential to generate accurate phenotypes at a large
scale.

Variability in the reference and spectral data is a key element of robustness.
In most cases, complexity of models is in contradiction with robustness.

Models development should consider absorbance reliability of spectral
regions.

Quality assurance methods are necessary to evaluate models and predictions.



More complex models ...

Transfer learning is interesting




TRAINING FROM SCRAITCH

CARv
LEARNED FEATURES 93%2‘ TRUCK X
2%
BICYCLE X
TRANSFER LEARNING
' ]_E CARv
a % PRE-TRAINED CNN H NEW TASK
= & TRUCK X

NEW DATA

https://iamamadsiddiqui.medium.com/unleashing-the-power-of-transfer-learning-in-artificial-intelligence-e8a9deee62f3

Deeply used with image and video data source



More complex models ... \ ,
N\ /

m————; B p—
|
X
* Transfer learningis interesting: Py
* Large number of data is available %

* Difficulty to share data
* Save computation time




Take home
message

All available models
are developed from
Al

However, in the
future in the transfer
learning is an
interesting approach
to build international
models

Promotion of
neural
networks

Maybe due to
relatively low
training set

More complex
models did not seem
to be significantly
better for regression
purposes

However, to achieve

a good results we

need to:

e Standardize the reference
method used to

estimate/quantify the trait
of interest

e Standardize the spectral
data

IDF/ICAR
guidelines
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