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— Summary

1. Ashort brief for future PhD candidates
2. An introduction to artificial intelligence

3. Applied Al to the genomic medicine example

_ N_A_'-.N :ED MORE COFFEE.

S8 UNIVERSITE ne
A5/ MONTPELLIER




— A short introduction to CIFRE thesis before...

| Exemple | Dispositif jeune docteur

(Un jeune docteur, rémunéré 35 k€ brut annuel représente pour |'entreprise :)

30% \{
Réductiond'impét c“’il
9 '
»,

l g

Dépensesenrecherche
(jusqu'a 100 millions €)

@ Avec 100% de son temps
passé en R&D

35kEx 1,41 x2x2x0,3=59,2 k€ de CIR

Le jeune docteur ne coite donc rien et
rapporte méme 10 k€ a l'entreprise (car
elle aura déboursé 35 k€ x 1,41 de cotisations
patronales soit 49,4 kE€).

";%@

Avec 80% de son temps
passé en R&D

e

35kEx1,41x2x2x0,3x0,8=47,4 k€ de CIR

Le jeune docteur ne coite donc quasiment rien a
I'entreprise
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— CIFRE in Montpellier?

La ville abrite aujourd’'hui un formidable
vivier de « 32 000 étudiants, 4 000

Who benefit from CIFRE ? scientifiques, 300 entreprises en santé et
plus de 16 500 emplois », salué par la
présidente de la région Occitanie Carole

e Small Company : 45 % Cifre Delga, qui a ouvert ces premiéres assises.

e Big Company: 38 %

Actu Occitanie Hérault Montpellier

Montpellier. Recherche : SeqOne
Genomics, la pépite médicale leve 20 M€

Fleuron de la recherche médicale, SeqOne Genomics développe des
solutions d'analyse génomique pour la médecine personnalisée dont elle
veut devenir un leader mondial.
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https://www.lepoint.fr/villes/ce-que-veut-carole-delga-05-06-2022-2478337_27.php
https://www.lepoint.fr/villes/ce-que-veut-carole-delga-05-06-2022-2478337_27.php

— CIFRE Thesis, hands on

1. Seek for a research lab (me in Grenoble)
and a company (SeqOne Genomics in Montpellier)

2. Administrative and scientific development (1 an)
a. Write a research project for CIFRE
b. Company and university settle a collaboration contract

3. Only a yearly report (mainly based on CSI report)
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— Finally, “la CIFRE”

Lauréat du Prix Sabatier
d’Espeyran de la Ville de
Montpellier & ’Académie des
Sciences et Lettres de
Montpellier 2021

=> An incredible journey it has
been in Grenoble!

A
MONTAGNE
cavous'gdgne' s

\*
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Learnt a new job : Data Scientist, PhD! 0
Improve programming skills and scientific writing ﬁ,
Two patent-filed applications %

Co-authors of six publications, including 2 first HM‘ I |
authors, 2 second authors, and 1 third author il

Discover the industrial side of research @ @’: \

and company management ‘
$MT %

Alps Finalist of 3-Minutes Thesis %100

Co-leader of a bilingual MOOC

MOOC
in Genomic Medicine and Bioinformatics @
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— Atrtificial Intelligence - Quescussion start

Only answers with questions that could some
this problem

What Al can or can’t do today ?
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— What are we talking about with Al ?

Al is splitted in different concepts to mimic
cognitive human functions

A multitude of methods have emerged
starting from

Machine Learning to Neural Networks
to make this happen

Today -> Transformers (and GPT) are most
advanced models

THESE CIFRE & INTELLIGENCE ARTIFICIELLE /// KEVIN YAUY

Artificial intelligence

Natural language
processing

Visual perception

Intelligent robot

Automatic programming

Knowledge
representation

Automatic
reasoning

Machine learning

Linear/Logistic regression

k-Means Support vector machine

Principal component
analysis

k-Nearest neighbor

Decision
trees

Random
forest

Neural Networks

Boltzmann neural

Large language models with transformers &) UNIVERSITE oe
¥ MONTPELLIER



— The quest to classify objects

The main goal for decades and Al was to train machine to say a YES or NO
Provide probabilities from a list of possibilities

Cat
Output
Al
=  Cat 80%
Dog

7 MONTPELLIER
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— A common methodology

Train, validate and test your model with splitted datasets

Input Data

l Split
MH

Train Valid Test
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— Optimization with limited computing and data

The beginning of machine learning was using mathematics and limited amount of
data/computing to made optimized prediction

Linear Regression Logistic Regression

Y= froosommommmmmmsoemomeeto W .0 Y=1
2y
% -
> <
>
Y=0 5 Y=07 5
X-Axis

X-Axis

Look for the best mathematical model to fit your data
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— Neural network and high computing

With a lot of data and computing, neural networks find accurate patterns to predict and
classify data

MACHINE LEARNING

%>
- ctlloe &
- @

CLASSIFICATION OUTPUT

INPUT FEATURE EXTRACTION

DEEP LEARNING

<
VAV A AW oW
¢¢ » .t'l‘)A'l.)t'l‘)t'l‘)"l‘)"). »
@ AR AT
SAVATAVATAVAN

OUTPUT

INPUT FEATURE EXTRACTION + CLASSIFICATION
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— Neural network and convolution

With a lot of data and computing, neural networks find accurate patterns with
aggregation of layers with summarized informations

. 1

Convolved Pooled
feature feature

S UNIVERSITE oe
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— Neural network and classification

With a lot of data and computing, neural networks find accurate patterns with
aggregation of layers with summarized informations
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— Neural network and training

With a lot of data and computing, neural networks find accurate patterns with
aggregation of layers with summarized informations after a lot of iteration

Rerun the training, keep what makes improve the results, x times !

X2
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Epoch 10

Epoch 50

X2

X1

overfitting
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— Deep learning in medicine

To do so, we ask human to classify object and we need a lot of them

Basal cell carcinomas * Epidermal benign
TR . * Epidermal malignant
| Melanocytic benign
* Melanocytic malignant

Squamous cell carcinomas
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Esteva et al. used
129,450 clinical
images of skin
disease to train a
deep
convolutional
neural network to
classify skin
lesions

(Nature 2017)
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— Transfer learning

Thanks to transfer learning, applications of Al have spreaded

output

pre trained
NN

same input layer Ng®

: e layer
same hidden layer N new SlUgRIE

previous NN
with modified § | »
output o

D Leaming

input layer @hidden layer output layer ¢ frozen layers new custom classifier frozen connec normal connec
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— Fine tuning

Thanks to fine tuning, applications of Al continuously improve

Model

Model

Instruction fine-tune on many tasks

- e e e e e e e e e

dmy:::mples of each

needed for training
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| [EXAMPLE TEXT]
[EXAMPLE COMPLETION)
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— From the era of classifying Al to generative Al

Able to manage an overall context, Transformer model provided the generative era

Attention:
Telling context in words

The bank of the in the bank
DQ, 6@ @ Embedding
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6

5

4

[ ) °
£ :I o
(= bank
® étl bank]

river

bank2

Equations

) s
< -90% r) +10% é’@

banki bank river

Ko

money

|| | -80% ? +20% :
bank2 bank money
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— Large Language Model and GPT

Able to manage an overall context, Transformer model provided the generative era

LANGUAGE MODEL SIZES TO MAR/2023

GLM-130B

ChatGLM-6B

PaLM-Coder OPT-175B
Minerva BB3 GPT-4
Med-PaLM OPT-IML Undisclosed

Jurassic-1 Flan-PaLM 175B
1788 U-PaLM
Flan-U-PaLM
Med-PaLM 2

¢ LifeArchitect.ai/models
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— My guess as a Data Scientist

It’s all about data quality and not data quantity

From structured data will shine creativity and new applications

Data is Food for Al

~1% of Al research? ~99% of Al research?
| A

\[

80% 20%

PREP ‘ ACTION

Source and prepare high quality ingredients | Cook a meal

Source and prepare high quality data Train a model

UNIVERSITE oe
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— My guess as a Data Scientist

Choose the right model for your data

-

Few data/sparse data

Machine learning

e

N
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Texts

LLM

-~

Lot of data / task specific

Deep learning

~
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— My wish as a Data Scientist

Learn minimum skills on how to structure your data
if you want Al and/or a data scientist to help you !

The Cost of Bad Quality Data Over Time

$1

Cost for preventing bad data.

$10

Cost for correcting poor quality data.

$100
Cost for fixing a problem resulting
from bad quality data.
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1. Introduction to genomic medicine
2. Application of Al in genomic medicine

3. LLM for (genomic) medicine education



Genomic
I ® medicine?
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Call for ideas

What is the impact of a genetic diagnosis ?

Let me know !



Rare disease diagnostic

» About 3 Million people affected in France
* Still ~50% patients with no diagnosis

1ZAGENETIC

WHILST OTHERS ARE THE RESULT OF
ARE RARE CANCERS

#RAREDISEASEDAY
28 FEBRUARY 2022  areniseaseoav.ors

ATCLE
ORPHARET DATABASE, EVROPEAN JOURNAL OF UMAN GENETICS (2016)

* There are more than 10000 rare diseases
» A geneticist only has 1 brain

\;\nkeroDO‘h\es Ciliopathies
4 Familial
\(\&3\;&0@6 medi]’ierroneon
B\ ever
2202 LV////O s
Sgnd(ome

S8,
Sy /70’/. omeU/‘ Q )
(S
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Impact in patient care

/

Diagnosis:

losis: Prognosis: - Family :
- Society issue, disability : - Known associated complications — B NGO O OnC iy,
- Loneliness, guilty - Provide degree of severity . :

- Medical aid if genetic condition

- Pre-symptomatic diagnosis

Reproduction :

- Prenatal diagnosis

- Pre-implantation diagnosis
- Carrier screening




- Enfant3ans 1/2

— Maitresse scolaire vous informe des difficultés
- Difficultés de concentration
- Difficultés de compréhension
- Perturbateur dans la classe

— 2 crises d'épilepsie fébrile

— Marche 19 mois

— Hyperactif -

— WISC4 = QIT 55

d
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Informations familiale

- Maman
— seul enfant
— Difficulté procréation

31



Informations familiale

« Maman
— seul enfant
— Difficulté procréation

Parkinson atypique

C) Trouble fertilité

- Grand pere maternel ataxie et
Parkinson atypique B

e

Retard mental

32



Les vrais Diagnhostics

- Fragile X Tremor ataxia syndrome
FXTAS

‘ Insuffisance ovarienne précoce
FXPOF/FXPOI

- Syndrome de I'X Fragile



Quel conseil génetique donner ?

A Indemne

B Doit faire le teste

C Pas de risque pour ses filles
D Conductrice obligatoire
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Quel conseil donner ?

N

|
O

|
‘ Conductrice obligatoire

O

S



Application of Al in
® Jenomic medicine

y
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Genome sequencing era in France

RCP-FMG d'amont
Validation de la prescription

Consultation E-prescription
medicale
Information Consultation

médicale
Y I b BB Consentement
trés haut débit (STHD 8¢
eS’ we prescn e ( ) Préléevements Prescription
complete genome 0
sequencing in routine,
. Interprétation | >
since 2019 | clinico-biologique {81/
Consultation
médicale
Restitution des
Réunion d'interprétation RCP-FMG d'aval résultats et prise
clinico-biologique si nécessaire Proposition thérapeutique en charge adaptée
Compte-rendu de biologie médicale Compte-rendu de RCP
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Diagnostic tools for the doctors

3. DNA analysis/sequencing :
2. association of symptoms : "genotype"

"phenotype"

Physicians select a targeted sequencing analysis according to their
knowledge

39 THESE CIFRE & INTELLIGENCE ARTIFICIELLE /// KEVIN YAUY
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Diagnostic tools for the doctors in the genome era

1. Recognition of "gestalt" or 3. DNA analysis/sequencing :
2. association of symptoms : "genotype" - millions of
"phenotype" variants

=> How Al can help medical geneticists in their clinical practice ?
Three examples

THESE CIFRE & INTELLIGENCE ARTIFICIELLE /// KEVIN YAUY



Facial recognition of

‘gestalt’
® (Deep Learning)

A e




Facial recognition of "gestalt"

e One of the main skills before
sequencing (200-300 gestalts to )

e Limitation:
- “Subjective” skills
- Hard to learn

Syndrome Kabuki



Deep learning & gestalts

TECHNICAL REPORT

https://doi.org/10.1038 /541588-021-01010-x

M) Check for updates

GestaltMatcher facilitates rare disease matching
using facial phenotype descriptors

a
Deep convolutional

neural network Classiifier

Feature encoder  fFyiy
.. CONV-10  connected

Coffin—Siris syndrome

Patient photo

....... -+ Patients with the same
ultra-rare disease

CFPS



Deep learning & gestalts

Face2Gene CLINIC Overview

Presented by Sarah K Savage, MS, CGC
VP of Clirecal Genetics, FDNA



http://www.youtube.com/watch?v=9905WXOYrcE&t=60

Deep learning & gestalts

GestaltMatcher

Find new gestalts:
=> Kabuki 1 et 2 syndrome : no distinguishable
gestalts described

Al can find patterns with interpretable results

KDM6A vs. KMT2D

Score Distribution ROCG

B/l i

KDM6A

KMT2D

Rouxel* Yauy* et al. EJHG. (2022)




Association of

Symptomes
(Machine Learning)
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Physicians needs computer helps

Clinical geneticists were early adopters of
software as clinical decision support

“For precision medicine human and artificial intelligence

need to join efforts.” (Peter Krawitz)

- Nelicape 0| x|
e E Vew Go Wndw Heb R - et i 3Ll :
2 ¢ A & 2 £ o & d
| Back i.-s| Rebasd Homs Seach Gude Pint Seculy . b 3 £
T B Boskmaks L Locationc [l //genehes < usl ac o /i ok Hied — =]
T [ tnermt O Lockup (% NewtCoo
=

back home

Search Human Syndromes.

Malonyl coenzyme A decarbomtase deficloncy ;]

Malouf (1985) - card omyopatty, hypogonadsm

Maipuech (1983) - MR, growth faiture, clefing. urogenital ancmahes

MANG 1

|Manaibulo-acral dysplasia
acial dysostos

Fostue Souch | Syndrome List | Keerd Somch | Sench Redernces | ShowNatopad | Hebo|

Path to Photoieay
Select Syndrome | v ’
| A
@ P AT £

Fig. 1 Syndrome Int search screen




Need for computational phenotype analysis

hH map
Phenotyping : ci) gnteonlgg{/pe A common language

Physicians identification of \ between human and
characteristics deviating machine is necessary
from normal morphology,

for computer support
physiology, and behavior

=) Computational
phenotype analysis :
Identification of diagnostic
hypothesis, clinically relevant
groups of patients, ...

Ontology :

Standardized symptom
terms linked according to /
the human development

architecture
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Bottleneck : “fuzzy”
phenotypic profiles

Wiedemann-—Steiner
Syndrome Profile
DIGITS
Short toe
HP:0001831

Short middle phalanx of finger
HP:0005819

Phenotyping is reported to be “fuzzy”

Developmental delay in speech
and language

HP:0000750
Intellectual disability
HP:0001249
SKELETAL
Microcephaly
HP:0000252
Short stature
HP:0004322
FACIAL

e Heterogeneity in phenotyping
e Variable expressivity in diseases
e Undescribed associations

Thin upper lip
HP:0000219

Hypertelorism
HP:0000316

=> Studies about phenotyping practices
in clinical sequencing are lacking

Blepharophimosis
HP:0000581

Epicanthus
HP:0000286

" Patient 1 Profile
(3-year-old girl)

O None

© Cone-shaped epiphysis of
the phalanges of the hand
HP:0010230

® Developmental delay in speech
and language

HP:0000750

© Global developmental delay
HP:0001263

® Microcephaly
HP:0000252

© Proportionate short stature
HP:0003508

© Thick upper lip
HP:0000215

® Hypertelorism
HP:0000316

O None

Patient 2 Profile
(14-year-old boy)

@ Long toe
HP:0010511
O None

® Developmental delay in speech
and language

HP:0000750

© Global developmental delay |
HP:0001263 {

© Macrocephaly (
HP:0000256 |

O None

® Blepharophimosis
HP:0000581

© Epicanthus inversus
HP:0000537




Heterogeneous Phenotyping

» Phenotypes described in a cohort
of 1686 patients

* 47% of HPO terms declared only
once

Heterogeneity because :

Clinical examination variability?
Physicians phenotyping diversity?

PhenoGenius consortium W Abnormality of the nervous system Abnormality of the cardiovascular system W Abnormality of the immune system Abnormality of the endocrine system
Peng et al, NAR Genom Bioinform (2021) Abnormality of the musculoskeletal system Abnormality of the digestive system mm Abnormality of the respiratory system Neoplasm
Seo et al.. Clin. Genet (2020) B Abnormality of head or neck I Abnormality of metabolism/homeostasis Abnormality of limbs Bl Abnormality of the breast
i Abnormality of the eye Abnormality of the genitourinary system Abnormality of blood and blood-forming tissues Abnormality of the voice
TrUJ illano et 0/., EJHG (201 7) Abnormality of the integument Abnormality of the ear Other mm Abnormal cellular phenotype

b lity of prenatal develop or birth

B Growth abnormality

Confidentiel | Nom de la présentation



Heterogeneity within
reports

Three clinical reports described by 12
physicians

EHMT1 Example
* 29 different terms

* 17 used by 2 or more physicians
* none mentioned by all

Physicians phenotyping diversity
explains the observed heterogeneity

AFGC

de Génétique Clinique

Clinical reports phenotyped by 12 physicians

Clnicdl repoirt

(&)

N > a5
Number of symptoms declared per description



Phenotyping unknown associations

Cohort
11,526 unique symptom-gene associations

HPO-structured database
734,931 unique symptom-gene associations

Missing overlap ;"

57% symptom-gene association were missing in cohort (6613) |

=> Unexploited information for computational
phenotype analysis

=> How to handle physicians’ heterogeneous
phenotyping ?

Confidentiel | Nom de la présentation
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Multiple ways to describe patients

Child at 18 months  Motor delay
not able to walk a

Nervous system = = ’ =

abnormality class ( 1’ e

/’ ‘ ) ) . -
=2 4 \J\ Abnormal
T ~_muscle tone
\ Sus s A‘ o :
Musculoskeletal ./ )
abnormality class ~—

1739 genes
in common
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Inductive reasoning

Diseas typic )
_
y /s

e /Pheno
erns | kn
s

(e ~'\p
N S \(; @‘
SN | T ‘f\“f’ o

‘ Microcephaly
i (HP:0000252)
=
:
I V& (HP:0031936)

Shin. J Med Educ 2019
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Inductive reasoning... through modeling

NETFLIX

Recommendation
algorithms are
really efficient
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Find symptom-gene associations

r T e M |
| | . . a : I Merge all HPO-gene association | |
- = elasticsearch * ; |
: : Text motchlng via = : available : HP:0000006 :
| | | | Probability |
: N I T I Y Y
National 4 N
[ l ‘TOM] 4 Center for | \/OX{haiJac:(son | Orphg;]et | i L \I | |
3 iotechnolo, oratol I | \
: Gene : == : E)form:tiolngy : i | | N "&i // : :
L | |
|
| BRCA1 1 0 0 0.5
|
HPOL  HP02 HPO3 ... HP15785

Gerel (093 041 0 0 Building a gene-symptom

Gene 2 0 021 0.32 0.42 association matrix

with ~16000 symptoms

Gene4531 | (.11 0.27 (.42 0.42 ymp

Confidentiel | Nom de la présentation
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Extract meaningful groups of symptoms

Non-Negative Matrix Factorization

Dimensionally reduces 16,600 symptoms to 390 groups of
symptoms according to their current genetic relatedness

4,

Symptoms Groups
Symptoms

& _ e
250
200
0

Coherence group score

Genes
Genes

Groups
035

Q
< A2

)

Number of groups

Confidentiel | Nom de la présentation 57



Symptom-gene graph

Retrieving Symptom-gene associations with graphs

* 390 groups of symptoms
(n=43,308, 10% of symptom-group
associations)

: « 5971,755 pairs of symptoms

« 3,222,053 additional NMF-based
symptom-gene associations

« “only” 2% cohort symptom-gene
association missing !

58
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An example: Autoimmunity group

ol o
° Uvéitis ®
@
. ,
Sterilearthritis
e Rheumatoid factor positive
@ Autoimmune hemolytic anemid Premature osteoarthritis
Neutropenia in presence of anti-neutropil antibodies  sacroiliac arthritis °
Juvenile rheumatoid arthritis Autoimmune antibody positivity °
[ ]
Antinuclear antibody positivity
. Arthritis Autoimmunity Maternal autoimmune disease
Gout y : ®
), [}
Mai ° L : ® °
. ° . L]
& ain Sumptom . ® s ® e Hegolytic anemia
: . . Antiphdspholipid antibodypositivity \\ \ Cervical spondylosis
Autoimmunity ° » e
. Polyarti€ular arthritis ® ®
° 99 H POS IﬂC|Uded . Impaired antigensspecific response o Y
° 14 d |fferent H PO . ~ Antlnegtrophll antibody posm\aty
Rheumatoid arthritis ® Autoimmune thrombocytopenia
Decreased circulating level of specific antibody
classes B J |4 J
. [ ]
* 545 genes associated it .
to th e group ® ° Systemic lupuslerythematosus
@
59
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Q. Is it clinically relevant ?

Diagnostic gene ranking
experiments on 1,686 patients

Sparse hair



Improved gene prioritization with symptom interactions

% of patients

Tool name
== 1. PhenoGenius

2. PhenoApt

3. Phen2Gene
— 4., LIRICAL
—5. CADA

Using symptom interactions improved the
diagnostic performance in gene prioritization
by 42 %.

Median rank of diagnostic gene
e 80 with Phen2Gene
e 41 with PhenoGenius

g S A

Causal diagnostic gene rank under...

Diagnostic gene rank benchmark:
4 state of the arts software with different
methodologies :
PhenoApt (Chen et al. AUHG 2022)
Phen2Gene (Zhao et al. NAR GB 2020)
LIRICAL (Robinson et al. AJHG 2020)
CADA (Peng et al. NAR GB 2021)




— Conclusion

Such a great era for new scientists !

Be part of it !

\ & . A

LLAMA 2 AR

API 4} €9/

& OpenAl 4/5 3\
ChatGPT [XY,

|
o
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Thanks for your

attention | ) | g
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