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¢~ i) Data cleaning and train/test split ™

Load raw data and model configuration ]

[lata cleaning: drop Nal / phenotype range filter

Design principles
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[ Wavelength filtering: include / exclude ranges ]

| MNon-spectral feature selection: DIM, MY, ete. |

| Data split: Train = 80% | Test=20% )
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[ Fit spectral preprocessing (SNV + Savitzky-Golay) and feature ]
scaling/encoding on each training CV split

Global madel hyperparameter: number of PLE components

\ Local model hyperparameters: distance metric, distance threshald,
maximum neighbourhood size (%), number of PLS components / T . .
rained In
iii) Final fit: independent test evaluation, and model export context
[ Fit final model on full train set using nested-CV-selected hypamaram&ter‘sl Evaluate on test set ]

[ Export model(s) for use in production environment ]
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Neighbourhood-Adaptive PLSR (NA-PLSR) **
SRUC

. Local instance-wise PLSR model

. Data driven sub-population selected per predictand
. Distance metric, threshold, ceiling sample size

. Disposible PLSR model fit using this sub-sample

. In use: ~10ms per prediction

<



Neighbourhood-Adaptive PLSR (NA-PLSR) S;GC

Tuneable parameters

Number OI global n_components range: [20, 38, 40, 50, 60, 80, 100, 120, 150, 175, 200]
components
P i : [1e, 20, 30, 4@, 45]

Max. E umbe neig .
neighbours max_neighbors grid: [@.85, ©.1, ©.2]

Min.
neighbours

Distance
metric /
threshold
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Local fit {center, n=80) Global model (n=1180) Local fit (edge, n=15)
! = 0. . = -2 i T
slope = 0.99 o Qq:g 292 slope = 1.60
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Case study: Nitrogen-use efficiency

(A) Full dataset (n = 23,874)
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Case study: Nitrogen-use efficiency -~

A Global model - component selection (CV elbow, RMSE)

[} W00 125 150
Number of latent components

200 components

Cross-validated RMSE
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B Local model - hyperparameter selection (CV elbow, RMSE)

Metric | Threshold
—_— Cosing | 0.2
- Cosing | 0.3

—— Euclidean | 4.0
= = Euclidean | 5.5
— Mahalanobis | 0.1
e WaRMARGES | 3.0
m— anhaitan | 30.0
= = [Wlanhaitan | 45.0

Sample class (% of feld train)
o 0%
B =N
& W%

Mumber of latent components



Case study: Nitrogen-use efficiency

0 (A) Global model R*=0.630
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{A) Residuals by NUE Bin (Global vs Local)
a0

P,

- - H SRUC
S )

ERREE =& Local advantage not linear
T — o across NUE range

Local advantage highest in
non-modal ranges

(C) Root Mean Squared Error (RMSE)

= Important gains for samples
» that are likely the most
¢ ] biologically important

= Improved management for
N animals exhibiting non-
typical performance

24— 3137 37— 44—51 51-—58 568—65
NUE range (actual value)



Improvements not solely from edge-cases

Local better predicts (n=39, 50.0%, mean reduction=3.0)
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Global better predicts (n=39, 50.0%, mean reduction=2.8)
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® Global absolute residual

® Local absolute residual
Connector: Local advantage
Connector: Global advantage

Local error reduction as % of total Global error: +2.21%
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Implications and limits -
SRUC
Current contribution: _ _ o
. SPPF lowers technical barrier for spectroscopy-based predictions
. Open-source approach to promote collaboration and faster
development _ _ _ _
. Novel local PLSR implementation provided gains for a complex trait
Continued limitations:
. NA-PLSR needs validation on further phenotypes and datasets
. Practical limits of NA-PLSR needs investigated (i.e., min. dataset size)
. Egamework limited to Python, needs conversion to other languages (i.e.
Future hopes: o
. Complements large harmonisation efforts (e.g., CRA-W) _
. Gives siloed datasets a FAIR-aligned context-specific evaluation route

. Supports practical testbed for novel methods while preserving
comparability to established baselines



Conclusions

=t Open-source SPPF lowers barriers for robust
spectral phenotyping predictions

4l NA-PLSR improved NUE prediction vs global
ail PLSR in this gase study P )

(i) Benefitis practical: better prediction of non-
modal animals with management relevance

(C Next: further validation and broader trait testing,
iImplement further ML models, explore federated
learning opportunities
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