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Introduction

1. The FlavourSpec® (G.A.S. Dortmund, Germany) is an analytical instrument based on gas
chromatography coupled with ion mobility spectrometry (HS-GC-IMS).

2. Lab Service Analytica is distributing G.A.S. Dortmund instruments since 2017 .

3. Lab Service Analytica and the University of Bologna started collaborating in 2018 in the frame
of OLEUM project .

4. The goal of this collaboration was to develop an HS-GC-IMS Method for the Quality
Classification of Virgin Olive Oils to support the Panel Test process.

5. In 2020, the University of Bologna published an article .
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Flavour Spec ©

1. Theinstrumentis a GC with a special detector: lon Mobility
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Flavour Spec ©

ty drift time unit charge

IMS Drift Tube
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o

® Single

g IMS spectre
3D

IMS chromatogra

pseudo-colour representati
IMS chromatogram

v

IMS drift time
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Protone Affinities

Aromatic Amines

Amines

Phosphorous Compounds
Sulfoxides

Ketones
Esters
Alkenes
Alcohols
Aromatics

Alkanes

930.0 KJ/mol
899.0 KJ/mol
890.6 KJ/mol
884.4 KJ/mol
853.6 KJ/mol
832.7 KJ/mol
821.6 KJ/mol
805.2 KJ/mol
789.2 KJ/mol
750.4 KJ/mol

691.0 KJ/mol
543.5 KJ/mol

Pyridine

Methyl Amine
Trimethylphosphate
Dimethyl Sulfoxide
Ammonia
2-Pentanone
Methyl Acetate
1-Hexene

Butanol

Benzene

Water
Methane

Source: Gary Eiceman & Zeev Karpes, lon Mobility Spectrometry, CRC Press, 2005. IS3N 0-8403-2247-2

Protone affinities of various VOCs can be found at the NIST chemistry webbook
http://webbook.nist.gov/ichemistry/
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Positioning & Experimental workflow
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1.
2.
3.

Decisive criteria
Individual variance

Difficult in alignment

1. Simple to use :

NO SAMPLE preparation
2. Solid physical chemistry
3. Excellent for untargeted

approach (fingerprinting)

Lab Service Analytica srl

“Golden Standard”

Complete data base of
compounds.

Excellent for quantitation
of single compounds

Need of an intermediate
step (SPME)
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Synopsis

Data analysis <

Learning models <

/”

-
/'

-

Targeted (focus on known voc)

Untargeted (whole voc exploration)

Supervised (known labels)

Semi-supervised

Unsupervised (unknown labels)

Lab Service Analytica srl
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Synopsis

10

Learning models
(classic)

<

-

Quadratic Discriminant Analysis
Tree Net Classifier

Support Vector Machine Classifier
Kernel-SVM Classifier (polynomial)
Naive Bayes Classifier (gaussian)
Adaptive Boosting Classifier (adaboost)
Gaussian Process Classifier

K-Nearest Neighbor (KNN)

Logistic regression

Random forest (criterion: entropy/Gini)

Lab Service Analytica srl
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Targeted (visualization)

) foods e

An HS-GC-IMS Method for the Quality Classification
of Virgin Olive Oils as Screening Support for the
Panel Test

1,2 *

Enrico Valli

1,2
’

, Filippo Panni ! Enrico Casadei ', Sara Barbieri 3 Chiara Cevoli

Alessandra Bendini 20, Diego L. Garcia-Gonzalez * and Tullia Gallina Toschi *2
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Principal Components Analysis (full svd)

Principal Components Analysis

5.0 1
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13

Eigenveclor 2 (15.24 % Expl.Var.)
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w294
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Multidimensional scaling

Multi Dimensional Scaling
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Multidimensional scaling (rescaled)

Multi Dimensional Scaling
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Kernel PCA (rbf)

Radial-basis function kernel (squared-exponential kernel)

i kernel Principal Components Analysis
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Scatterplot matrices
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Machine learning approach

Data
_ N
Synthetic Stratified
Minorit . .
Oversampling ~ Training set Test set
TEchnique
' : |
Regularization . Fine Tuning
(cross-validation) Modellng Hyperparameters
T
. v . D
Validation -« ata
(others)
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Classification

Technique Precision recall f1-score Support

E 0.84 0.84 0.84 25

v 0.64 0.76 0.70 21

L 0.90 0.64 0.75 14
Accuracy 0.77 60
Weighted avg 0.78 0.77 0.77 60

TP: true positive
FP: false positive
TN: true negative
FN: flase negative

Precision: accuracy of positive predictions [TP/(TP+FP)]
Recall: the ability of a classifier to find all positive instances [TP/(TP+FN)]
f1 score: percent of positive predictions considered correct [2(Recall*Precision)/(Recall+Precision)]

IS
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Classification

26

E 0.84 0.84 0.84 25 E 0.85 0.68 0.76 25
v 0.64 0.76 0.70 21 v 0.64 0.76 0.70 21
L 0.90 0.64 0.75 14 L 0.87 0.93 0.90 14
Accuracy 0.77 60 Accuracy 0.77 60
Weighted avg 0.78 0.77 0.77 60 Weighted avg 0.78 0.77 0.77 60
E 0.71 0.68 0.69 25 E 0.87 0.80 0.83 25
v 0.50 0.52 0.51 21 v 0.70 0.67 0.68 21
L 0.71 0.71 0.71 14 L 0.71 0.86 0.77 14
Accuracy 0.63 60 Accuracy 0.77 60
Weighted avg 0.64 0.63 0.63 60 Weighted avg 0.77 0.77 0.77 60
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Classification

27

E 0.85 0.92 0.88 25 E 0.61 0.56 0.58 25
v 0.72 0.86 0.78 21 v 0.53 0.48 0.50 21
L 1.00 0.57 0.73 14 L 0.67 0.86 0.75 14
Accuracy 0.86 60 Accuracy 0.60 60
Weighted avg 0.84 0.82 0.81 60 Weighted avg 0.59 0.60 0.59 60
E 0.92 0.48 0.63 25 E 0.76 0.52 0.62 25
v 0.54 0.95 0.69 21 v 0.52 0.71 0.60 21
L 1.00 0.71 0.83 14 L 0.71 0.71 0.71 14
Accuracy 0.70 60 Accuracy 0.63 60
Weighted avg 0.81 0.70 0.70 60 Weighted avg 0.67 0.63 0.63 60
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Classification

28

E 0.67 0.64 0.65 25
v 0.52 0.62 0.57 21
L 0.82 0.64 0.72 14
Accuracy 0.63 60
Weighted avg 0.65 0.63 0.64 60
E 0.81 0.84 0.82 25 E 0.79 0.60 0.68 25
v 0.73 0.76 0.74 21 v 0.45 0.48 0.47 21
L 0.92 0.79 0.85 14 L 0.63 0.71 0.71 14
Accuracy 0.80 60 Accuracy 0.58 60
Weighted avg 0.80 0.80 0.80 60 Weighted avg 0.61 0.58 0.59 60
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Classification

29

True Positive Rate

Receiver Operating Characteristic (ROC) adaboost

1.0 1

0.8 1

o
o
L

e
»
R

0.2 1

0.0 1

o —— AUC=0.8909090909090909
vid ---- Random guessing
«+ Perfect performance

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

E 0.95 0.76 0.84 25
v 0.78 0.95 0.84 27
Accuracy 0.85 47
Weighted avg 0.87 0.85 0.8/5 47
E 0.82 0.92 0.87 25
v 0.89 0.77 0.83 22
Accuracy 0.85 47
Weighted avg 0.86 0.85 0.85 47
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UNTARGETED

Only for Industry Digital
Transformation Applications
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Data handling: Standard Scaler (0,1)

0 5001000150020002500300035004000

0

1000 -

2000 A

3000 A
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4000 A
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Data handling: pruning

0 200 400 600 800 1000
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800
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1200
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Data set: images
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Untargeted Classification

35

Gaussian Process

E 0.86 0.75 0.80 8 E 0.71 0.62 0.67 8
v 0.82 0.90 0.86 10 v 0.73 0.80 0.76 10
Accuracy 0.83 18 Accuracy 0.72 18
Weighted avg 0.84 0.83 0.83 18 Weighted avg 0.72 0.72 0.72 18

E 0.78 0.88 0.82 8 E 0.44 1.00 0.62 8
v 0.89 0.80 0.84 10 v 0.00 0.00 0.00 10
Accuracy 0.83 18 Accuracy 0.44 18
Weighted avg 0.84 0.83 0.83 18 Weighted avg 0.20 0.44 0.27 18
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Untargeted Classification

36

E

E

0.83 0.62 0.71 8

v 0.75 0.90 0.82 10
Accuracy 0.78 18
Weighted avg 0.79 0.78 0.77 18

0.71 0.62 0.67 8

v 0.73 0.80 0.76 10
Accuracy 0.72 18
Weighted avg 0.72 0.72 0.72 18
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Untargeted Classification: Random forest B T

s B W/
Receiver Operating Characteristic (ROC) Random forest I Actu a I vs P red i cted Ia be I S
7 IE——— h
EVOO (%)
0.8 -
g 95 VOO (%)
g . /s
2
E
E EVOO (%) VOO (%)
" 04-
Random forest (criterion: Precision recall f1-score Support
entropy)
E 1.00 0.75 0.86 8
0.2 -
v 0.83 1.00 0.91 10
Accuracy 0.89 18
—— AUC=0.8778280542986425
0.0 - ---- Random guessing .
« Perfect performance Weighted avg 0.91 0.89 0.89
0.0 0.2 0.4 0.6 0.8 1.0
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Artificial Neural Network (ANN)

Geoffrey Hinton Yann LeCun Yoshua Bengio lan Goodfellow
(RBM’s) (CNN) (DNN’s) (GAN’s)

IS
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Conv
5x5x32

400x 800x 1

Pooling
2x2

400 x 800 x 32

Conv Pooling
5x5x64 2x2
A A

200 x 400 x 32
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200 x 400 x 64

Flattened
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Kernel

Convolution layer

700

Pooling

|

Feature map

\

layer

\
\

Feature map

—
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Conclusions

41

more whole informations
is better than single ones..
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1. Good performances

2. Less time consumption
4. Less efforts

5. More precision

6. Modeling automatic process
control

Process PLC ML model

analytica
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