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Speaker Name: Taehoon Ko, Ph.D.

» Personal Info

Name Taehoon Ko
Title Assistant Professor
Affiliation Department of Medical Informatics,

College of Medicine, The Catholic University of Korea

P Contact Information

Address 222, Banpo-daero, Seocho-gu, Seoul, 06591
Email thko@catholic.ac.kr

Phone Number  010-3494-5445

Research Interest
Machine learning and artificial intelligence in healthcare

Educational Experience

2008 B.S. in Industrial Engineering, Seoul National University, Korea
2010 M.S. in Industrial Engineering, Seoul National University, Korea
2017 Ph.D. in Industrial Engineering, Seoul National University, Korea

Professional Experience

2017-2020 Research Assistant Professor, Office of Hospital Information,
Seoul National University Hospital, Korea
2020-2022 Research Assistant Professor, Department of Medical Informatics,

College of Medicine, The Catholic University of Korea
2022-Current Assistant Professor, Department of Medical Informatics, College of Medicine,
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What is Machine Learning?

« Machine learning
> branch of artificial intelligence (Al)

> techniques that enable computers to learn from data

Learn from experience Learn from data Follow the instruction

O

17

What is Deep Leaning?

* Deep Learning
> pbranch of machine learning

> an advanced form of ‘artificial neural network’ inspired by
the human brain

Hidden Hidden Hidden

Output

N/
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Al, ML and DL

Artificial Intelligence

Machine Learning

Deep Learning

« Al is the broadest concept.
It encompasses all attempts to create
intelligent machines.

« ML is a subfield of Al.
It focuses on using algorithms to learn
from data and improve performance over
time. This is one method to achieve Al.

« DL is a subfield of ML.
It uses artificial neural networks with
multiple layers to learn complex patterns
from data.

19

Classic Programming

Data >

Program ——

Computer [ Output

Machine Learning

Data ——

Output ——

Computer [ Program
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Machine Learning and Statistics

« Similarities
> Both rely on data

o Use mathematical models

* Differences
o ML is about building powerful predictive models, often at
the cost of interpretability.

o Statistics is about understanding the underlying structures
and relationships within data, focusing on interpretable
results, and generalization to unseen data.

21
Machine Learning in Healthcare
Oc
Embryo Genome Voice medical Paramedic Assist reading Classify
selection interpretation  coach via a smart K* Mel "Ita'| dx of heart of scans, bzm cancer, identify MP;"*“” death
for IVF  sick newborns speaker (like Alexa) attack, stroke slides, lesions mutations salety in-hospital
Fig. 2 | Examples of Al applications across the human lifespan. dx, diagnosis; IVF, in vitro fertilization K*, potassium blood level. Credit: Debbie Maizels/
Springer Nature
i H i 97
Table 3 | Selected reports of machine- and deep-learning Df"'e'°pf"g diseases 704,587 range Miotto et al.
algorithms to predict clinical outcomes and related parameters ~ Diagnosis 18590 096 Yang et al.”
Prediction - AUC Publication Dementia 76,367 091 Cleret de
Langavant et al.”
(Reference
number) Alzheimer's Disease 273 091 Mathotaarachchi
+ amyloid imaging) etal”®
In-hospital 216221 093°075'0.85 Rajkomaretal® 7™ Bk :
mortality, unplanned Mortality 26,946 094 Elfiky et al.”
readmission, after cancer
prolonged LOS, final chemotherapy
discharge diagnosis Disease onset for 298,000 range Razavian et al."*”*
All-cause 3-12 221,284 093 Avati et al.” 133 conditions
month mortality Suicide 5,543 0.84 Walsh et al.**
Readmission 1,068 0.78 Shameer et al.'*® Delirium 18,223 0.68 Wong et al.®
Sepsis 230936 0.67 Horng et al.** LOS, length of stay; n, number of patients (training+ validation datasets). For AUC values:
5 : *, in-hospital mortality; +, l; d readmission; #, prol d LOS; °, all patients; @,
Septic shock 16,234 083 Henry et al. structured + unstructured data; ++, for University of Michigan site.
Severe sepsis 203,000 0.85% Culliton et al.”**
Clostridium difficile 256,732  0.82* Oh et al.”
infection
Source: High-performance medicine: the convergence of human and artificial intelligence, Eric Topol, Nature Medicine, 2019.
22
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= o = ax
o|st 2O0f0|AM Q& QIS X5 AL 83
- [
- 9|z QBX|s
— e
= (2fer SA|2t 0T =) SHite| At 4=
PubMed Search query: PubMed Search query:
“machine learning” “deep learning”
Year Count Year Count
2022 24765 2022 15978
2021 25425 2021 14567
2020 18163 2020 9288
2019 12647 2019 5508
2018 8328 2018 3082
2017 5278 2017 1352
2016 3915 2016 642
2015 3286 2015 384
I 2014 2418 2014 265
O---Il.ll O 2013 1923 2013 207
2012 1487 2012 146
2008 2022 2011 1139 2011 118
2010 713 2010 107
2009 595 2009 106
2008 499 2008 105
23

Agenda

* Tree-based Models
o H|O|= HEHS| HO[E{ MM 71 E2 452 E0|1 U= ML 2E =
o T O AFEFLIR (Decision Tree) £ 283104
HE T AE (Random Forest) 2F 2|
Machine, especially XGBoost)

« Convolutional Neural Network (CNN)
FSoll 2] A8
o CH2 o[0|X| Go|EMle = ARMstEEl CNN 22 (pretrained CNN) & Lte|
ClO|E{MIS o] &3l O|M|Z=H (fine-tuning)ste HO|&k&(transfer learning)

Of

o O|O|X|, H|C|L HO|Ee] &7, &

n

or

 Recurrent Neural Network(RNN)
o HAIZH M, TFAOME| SOl 2] A

24
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Tree-based Models

 Decision Tree:
Classification And Regression Tree (CART)

« Random Forest

» Gradient Boosting Machine and XGBoost

25

Tree-based Models
Random Forest (RF)

Classification And
Regression Tree (CART)

Combined result: ;Z};l T

Gradient Boosting Machine (GBM)

feedback

£ ap & - A

W1 r]_ WZ 7'2 W3 7'3 Wn Tn

Combined result: i, w;r;

26
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Tree-based Models

- E|o|= ¥Eelie] clolEl0IM 71 E2 Y52 BY

- 2010HCH £FEH0fl= Random Forest (RF), 20174 0|2 2E{= XGBoost, LightGBM,
CatBoost 52| Gradient Boosting Machine (GBM) 0] 2| AFRE|1 QS

- Ol®
— Decision Tree & A| 2H~(SEIH)0f| CHet WItet MEfo] ZIH0] O|F 0
— Decision Tree 7+ 01 fHEt

2 o2 ML REIES o&55h= dabE 7|=0 2 HY
- ML ZEe| Z1toj| CHet s 4{o] (0l HEk) 7tse
o BP0l ZQ T (Feature Importance)
> SHapley Additive exPlanations (SHAP) &

- OIoJE{Q| st XAt2 8 (Real, Categorical ) Ol RE S 7=

. FZK|7} YOI B TS

27

Tree-based Models

* Decision Tree:
Classification And Regression Tree (CART)
« Random Forest

» Gradient Boosting Machine and XGBoost

28
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SIMNZEELIF KA : ZRF E2F

02| =20 tiet YEE ZAISHH CHE1F 22 H|0|E{ 7} QI s 2 AL

Body lees )
ﬂ a9 -

1 Warm Mammal
2 Warm No 0.32 Non-mammal
3 Cold No 0.14 Non-mammal
4 Warm Yes 3,000 Mammal
5 Cold No 127 Non-mammal
6 Cold No 0.35 Non-mammal
7 Warm Yes 1.5 Mammal

Body Temperature = Warm = 2SS (B2 Y2E8) Gives Birth = Yes =» E{jl A4
Body Temperature = Cold & HESE (T2 HR5E) Gives Birth = No = =H4d

29

> af of
Temperature ZQEE 2Ests ool Yof
warrm Z08 HATIE 22 o & L
( Gives Birth Non-
mammals
Yes %
Non-
Mammals N
mammals
> SAIEHELIRE ol IRROR BEFdl= Al e £ AULCL

ro

HES0|1 B Ho|H EZHFO|CY.

-

f Body Temperature = Warm and Gives Birth = Yes, then Mammals.
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OINBFELIF OA - ZRF &R

—_

* MZ2 HI0|HE SArZELE 22 S 0|E510]

225Kt

Body
Temperature

Warm Cold
vestinn > | o
mammals
Yes No
Non-
Mammals
mammals

M=Z2 HIo[H

31

SIANEHELIF OA . ZRF =F

Z otz

Bl

Body
Temperature

Warm Cold
mammals

Non-
mammals

32
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O|MEELFS 74

Body

decision node ------3 >
. Temperature
N
Non-
mammals
Yes No ,'4
III
lll
Non- !
Mammals /
mammals /
‘1\~\~~~ R: I'lll
. \ ;
~— L
N
leaf node

(terminal node)

33
Decision Tree Example
2
Age
 <a— e
Family history e
N 7 S A
o e “Yes_ — High Low or modegti
BMI BMI Family history BMI
2N 7oy /\ <
s s 25 =25 No  Yes e 2
/ N A N - N S S
Normal (1457)  Saltyfood  Normal (215) Diabetes (98) BMI Diabetes (85) Family history Salty food
Diabetes (9) /\ Diabetes (16) Normal (3) o N
Yes iio <25 =25 No  Yes Yes/\ No
/ / R / Ay N
Age Normal (2(5;5) Normal (15) Diabetes (9) Saltyfood  Diabetes (51) Hypertension Normal (216)
/ Diabetes (7, Diabetes (1) Normal (2 \ i
/ \\ (2) /\ /\ Diabetes (30)
<34 >3 Yes No Yes No
/ \ N vl N\
Nprmal (136) Activity Diabetes (45)  Normal (72) Diabetes (47) Gender
Diabetes (7) NG Noramla (8) Diabetes (16)  Normal (12) A~
No Yes : Men Women
Diabetes (40) History History Normal (78)
Normal (4) N A~ Diabetes (25)
No Yes Ye; No
/ i e
Normal (41) Diabetes (3) Diabetes (23) Normal (6)
Diabetes (3) Normal (1) Normal (S) Diabetes (1)
Fig. 3 Decision tree of diabetes classifiers. The sample size is given as the number in parentheses at each node
Source: Accurate and rapid screening model for potential diabetes mellitus, Pei et al.,
BMC Medical Informatics and Decision Making, 2019 34
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Tree-based Models

e Decision Tree:
Classification And Regression Tree (CART)
« Random Forest

» Gradient Boosting Machine and XGBoost

35

Tree-based Models

Random Forest (RF)
* In RF, trees are trained in

o fully,
o parallelly, and
o independently of each other

* In GBM, trees are trained in

Combined result: ;Z?ﬂ T

o not fully,
. tially, and i ‘ '

sequentially, an Gradient Boostmg Machine (GBM)
> dependently (the next tree is feedback__

trained in a way that reduces the

error of previous trees) @ &% @ @

W1 r]_ WZ 7'2 W3 7'3 Wn Tn

Combined result: i, w;r;
36
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Random forest: 2 randomizations

« 2 randomizations are applied.

> Tstrandomization: bagging

Given dataset Bootstrap samples

X, X, X3 X, Y X, X, X3 X, Y

I

37

Random forest: 2 randomizations

« 2 randomizations are applied.

> Istrandomization: bagging
- 2nd randomization: input variable subsets chosen randomly at each
split

Bootstrap samples

____________

- o e e o e e = o

select k input variables randomly.

38
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Random forest: 2 randomizations

« 2 randomizations are applied.
> Tstrandomization: bagging

- 2nd randomization: input variable subsets chosen randomly at each
split

Bootstrap samples

)

select k input variables randomly.

39

Random forest: 2 randomizations

« 2 randomizations are applied.

> Istrandomization: bagging
- 2nd randomization: input variable subsets chosen randomly at each
split

Bootstrap samples

____________

—
/][\]

select k input variables randomly.

40
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Tree-based Models

e Decision Tree:
Classification And Regression Tree (CART)
« Random Forest

» Gradient Boosting Machine and XGBoost

41

Tree-based Models

Random Forest (RF)
* In RF, trees are trained in

o fully,
o parallelly, and
o independently of each other

* In GBM, trees are trained in

Combined result: ;Z?ﬂ T

> not fully,
. tially, and i ‘ '

sequentially, an Gradient Boostmg Machine (GBM)
> dependently (the next tree is feedback__

trained in a way that reduces the

error of previous trees) @ @ @ @

W1 'r]_ WZ 7'2 W3 7'3 Wn Tn

Combined result: i, w;r;

42
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Boosting (a.k.a. additive training)

« Boosting combines weak “learners” into a single
strong learner, in an iterative fashion.

DATASET ERRORS ERRORS
MODEL MODEL MODEL
o 4\? 3
00 %, TRAN TEST TRAIN TEST TRAIN
® . ® — . e — ‘ PP
® ° 0. ° .
‘ ‘ ‘ LR N
PREDICTION
43
AdaBoost Classifier Working Principle with
Decision Stump as a Base Classifier
Iteration 1 Iteration 2 Iteration 3
+ - I — +
i ¥ = U
Tl — + - —
+ — + - —
H = sign (038 x +0.58 x +0.87 X )
-
5 | .
= + . Final Classifier /
Strong Classifier
+ —
44
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Boosting

 Simple boosting (without weights for trees)

~(0
5@ =g

~(1 ~(0
3 =90 + fi(x) = Fy(x)

9P = 9P + f(x) = fix) + fo(x) = FL(x) + fo(x) = Fy(x;)

i

t—1
90 =38+ £ = ) fule) + i) = Foa () + i) = Fo(xo)
k=1

45

Gradient boosting

+ Gradient boosting method assumes a real-valued y and seeks an

approximation F(x) in the form of a weighted sum of functions h;(x).

* In the training phase, we should define loss function L(y, F (x)).

F(x) = argmingEy y[L(y, F (x)]

Fi(x) = F;_1(x) + argmin, z L(y;, Fe—1(xp) + f(xp))

i=1

n
= Fea(® = 7e )V LG Fera (60)
i=1

oL(yi, Ft—l(xi))>

n
ve = argmin, ) L (yi, Froa(e) — v _
= 0F_1(x;)

46
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XGBoost (eXtreme Gradient Boosting tree)

- Gradient boosting &H9| 0242

o B4 HZEIO| 0{24S (sequentialstA| 2 LIRS SHE&IEZ)

« XGBooste| % (2014 = 2016 (KDD))
o treeE TFS0{U= 2FHOIM o2 Z2AMH Z12|F0| S0{E
— Approximate algorithm for split finding, Sparsity-aware split finding,
Weighted quantile sketch, etc.
o AR DPHO| X XotE SOl ARE AHHE 2|2 2E5}= Bl W
— Column block for parallel learning, Cache-aware access, Out-of-core
computation, etc.

47

History of GBM

» XGBoost
« LightGBM
- CatBoost
March, 2014 Jan, 2017 April, 2017
l \4 l
XGBoost initially started Microsoft released  Yandex, one of Russia's
as research project by first stable version  leading tech companies
Tiangi Chen of LightGBM open sources CatBoost

but it actually became
famous in 2016

48
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Tree-based Models

AlA
=K

49

ICU mortality prediction

Crit Care Med. 2018 Jun;46(6).e481-e488. doi: 10.1097/CCM.0000000000003011.

Development and Evaluation of an Automated Machine Learning Algorithm for In-Hospital
Mortality Risk Adjustment Among Critical Care Patients.

Delahanty RJ, Kaufman D?, Jones SS'.

= Author information

1 Tenet Healthcare, Nashville, TN.
2 The Intensivist Group/Sound Physicians, Tacoma, WA.

Abstract

OBJECTIVES: Risk adjustment algorithms for ICU mortality are necessary for measuring and improving ICU performance. Existing risk
adjustment algorithms are not widely adopted. Key barriers to adoption include licensing and implementation costs as well as labor costs
associated with human-intensive data collection. Widespread adoption of electronic health records makes automated risk adjustment
feasible. Using modern machine learning methods and open source tools, we developed and evaluated a retrospective risk adjustment
algorithm for in-hospital mortality among ICU patients. The Risk of Inpatient Death score can be fully automated and is reliant upon data
elements that are generated in the course of usual hospital processes.

SETTING: One hundred thirty-one ICUs in 53 hospitals operated by Tenet Healthcare.
PATIENTS: A cohort of 237,173 ICU patients discharged between January 2014 and December 2016.

 |CU mortalityE GlIE5SH= RIPD scoreE H|QF
o J|ZEYHE (APACHE-IV, MPM-III §) 2 AUCZ} 0.812! Zd0f| HIH, machine learning &
12|E (XGBoost) Of 2JsH AlAHE RIPD score= AUC 0 948 712
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ICU mortality prediction

Reduced-RIPD (14 variables)

Last vital signs Last clinical status Last labs

HR (heart rate) Glasgow Coma Scale BUN
(1-15) (blood urea nitrogen)
Shock index (HR/SBP)
mechanical ventilation

Shock index x age e PaCO?2
(Y/N)

Systolic blood pressure
Change in
oxygen therapy (Y/N) _—
= : creatinine level

Mean value of Last
24 hrs vital signs

Sp0O2

Body temperature

Convolutional Neural
Network (CNN)

h

52
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Convolutional Neural Network (CNN)

- O|O|X|, H|E|RE

=5}

N
410
ot
L
Al

I
Hd

L

- 9= G0 et QISKs HFUME He| AABE|D UASZ

Conv2D
298x298, f=16

— —
|MaxPool
149x149x16
o

Conv2D
147x147, 1=32

Dense
Flatten

Input Shape:
300x300

I

First Layer

I

Second Layer

Flatten + Dense
512 neurons +
sigmoid

<Deep learning steps for automated detection of COVID-19>

Source: Review on COVID-19 diagnosis models based on machine learning and deep learning approaches, Alyasseri et al., Expert Systems, 2021.

53
Convolutional Neural Network (CNN)
« 20710CH BUEE], CNN 20| HMEZQ(2t Ho| fAlet +Fo| =
MsE H0|= d4=0| SH
1007 10 1w pr—
804 [® 1::‘ High-sensitivity operating point 08 J'F 08 _Pj-f‘
':. 60+ ::; _; 0.6 b 2 0.6 H
E w04 » ; 0.4 L g 04
“ AUC=0.99 AUC=0.99
204 02 02
b T T S R ::G‘::;‘:.‘;I:.u
0" . s E = : 0 - - 0 il resi iermreere | = { Ly 1
0 20 40 60 80 100 0 0.2 04 0.6 08 [ 02 04 06 08 1.0
1 - Specificity, % 1-Specificity ¥xSpaclicRy
Gulshan, JAMA, 2016 Bejnordi, JAMA, 2017 Lakhani, Radiology, 2017
[Qtutsh SHMALTIC 2 (g2|s e [B&to|sh 85 X-rayOf A
DN YOS HE 2my Ho| s R
54




Convolutional Neural Network (CNN)

®)

O

Gil=PN

)

T 28 SO AHBE|E of2] AIS9) e

," B \.
MR

Semantic
Segmentation

Detection

2-D Slice from Input Volume Predicted Segmentation Map

Source

« Artificial Convolutional Neural Network in Object Detection and Semantic Segmentation for Medica Imaging Analysis, Yang and Yu, Frontiers in Oncology, 2021

» Brain MRI Segmentation using Pretrained 3D U-Net Network (https://kr.mathworks.com/help/medical-imaging/ug/Brain-MRI-Segmentation-Using-Trained-3-D-U-Net.html)

+ Convolutional Neural Networks for Automated Fracture Detection and Localization on Wrist Radiographs, Thian et al., Radiology:Artificial Intelligence, 2019 55

Convolutional Neural Network (CNN)

* CNN is expected to robust against the following variants.

bkl SHEHR

Shift Squeezing

2av | LeNet 5 | peseanc

pHLETHEER

Scale Stroke width [ e

Rotation

Source: Yann LeCun’'s homepage
56
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Image Data

- Image= 3702] X2 (Red, Green, Blue > RGB)Z 714 E

Illustration of a pixel and its RGB Value
Visualization by Unigtech

57

CNN Structures

[(Conv = RelLU)*k > Pooll *m
- (FC 2 RelU) *n = Softmax

—IE
e
[

58
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Convolutional Neural Network

<Convolution layer> m:‘::"':m :"““M’:‘: <Pooling layer>
the area covered by the value from the area covered
Kernel by the kemel
]3(1 1XO 1x1 o 0
Example: Kernel of size 2 x tride=(2.2)
0|1/1]1]|0 4
0_x X0 GRIEaN o | o |Comvoed  IRSRINENI 0 | o | Convoied
eature
Oxl Oxo 1x1 1 1 0 7 3 L (] 7 3 e
0|0|1|1]|0 s
0|1|1]|0]|0 2 0 2
Output Output
Convolved . =
Image F
eature Max Average

Convolution (&-4) for 2-D

« Zf local HE| L5t filter(or kernel)2 MESI0] 2 ==
o 5x52| EllA HIO|E{0]| 3x32| HEE 72, MZ 17t S2I0|H gt =2 SHH,
1T(1]1]01]0
o[1]1]1]0 1/1/1/0/0
OO0 |1 |1T/|T1
olo|1|1]0 20(1)1101(1) 4
0[1[1|0]|0 xal 0| "1
0(0(1|1(0
* 0(1|1
1101 0/0
Convolved
0j11]0 Image
AE Feature
http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution 60
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Convolution (&4) for 2-D

« O 7He], Z7| C}E filterE O|E

o 5x52| HIA H|O|E{0fl 3x32] FE nIHE 7IZ2, M= 17t S2I0|H d&

fjo
ot
e

1101 413|4
1T/1T]1]0|0 0(1]0 2143
O(1(|1T|110 1101 213|4
(O O It I I
olol1l110 0[(0]|0 T1711]1
ol111101l0 0O[(1T]0 (O I I

0[(0]|O0 011
Tensor data * n filters (or kernels) — nconvolved features
with size 5x5x1 with size 3x3x1 with size 3x3x1

5x5x1 tensordata = 3x3xn tensor data

61

Filter2| S Gf|A|

1/9 | 1/9 =1 0

1/9 | 1/9 -2 0

1/9 | 1/9 -1 0

Sobel operator

averaging (vertical)
. Sobel operator
sharpening (horizontal)
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RelLU

« RelU: Rectified Linear Unit
o QZLZLOIN ALESH= Edeta=(activation function) & StLt

> CNNO{IM BiO] AFE

RelLU
10 Input RelLU
0 for 2<0
: f(w)={
] z for z20 249 | 91 | -37 0 0 0
4
, 250 | -134 | 101 |— 250 | © 101 —p
. 27 | 61 | -153 27 | 61 | o
2s 4 2 o 2 4 6

63

Conv =2 ReLU - Conv - RelLU - ...

 Z7|0fl= convolutional layer Of| A& O ZHEESE feature BF F&ESHX| T
o

convolution HHAIE HEE &5 S&I%t feature £ =2 £ QY

32
CONV, CONV, CONYV,
RelLU RelLU RelLU
eg.6 eg. 10
5x5x3 5x5x6
32 filters filters 24

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Source : http://cs231n.stanford.edu/slides/winter1516_lecture7.pdf/ 64
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Pooling

+ Pooling 2 f2lolst HEE RX|3t M downsampling 7|sE &

|0

EI

0z

S5t

o Intuition : Yt feature & ==
HEJI = Q56IL}

it}
Ras
rir
ofM
kO
ot
Ral
52
K
il
T
-
[

8
C

@

=2
=
<
0z
&2
it

- Parameter 2 £0|7| 28l representation 2 sizeE £0|= 7|52 &

- 0|2 Edf| overfitting2 20F= H3t

=

rr

> Types of pooling
non-overlapping rectangles

— Average pooling
Single depth slice

- L2-norm pooling

Max pooling X e 2x2 filters |
- max pool with|2x2 filters
5|6 | 7| 8| andstide 2l 6 |8
3| 2 NG 3[4
112 3|4
PoolingdAM<] filter=
718X17} gl 'E0I2t
y MZ{sHH ZHEkSiCt

65

Fully-connected

i

« Output layer (28O 2 softmax) 2F convolution / pooling layerE &&

- Activation map2 BH™SHH| OtE F (flatten), LB fully-connected
networket HZ&
o FCOll £017t7| 2| activation map AFO|=7} 3x3x1,000 O|2}H, 0| HWHSIA| T{ A
9,000 At S| HIE|= Het
Flatten

Conv —»
v
vl

v

conv

| |
§+i+ ) i

66
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Softmax
« CNN 5 2 EHeld 2Z2o|A £[F A 2| =E2 A|ASt= et

- Ml =ES S 12 SR F=HE

Output Classification
Vector Probabilities
[21, 22, 23, 24]

m Normal
Meningioma
—
0.06| Glioma
e’ 0.01| Abscess
ZJI‘il e’
Softmax
Function

Source: https://mriquestions.com/softmax.htm!
67

L
L

Transfer Learning
GNEE)

68
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Transfer Learning (F0|&h5)

° L4 o
Traditional ML vs  Transfer Learning
e |solated, single task learning: 71 e Learning of a new tasks relies on
o Knowledge is not retained or the previous learned tasks:

accumulated. Learning is performed o  Learning process can be faster, more

w.0. considering past learned accurate and/or need less training data

knowledge in other tasks
Leaming Leamning

Dataset 1 ==)| System Dataset 1 ==»| System
Task 1 Task 1
A Comprehensive Hands-on Guide to Transfer Learning with Real-World Applications in Deep Learning | by Dipanjan (DJ) Sarkar | Towards Data Science 69

Transfer Learning (F10|&h%)

Transfer learning: idea

Instead of training a deep network from scratch for your task:

e Take a network trained on a different domain for a different source task
e Adapt it for your domain and your target task

atg

Variations: /__L_l"e"ab,e“/,‘ hbels
e Same domain, differenttask 7
e Different domain, same task = Source Target
model model
| Source data l —
E.g. ImageNet I w

A Comprehensive Hands-on Guide to Transfer Learning with Real-World Applications in Deep Learning | by Dipanjan (DJ) Sarkar | Towards Data Science 70
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Transfer Learning2| & £0}

« Computer Vision
o CHHE2 HI0|E{(image + label)E at&TH RR(H2Y 7= +
st&El weights)O| Ch =X &

- M8 20} Image classification, Object detection

 Natural Language Understanding
o L2 O[O|E{(corpus)E at&eh HHo{/=A Y MES
- BERT (Bidirectional Encoder Representations from

Transformers) £ A|ZQ 2 Lot Language Model£0|
transfer learning0| M= &1 JUS

71

There are so many great pretrained CNNs.

° | ma g e N et C h ) | | en g e * AlexNet (2012): First CNN (15.4%)

* 8layers

* 61 million parameters
* ZFNet (2013): 15.4% to 11.2%
* 8layers

(Top-5error)

0.3 * More filters. Denser stride.

0.25 0.28 *  VGGNet (2014): 11.2% to 7.3%
' g% * Beautifully uniform:

0.2
¢ 16 layers

0.15 * 138 million parameters

0.1 * GoogleNet (2014): 11.2% to 6.7%
16.7% 4 23.3% |

0.05 & ¥ & 3
* 22 layers
0,036
0 - * 5 million parameters

2010 2011 2012 2013 2014 2015 2016 2017 {throw. away fully connected layers)
1 +  ResNet (2015): 6.7% to 3.57%
* More layers = better performance
Human error (5.1%) ¢ qSRlEeR
surpassed in 2015

* Inception modules

Classification Error

* CUImage (2016): 3.57% to 2.99%

* Ensemble of 6 models

Source: Deep Learning: State of the Art, Lex Fridman, MIT, 2019. *  SENet (2017): 2.99% to 2.251%

* Squeeze and excitation block: network

is allowed to adaptively adjust the

weighting of each feature map in the

convolutional block.

3x3 cony, stride 1, pad 1, 2x2 max pool

72
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Transfer learning in CNN

- Convolutional base s
o Structure: Stack of convolution and pooling layers y
o Goal: Generate features from the image
Convolutional
base
.- (feature
« Classifier extraction)
o Structure: fully-connected network or
other ML algorithms such as SVM, Random Forest,
Gradient Boosting Machine, etc. Classifier
o Goal: Classify the image using features (image
classification)

v

Prediction
Transfer learning from pre-trained models |
by Pedro Marcelino | Towards Data Science 73
* How to fine-tune the pretrained model: 3 strategies
Strategy 1 Strategy 2 Strategy 3
Train the Train some layers and Freeze the
entire model leave the others frozen convolutional base
Input Input Input
Legend:
|:| Frozen
B Trained
Prediction Prediction Prediction
Transfer learning from pre-trained models |
by Pedro Marcelino | Towards Data Science 74
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Dataset
Size
-

Quadrant 1 Quadrant 2

Large dataset, Large dataset

but different from and similar to the

the pre-trained pre-trained

model’s dataset model’s dataset
_ Dataset
~ Similarity

Quadrant 3 Quadrant 4

Small dataset and Small dataset and

different from the similar to the pre-

pre-trained trained model’s

model’s dataset dataset

Transfer learning from pre-trained models |

by Pedro Marcelino | Towards Data Science

Transfer learning in CNN

Dataset
Size

Train the entire
model

-

4

3

Train some layers and
leave others frozen

.

v

Dataset

Train some layers and
leave others frozen

Similarity
Freeze the
convolutional base

i

75

AlA.
=HK-.

NIH Chest X-ray
Dataset (ChestX-ray14)

76
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. . Search NIH
m) National Institutes of Health Q
Turning Discovery Into Health Virtual Tour  Staff Directory  En Espaiiol

Health Information Grants & Funding News & Events Research & Training Institutes at NIH About NIH

Home » News & Events » News Releases

NEWS RELEASES

i i Nednesday, September 27, 2017 Institute/Center
. - : . . Clinical Center (CC)
NIH Clinical Center provides one of the largest publicly

. ST . Contact
available chest x-ray datasets to scientific community o

Molly Freimuth
The dataset of scans is from more than 30,000 patients, including many with advanced lung STt
disease.

Connect with Us

D Subscribe to news releases

What RSS Feed

The NIH Clinical Center recently released over 100,000 anonymized chest x-
ray images and their corresponding data to the scientific community. The
release will allow researchers across the country and around the world to
freely access the datasets and increase their ability to teach computers how
to detect and diagnose disease. Ultimately, this artificial intelligence
mechanism can lead to clinicians making better diagnostic decisions for
patients.

NIH compiled the dataset of scans from more than 30,000 patients, including
many with advanced lung disease. Patients at the NIH Clinical Center, the
nation’s largest hospital devoted entirely to clinical research, are partners in
research and voluntarily enroll to participate in clinical trials. With patient

privacy being paramount, the dataset was rigorously screened to remove all

A chest x-ray identifies a lung mass

personally identifiable information before release.

https://www.nih.gov/news-events/news-releases/nih-clinical-center-provides-one-largest-

publicly-available-chest-x-ray-datasets-scientific-community 77
NIH Chest X-ray Dataset
« Full dataset
o https://www.kaggle.com/datasets/nih-chest-xrays/data
> 112,120 x-ray images with disease labels from 30,805 unique patients
* Random sample dataset
o https://www.kaggle.com/datasets/nih-chest-xrays/sample
> 5% random sample: 5,606 images
78
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NIH Chest X-ray Dataset

« There are 15 classes (14 diseases, and one for "No findings").
Images can be classified as "No findings" or one or more disease classes:
Atelectasis
Consolidation
Infiltration
Pneumothorax
Edema
Emphysema
Fibrosis
Effusion
Pneumonia
Pleural_thickening
Cardiomegaly
Nodule Mass

Hernia

79

NIH Chest X-ray Dataset

B. Eight visual examples of common thorax diseases
T rorn

Infiltration
:’s

Mass

|

Nodule Pneumonia

!

‘

Pneumothorax

80
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NIH Chest X-ray Dataset

Radiology report Keyword Localization Result
findings include: 1. left basilar at- | Effusion;
electasis/consolidation. 2. prominent | Infiltration;
hilum (mediastinal adenopathy). 3. | Atelectasis
left pic catheter (tip in atriocaval junc-
tion). 4. stable, normal appearing car-
diomediastinal silhouette.
impression: small right pleural ef-
fusion otherwise stable abnormal
study including left basilar infil-
trate/atelectasis, prominent hilum,
and position of left pic catheter (tip
atriocaval junction).

Table 4. A sample of chest x-ray radiology report. mined disease keywords and localization result from the “Atelectasis™ Class. Correct
bounding box (in green). false positives (in red) and the ground truth (in blue) are plotted over the original image.

Radiology report Keyword Localization Result
findings include: 1. cardiomegaly (ct | Cardiomegaly
ratio of 17/30). 2. otherwise normal
lungs and mediastinal contours. 3. no
evidence of focal bone lesion. dictat-

ing

Table 5. A sample of chest x-ray radiology report, mined disease keywords and localization result from the “Cardiomegaly™ Class. Correct

bounding box (in green), false positives (in red) and the ground truth (in blue) are plotted over the original image. 81
NIH Chest X-ray Dataset
 Limitations:
> 1) The image labels are NLP extracted so there would be some
erroneous labels, but the NLP labelling accuracy is estimated to
be >90%.
> 2) Very limited numbers of disease region bounding boxes.
> 3) Chest x-ray radiology reports are not anticipated to be publicly
shared. Parties who use this public dataset are encouraged to share
their “updated” image labels and/or new bounding boxes in their own
studied later, maybe through manual annotation.
82
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Recurrent Neural Network

83

Recurrent Neural Network

rot

- 2=M7t e HIo|H (sequential data) £ &t&st7| 9t Bl 2
« =Xt U= O[O]E oA

o KtHO|: After warming the pizza in the oven, | ate it.

o H|C|L

o 2}l follow-up H|O|E

o CT, MRI: axial, coronal, sagittal

(x(l)’x(z)' x(3)_"’ x(T))

where each data point x(®, which is observed at time step t,
is a real value or real-valued vector/tensor.
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Recurrent Neural Network

85

Predicting AKI using intra-OP data

- g4 M&M (Acute Kidney Injury)
- 24 AM&d(acute kidney injury, AKN 27|59 2Hst MotE EXO=Z
Ste ABto = 2Xto] o|eh2ut AFUES S7HAIZ #ot o2t oo E= HIE
3t 2 Moz AMMOR 1R Z2t X (™A, 2012)
© AKlE SR K= % b= SEXLOl| A 71 S5HA| WMsts Rt & ShLtZ
0|=e| Z< ofd 2F 20TtHo| Alzto| Wilsh= o= LK US
* Motivation

o

& & BXZEE AIEE|= vital signsTHRE AK|Q| HMS MHY™MoZ
ol & Ql=7}7

=2 T AT

- MA|ZFscoring0| 7Hs3t7F?

86

- 43 -




Recurrent Neural Network (RNN)

-t B £&7122 XO (= 1,2,..,T)

o X7} EQUE|= A0 ST SRt AK| 2 28

-

2 recurrent hidden layer
- T1stlayer: LSTM with 64 units

- 2" Jayer: LSTM with 32 units

Probability of AKI

! 1 1

x@® x@ x®3)

SBP( |'610I-) MBP(]I#;L [x ¢} I-) D p( 9'._" |'<gol=ll-)'
SpO2 (SFMATSIE), CVP(EAReY S

HIO|E X2

« Oi2 Al & MO SLL} Sl Eot= |2 E= A
. ENEE ©2 20| KILKKIA| 27LE X2 24 7 Z2E He)

E P 300 0|4}, DBP 200 0|4} MBP 267 0|4 Sp0O2 100 0|4
* RNNZ et&ot7]| flet Training setzf
15517| 2I$t Test setQZ H|0|E| 2
0,882 (AKI 2,190, No AKI 38,692)
221 (AKI 548, No AKI 9,673)

- H0|H ek 2= S 01 1A0[ = FHet

4>IZI\'

o
=
o Training seto| & %=
0,

o Test seto| &= 4=
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Probability of AKI

(2) X n)

X(l)

X®: & F tHm Z™E ojolH
- SBP, SBP, MBP, Sp02, CVP
-4 EYYF0| EHE R

- XDt x© Atofof] A2l Azt

o2tM = 2 recurrent hidden layers

- 1stlayer: LSTM with 64 units
- 2nd Jayer: LSTM with 32 units

*ﬁ

static information

0:134 Pl |:|-_1|I AlH| 2 AlZE

-T%I._"SBP DBP, EFGR, HB,

ALB, NA, K,

UALB_C, RASB 2fA| AHZ &
717 AANO| U FS

89

AlS] AT

= %I EJ—l'

- BB ML (Accuracy): 93.98%

- DIZE (Sensitivity): 0.6058

- ML (Precision): 0.4542

o SEXtOf| CHet HEL} pre-operative datas &7 &t&5H= 242 11 2atA

* Inter-operative data0f| CH$t I M2oH X2, HIo|H &5 =715 Sl 22 s
gt el

+ Class imbalanceE siZst= 2ot
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RNNO| &h50] & 2 22,

o Sfs 2=3IXI9| AK| 7ISAE AAIZIOZ AHA 7S
— Probability of AKI: 0.02
—_— A EY|15 x®

RNNO| 20| & € H2,

- 2F2 =29 AKI 7tsdE HAIZIRE At 7ts
— Probability of AKI: 0.24
— AW, a5 X
[— )
=—| =#m 22718 X@

T

X X@
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RNNO| ot50| &2 2 32

o BFS ASXIO| AK| THS M S AA|ZIOE HAL 7}

-

oIr

Probability of AKI: 0.86

—_— A, 20|15 XM

— h

—| Fum 72 XO

—D x® X®
—] Nt a2 Xxm

Recurrent neural network (RNN)

 The data points, hidden node values and outputs:
Time-variant

o o @O

h® | Ay h®

r-‘| —
o~ o o
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Recurrent neural network (RNN)

» Weights and biases: Time-invariant.

95

Recurrent neural network (RNN)

- State (vector): h®

o RNNs maintain a 'state vector'in

their each hidden layer. ‘ ?(t_l) ‘ ?(t)

R . . " n yh yh
ltis considered as the “memory”. W ] [GD w ] "G
e o
The states (are expected t0) whx

contain information about the
history of all the past elements of

@
the sequence.
' <Recurrent neural network>

RNNSs are better for tasks that h(t) — f(thx(t) + WhhlE(t—l)_l_bh)

involve sequential inputs such as

speech, language, and genome. f'(t) — g(Wyh@ + by)

96
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Bidirectional RNN

- 11—

- oAxH Aol SHZL0f| chisl] 2t 0J2H| state?t 25 BHEE

[

£

—

Backward Layer

Forward Layer

Input Layer

Alex Graves, “Supervised sequence labeling with recurrent neural network”

2 &M 2| AIBASH S 0] AT Th3t 242t0] RNNS BLE 3, & RNNS)

o
SEICh= ZH|M, 22 &M AIZFAZE AR S RNNELLE E2
o
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Deep recurrent neural net

. a3kt

—_

rr

oL
— 1

>
O%
fjo

CH WEORM NFYTES LIS 2| BHE 4 9

¢ o @
" o1 s
L s
f 4 B 4
I hgt) h{Y h$
s
1 u _
| hgt) h{Y hgt)
- —
1
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Long-Term Dependency

A A A 4

(A A LA A

S S S S 8

* Short-term dependence:

Bob is eating an apple.

* Long-term dependence:
Context ——> Bob likes apples. He is hungry and decided to
have a snack. So now he is eating an apple.

? ? ? ? ? In theory, vanilla RNNs
can handle arbitrarily
l A l—bl A H A ]—>| A H A long-term dependence.

i

Course 6.5094: Lex Fridman: Website: Jan\g@
IIIII 0 w‘ l ‘ REferenceS' [109] Deep Learning for Self-Driving Cars fridman@mit.edu cars.mit.edu 201

Long Short Term Memory (LSTM) Networks

Vanilla RNN: @? ® Eﬁ
N T
A A
| J |
(3] ® ©

LSTM: ® ? )

[ D,
A [TEAL A
& © &
1 0 — > <7

Neural Network Pointwise Vector

: Concatenate Co
Layer Operation Transfer Py
T id . Course 6.5094: Lex Fridman: Website: January
IIIII a ’u‘ l ‘ References' [109] Deep Learning for Self-Driving Cars fridman@mit.edu cars.mit.edu 2017
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Gated recurrent units (GRUs)

2t = O (Wz ” [ht—laxt])

T =0 (Wr . [ht—laxt])

h: = tanh (W - [re % hy—1, 2¢])

ht=(1—zt)*ht_1+zt*izt

101

A& MIT-BIH Arrhythmia
Database

102
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MIT-BIH Arrhythmia Database

 https://physionet.org/content/mitdb/1.0.0/

(8 onaose [ ope s
MIT-BIH Arrhythmia Database

George Moody @, Roger Mark ©
Published: Feb. 24, 2005. Version: 1.0.0

MIT-BIH (Feb. 24, 2005, midnight)
The entire MIT-BIH Arrhythmia D. is now freely le on Phy more than half of the database has been available here
since Phy s the has now been posted.

‘When using this resource, please cite the original publication:
Moody GB, Mark RG. The impact of the MIT-BIH Arrhythmia Database. |IEEE Eng in Med and Share
Biol 20(3):45-50 (May-June 2001). (PMID: 11446209)

Please include the itation for F (show more options) Enmau

Goldberger, A., Amaral, L., Glass, L., Hausdorff, J., lvanov, P. C., Mark, R., ... & Stanley, H. E.

(2000). P P and Phy: [of of a new

for signals. [Online]. 101 (23), pp. e215-e220. Access
Back n Access Policy:

ac grou d Anyone can access the files, as long as
Since 1975, our laboratories at Boston's Beth Israel Hospital (now the Beth Israel Deaconess they conform to the terms of the specified
Medical Center) and at MIT have supported our own research into arrhythmia analysis and related license.
subjects. One of the first major products of that effort was the MIT-BIH Arrhythmia Database, which
we d and began distributing in 1980. The database was the first generally available set of License (for files):
standard test material for ion of arrhythmi s, and has been used for that purpose Open Data Commons Attribution License
as well as for basic research into cardiac dynamics at more than 500 sites worldwide. Originally, we vi0

distributed the database on 9-track half-inch digital tape at 800 and 1600 bpi, and on quarter-inch
IRIG-format FM analog tape. In August, 1989, we produced a CD-ROM version of the database.
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