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WHAT TOMOCUBE SEE ?
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WHAT TOMOCUBE SEE ?

Bright-field microscopy
(17t century)

Fluorescence

(Nobel Prize, 2008)

Phase contrast
(Nobel Prize, 1953)

HoloTomography (HT)
(Tomocube, 2016)
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WHAT TOMOCUBE SEE ?

Holographic imaging

= Refractive index : intrinsic optical contrast

= label-free gquantitative bioimaging




WHAT TOMOCUBE SEE ?

CT of Cell?




WHAT TOMOCUBE SEE ?

@ X-ray CT (computed tomography) @ Laser HT (holotomography)
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Computed tomography Refractive index tomography



WHAT TOMOCUBE SEE ?

Cell Membrane
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Nuclear Membrane

Hepatocyte
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WHAT TOMOCUBE SEE ?




WHAT TOMOCUBE SEE ?
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Sci Rep. 2018; 8: 1782. PMCID: PMC5788986

WHAT TO M OC U B E S E E f? Published online 2018 Jan 29. doi: [10.1038/s41598-018-20113-w] PMID: 29379106

Three-dimensional label-free imaging and analysis of Pinus pollen grains
using optical diffraction tomography

(a) (b) (C) Geon Kim,1'2 SangYun Lee.1’2 Seungwoo Shin,1’2 and YongKeun F’arkﬁm’z’3
Korean red pine Golden Korean red pine Japar




WHAT TOMOCUBE SEE ?
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https://www.youtube.com/channel/UCmVr-Boso8Wl8WU0_6G-buw

Introducing

3D Correlative Microscopy, the HT-2

3D holotomography meets 3D fluorescence microscopy

Start from 3rd of July 2017

“Tomocube is pleased to announce a new HT-2 system for holotomography

with 3D fluorescence imaging capability. ”




WHAT TOMOCUBE SEE ?

Stem Cell (Wharton jelly5)




WHAT TOMOCUBE SEE ?
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WHAT TOMOCUBE SEE ?

Cell Division

#(001 /3001 00:00:00.000



WHAT TOMOCUBE SEE ?

CAR-T cell kills a cancer B cell




so basmally“we wantqto know how bacteria and higher.cells
— actually regulate their =




WHAT Al CAN DO ?

What we did — classification (conventional ML + feature extraction)

1501 Intermediate Coronary Lesions in 1501 Patients

Lumen Segmentation

Centerline Extraction

Plot of Lumen Diameters

Feature Extraction
= 24 computed angiographic

features on a diameter plot
® 4 clinical variables

Feature Selection
®» 12 high-ranking features
selected by scatter search

(segment, gender, length-D=1.23,

distal lumen diameter, diameter

within the worst, MLD, DS, BSA,
length-D=2.0, distal 5-mm RLD,
length-DS=70, length-D<1.5)

l, 4:1 randomization

Training Set
1204 lesions

¥

XGBoost
(5-fold CV)

v

Parameter Training

TestSet

297 lesions

L4

Trained XGBoost
(using fop 12 features)

v

' ™
Binary Classification

FFR<0.80vs. =0.80
.

JAHA: Journal of the American Heart Association

Segment

Diameter stenosis (DS)

Body surface area

Minimal lumen diameter (MLD)
Lumen diameter within the worst
Length-D<2.0

Length-D<1.5

Distal lumen diameter

Distal 5-mm RLD

Gender

Length-D<1.25

Length-DS>70

e (G| 0.148)
I (G 0.146)
e JIC L)
. (G 0.143)
e (Gl 0.113)
I (G| 0.088)
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WHAT Al CAN DO ?

What we did — classification (conventional ML + feature extraction)

Segmentation ROl

ComputingFeatures
(1449 features)
= 2D-geometry
Probability distribution
» Texture-based

Feature Selection
(17 features)
T-test. ROC (AUC>0.6)
Five selection methods

Atherosclerosis

517 Coronary Lesions in 517 Patients

Training Set

(32,807 frames)

4:1 per-patient
randomization

Classifiers

= SVM
= Naive Bayes
= ANN

v

Parameter Training
with 5-fold CV

R

' 20 Runs ’

TestSet
103 lesions

Trained Classifiers

v

y
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Binary Classification
TCFAvs. Non-TCFA
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WHAT Al CAN DO ?

What we did — classification (deep learning)

602 Patients (45,400 OCT frames in 602 coronary arteries)

Sectionwith TCFA

Sectionwithout TCFA

4:1 per-patient randomization

| 0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700

Training Set

Test Set

35,678 OCT frames in 480 vessels

9,722 OCT framesin 122 vessels

Classifier (DenseNet, 5-fold CV) - Trained Classifier

10

Binary classification
(TCFAvs Non-TCFA)

i S

Dense block 1
Convolution
Dense block 2
Convolution

[=
=]
=
=
=]
=
=
=]
(]

Dense block 3

0 100 200 300 400 500 600 700

Under revision — European Heart Journal - Cardiovascular Imaging



WHAT Al CAN DO ?

What we did — translation, generation (GAN, encoder-decoder structure)

I"_: training
color images

LTC: label for
training images
Training

label

Convert to gra NN > /1 Tumor Classifier
& min-max . ' S — et E
normalization I

Stain color
generator

I",: trai
gray images
Trainingstage @ L __________

Test stage

AL Convert to } A Nt
XS_:testing ~ min-max X : training
color images normalization gray images color images
with target stain

color style

Stain color

enerator .
9 Tumor Classifier




WHAT Al CAN DO ?

What we did — translation, generation

(e) HS (f) Macenko (2) Reinhard

Fig. 4. Comparison between SST and others: (a) Target image for transfer (b) Original
input image to be transferred (c¢) SST (d) WSICS (e) HS (f) Marcenko (g) Reinhard

Table 1. Performance of CNNs based tumor classifiers among different stain color nor-
malization methods. SST model shows classification improvement compared to naive
application to original (untransferred image) and outperforms the others.

Model Target  |Original |SST Reinhard [Macenko |HS WSICS

AUC 0.9760 0.8900 0.9185 |[0.5611 0.7169 0.4245 0.6408
Precision |/0.9114 0.8098 0.8440 |0.6114 0.6983 0.4987 0.5989
Recall 0.9126 0.8111 0.8460 |(0.6119 0.6956 0.4986 0.5957
Specificity |[0.9583 0.8014 0.8371 [0.5471 0.6500 0.4162 0.6010




WHAT Al CAN DO ?

What we did — detection, segmentation (3D Unet + attention)

12040 manually annolated
a training images

Performance evaluation of

the deep leaming-based
Input the thickness information automatic volumotry

between the CT shdes for 39 test data

.

Abdomen + Peivis CT Multi-organ segmentation map 3D reconstruction for the volumetry

We will submit 7 ...



WHAT WE CAN DO?

What tomocube see

L J Tomocube

What Al can

Classification, detection, segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

Translation, Generation

Zebras T Horses Summer _ Winter

zebra —» horse summer —p winter




WHAT WE CAN DO? —
[3D holography + Segmentation] for finding new marker

Deep-learning based three-dimensional label-free tracking and analysis of
immunological synapses of chimeric antigen receptor T cells

Posted February 04, 2019.

Download PDF

Moosung Lee, Young-Ho Lee, Jinyeop Song, Geon Kim, Youngju Jo, HyunSeok Min, Chan Hyuk Kim, B Supplementary Material
YongKeun Park

Synapse




WHAT WE CAN DO? —
[3D holography + Segmentation] for finding new marker
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WHAT WE CAN DO? -

[3D holography + translation] for data improvement

Research Article Vol. 27, No. 4 | 18 Feb 2019 | OPTICS EXPRESS 4927 |

Optics EXPRESS

Cycle-consistent deep learning approach to
coherent noise reduction in optical diffracti~~

tomography

GUNHO CHol,"®* DoNGHUN RYu,2*® YounGJu Jo,?*® YounG SEO

Kim,"%* WEISUN PARK, "> HYUN-SEOK MIN,' AND YONGKEUN PARK'

Optics Express, (2019)
ehttps://doi.org/10.1364/0E.27.004927
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\ : "
\ Az =39 um
Az =0pum

1340 1376 1.390
RI | .

0 Amplitude 1 0 Phase 2m

Fig. 1. Coherent noise problem in optical diffraction tomography (ODT). (a-b) The ODT employs angularly varying illumination to capture off-axis holograms. (c) Each complex
optical field is reconstructed from the obtained holograms. (d) 2D sliced image of 3D reconstructed tomogram at Az =3.9 um €) 2D sliced image of 3D reconstructed tomogram at
focus Az= 0 ym corrupted with the coherent noise. (f) 3D rendering of the whole reconstructed tomogram.



WHAT WE CAN DO? -
[3D holography + translation] for data improvement

(a

~—

Training dataset

(1)

X; € X:noisy dataset

(b)

..................

Trained net

Gyy

..........

ESiE s i essiiar i< | L0 oo 3- —l:f)f"‘i
| —» » ‘

Fig. 2. Overview of the present network for de-noising: training and testing (a) Two classes of dataset for training were prepared. x; € X: noisy tomogramand y; € Y: clean tomogram.
(b) Training process of the proposed network. Gy: Generator that maps x to y. Gyx: Generator that maps y tox. D, Discriminator to determine if given input is a generated clean image
from Gy or a real data y. Dy: Discriminator to determine if given input is a generated noisy image from Gy or a real data x. L : Adversarial loss for Dy. L” : Adversarial loss for
Dy. L% : cycleconsistency loss forx. L : cycle-consistency loss for y. (c) Trained network, Gxyremoves the coherent noise of 2D sliced tomogram.



WHAT WE CAN DO? -

[3D holography + translation] for data improvement

Fig. 5. Experimental validation of the present method. Tomograms of NIH3T3,
MDAZ231, and Hel a (a) in the presence of coherent noise, in the shape of the fringe

pattem and (b) after coherent noise removal using our deep neural network.

(c)

(a)

0.27

Original (mean + sd)

= 1.3378 + 0.0019
¢

- Present method

Original g = 1.3369 + 0.0003
oS
0

1.3350 1.3370 1.3420
RI (marked background, 11 axial planes)
(d)

1.41 Original
Present
method
‘ 3
| Present method
133 ; 1.33 J
) 0 5 10 15 20 25
X (um)

Fig. 4. Quantitative analysis of the proposed network. (a) Original tomogram of the silica
microbead degraded by the coherent noise. (b) Tomogram denoised via our method. (c)
2D tomogram slices in the background region (number of slices = 11), marked by top-
left comer box, acquired in the axial direction; the RI distributions are shown for
comparison to highlight the denoising effect. (d) Line profiles along the horizontal way

are visualized.



WHAT WE CAN DO? -
[3D holography + classification] for robust imaging

Deep Learning Aberration Compensation 5 Ghannl Inouter 2-Channel Output G(x) Ground Truth y

in Quantitative Phase Imaging

Taean Chang', YoungJu Jo'2, Hyun-Seok Min2, Gunho Choi2 and YongKeun Park 1.2*
'Department of Physics, Korea Advanced Institute of Science and Technology (KAIST), Daejeon 34141, Republic of Korea
2Tomocube Inc., Daejeon 34051, Republic of Korea

*yk.park@kaist.ac.kr
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WHAT WE CAN DO? -
[3D holography + classification] for diagnhosis

N0 /—\ (i) / \ <iii>/ \ I
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To be submitted



a Prediction

WHAT WE CAN DO? -

B. subtilis

[3D holography + classification] for diagnhosis
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WHAT WE CAN DO? —
[3D holography + classification] for diagnosis

1.4

Ground truth: Ground truth:
S. pyogenes S. pyogenes

Ground truth: Ground truth:
B. subtilis B. subtilis

Mminhnhinin
a5 b O o




WHAT WE CAN DO? -

[3D holography + classification] for diagnosis

Culture and ;
. o DNA Real-time Proposed
Antiserum test suscte(e;)s’t:blllw microarray PCR method
Time Hours Hours to days Days Hours Minutes
Manual ' ' . . .
analysis Required Required Required Required Not required
In vitro culture Not required Required Not required Not required Not required
Specialized
biochemical Required Optional Required Required Not required
agents
Sub-species Capable on :
discrimination Capable condition Capable Capable Undetermined




WHAT WE CAN DO? -
[3D holography + classification] for diagnhosis

E F

3D RI tomogram »  Surface area

—  Sphericity

z
—> Volume

X ‘/l
|—‘ Hb content: 35.9 pg ¥

—> Mean RI —>  Hb concentration @ —> Hb content Hb concentration: 36.6 g/dl
| Volume: 98.3 fl
_L' Surface area: 147.0 pm?
Time-lapse phase maps — 2D phase fluctuation Membrane fluctuation Sphericity: 0.70
Membrane fluctuation: 39.9 nm

100 13127
| I'III
50 1 4

Prediction accuracy (%

25

7Bl 0 100

Number of RBCs Healthy s gy
IDA ot ﬁ

-
HS 3.0

PSR

Fiii e

- o, Sl

¢ ate .,'o: g
s %o g

ot ¢ )

Biosensors and Bioelectronics, (2019)



WHAT WE CAN DO? -
[3D holography + classification] for robust imaging
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WHAT WE CAN DO? -

[3D holography + Segmentation] for finding new marker

a
Deep-learning-based label-free segmentation of cell nuclei

in time-lapse refractive index tomograms

Jimin Lee', Hyejin Kim', Hyungjoo Cho', YoungJu Jo*>**', Yujin Song’, Daewoong Ahn®,

Kangwon Lee’, YongKeun Park?3#, Sung-Joon Ye!""

'Program in Biomedical Radiation Sciences, Department of Transdisciplinary Studies, Graduate School of
Convergence Science and Technology, Seoul National University, Seoul 08826, Republic of Korea

’Department of Physics, Korea Advanced Institute of Science and Technology (KAIST), Daejeon 34141, Republic
of Korea

*Tomocube Inc. Daejeon 34051, Republic of Korea
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WHAT WE CAN DO? -
[3D holography + Al] for something new
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HOW WE CAN DO?
Everything happened in six months!! With (3+2) members..

HAPPY
6 MONTH




HOW WE CAN DO?
Communication!! Alis just a Tool, but Al is a good Tool !
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HOW WE CAN DO?
Communication!! Alis just a Tool, but Al is a good Tool !

Normality = Majority ?
Normality != Majority !

“Anomaly”

-4 - - ' /

0 500 1000 1500 2000 2500 3000

Reference
[1] Anomaly Detection of Time Series, 2010
[2] Unsupervised Anomaly Detection with Generative Adversarial Networks to Guide Marker Discovery, 2017



HOW WE CAN DO?
Dirty Job First!!
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HOW WE CAN DQO?
We are a STARTUP!!

WE ARE A

STARTUP

THIS DOES NOT MEAN
WE ARE COMPETING

WITH GOOGLE,
FACEBOOK, NAVER,
KAKADO. ...

THANK YOU

FOR UNDERSTANDING

2,4,8 weeks process
2 weeks - feasibility check
4 weeks - first POC
8 weeks - Paper POC
Otherwise...
Give up and wait for Google to do it!!
Focus on impact and speed!!
For not fancy Al, but For domain & user!!



HOW WE CAN DQO?
We do not make Al, but make use of All!

What we actually did




WHAT WE WANT?

Al tech

From Google, facebook, ...

Thank you for sharing!!




WHAT WE KNOW ?

Alex Morgan ( Follow > v
» @genomicsdoc

Editor of @JAMA_current @howardbauchner
at @StanfordDeptMed Grand Rounds “We
are no longer accepting papers that show
machines are as good as humans at looking
at medical images, we know that.” We are
now seeking work showing clinical impact of
Al.

1:25 AM - 7 Feb 2019
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WHAT WE KNOW ?

We have

Clinical papers, Patents, Fancy Al
papers, ....

You can use ...
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