Deep learning for image analysis in
biology
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. Artificial Intelligence, Deep Learning &

Machine Learning

What is the difference?
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Definitions
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Deep Learning is a sub-domain of Machine
Learning which itself is a field of Artificial
Intelligence

Artificial
Intelligence

Machine
Learning

Deep Learning
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Supervised Deep Learning
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Supervised Learning: Main Issues

Amount of annotated data Heterogeneity Annotation quality

Large dataset needed Training dataset must represent the * Possible mistakes
diversity of data

* Possible bias
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I U
Deep learning for image analysis

Classification Segmentation

Determines the class of each image Determines the class of each pixel from each image

ls it a dog or a cat? Which phase of the mitosis is it? Which pixels belong to the class “dog” ? Where are the cells? How many are them?

Balluet et al., Journal of Microscopy, 2022
https://www.mocomakers.com/cats-versus-dogs/
Held et al., Nature Methods, 2010
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https://onlinelibrary.wiley.com/share/RMQEN2NKPWUCX9NBHJXB?target=10.1111/jmi.13062
https://www.mocomakers.com/cats-versus-dogs/
https://www.nature.com/articles/nmeth.1486

Neural Networks o

Neural networks are inspired from brain

Deep neural network
Input layer Multiple hidden layers Output layer

Training
* Neurons which treat information dataset

* Organized in several layers

*  First: receive data and computes an activation
function and transmits results to the next layer

* According to previous results, some neurons are — 0.3
activated or not
* Last: give the output (e.g. a probability that a sample 5
belongs to each class) — O.
* Layers are connected with different weights, which are re- / /
calculated for each iteration — 0.1
¢ Goal: minimize a cost function to have the best results O’/k’/ Probability of being
a square / triangle /
pentagon
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Convolutional Neural Networks (CNN)

A type of neural networks mainly used for image analysis
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www.developersbreach.com
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https://www.analyticsvidhya.com/blog/2021/05/convolutional-neural-networks-understand-the-basics/

ll. Applications of Deep Learning for image
analysis in biology

nuMecan

EXPRES Inserm |NRAZ 3% Soverms



L

{. .2 Deep Learning for smart
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Detection of cells + Capture of rare events

Segmentation
Features extraction

&
classification Non mitosis

— Ha — X
Nt ) Before anaphase
D, Anaphase and after

|
|

R Qci/Qof0

numMecan

EXPRES Inserm |NRAZ) 3% Soiersiné



Training Dataset for Classification: Cell Cognition

nuMecan

img Class Number of images
AA earlyana 28 (Train: 20; Test: 8) 112
(1 !.[ (After lateana 42 (Train: 30; Test: 12) | (Train: 80;
earivana lateana | felo Anaphase) | telophase 42 (Train: 30; Test: 12) | Test: 32)
BA prophase 38 (Train: 26; Test: 12) 112
(Before prometaphase | 38 (Train: 26; Test: 12) | (Train: 80;
I IR o Anaphase) | metaphase 36 (Train: 27; Test: 9) | Test: 32)

apo

| (Interphase)

112 (Train: 80; Test: 32)

J (Junk)

112 (Train: 80; Test: 32)

Total

448 (Train: 320; Test: 128)

EXPRES

Held et al., Nature Methods, 2010
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https://www.nature.com/articles/nmeth.1486

Generalization issue

Could the same classification model be used to classify:

Cells from various origins?

. Cells with different markers?

. According to another biological question?
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Transfer Learning

Small dataset with already

; . How many images are required?
labeled images required ymag q

Retrain “lightly” the model

Table 1: Datasets from Nagao et al study. !

Dataset name RPE1_Hoechst CENPF | HelLa Hoechst GM130 | HeLa Hoechst EBI1
Cell line - ow rt?tln;a-l human cells (HelLa) human cells (HelLa) Cell Cognition

pigment epithelium (320 images)
Markers Hoechst (DNA) + Hoechst (DNA) + Hoechst (DNA) +

CENP-F (centromeres) GM130 (Golgi) EB1 (microtubules)

&

Example of a cell in G2 phase

H

Hela_Hoechst
(8o images)

Example of a cell not in G2 phase

1Nagao, Y et al. Mol Biol Cell 31, 1346-1354 (2020)
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Why using deep learning for
fibrosis detection? | 25%

To estimate proportion of fibrosis on a tissue

.
dh
Faster
analysis S e e - 19.1%
: .‘: 5 ‘,4 ‘ X . e ] f
+ . Reproducible e . &
A
research

Reduce

bias

Combining fibrosis analysis

with omics analysis
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Training Dataset

Images come from a databank build by the American :

National Cancer Institute TCGA-DD-A4NK-012-00-
DX1.4FC242C7-5026-4400-8D8D-
Cancer Genome Atlas (TCGA) contains data from 20,000 primary cancer (33 types) ?:aEngﬁASDHE.svs- ScanScope
Cases by Major Primary Site
Data Category Cases (n=377)  Files (n=18243)
B Sequencing Reads 377 o 2608 »
% Transcriptome Profiling 376 wmm 1698 1
B Simple Nucleotide Variation 375 = 5256 m
I Copy Number Variation [— 3074 » TCGA-DD-A11D-01Z-00-
A arz DX1.3D607AE3-3510-406F-SEBA-
B DNA Methylation 377 =mm 1290 1 3C1CDAOD34A8 svs - ScanScope
= Clinical 377 wmm 803 1 2
W Biospecimen 377 emm 1634 1

“\
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QuPath

An free open source software for digital pathology image analysis

*  Whole tissue visualisation

*  TMA Analysis
* Stain estimation
e Automatic cell detection

* Automatic measurements and statistics

num
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a QuPath - CMU-2.5vs

File Edit Tools View Objects TMA Measure Automate Analyze Classify Extensions Help

[ W @EEEE——o 2 @EEE = e 1]

B Bollecllsvie’nlie)

| B || 589

‘ Project U Image ‘ Annotations ;‘ Hierarchy | Workflow |

\ Create project | Cpen project ] Add images
Image list

v Brightfield project/project.gpproj (6)

oy
)

k Q OS-1.ndpi

W
,' CMU-1.svs
% ‘ CMU-1-Small-Region.svs

= lCﬂU-Z.svs

[ 08-2.ndpi

Bankhead et al., 2017
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https://www.nature.com/articles/s41598-017-17204-5

Image Annotation with Qupath

Classes used for segmentation

Necrosis Inflammation

Background
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Model Integration in QuPath

essai_deep_java_lib

14682.14, 5352.26 ym
191, 130, 165
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Article | Open Access | Published: 03 August 2020

A deep learning model to predict RNA-Seq expression

of tumours fromwhole slide images

Combination of Histology

and Transcriptomics

Schmauch et al., 2020

Lol L

i

Transcriptomic
representation

Whole-slide images

Transcrptome prediction 1 5 Virtual spatialization

Transfer learning

Results improvements
for MSI status

TP53 | HIF1 JCD3D| .. |KRAS
10500 | 740 |18300) .. 4000
Transcriptomic data 32 34 36 38 4 42 44 46 48
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https://www.nature.com/articles/s41467-020-17678-4

Diagnostic

Quand l'intelligence artificielle permet
d’identifier 'origine inconnue d’un cancer

meétastasé

Un jeune homme de 30 ans présentant un cancer métastase d’origine inconnue a été le premier

a tester un outil d’intelligence artificielle développé a I'lnstitut Curie. Le crible a permis
d’identifier le rein comme l'organe présentant la tumeur d'origine et le traitement spécifique

qui lui a permis de guérir.

Janvier 2020. Le cas d'un jeune homme de 30 ans présentant « des
métastases un peu partout », se souvient Sarah Watson, est confié au
laboratoire de cette biologiste et oncologue de I'Institut Curie.

« Nous nous attendions a un diagnostic de sarcome [cancer rare des
tissus mous ou de l'os], qui est ma spécialité. Mais la biopsie nous
montre que c’est un carcinome [cancer d'un tissu épithélial],
explique-t-elle. Nous ne savions pas quel était le primitif [premier

organe touché]. » _ _ _
Article Le Monde, janvier 2023

Lol L

EXPRES

Modele entrainé
sur la correlation
données RNA-
seq/
histologiques

Arrive a prédire le
profil
transcriptomique

a partir d'une
image de lame en
quelques minutes

Inserm |NRAZ 3%

Plus rapide que
de sequencer
I’ARN du patient
et faire des
analyses
bioinformatiques
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https://www.lemonde.fr/sciences/article/2023/01/10/quand-l-intelligence-artificielle-permet-d-identifier-l-origine-inconnue-d-un-cancer-metastase_6157261_1650684.html

11.3 Other applications
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Other applications in biology

Medical Imaging

Animal Behaviour

Plants recognition

Ecology / Agronomy / environment

Hamylton et al.
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Input image

EXPRES

Artificial Neural Network Output

G. Zaharchuk et al.

Convolutional Layer Pooling Layer

Neural networks can be used to
analyse other data than images:
genomics (and other —omics),

structure prediction for proteins,
biomarkers identification ...
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https://theaisummer.com/mri-beyond-segmentation/
https://www.sciencedirect.com/science/article/pii/S0003347216303360
https://besjournals.onlinelibrary.wiley.com/doi/full/10.1111/2041-210X.13075
https://www.exxactcorp.com/blog/Deep-Learning/computer-vision-for-climate-change
https://www.ajnr.org/content/39/10/1776.short
https://plantnet.org/
https://www.nature.com/articles/srep14351
https://www.frontiersin.org/articles/10.3389/fmars.2020.603829/full

lll. How to use deep learning on images?

Without coding?
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How to use deep learning models?

ZICW Edit Tools View Objects TMA Measure Automate Analyze Classify Extensions Help

B @oodeveerlial s @ (o [EEE.B —c = L e

Project | Image | Annotations | Hierarchy | Workflow

Annotation (Polygon) (Stroma) None “. 3
42 Annotation (Polygon) (Tumor) M Tumor (1) ’“, .
@ srrtaton Gremety g WSvoray | | IS Maybe you already use some deep learning

B Immune cells

models without knowing

} B Pixel cl

Classifier | Artificial neural network (ANN_MLP) v Edit N ’\S! ) . )
 esotuion [Meenta 2 i) =T ,@S) Stardist: Detection and segmentation
| ion | Moderate (1.82 pym/px o . )

| Features | Default multiscale features Zi Edit Showr °V° Of Ce” n UCleI In fluorescence m ICI’OSCOpy
| Output Classification ¥ || Show F‘ | m a g e S

J Region Everywhere > '

| Load training Advanced options

| e predicton CellPose: Cell segmentation on stained
. tissues

| @ Stroma

| ’ @ Tumor

| Classification: Stroma

Classifier name Save Show classification
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Where to find deep learning models?

* Deeplmagel (for Imagel/Fiji only)
* Biolmage Model Zoo (for ImagelJ, QuPath, ilastik ...)

All models applications datasets

Tags & Filters ~ = E

- ¥
5;\ L
x Q@
A
e O
¥ Neuron Segmentation in EM .. <m PlatynereisEMnucleiSegmen... & StarDist H&E Nuclei Segmen... & Arabidopsis Leaf Segmentat...
Neuron segmentation in EM, trained on the {organelle} segmentation in EM of StarDist - Object Detection with Star-convex Perform leaf segmentation in light
CREMI challenge data. platynereis. Shapes microscopy images of Arabidop...
unet  neurons  instance-segmentation unet nuclei  instance-segmentation whole-slide-imaging 2d nuclei  tensorflow zerocostdldmic  deepimagej  segmentation
electron-microscopy .. electron-microscopy .. unet

[dowmioads [38888] cence [dowmioads [17288] lcense [dommioads [34525] cence [dowmioads (13508] lcense
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https://deepimagej.github.io/deepimagej/
https://bioimage.io/#/
https://bioimage.io/#/

If | want my to train my own model?

ZeroCostDL4Mic: easy-to-use notebooks

pooling_steps : Choosing a different number of pooling layers can affect the performance of the network. Each additional

pooling step will also two additional convolutions. The network can learn mare complex information but is also mare likely to
overfit. Achieving best performance may require testing different values here. Default: 2

percentage_validation: Input the percentage of your training dataset you want to use to validate the network during training.
Default value: 10

L L] L]
initial_learning_rate: Input the initial value to be used as learning rate. Default value: 0.0003 Pyt h O n | I b ra I rl e S:

patch_width and patch_height : The notebook crops the data in patches of fixed size prior to training. The dimensions of the

patches can be defined here. When arameters IS selected, the largest 2*n x 2*n patch that fits in the tensor lo W to rch
smallest dataset is chosen. Larger patches than 512x512 should NOT be selected for network stability. / y

min_fraction: Minimum fraction of pixels being foreground for a slected patch to be considered valid. It should be between 0

and 1.Default value: 0.02 )

Path to training images:

Also some librairies for R:

B imageseg, platypus

model_path:

Training parameters:
Number of epochs

number_of_epochs: 100

Advanced parameters:

numMecan
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https://github.com/HenriquesLab/ZeroCostDL4Mic/wiki

e B
How to learn?

Workshops at Biosit

biosit ' Workshops C

Bioimage Informatics with Fiji/ImageJ Whole-Slide Image Analysis and

Quantitative Pathology with QuPath

Fall 2022

Early 2023

Lo clne L
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https://biosit.univ-rennes.fr/bioimage-analysis-and-artificial-intelligence

.
Ressources

* Médecine et Intelligence artificielle

» Diagnostic du cancer du sein : Iintelligence artificielle d’Ibex bient6t réalité clinique a

I'Institut Curie

 https://www.ey.com/fr fr/health/intelligence-artificielle-et-medecins-qui-va-gagner

* https://www.inserm.fr/dossier/intelligence-artificielle-et-sante/

* Ethicsand Al

 Ethical principles in machine learning and artificial intelligence: cases from the field
and possible ways forward

 Legal and Ethical Consideration in Artificial Intelligence in Healthcare: Who Takes
Responsibility?
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https://curie.fr/actualite/publication/diagnostic-du-cancer-du-sein-lintelligence-artificielle-dibex-bientot-realite
https://www.ey.com/fr_fr/health/intelligence-artificielle-et-medecins-qui-va-gagner
https://www.inserm.fr/dossier/intelligence-artificielle-et-sante/
https://www.nature.com/articles/s41599-020-0501-9
https://www.frontiersin.org/articles/10.3389/fsurg.2022.862322/full

