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Prediction of phenotypes by MIR e
-Fast — J
-Cost effective e
-Easy to use in routine P,

ROUTINE

Potentially usable for large scale applications
-Management of cows
-Genetic studies

A Exponential researches to create MIR models



Context

Milk quality

Technological properties

Cow phenotype

Milk origin determination

Estimating Fatty Acid Content in Cow Milk Using

Mid-Infrared Spectrometry
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Potential estimation of major mineral contents in cow milk

using mid-infrared sj

ectrometry
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Prediction of individual milk proteins including free amino aclds
in bovine milk using mid-infrared spectroscopy and their
correlations with milk processing characteristics
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Prediction of coagulation properties, titratable acidity, and pH of bovine

milk using mid-<nfrared
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spectroscopy

Potential use of milk mid-infrared spectra to predict individual
methane emission of dairy cows

Mid-infrared prediction of lactoferrin content in bovine milk:

contaminants in agro-food products, as exemplified by the detection of
melamine levels in milk using vibrational spectroscopy
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A Varierde” [potential indicator of mastitis
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L0 cotwtdin Danish lactating dairy cows using mid-infrared spectroscopy of milk
n.shenty, 7 1| ASsessing the effect of pregnancy stage on milk composition
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Use of a multvariate moving window PCA for the untargeted detection of

Building of prediction models by using Mid-Infrared spectroscopy and
fatty acid profile to discriminate the geographical origin of sheep milk
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Huge difference between

Developing a model in a Using a model to generate
research context predictions at a large scale
A Objective: A Objective:
o Evaluate a potential o Generate correct predictions in all cases
o Publication

A Development

i %Evaluatlon
0 Robustness: capacity OT AA OAI I

0 Research herds

o With one or few herds, diets, breeds, provide good results in various conditions

countries, MIR instruments
A Evaluation Potential issue when

o Performances (highest Rz?,

using research model




Using a model to generate

predictions at a large scale

A Objective:

o0 Generate correct predictions in all cases

A Evaluation:

0 Robustness: capacity OT AA OAI I

provide good results in various conditions
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Evaluatethe impact of different factorson Robustness :

o Inclusion of variability in the model (breeds,daysinl ET E 8
0 Extrapolation (& sampling scheme)

o0 Model development (spectral areas)

0 Spectral standardization

Evaluated by :
A Error in external validation (RMSER



Inclusion of Variability



Effect of breeds in the model

A 225 Holsteins

Step 1 : calibration with 225 ’ ‘fr
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Effect of breeds in the model
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Cover the Y (reference data) range
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Cover the Y (reference dataangec test with N efficiency model

Calibrationwith expectedralues : 10 to 40% Testwith extremenigh values
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Cover the Y (reference dataangec test with N efficiency model

Calibrationwith expectedandextremehigh values : 10 to 80% Test with extreme high values
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Methane model :

Hot topic: Innovative lactation-stage-dependent prediction
of methane emissions from milk mid-infrared spectra
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Cover the X (spectral data) range

® Sample to predict
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Mahalanobisdistances (GH):

Distance of a sample to the centroid of the dataset

# Centroid

PC3

PC



Do we wantextreme sampleghigh GH) in the Calibration datasets??
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Effect of sampling method

Dataset usediactoferrin ‘m. Random selection

A 3506 as a global calibration population

A Selection of 200 samples to develop a mod

Oriented selection, to cover
the spectral variability
(extreme GH)

External validation with 400 samples



Selection

Crossvalidation

External-validation
(400 external samples)

A RMSEP =170 g/L

- RMSEcw 126 g/L = A 6.6% samples out of
| - therange (GH>3)

A RMSEP =146 g/L

RMSEcw=176 g/l A 1.6% samples out of
| | the range (GH<3)
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