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Efficient selection for cheese depends on low-cost phenotyping

Milk coagulation properties are measured with the Formagraph — up to 60
minutes per 10 samples.

Far too slow to phenotype a breeding population.

OBJECTIVE

Develop robust and accurate ML models to predict milk coagulation properties
from MIR spectra (routinely collected).
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THE PROBLEM

Reduced to a regression: 1,000 numbers in, six traits out

6 coagulation traits

MIR spectrum RCT min
¢ ) k20 min
supervised a30 mm
—> . —
regression
a60 mm

X = [ a1, az, « , dio000 J
amax mm
1,000 wavenumbers

azr mm

Supervised regression - scored by R2 and RMSE - 3 models x 2 validation schemes 03 / 17



DATA

1,608 Holstein cows - 3 farms - 12 batches

Holstein cows - after QC
, all milk from morning milking

® Mitrovac 8 batches 1,212
e Ceminac 3 batches 284
O Pavié 1 batch 112

MilkoScan FT3 - Croatian national Holstein breeding program (HAPIH) 04 / 17



DATA

Every batch is a different moment in time

® Mitrovac @ Ceminac @ Pavic

summer heat-stress season

Jul 2024 Jan 2025 Jul 2025

A batch encodes date - season - spectrometer state — the seed of the confounding

Jan 2026
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METHOD - MEASUREMENT CEILING

Repeat measurements set the ceiling on accuracy before QC W after QC

1.0 0.94 0.94

0.75
0.50
0.25

0

R2max = the highest R?2 any model could reach. Quality control excludes the 5.7% of samples (n = 111) whose duplicate runs disagree
most — multivariate SED > 0.8 — which lifts the ceiling.

0.88 0.90 0.89 0.90

amax
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MODEL - 01 TABPFN

A transformer pre-trained to predict — not trained on your data

@ PREDICTS IN A SINGLE PASS

® PRE-TRAINED ONCE - OFFLINE 30 PLS MCP
p N feats
c . e e 23.1 n
- TabPFN - TabPFN - i
% frozen weights S 18.7 1 forward pass predicted MCP
- J ¢ o o . 26.4

?
Pre-trained on millions of synthetic tables drawn from '

random causal structures — it learns how tabular prediction

_ ‘ . Every training cow — features + measured MCP — and the new sample
behaves in general. Trained once; never retrained.

go in together as context. One forward pass returns the answer: no
gradient updates, no tuning.

Prior-data Fitted Network - Hollmann et al. 2025, Nature 637:319 07 / 17



MODEL - 02 AUTOGLUON

Many models, stacked into one

i final dicti
Weighted ensemble 7 e pretaction An AutoML ensemble — not one
0 model, but a stack of many.
STACKER LAYER - same model types, on predictions + features e Trains many models at preset configs — tuning
GBMs  Random forest  Neural net is optional, not the point.

. . Accur mes from ing + multi-layer
T concatenate predictions + original features e Accy .aCyCO es from bagging u ay

stacking.
BASE LAYER - diverse models, each bagged over k folds

LightGBM XGBoost CatBoost Random forest Extra trees Neural net Retrained from scratch for every task.

Multi-layer stack ensemble - Erickson et al. 2020 — AutoGluon-Tabular 08 / 17



METHOD - DIMENSIONALITY

More features than cows — so PLS goes first

RAW SPECTRUM

PREPROCESSED
prune uninformative
’ features regions + SNV 1 OOO
bands
2,051 > 1,608 cows N , ,
, _ Scatter-corrected — but still

H|ghfl1}i collinear — models highly collinear.

overnt.

TabPFN & AutoGluon keep exactly the signal that matters.

Wold et al. 2001 (PLS) - Barnes et al. 1989 (SNV)

PLS -

supervised
reduction

—>

PLS LATENT VARS

30 components

Decorrelated - aligned to
MCP.

Unlike PCA, PLS is supervised — its components maximise covariance with the measured MCP, so the 30 inputs to
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RESULTS - 01 RANDOM 10-FOLD

Random CV

All values are R2? - best per trait in blue
Trait PLS PLS+AutoGluon PLS+TabPFN
RCT ©.67 ©.68 0.70
k20 ©.55 0.56 0.60
a30 0.62 ©.66 0.68
a60 ©.47 ©.48 0.51
Amax ©.60 0.60 0.63
A2R ©.68 0.66 0.69




RESULTS - 02 LEAVE-ONE-BATCH-0UT

Honest LOBO: accuracy drops across the board

All values are R2? - best per trait in blue

Trait PLS PLS+AutoGluon PLS+TabPFN
RCT 0.65 (-3% 0.64 (-6% 0.65 (-7%
k20 0.53 (-4% 0.56 (% 0.58 (-3%
a30 0.60 (-3% 0.62 (-6% 0.64 (-6%
a60 O.37 (-21% 0.38 (-21% 0.42 (-18%
Amax O.54 (-10% O.55 (-8% 0.57 (-10%

A2R 0.64 (-6% 0.63 (-5% 0.65 (-6%




WHY

Batch is the confounder

THE RANDOM-CV SHORTCUT

Batch / Farm

time - instrument state

........ J -.......
L J L

Ty N G

) spectral signature shifts MCP levels K
. / N | \ » :
MIR spectra . s MCP target
— true signhal - composition . ]
what we measure what we predict
\. J \. W,
RANDOM CV LOBO
Train & test share batches — the shortcut works. Inflated. Test batch unseen — the shortcut is blocked. Honest.

Roberts 2017 - Ploton 2020 — random CV inflates accuracy under structure 12 / 17



WHY

Our pipeline reads the batch off the spectra

PLS + TabPFN - BATCH FROM SPECTRA

Held-out farms sit apart ...and batches separate in time
. s Nov 2025
8()/0 Ao : Yo
1 RreA ‘e’ )
o &t X Al ﬂmmﬁg,
‘ “*v ‘& o *le o..
balanced accuracy recovering the analytical batch — 1 of 12 - s S o
c ‘I rqvac rain .
macro AUC = 1.00. g § Ceminac (exterma) L .
g 1 ﬁ { ..:‘i: ’ Qs *
0 0 2 R .", ' 'j&i S e ...!:."".:-- ..?.;. 1,.
84% 8% L W
PLS -DA basel ine c han ce level discriminant axis 1 discriminant axis 1 i 2ozt

_ . MIR spectra - UMAP coloured by batch
‘ The spectra carry a strong batch fingerprint.

PERMANOVA: batch = 15.5-15.8% of total spectral variance (P < 0.001) 13 / 17



Milk-coagulation traits shift across the 12 analytical batches

B Mitrovac [ Ceminac B Pavié

RCT (min) k20 (min) a30 (mm)
50 -
20 - T
40 -
30 -
- 15 - 30 -
20 - . 10 - 20 -
10 -
10 - 1l 5-
0- 1 1
A°B CDE F H I J K L M A°B CDE F H I J K L M A°B CDE F H I J K L M
a60 (mm) amax (mm) a2r (mm)
50 - — 50-
40 - l 40 - 40 -
30 - II
| 30 - 30 -
20 -
L 20 -
10- 20 -
10 -
A°B CDE F H I J K L M A B CDE F H I J K L M A°B CDE F H I J K L M

Each batch carries its own MCP distribution — with the spectral fingerprint, this is what random CV exploits 14 / 17



CONCLUSIONS

Validate honestly; the model is the easy part

01 MODEL

PLS + TabPFN gives the best honest accuracy — no tuning, in seconds. A first for dairy.

()2 VALIDATION

Random CV overstates accuracy — the analytical batch is a hidden confounder.

03 THE LIMIT

The ceiling is data quality, not model power.

15 / 17



OUTLOOK

Better information and better targets — not bigger models

O1 ADD ORTHOGONAL DATA 02 AIM AT BETTER TARGETS
Genomics - NIR - fluorescence Cheese yield - fat & protein yields
Independent signal — e.g. PLS on SNP markers — to close the 34- Predict what processors actually pay for.

47% gap to the measurement ceiling.

Not more cows, not bigger models — accuracy has already plateaued.
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