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Description of task 2.3

Taken from the project proposal:

Deep Learning for feature detection in LC-HRMS. Data
tools for anomaly screening and marker identification

will be developed.
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Deep Learning for feature detection in LC-HRMS. Data tools for anomaly
screening and marker identification will be developed.
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Deep Learning for feature detection in LC-HRMS. Data tools for anomaly
screening and marker identification will be developed.

Untargeted HRMS Data
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Complex data files
Many features in a sample but limited number of samples

Thousands of chemical signals
No ground truth

A

Feature tables
§ Intensity Intensity
Feature ID Mass RT (min) Somple 1 Sample 2
F0O01 301.2167 5.43 1.20E+06 9.80E+05
F002 523.2741 7.81 3.50E+05 4.10E+05
F003 150.0583 1.92 8.90E+04 7.20E+04




Deep Learning for feature detection in LC-HRMS. Data tools for anomaly
screening and marker identification will be developed.
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Deep Learning for feature detection in LC-HRMS. Data tools for anomaly

screening and marker identification will be developed.
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LC-HRMS Preprocessing Workflow

— —— \ — — ==
Extract \ Combine | Peak Drift
features Batches / Blank Cleaning correction

4 XCMS A /XCMS Comb/'ner\ /Remove features\ 4 Rempves |OW—\ / batchCorr \

Features Merges all data removed from ?Ual't¥ peaks - Alignment of
extracted per in one process blanks rom slature features across
batch experiment table batches

N A\ AN AN /|- Correct intensity
HeRMeS Processing Platform \ drift /
®  User friendly interface to support feature extraction
® Integration of long-term reference samples for multi-batch analysis
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Characterization of the data ‘{“*
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Characterize data, maximize group differences 4
> Projection of feature table into low-dimensional spa -
J 6
¥ Reveals group structure and batch effects
= 34
> Identifies global and local patterns
0
501 tSNE Projection B oy L LA untarget I °
F@ ) B 71 untarget_lof I
s (¥ o SO O
25 =5 5 %-.p g : ;:fﬁi 100 75 50 25 00
gl - Batch 5 Set Size
. O](g;j . H £ ) Multimodal anomaly detector
t% N l‘\ g N A Reference ) . .
L | g > Detect outliers using multiple models
e . s | (VAE, isolation forest, LOF)
-25 &\ | R | n'u-'h,:"' )
i ;g, . v (B Anomaly ranking
% 1 X 'ﬁ‘ - . .
) bty Ya, > Combine results for robust detection
;:'88' i _4° st * > Visualization via UpSet plots



Building a predictive Al-Model

The model

Branched Beta Variational Autoencoder

o

Input
feature table
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Feature Value
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encoder
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(encoder)
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decoder
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(decoder)
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Reconstruction
feature table

r

Feature  Value

~

Prediction

%

Chicken
class

~
0 Shapley explanation
Input Features Contribution
(Shapley value ¢;)
+0.42
-0.21
+0.08
-0.03
+0.31
Contribution Strength (|¢;|)
o —
Low Medium High
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Al-Based classification of

» Dataset
» Blank (0) vs spiked (1) samples
¥ Levels: 0.1x and 1x MRL

> Multiple compounds

> Model setup
¥ Train/validation split
> Independent test set
» Key findings
» Most samples correctly classified
» Day effect impacts performance

}hooi > More data needed > pretrain model

uncontaminated

contaminated

FN

LC-HRMS data

uncontaminated contaminated
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Pretrained model fails without fine-tuning for

» Setup

> Pre-training dataset LC-HRMS dataset cow urine

» ~1200 samples, balanced data-set FP
> Transfer of model trained on cow data only  uncontaminated 1
> Same chicken dataset as baseline
> Observation
> Predicts nearly all samples same class sun O
> ISsue
uncontaminated contaminated

> No exposure to chicken data

;'38" > Fine-tuning is required



Fine-tuned model significantly
improves performance for

» Data

> L C-HRMS dataset (train/validation + independent test)

> Preprocessing

uncontaminated

¥ Feature selection (WFSR library + blank comparison)

> Normalization: PQN, log transform, z-scoring

> Training

contaminated

» Pre-trained model fine-tuned on chicken data

FN

¥ No information lea kage (train-only preprocessing) uncontaminated contamiriated

> Successful applied transfer learning
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Which Features Drive the Model? (SHAP Analysis)

High
mz:277.1546; rt: 7.2887535

) What does SHAP show? mz:273.1186; rt: 5.208971 - |

mz:340.7108; rt: 8.709922

> Explains how each feature influences mz:256.1161; rt: 5.886934

mz:277.1546; rt: 7.083731 -

pre dictions mz:268.1883; rt: 10.843859

mz:302.15; rt: 6.670252

> Positive values - push toward class 1 ma:357.2356; rt: 8.711909
mz:361.1969; rt: 5.106133 -

> Negative values - push toward class 0 m:257.1192; rt: 5.826636

mz:279.0842; rt: 7.0113378

) Ana |yS |S |eve |S mz:277.1376; rt: 5.7240224

mz:267.1318; rt: 6.970076

Feature value

mz:359.03; rt: 10.1241045 -

> Global: important features for the full model

mz:260.1856; rt: 7.208487 .
} . . mz:351.1743; rt: 5.7041283
Local: explanation for a single sample

mz:307.1031; rt: 6.3925586
mz:317.1108; rt: 6.8039527

mz:259.0765; rt: 7.0112724

mz:273.1186; rt: 5.0997047

T T T T u T T Low
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2

: ° SHAP value (impact on model output)
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Transfer learning enables generalisation to \%\j

Transfer model to maize data
Same model applied to maize LC-HRMS data

FNM_21_000083_A s
FNM_21_000088_A Tk
FNM_21_000048_A S e
FNM_21_000072_A R |
FNM_21_000043_A
FNM_21_000058_A
FNM_21_000067_A
FNM_21_000035_A
FNM_21_000061_A
FNM_21_000059_A
FNM_21_000031_A
FNM_21_000060_A

Shared feature table

as.character(clusters)

No retraining on maize

uncontaminated

FP

FNM_21_000044_A
FNM_21_000077_A
FNM_21_000052_A
FNM_21_000078_A
FNM_21_000034_A
FNM_21_000070_A
FNM_21_000037_A
FNM_21_000042_A

tc_reorder(name, vals)

FNM_21_000006_A
FNM_21_000005_A
FNM_21_000003_A
FNM_21_000002_A
FNM_21_000001_A

gl 1
2
K
4

0e+00 1e+09 2e+09 3e+09
count

Contamination structure

contaminated 2 8

EN Continuous contamination levels observed

uncontaminated contaminated

Hierarchical clustering identifies distinct groups
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Developed Al Pipeline for LC-HRMS classification

1. Sample matrix

Chicken / Maize
samples

2. LC-HRMS

Sample clean--up
Data acquisition

3. Pre-processing

HeRMeS

|> g . |__>

b NORMALIZATION
L

FEATURE
EXTRACTION
TRANSFORMATION

|

4. Feature extraction

Feature table and
explanation

| | ey |
Feaure[])! Mass | T (i Sy | Sk |

for | 0026 S| LAB | OMEE | o

5. Pre-trained + fine-
tuned model

Transfer learning
(VAE + MLP)

fo2BAIML| TR | SEES | ANEAS | |

R0 | 1600683 | L8| M | TAEM |

-
6. Output

Predicted class
Contamination Ivl
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Conclusions and takeaways

>
>

>
>
>
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Several (Al)-tools were developed for LC-HRMS data evaluation
Transfer learning enables Al modelling with limited data

Pre-training on cow data and fine-tuning gives accurate classification

Model decisions are interpretable and biologically meaningful

Validate model further in real-life routine analysis

Developed tools capable of detecting anomalies related to contamination in chicken and maize

16



People involved

- Ane Arrizabalaga Larranaga (WFSR)

- Melissa Broeren (WFSR)

- Andrea Junior Carnoli (WFSR) =>Poster presentation
- Jakob Kuehn (BfR)

- Xenia Pascari (BfR) >Poster presentation

- Stefan Weigel (BfR)

Thank you

Questions?

This project has received funding from the European Union's Horizon Europe research and innovation program
»holi under grant agreement No 101059813 and was supported by the Dutch Ministry of Agriculture, Fisheries, Food
foo Security and Nature through the Food Safety Knowledge development program (project KB-56-002-004) 17
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