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FROM FOOD FLAVOUR TO SENSORY PERCEPTION

Orthonasal route Nosespace Transfer air to ~350 odour
/. receptor Receptors

U Retr::-nasal route
eadspace Chewing &
elease Chewing & ~40 “taste” . _ 1:i‘ilgn:il
Release ’ Receptors " in egraon

Emotional Orbito frontal
Taste library cortex

ey Psychology

Attribute Flavour
description intensity

[ Food flavour composition }—[ Sensory description }

Taylor, A.J. (2023) Chapter 9: Predicting sensory properties from chemical profiles, the
ultimate flavour puzzle. In: Digital Sensory Science, Woodhead Publishing.
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FROM FOOD FLAVOUR TO SENSORY PERCEPTION
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Attribute Flavour Comp|exity
description intensity
[ Food flavour composition }—[ Sensory description } Physiological
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Taylor, A.J. (2023) Chapter 9: Predicting sensory properties from chemical profiles, the
ultimate flavour puzzle. In: Digital Sensory Science, Woodhead Publishing.

Differences in the
state of knowledge
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FROM FOOD FLAVOUR TO SENSORY PERCEPTION
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ultimate flavour puzzle. In: Digital Sensory Science, Woodhead Publishing.
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FROM FOOD FLAVOUR TO SENSORY PERCEPTION

Digitalizing flavour
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Chemometrics/ML/Al tools

Taylor, A.J. (2023) Chapter 9: Predicting sensory properties from chemical profiles, the

Human panel
ultimate flavour puzzle. In: Digital Sensory Science, Woodhead Publishing. P
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FROM FOOD FLAVOUR TO SENSORY PERCEPTION

Digitalizing flavour: why is this relevant?  To optimize food products design and processing
To better understand and control off-flavour formation
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Taylor, A.J. (2023) Chapter 9: Predicting sensory properties from chemical profiles, the

Human panel
ultimate flavour puzzle. In: Digital Sensory Science, Woodhead Publishing. P
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DIGITALIZING FLAVOUR

L Food flavour composition J—L Sensory description J

Chemical subspace Sensory perception subspace

Volatilomics (untargeted)
« GC-MS (+ PARAFACZ; Rasmus Bro's talk)
¢ GCxGC-MS
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DIGITALIZING FLAVOUR

L Food flavour composition J—L Sensory description J

Chemical subspace Sensory perception subspace

Volatilomics (untargeted)
« GC-MS (+ PARAFACZ; Rasmus Bro's talk)
¢ GCxGC-MS

Sensomics method (fargeted). identification and
quantification of odour-active compounds

1. Isolation of volatiles
(SAFE)

3. Structure elucidation: odor, RIs. MS

Aroma compounds Reference compounds

Unified method (targeted):

Odorants and tastants oo B A
By UHPLC-MS/MS @l. JJJ_< @W » * E
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Granvogl, M., Schieberle, P. (2022) Chapter 2: The sensomics approach
(...). In: Comprehensive Analytical Chemistry, volume 96, ElSevier B.V.
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DIGITALIZING FLAVOUR

L Food flavour composition J—{ Sensory description

2 Chemical subspace

Sensory perception subspace

Volatilomics (untargeted)
« GC-MS (+ PARAFACZ; Rasmus Bro's talk)
¢ GCxGC-MS

Sensomics method (fargeted). identification and
quantification of odour-active compounds

1. Isolation of volatiles
(SAFE)

3. Structure elucidation: odor, RIs. MS
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Unified method (targeted):
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Granvogl, M., Schieberle, P. (2022) Chapter 2: The sensomics approach
K (...). In: Comprehensive Analytical Chemistry, volume 96, ElSevier By
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DIGITALIZING FLAVOUR

L Food flavour composition J [ Sensory description J

Chemical subspace Sensory perception subspace

Molecule-based approaches:

* QSPR: chemical-physical parameters (vapour pressure, hydrophobicity, solubility, partition coefficient).

Strur.:tur.:slll'_'.ur similar pair

’&@w)&owﬂ

muguet, fresh,  muguet, fresh,
floral, sweet floral, rosy

Perceptually similar pair
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DIGITALIZING FLAVOUR

Food flavour composition [ Sensory description ]

Sensory perception subspace

Chemical subspace

Molecule-based approaches:

» QSPR: chemical-physical parameters (vapour pressure, hydrophobicity, solubility, partition coefficient.

|BC RESEARCH ARTICLE

e Relevant studies/projects: OdoriFy: A conglomerate of artificial intelligence-driven
N prediction engines for olfactory decoding
ODORIFY: DNN to identify what molecules bind to human e
- o ~ - Pralai Garg , Sanjay Kumay Mohanty , Rya Sogant , Harshit Singn Chhabra, Vishakha Gavtam Trpti Mishra
odour receptors. Potential prediction of odorants interaction. Debarka Sengupta 1 and Gaurew Al 8 o ' ' '

From the 'Department of Computational Biology, >Department of Computer Science and Engineering, >Department of Computer
Science and Design, Indraprastha Institute of Information Technology-Delhi (IlIT-Delhi), New Delhi, India; “4pathfinder Research
and Training Foundation, Greater Noida, Uttar Pradesh, India; *Centre for Artificial Intelligence, Indraprastha Institute of

Information Technology, New Delhi, India; ®Institute of Health and Biomedical Innovation, Queensland University of Technology,

OSMO’S Al scent platform Brisbane, Queensland, Australia
Graph Neural Network ~5000 molecules with odour labels from flavour DB

A principal odor map unifies diverse tasks in ﬁ
olfactory perception

Brian K. Lee't, Emily J. Mayhew®3t, Benjamin Sanchez-Lengeling?, Jennifer N. Wei', Si ng |e mo | ecu |eS
Wesley W. Qian**5, Kelsie A. Little?, Matthew Andres?, Britney B. Nguyen?, Theresa Moloy?,
Jacob Yasonik**, Jane K. Parker®, Richard C. Gerkin**’, Joel D. Mainland®®*, Alexander B. Wiltschko** R atl oS an d m iXtU res p | ay aro | e

Mapping molecular structure to odor perception is a key challenge in olfaction. We used graph
neural networks to generate a principal odor map (POM) that preserves perceptual relationships and
enables odor quality prediction for previously uncharacterized odorants. The model was as reliable as a
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DIGITALIZING FLAVOUR

Food flavour composition
L ~

Chemical subspace

[ Sensory description ]

Sensory perception subspace

_ .
Volatilomics Untargeted High-throughput data. training of flavour prediction ML models

 GC-MS (+ PARAFACZ; Rasmus Bro's talk) | N
e GCxGC-MS + Other measurements non-volatile composition

(Cozzolino, 2022) (Spectroscopy: IR, Fluorescence, Raman, NMR)
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DIGITALIZING FLAVOUR: A TEXT ANALYSIS APPROACH

Food flavour composition
L ~

Chemical subspace

[ Sensory description ]

Sensory perception subspace

_ .
Volatilomics Untargeted High-throughput data. training of flavour prediction ML models

* GC-MS (+ PARAFACZ; Rasmus Bro's talk) ) - N
e GCxGC-MS + Other measurements non-volatile composition

(Cozzolino, 2022) (Spectroscopy: IR, Fluorescence, Raman, NMR)

@ *Key role in harmonization process for

The vocabulary used in sensory assessment
Text data

Background knowledge not actively used in both chemical
composition and sensory assessment, available at:

o Scientific papers

o Books

o Databases: flavour and physico-chemical meta-data (e.g.,
flavorDB and Pubchem)
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DIGITALIZING FLAVOUR: A TEXT ANALYSIS APPROACH

L Food flavour composition J L Sensory description J

Chemical subspace Sensory perception subspace

Transformer architecture

GPT BERT

Unidirectional Bidirectional

Text generation Sentiment analysis
(understanding context)

NLP for digitalizing flavour
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DIGITALIZING FLAVOUR: A TEXT ANALYSIS APPROACH

Pilot structure

4
}“‘ Amass' Scientific
! assistant
Interface $

_ GPT
KU FOOD pilot @ * Unidirectional

GPT-4

Internal PDF’s, accessed by ‘ Lnrge Languuge Model

Text generation

referring to “internal files” as
part of questions.

F 3

Review and research papers from 4
the main scientific Journals in
FOOD SCIENCE Data querying
bioRyiv

~ 1 milon vectors

Internal Data Public Data
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Pilot structure
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DIGITALIZING FLAVOUR: A TEXT ANALYSIS APPROACH

Amass’ Scientific
assistant

GPT

Unidirectional

BERT

Bidirectional

Text generation Sentiment analysis

(understanding context)

Challenges:

'® Unstructured data: mainly as text, but also in tables and figures.
e Symbols and Greek letters are often present in chemical names.
e Compound names are not unique

THE PREPRINT SERVER FOR BIOLOGY

Internal Data

Public Data




o? KOBENHAVNS UNIVERSITET 20

CASE-STUDY: WINE PROJECT

Preliminary study (Hjertholm/Gétz et al., submitted for publication)
Frederikke Hjertholm's flash presentation

Can consumer perception of wine quality be predicted by chemical markers?

Wine Chemical Analysis Wine Quality Prediction
I 42 : - : : &
p—————| [& Latent Variables =
|RMSEC = 0057603 o s 4]
- B 411 |RMSECV = 0.000657 & :"1 {
E— === — :2@';::?:5?2;6;7“09“ B B Al ¢ 34
- il RA2 (Cal,CV) = 0.892, 0.737 35
P— > ° 2 A 36
L] . v 37
: < * 38
Germar White Wine ) Mid-level data fustf)n . ) A S & 50
(n=89) DHS GC-MS WineScan FOSS (89x163 data matrice) _ v B s ° * 4
° - s 41
2 v * * A 42
o Y' 4 s
Partial Least Squares (PLS) regression model 3 ¥ *
- 3 v L4 *
¥
Y. X sof s
#VIVINO — —_— :
) 34 6 ‘!‘0 2
Crowd-sourced quality Y Measured 1
ratings (n= 64%) Calibration matrices iPLS Variable Selection
(64x163) (64x32)

*64 wines available on the Vivino platform
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The Margaux wine project

CASE-STUDY: WINE PROJECT

n=30
2017 10RO

Google My Maps
—
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CASE-STUDY: WINE PROJECT
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+ Non-alcoholic wines ( Frederikke's PhD)

Analytical measurements:
Volatile profile: GC-MS and PTR-TOF

Phenolic composition: LC-HRMS and EEM

Metabolites composition: NMR
General quality control physicochemical parameters: FTIR (Winescan®, Foss, Hillerad DK
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Analytical measurements:
Volatile profile: GC-MS and PTR-TOF ~ Chemometric methods
development

Phenolic composition: LC-HRMS and EEM  (ulius J. Terp's FhD)

Metabolites composition: NMR
General quality control physicochemical parameters: FTIR (Winescan®, Foss, Hillerad DK
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@ Sensory analysis:
Panel of wine experts

RATA method — ratings of detected descriptors

B Go/gle My Maps

+ Non-alcoholic wines ( Frederikke's PhD)

Analytical measurements:
Volatile profile: GC-MS and PTR-TOE ~ Chemometric methods
development

Phenolic composition: LC-HRMS and EEM  (ulius J. Terp's FhD)

Metabolites composition: NMR
General quality control physicochemical parameters: FTIR (Winescan®, Foss, Hillerad DK
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The Margaux wine project

Text analysis (BERT models)
v’ Meta-data from wine samples

v’ Expert reviews (numerical scores
and tasting notes) from major sources
(Decanter, Jancis Robinson, Wine
Spectator)

v’ Background knowledge from
0 scientific papers, DB, books

Analytical measurements:
Volatile profile: GC-MS and PTR-TOF

n=30

Google M

Chemometric methods

development

Phenolic composition: LC-HRMS and EEM  (ulius J. Terp's FhD)

Metabolites composition: NMR

2017 <2020 -
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CASE-STUDY: WINE PROJECT
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