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Disclaimer: This presentation has 

been generated using AI-Tools 
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What is a separation scientist acolyte? 

An acolyte refer to a devoted follower or assistant of a prominent figure. An 

acolyte is someone who supports and learns from a more experienced 

person, sometimes in political, academic, or professional environments.

AI and Machine learning is a support to separation scientist, but it needs to 

learn from high quality information
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Text generated from ChatGPT
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Text generated from ChatGPT

Method optimization Data processing
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GPT concept

GPT: Generative Pre-trained Transformer

Generative: The model is generating information

Pre-trained: The model has been trained on a large 
amount of data

Transformer: The underlying architecture of neural 
network model 

What we ask

The quality of the training 

The way he manage the 

information
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The sample
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GC×GC-TOFMS: the principle 
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Caliper - sample "Pesticide Excerpt Deconvolution.GC", 850.002 s, Area (Abundance)

How to manage the data processing? 

How to handle the method development? 

GC×GC-TOFMS: the principle 
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Generative I: Method optimization 
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Generative I: Method optimization 
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Generative I: Method optimization 
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Generative I: Method optimization 
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Generative I: Method optimization 
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Bringing AI in the game!
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Pre-trained: reuse previous data 



18

Pre-trained: we need large data!  
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Pre-trained: generating data as a community  



• Century mix analysis across 20 Column

combinations

tR
2
D

(s
)

tR 1D (min)

Phtalates 
Lactones
Alkyle Benzene 
Ketones 
Esters 
Primary alcohol 
Secondary alcohol 
Alkenes 
Alkanes 

Alkanes 
Alkenes
Secondary alcohol 
Alkyle Benzene 
Primary alcohol 
Esters 
Ketones 
Lactones
Phtalates

tR
2
D

(s
)

tR 1D (min)

Mid-Polar

Apolar

Polar

Apolar Mid-Polar PolarPolarity

Normal orthogonality

Non-orthogonal

Reversed orthogonality

1 – Column classification 
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Normal column combination (Apolar× Mid-polar)

Reversed column combination (Mid-polar × Apolar)

Pre-trained: generating data as a community  



1 – System evaluation

vv

Gas
(Type,  flow) 

Stationary phase 

• Stationary phase film thickness ( 0.1 à

1.4 µm )

• Temperature ramp ( 2 à 15 °C/min )

• Gas type ( He, H₂, N₂ )

• Gas flow ( 0.8 à 1.5 mL/min )

2 – Data Collection

Retention time , elution order , geometric

peak repartition Etc

Boiling points, polarity moment, SMILES

Annotation

+

Ciprofloxacin SMILES Annotation 

3 – Modelisation-Prediction

Machine Learning Algorithm

Retention indices prediction

(System-independent constants)  

Artificial neural network

Random Forest

Final result

Data

21

Pre-trained: generating data as a community  
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Transformer: mostly neural network  

Text generated from ChatGPT



Deep Learning, a step further for transformers

Machine Learning Deep Learning 

Possible to train with fewer data Large datasets for training

Statistical algorithms Artificial Neural Networks (ANN)

Structured data Unstructured data

Limited tuning capabilities Can be tuned in multiple ways

Simpler applications More complex applications

23
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Automation

New methods

Greener 
methods

Images generated on ideogram.ai



Liège University 

Networking hub

Think tank 
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Generative II: Data processing
 



Can AI help in processing GC×GC data?

Data analysis and 

interpretation

Artificial Intelligence (AI)

Machine Learning (ML)

Deep Learning (DL)

Compound 

Identification

Data reduction and 

clustering

Compound 

discovery



Tile hit

 #

Tile hit

 Importance

1

X

High

Low

Decision tree t

+ oob 

  dataset

Binned Chromatograms
Tiles

Random Forest (RF) Hit Table

.… .…
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Example #1: Tile-based Random Forest Approach

Gaida, M.; Cain, C. N.; Synovec, R. E.; Focant, J.-F.; Stefanuto, P.-H. Anal. Chem. 2023.

➢ A novel approach for discovery-based analysis: alternative to the F-ratio approach for unbalanced datasets.



Initial Dataset (X)

X1 X2
Subsets

“Bootstrapped dataset”
…X3 Xn

oob 1

Class 1

oob 2

Class 2

oob 3

Class1

oob 4

Class 1
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➢ Random Forest
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Permutation-based tile importance estimation

Example #1: Tile-based Random Forest Approach



• Efficient for large datasets.

• Good performance for high-dimensional datasets: number of features > number of observations.

• Built-in support for cross-validation (CV) through the oob error calculations. 

• Ability to handle multi-class classification problems. 

• Does not require any assumptions about the data distribution.

• Stratified sampling when assessing feature/tile importance.

→ Each class has an equal chance of being represented       

avoiding any bias towards the majority class!
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➢ Random Forest Advantages

Example #1: Tile-based Random Forest Approach



Gray dots: m/z with 0.5 < [OLiq]/[OLyo] < 2 (or -1 < log2 ([OLiq]/[OLyo] ) <1)

Orange hexagrams:  top purest m/z (p-value < 10-3 and LOF ≤ 10%) 

Dashed line: p-value = 0.01
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➢ Volcano Plots

ccc

Example #1: Tile-based Random Forest Approach

Gaida, M.; Cain, C. N.; Synovec, R. E.; Focant, J.-F.; Stefanuto, P.-H. Anal. Chem. 2023.



846 m/z 169 m/z 169 m/z

429 m/z

• 50% of the m/z discovered by the Fisher-ratio approach correspond to false positives.

• Higher incidence of false positives in the Fisher-ratio approach compared to the Balanced and Unbalanced Random Forest approach.
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➢ Volcano Plots

c c c

Gaida, M.; Cain, C. N.; Synovec, R. E.; Focant, J.-F.; Stefanuto, P.-H. Anal. Chem. 2023.

Example #1: Tile-based Random Forest Approach



c c c

• Most of the m/z discovered by the RF analyses have concentration ratios > 2.  

35

➢ Volcano Plots

The Random Forest approach uses a more stringent feature selection process.

Example #1: Tile-based Random Forest Approach

Gaida, M.; Cain, C. N.; Synovec, R. E.; Focant, J.-F.; Stefanuto, P.-H. Anal. Chem. 2023.



Analytes with high within and between 

class variance!

Example hits
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𝐹 − 𝑟𝑎𝑡𝑖𝑜 =
𝐵𝑒𝑡𝑤𝑒𝑒𝑛 𝑐𝑙𝑎𝑠𝑠 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

σ𝑊𝑖𝑡ℎ𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

Gaida, M.; Cain, C. N.; Synovec, R. E.; Focant, J.-F.; Stefanuto, P.-H. Anal. Chem. 2023.

Example #1: Tile-based Random Forest Approach
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➢ Untargeted analysis of two different coffee groups: Regular (R) vs. Decaf (D)

• 16 samples (8 R and 8 D) in triplicates.

• n = 48 observations and 630 features. 

• Selection of discriminatory features that are able to distinguish between R and D using a Random 

Forest classification model.

Example #2: Machine Learning for Feature selection and Prediction
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Example #2: Machine Learning for Feature Selection and Prediction

• 60 % training set (n=29) and 40% validation set (n=19).

• Random Forest is used to select the top 20 discriminatory features.

0 1 2 3 4 5

Pyrazines

Furans

Alcohols

Thiazoles

oxolanes

Methylxanthines

Triazoles

Phenols

Pyrroles

Top 20 Compounds

Furans

Alcohols

Decaf

Regular
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Example #2: Machine Learning for Feature Selection and Prediction
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Deep Learning as the ‘Next big thing’ in GC×GC Data Processing?

Machine Learning Deep Learning 

Possible to train with fewer data Large datasets for training

Statistical algorithms Artificial Neural Networks (ANN)

Structured data Unstructured data

Limited tuning capabilities Can be tuned in multiple ways

Simpler applications More complex applications

40
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Example #1: Peak alignment Example #3: Co-elution

Example #4: Retention time and retention index predictions

Example #2: Peak quality

Example #5: Analyte discovery

Deep Learning as the future in GC×GC Data Processing?

➢ Examples


	Slide 1: Machine learning, the separation scientist acolyte for innovative method development
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29: Can AI help in processing GC×GC data?
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41

