AI4AS 2026 | Artificial Intelligence 4 Animal Science

INSTITUTO
FEDERAL

Goiés

Fitting and Predicting Dairy Lactation Curves based on
Test-Day Records

Caio Teixeira Frauzino®, , Sergio Daniel Carvalho Canuto’,
Victor E. Cabrera’, Eduardo Noronha de Andrade Freitas *,

Anstituto Federal de Goids (IFG), Brazil
bUniversity of Wisconsin Madison, USA

*Presenting Author Email: noronha@ifg.edu.br

Ghent, Belgium | 29-30 June, 2026

Federal Institute of i / . Paper ID: AI4AS-2


mailto:noronha@ifg.edu.br

g Outline

. Introduction

. Objectives
. Methodology

1
2
3
4. Results and Discussion
5. Conclusions

6

. References

Ghent, June, 2026



1 Introduction

Lactation Curve

Background / Motivatio

» Precision Nutrition: Diet adjustments based on the real
needs of each animal, optimizing feed use and reducing

waste.
> Strategic Genetic Selection: Aiding in the identification
of animals with superior productive potential to accelerate «
genetic gain within the herd. 50
> Proactive Health Monitoring: Using the expected curve 0
as a baseline to detect deviations that may signal health ®
problems early on.
20
» Economic Planning: Enabling more accurate forecasting
of milk production, costs, and profits to support strategic 0
financial decisions. 0 tp th tf

- . B e 0 50 100 150 200 250 300
» Traditional models: rigid forms and systematic bias.

» Modern Data-Driven Models: Feature dependency and Figure: Lactation curve.
extensive inputs.
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2 Objectives e

Goal: Develop and evaluate a novel data-driven lactation model designed as a deep learning
autoencoder architecture that reconstructs complete 305-day lactation curves using incomplete or
sparse test-day records.

Background / Motiv. Lactation Curve

RQ1: What is the models’ overall effectiveness in lactation curve reconstruction
when utilizing only sparse test-day data points and parity information?

RQ2: How does the proposed model perform with fewer training examples through
data ablation to simulate data-scarce scenarios?
RQ3: Are benchmark predictions useful features for improving autoencoder

performance beyond raw test-day samples?

RQ4: How do models perform across different test-day sampling frequencies
ranging from 5 to 60-day intervals?

RQS5: How well do models extrapolate a complete curve from minimal, sequential
data collected during early lactation?

Ghent, June, 2



4 Deep Learning Autoencoder Model

The core of our approach is a deep learning autoencoder, specifically designed to learn a compressed,

meaningful representation of the lactation curve.

» Encoder - Feature compression: It
compresses the sparse 317-dimensional input
(305 milk yields + 12 parity features) into a
low-dimensional, 80-neuron latent
representation, capturing the most fundamental
and consistent underlying patterns of lactation.

» Decoder: Curve Reconstruction: The
decoder component utilizes the 80-neuron
compressed latent code to reconstruct the
complete, dense 305-day lactation curve. The
reconstructed output is a full prediction of
daily milk yield, even for days without
recorded test data.

ENCODER

DECODER

Output Layer



4 Hyperparameters

Table: Hyperparameter Search Space and Optimal Values for the Autoencoder Model

Hyperparameter Search Space / Values Optimal Value
Number of hidden layers  Integer: 1 to 3 1

Neurons per hidden layer Integer: 150 to 350 250

Latent (bottleneck) units  Integer: 20 to 80 80

Activation function Choice: ’tanh’, relu’, or ’selu’ tanh

Dropout rate Choice: 0.1,0.4, or 0.6 0.1

Learning rate Choice: 0.001 or 0.0001 0.0001

Batch size Choice: 16, 32, 64, 128, or 256 64

Ghent, June, 2026 AI4AS 2026



8 Methodology

» 7,766 raw lactation records. >

> 2,855 unique, high-quality >

lactations curves for analysis and >
model training.

>

»

Ali & Schaeffer.
Dijkstra.
Milkbot.
Wilmink.
Wood.
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® Baseline Models © Metrics and Evaluati

» 5-Fold Cross-Validation.

» Metrics: Coefficient of
Determination (R?), Root Mean
Squared Error (RMSE), Mean
Absolute Error (MAE).

Parameters for all five benchmark models were estimated using the non-linear least-squares method.
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i Results and Discussion
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RQ1: What are the models’ overall effectiveness in lactation curve reconstruction?

R? RMSE MAE

Model Mean A % Mean A % Mean A %
Autoencoder 0.74 + 0.01 - 4.8 +£0.07 - 32+0.04 -
Ali & Schaeffer 0.27 +£0.07 -63.5 59+0.07 229 39+0.04 21.9
Dijkstra 0.64+0.02 -135 55+006 146 38+0.05 18.7
Milkbot 0.60+0.02 -189 57+0.06 188 39+0.05 219
Wilmink 0.66 +0.02 -10.8 54+0.08 125 38+0.06 18.7
Wood 0.67 = 0.02 95 54+008 125 3.7+0.06 15.6

The autoencoder achieved a statistically significant improvement in lactation curve reconstruction
compared to all five conventional benchmark models.
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1 Results and Discussion

RQ1: What are the models’ overall effectiveness in lactation curve reconstruction?

Daily average residual

| AJEarfy : Mid-Early : Mid-Late Late

EY 150 150
Days in milk

Unbiased Autoencoder: In contrast, the autoencoder’s average residual (blue line) remains tightly
centered on zero across the entire lactation, demonstrating it is a reliable and unbiased predictor.
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RQ1: What are the models’ overall effectiveness in lactation curve reconstruction?

Absolute residual values grouped per DIM
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Unbiased Autoencoder: In contrast, the autoencoder’s average residual (blue line) remains tightly
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1 Results and Discussion

RQ2: How does the proposed model perform with lacking training examples (Data Ablation)?

Data Ablation effects Key Observations

oaiy erage residuat

%)

R- RMSE MAE .
Model Mean A % Mean A% Mean A %
Early Mid-Early Mid-Late Late
AE-100%  0.74 +0.01 - 48+x0.07 - 32004 -
AE - 75% 0.74 + 0.01 - 4.8+0.06 - 32004 -
AE - 50% 0.74 £ 0.01 - 49+x0.06 21 32+0.04 -
AE - 25% 0.73 £ 0.01 -14 5.0+ 0.06 42 33x0.04 3.1
AE - 10% 0.71 £ 0.01 -4.1  5.1+0.06 62 35+0.04 9.4

AE - 5% 0.69 + 0.01 -6.8 53+0.06 104 3.7:0.04 15.6
AE-25%  0.66+0.02 -10.8 55+008 146 39+0.06 219
Wood 0.67 + 0.02 9.5 54+0.08 125 37x0.06 15.6
Wilmink 0.66+£0.02 -108 54+0.08 125 38+006 187

Reduced Training Data: Even with a smaller training set, achieving results statistically equivalent to
the Wood model when trained on only 5% of the original dataset.
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i Results and Discussion

RQ3: Are benchmark predictions useful features for improving autoencoder performance beyond raw
test-day samples?

R? RMSE MAE

Model Mean A % Mean A % Mean A %
Autoencoder 0.741 £ 0.012 - 4.83 £0.064 - 3.18 £0.037 -
AE W/ All 0.733 £0.011 -1.080 490 +0.042 1.449 3.25+0.021 2.201
AE W/ Ali & Schaeffer 0.739 £ 0.012 -0.270 4.84 £0.065 0.207 3.20+0.042 0.629
AE W/ Milkbot 0.740 £0.012 -0.135 4.84 +0.067 0.207 3.19+0.047 0.314
AE W/ Wilmink 0.740 £ 0.012 -0.135 4.84 £0.066 0.207 3.19+0.034 0.314
AE W/ Wood 0.739 £0.011 -0.270 4.84 +0.063 0.207 3.20+0.030 0.629

There was no statistically significant improvement in lactation curve reconstruction.
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1 Results and Discussion -

RQ4: How do models perform across different test-day sampling frequencies ranging from 5 to
60-day intervals?

Prediction Task

Multiple FI sampling test day

T . MAE values
i T T —— Autoencoder
Interal  Model Mean A% Man A%  Man A%
Autoencoder 081+ 0.009 - a2s004 . 27s003 . 55
- T & Schacller 073 20074462006 93530003 TTT
£ Dijksira 0730013 99 49007 167 33005 222
b Milkbot 07320013 99 49007 167 332005 222
Wilmink 07240014 -ILI 50008 190 34006 259 50
Wood 073+0014 99 49:008 167 33006 222
Autoencoder 078 + 0010 — a4:005 - 29:003
m & Schaeller 065 TF 00T T 37s s
5 Dijksira 07140014 90 50007 136 34005 172 g
H Milkbot 0700013 -103 50007 136 34005 172
S Wilmink 07040014 103 S1:008 159 35:006 207 [
Wood 072£0014 77 504008 136 342006 172 F 40
Autoencoder 077 + 0.011 - 46:006 - 302004 - 4
> AT T T K3 T2 34:008 133 z
% Dijkstra 069:0014 104 51£006 109 35£005 167
a bot 066+0014  -143 532006 152 36:004 200 35
- Wilmink 0690016  -104 52008 130 36006 200
Wood 0700015 91 51008 109 35006 167
Autoencoder 074 + 0012 L 48s007 . 32s0m 20
N AT & Schacler 02720060 635 392007 229 392004 219
£ Dijksira 0640015 -135 55006 146 38005 188
3 Milkbot 0600016  -189 57006 188 39005 219
Wilmink 06650017  -108 54008 125 38006 188 25
Wood 06740016 95 54008 125 37006 156
Autoencoder 070+ 0014 _ 52:008 . 3seomd -
" Al & Schacller 345 £0264 3929 892016 712 552007 371
E Dijkstra 0474002 29 65:007 250 46+005 314 2.
2 Milkbot 75940288 11843 218008 4346 1881006 437.1 5w B 0 o 50 o0
Wilmink 0476004 329 65007 250 45006 286 Interval between test-days (Days)
Wood 0575000 -I186 61008 173 43005 229
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1 Results and Discussion

RQ5: How well do models extrapolate a complete curve from minimal, sequential data collected
during early lactation?

Multiple FI sampling test day Daily herd average residuals

Mid-early Mid-late Late

Model Mean A % Mean A% Mean A%
Autoencoder 5.1 +0.07 - 5.1+0.07 - 5.2 +0.06 - S
Ali & Schaeffer - - 849+137 1,565 50.7+0.56 875.0 B
Dijkstra - - 11.3+030 122 10.0+0.23 923
Milkbot - - 103 £0.23 102 9.3+0.19 78.8
Wilmink 26.1 +0.78 412 18.1 £0.40 255 149 +0.29 186.5
Wood 16.7+030 227 13.3+0.20 161  11.2+0.16 1154
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g Conclusions

The model’s flexibility, stemming from over 100,000 trainable parameters compared to 3 to 5 in
traditional models, allows it to capture complex, non-linear dynamics from the data. Its architecture
enables it to learn a holistic, generative representation of a lactation curve.

» Accurate: Significantly lower prediction error than standard models.

v

Unbiased: Eliminates the systematic average residual error patterns of traditional methods.

v

Robust: Maintains high performance with sparse training data and infrequent sampling.

v

Practical: Utilizes only commonly available data, making it suitable for direct application on dairy farms.
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