Data science in cell imaging
Lecture 6: deep learning in microscopy
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“The Great Wave off Kanagawa”, by Hokusai, ~1830 (Sourcéz Wikipedia)



All slides are open under the cc-by
license

You are free to share and adapt any
content from this presentation provided
that you attribute the work to its author
and respect the rights and licenses
assoclated with its components

PPTX slides available here
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https://drive.google.com/file/d/17C6eTGEWSTrG1SiLgHz4HcMHeFhs_dOH/view?usp=sharing

Last time

Enhancing cell image quality
with deep learning



Autoencoder: unsupervised data
encoding
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The machinery: U-Net
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The hallucination problem

Training datasets " %) iw 'c" T
abcdefg ... Witenagenlc'
‘bodfg .. Wwilynogeniol

PYEM . Ve iga o

wreXe- Witenagerrol

Old English word [ W|tenagem ot

g —

|

!

Degraded image

Restored images

Ground truth

Belthangady and Royer, 2019



Summary

Leveraging experiment-specific information

Matched images, semi-synthetic / synthetic training data
High quality models can be trained without the availability
of clean ground truth data

Great for downstream analysis not for intensity-based
measurements!

Could work well “out of the box”

CARE, ANNA-PALM and others..

Similar ideas in computer vision (“super resolution”)
Recommended Perspective, Belthangady & Royer (2019)

Applications, promises, and pitfalls of deep
learning for fluorescence image reconstruction

Chinmay Belthangady and Loic A. Royer©®*



Today and next week

* Generative models for cell structure with deep
learning
 Classifying cell state with deep learning



Guest lectures to come

» 13.5 Tammy Riklin Raviv, EE BGU, on
computer vision in cell imaging

» 20.5 Kota Miura, NEUBIAS, on bioimage
analysis (English)

» 27.5, Yaron Gurovich on “ldentifying
facial phenotypes of genetic disorders
using deep learning”

» 3.6 Tal Shay, Life Science BGU, on
systems biology



Look at a cell and know what it is doing

What it did
What it will do

Structure «— Function

Slide adapted from Susanne Rafelski, Allen Institute of Cell Science



Allen Institute of cell science
Our Mission

The mission of the Allen Institute for Cell Science is to create dynamic and multi-scale visual models of
cell organization, dynamics and activities that capture experimental observation, theory and
prediction to understand and predict cellular behavior in its normal, regenerative, and pathological
contexts.
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Allen nstitute of cell science

OVerview hitps:/iwww.allencell.org/what-we-do.html

Visualization htips://mww.allencell.org/visual-guide-to-human-cells.html
3D cell viewer htps:/imww.allencell.org/3d-cell-viewer.html

Cell feature explorer nttps:/bit.ly/355Lq1;

Publicly available cell lines, tools, data, code!
Research projects https://www.allencell.org/cell-research-projects.html



https://www.allencell.org/what-we-do.html
https://www.allencell.org/visual-guide-to-human-cells.html
https://www.allencell.org/3d-cell-viewer.html
https://bit.ly/355Lq1j
https://www.allencell.org/cell-research-projects.html

The holy grall!

Can we train a generative model for
accurate fluorescent imaging from
label-free (transmitted light) imaging?



A future of augmented microscopy
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Label-free images contain information on
the molecular organization of the cell!

Predictive

ﬁ
models

Bright field

Ounkomol et al. (2018)
Christiansen et al. (2018)



Unstructured-to-structured information
with supervised models

Single model schematic overview

Prediction

__ Bright-field image
> Input

Model “DNA” =2 o

Minimize
A mean _sgu_aieg error__ __

Fluorescence

Repeat for
other structures

Ounkomol et al. (2018)



Combining multiple models

Prediction
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Ounkomol et al. (2018)



Mitosis time-lapse output
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U-Net architecture

| 64 64
128 64 64 2
> > >
NN Off oofl co
| Off OO O
Ol M o o)
N | of ol [P [ e
G| 5] S 2l 3l 93
x| X X
/NOOD
~| =~} ©
wn| L W
'128128
256 128
1 B B
SN 3 SLEchS
N Nl v '
¥ 26 256 512 256

1402

1352W

1362¥
1042

copy and crop

l [I'El'gl = conv 3x3, RelLU
9 £ -
N

512 512 1024 512
Mool — o [eiemn # max pool 2:2
© <t - a
© oy 1024 g5 O 4 up-conv 2x2
[ - [ - [
Xt % = conv 1x1
o (V]

Greg Johnson, Ronneberger et al. (2015)




Predicting DNA localization from
transmitted light

Prediction

RN DA 0 S e sl
ood pixel-wise correlation between (3D) "true" and
predictions. Less noise in predictions.

7 o v
.}

(assessing and improving similarity/distance measures could be
a course project)
Greg Johnson



Predictions are 3D
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What about other structures?

e

Cell Catalog - Allen Cell - X

C | ® www.allencell.org/cel

Cell lines available in the Allen Cell Collection

Cell Line ID Protein

Research

Gene Name (gene symbol) Tagged
alleles
. 5 Paxillin Paxillin (PXN) mone
e 10 Secb1 beta Seck1 translocon beta subunit mono
(SEC618)
O 1 1 TOM2O Translocase of outer mitochondrial mono
membrane 20 (TOMM20)
6 12 Alpha tubulin Tubulin-alpha 1b (TUBA1B) mono
@ 13 Nuclear lamin B1 Lamin B1 (LMNB1) mono
Q 14 Fibrillarin Fibrillarin (FBL) meno
‘ 16 Beta actin Actin beta (ACTB) mono

Greg Johnson
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Correlation
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Predictions performance

Theoretical maximal correlation
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Models can be trained with fairly
small datasets
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Generalization to other cell types

Always perform best for data similar to the training

Prediction (m-HEK-293)
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Summary

* Great for hypothesis generation!

* Be very careful regarding “hallucinated” pixel
Intensities

» Generalization? effects of perturbations /
different cell systems / imaging



Follow-up project in the lab

Protein B

Katya Smoliansky

Label-free
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A

Several relevant ideas for
related course projects

With the Allen Institute of Cell Science



In silico labeling: predicting fluorescent
labels In unlabeled images

* Fluorescence microscopy images can be predicted
from transmitted-light z stacks

* Cell nuclel, live/dead, cell type, organelle type

o 7 fluorescent labels were validated across three labs,
modalities, and cell types

* Multi-task learning

* Transfer learning: new labels can be predicted using
minimal additional training data

Christiansen et al. (2018)



Pairs of transmitted light z-stacks
and fluorescence image sets

Untrained
neural network

Trained
neural network

Ll

New transmitted
light z-stack

Predicted
fluorescence
images

Christiansen et al. (2018)



Multi-task learning

Learned abstractions can be reused across multiple tasks

Transmitted
-gtack

ight z

B  untrained model

Label 1

Label 2

Label 3

Label 4

Label N

Different cell types, labels, labs! Christiansen et al. (2018)



Fluorescent labels

Transmitted light

Training data

Condition A

Condition B

Condition C

Condition D

Christiansen et al. (2018)




Multi-scale learning

learning the spatial interpolation

Inception modules (Szegedy et al., 2015) optimized with Google
Hypertune (Golovin et al., 2017) to design the network architecture
Blogposts with simple explanations of inception networks here and here

Christiansen et al. (2018)


https://hacktildawn.com/2016/09/25/inception-modules-explained-and-implemented/
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
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Predictions
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Predicting nuclei (DAPI/Hoechst)
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Christiansen et al. (2018)



Validations of downstream analysis

DICInput E-cadherin E-cadherin
Ground Truth Prediction

Merged

circles highlight graded junction intensity

E-cadherin Section Reconstruction Representative junction for confocalanaiysis
60000 -e- Prediction = 2D Projection
-#- Ground Truth M
40000+ .

20000+

Y
Lx
Position (microns) Junctional intensity gradients indicate 3D structure

LaChance and Cohen (2020)
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Examples of cross modality image
mapping with deep learning

« PhaseStain: phase-to-histology (rivenson, Liu, Wei, et al., 2019)

« Label free to physical cell properties (Guo, Yeh, Folkesson, at
al., 2019)

Could be picked as a student presentation



Other (non DL based) generative
models for cell organization

Robert Murphy’s lab, CMU,
http://www.andrew.cmu.edu/user/murphy/
Could be picked as a student/s presentation



http://www.andrew.cmu.edu/user/murphy/

Look at a cell and know what it is doing

What it did
What it will do

Structure «— Function

Slide adapted from Susanne Rafelski, Allen Institute of Cell Science



Classify cell state with deep learning



Predicting cell cycle / disease
progression stage (“pseudo time™)
with deep learning

Combination of CNN and nonlinear dimension reduction
enable reconstructing cell cycle from raw image data

Unsupervised detection of a subpopulation of dead cells

Supervised CNN classification surpassing boosting on
Image features

Generalization of approach on diabetic retinopathy
progression

Eulenberg (2017)



Experiment and analysis pipeline

Global average

CNN feed forward pooling

Feature extraction
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* Imaging flow cytometry — one cell at a time (no need

for segmentation), 37K human T-cells (Jurkat)
« Similarities between cells in terms of the features

extracted by the network with tSNE (t-distributed stochastic neighbor
embedding, Maaten and Hinton, 2008)
Eulenberg (2017)



Seven cell cycle stages
G1/S/G2 Pro Meta Ana Telo
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Eulenberg (2017)




TSNE visualization

o ® e} = Ly © 2 @ o S @& e

Home | Navigation Certainty Topology Information Selection  Images Markers Connections | Labels Certainty  Settings

Class Occurences

G1 - Interphase
S - Interphase
G2 - Interphase
Prophase
Metaphase
Anaphase

Telophase

<1l > >l

Eulenberg (2017)




Continuous temporal progression
along cell cycle phases from the raw
Image data

Prophase: red, Metaphase:
blue. Telophase and
Anaphase are not visible
due to their low number
representatives \/|

tSNE component 2

tSNE component 1

Eulenberg (2017)



Visualization of interphase classes (G1, S, G2)

DNA content reflects the continuous progression
DNA content

High
Low

Eulenberg (2017)

tSNE component 2

?/Co
tSNE component 1 \6\‘\



Detecting abnormal cells in an
unsupervised manner

DNA content

damaged High
‘ cells
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Eulenberg (2017)



Activation patterns of intermediate
layers

Bright Scatter Map 1 Map 2 Map 3 Map 4

& ”

Eulenberg (2017)




Deep learning outperforms boosting
for cell classification

Boosting (Blasi et al. 2016) Deep learning
92.35% 98.73% = 0.16% ,,
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Reconstructing disease progression:
diabetic retinopathy

tSNE component 2

tSNE component 1 &

Healthy Mild

Medium Severe

Eulenberg (2017)



®

Graph-based
trajectory detection Single-cell quantification

Trajectories of cell-cycle progression

from fixed cell populations

Including spatial context
(hopefully we’'ll go through it later in the course)
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Gut, Tadmor, et al. (2014)



Predicting and visualizing pseudo time
from snapshot images of single cells

using autoencoders and optimal transport
Just came out a few days ago!

Fixed NIH3T3 nuclei Predicted trajectories in Predicted trajectories
imaged along a dynamic the autoencoder feature mapped to the image
process space space

° Dayl
o Day2
o Day3
o Day4

Dai Yang et al. (2020)



Interpretation of feature space by
perturbing cell features and decoding the
results to the image space
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Dai Yang et al. (2020)



Predicting future differentiation

Hematopoietic stem cells (HSCs) are progenitors to other
blood cell types (GM or MegE lineage)

|dentification of cells with differentially expressed lineage-
specifying genes without molecular labeling

Lineage detected up to three generations before

conventional molecular markers are observable
150 genealogies from 3 independent experiments, total 5,922
single cells manually tracked for up to 8 days (2.4M images)

Granulocytic/
_,. monocytic
lineage (GM)

PU.1"
GATA1
CD16/32

Megakaryocytic/
> erythroid
lineage (MegE)

PU.1"%

Hematopoietic
stem cell

pPU.1™
GATA1™
CD16/32"

Lineage decision

GATAT1"

CD16/32" Buggenthin, Buettner, et al. (2017)



Experiment

e -1

l Long-term high throughput microscopy
l Extraction and purification of

hematopoietic stem and progenitor cells

3 LJ:

Cultivation on plastic slide Manual tracking of cellular genealogies
and addition of CD16/32 antibody and annotation of lineage choice
- Annotated MegE

A 4
— Annotated GM

— — Latent/Unknown
Long-term high throughput microscopy

Buggenthin, Buettner, et al. (2017)



Buggenthin, Buettner, et al. (2017)



Single cells commitment
GM or MegE lineage
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Buggenthin, Buettner, et al. (2017)



Network architecture

. Patch
Single
image patch Displacement features
27 x 27 px

5x5 2x2 4x4 2x2 3x3 2x2
Convolution Max Convolution Max Convolution Max
pooling pooling pooling
Patch .
Cell features Fidden

layer
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(There are better ways to handle temporal information,
blogposts of RNN, LSTM here and their limitations here)

Buggenthin, Buettner, et al. (2017)


https://towardsdatascience.com/understanding-rnn-and-lstm-f7cdf6dfc14e
https://towardsdatascience.com/the-fall-of-rnn-lstm-2d1594c74ce0

ldentifying and predicting lineage
from morphology and displacement
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Buggenthin, Buettner, et al. (2017)



