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Curriculum Vitae

Speaker Name: Sungwon Jung, Ph.D.

» Personal Info

Name Sungwon Jung
Title Associate Professor
Affiliation Gachon University College of Medicine

» Contact Information
Address 38-13 Dokjeom-ro 3beon-gil, Namdong-gu, Incheon 21565

Email sjung@gachon.ac.kr

Research Interest

Pathway analysis, Systems biology, Machine learning

Educational Experience

1998 B.S. in Computer Science, KAIST, Republic of Korea
2000 M.S. in Computer Science, KAIST, Republic of Korea
2007 Ph.D. in Computer Science, KAIST, Republic of Korea

Professional Experience

2007-2008 Post Doctoral Research Associate, IBM-KAIST Bio-Computing Research Center, KAIST
2008-2013 Post Doctoral Fellow, Translational Genomics Research Institute, USA

2013-2015 Principal Scientist, Samsung Genome Institute, Samsung Medical Center

2015- Assistant/Associate Professor, Department of Genome Medicine and Science,

Gachon University College of Medicine

Selected Publications (5 maximum)

1. Jongmin Lee, Sangtae Choi, Donghae Jung, YunJae Jung, Jung Ho Kim, Sungwon Jung and
Won-Suk Lee, "Mutational Characterization of Colorectal Cancer from Korean Patients with
Targeted Sequencing", Journal of Cancer 12(24):7300-7310, 2021

2. Collins et al., "Direct Measurement of ATP7B Peptides Is Highly Effective in the Diagnosis of
Wilson Disease” Gastroenterology, 160(7):2367-2382, 2021.

3. Lee et al, "ldentifying metastasis-initiating miRNA-target regulations of colorectal cancer from
expressional changes in primary tumors", Scientific Reports 10:14919, 2020

4. Sungwon Jung, "KEDDY: a knowledge-based statistical gene set test method to detect
differential functional protein-protein interactions”, Bioinformatics 35(4):619-627, 2019

5. Sungwon Jung, "Implications of publicly available genomic data resources in searching for
therapeutic targets of obesity and type 2 diabetes", Experimental & Molecular Medicine 50:43,
2018
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Regression

Classification evaluation

Neural network & Deep learning

Application of ML/NN/DL to Bioinformatics
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ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING

DEER

LEARNING
Nl N

1950's 1960's 1970’s 1980's 1990's 2000's 2010's
Source: https://goo.gl/gz7EZT
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New Data

Existing Data

Machine Learning
Algorithms

Prediction

Model, Algorithms
o Model
Ol2g et 45t BAL B4 S

Existing Data

12t A SIS 22 conditionrule, ...

+ Algorithms
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Existing Data
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Pattern recognition
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Regression - 2|9, FTHME &e

Height Weight Height Weight
152 46 172 69
154 47 172 68
156 49 176 71
159 52 176 75
163 56 177 75
165 57 182 83
167 59 186 90
168 64 189 97
168 62 190 100

Data source: http://goo.gligDscUQ
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Classification — &,

Gl O| Ef & TAE0) 2t L= A

Sex | Height | Weight| Sex | Height | Weight

o Xt 152 46 =Xt 172 69

Of X} 154 47 Ol Xt 172 68

o Xt 156 49 of Xt 176 71

o Xt 159 52 of Xt 176 75

o Xt 163 56 =Xt 177 75
182 83
186 90
189 97
190 100
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Clustering - =&, HIO|E{ & 22+ A

+ HIOIE] AfO|2] FALE/ZE2|0]| 7]'t5}0] H|=:St Cf|0[E{7|2| RISt

ot 152 46 At 172 69 100

o Xt 154 47 o Xt 172 68 o

o Xt 156 49 of Kt 176 71

o Xt 159 52 of Xt 176 75 ®

of Xt 163 56 =Xt 177 75 70

At 165 57 =Xt 182 83 60

At 167 59 At 186 90 .

At 168 64 =t 189 97 o

O] Xt 168 62 HRf 190 100 120 10 150 ST 10 18 190 200
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Machine Learning 7| = - Regression
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Gradient Descent-based Learning
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Linear Regression
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Linear Regression
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Linear Regression 2. &4

+ Squared error £ 2at2 ZkF5t1, O Al 2| 431514}
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Loss Function
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Cost Function
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+ #9JE cost function S 2|48t 5| F=Ot2H0E| S = A
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Gradient Descent

x & of2t0|E (w) 2 Z+= CH22H 22 cost function (y)

1)
M f(x) = x*
1.0 . . | [ Gradient descent
0.80

-0.25 0.00 0.25 0.50 0.7 x

http://www.onmyphd.com/?p=gradient.de
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Gradient Descent & 0| 8t | &g} 37|

. i
f(x) = 2* j—y=2w 1-01%2%1=0.8

X 08 —-0.1%x2%0.8=0.64
064 —0.1%2%0.64 = 0.512

Tnew = Told — ¢ X (2$0£d)
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JWw)

Clobal minimum

W

https://www.kdnuggets.com/2018/06/intuitive-introduction-gradient-descent.html

WV
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Learning Process

* Epoch
* One processing round of the entire training set
* One Epoch is when an ENTIRE dataset is passed through the model only ONCE

» Batch
« Total number of training examples present in a single batch

* |terations
* |terations is the number of batches needed to complete one epoch

GI0IE] 22

1Epoch

34
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Gradient Descent & 0| & & U] Zs{Of & A

+ Learning rate (alpha) & Of'd Zto &2 &t ZiQ171?

o O2H0|E{ S YOOI ESH= A/-S LOfLt O] =g 2401012

35

Gradient Descent & 0| 8 & | 5O & A

¢ Learning rate, Epoch 0| {2 22 2

o Z|2& cost Of +=3517| 0] learning ZE M| ATt ELI7{LL, 2317 |7HA| 23 A|ZHo] ZE

100 - [
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Gradient Descent & O| 28 | ‘Hs}jof & A

s Learningrate, epoch O] {2 2 A4

o A2 +F5tA| £ 5t7{Lt 235]2] EistE BRIt 42 + US

liwi Hw)

w

W Lo

Large Learning Rate Small Learning Rate

https://saugatbhattarai.com.np/what-is-gradient-descent-in-machine-learning/
37

Gradient Descent & O| 2% | n2{s}jOf & A

+ Target(Cost) function 0| Z&5l= SZt2| FEf7 5Tt F2= 022 =4
o
°

= Off) 22p el e oo 250| B2 F

Global Minimum
( Best One)

Local
Minimum

ya

https://www.mltut.com/stochastic-gradient-descent-a-super-easy-completéZguide/
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Gradient Descent & O| 2% ] 1 2{sljOF & A

+ Target function 0] #35t=Z7Zte| HE{7} SIS 4 Ho{A
= 20| Aloj
= Local minimum S £ (A|2HMo| 2t +-dt= 0| CHE £ UR)

-

Global Minimum
( Best One)

Local
Minimum

YA

e '-https_Z//www.mItut.com/stochastic—gradient-descent-a-super—easy—completégguide/

Gradient Descent & O| & Tt Linear Regression

*
oo

olo| gto 2 nH niZti|E & 27|35}

=LA
st5

Cost function 0| 2|23} & Iff 7}A| gradient & 0|-&5}0

C| 0|4 cost function 0] £0{S2| 247{Lt, A3liZl learning epochs & E5IAS I S=&

40
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Gradient Descent & O| & € Linear Regression

T

a.J 1 ; .
Z('wm(‘) +wo — y*)
i=1

dwy
moEg oG HetnIE S gradient |
97 _ L™ wna® 4 wg - y®)zt@
3'-‘.111
OIFAMA AR XY, Tnew — Lold — X X (zxold)

loop until convergence{

- _ 0

2t [ 77tZ| or Loop SHA[Of| == | 77X = 0.

J.L|-E_|-III|F_-|§p AHI0|E do 6.? T 9.? 69 J(e()a 61)
}

=5
=

41

Just right

Occam’s razor
0| 7t55t 42, S4st RHZ ALESHA| HEt

1 2| & AbE: Overfitting £] I
+ Overfitting: &H& H|O|E{0f| ZICk5HA| 21245} -) A2 C|O|E{of| CHEH Of|& HStE
A A
> >
Overfitting

https://goo.gl/aP8iFa

42
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1 2| & AFE: Overfitting 2| |

+ Training error & Test error

Testset

Trainset
)
Epoch +

B _— 43

o JHS3DI CHASH DES ALR ST} (TIRHI|E 0] 42 SOIr))

« Regularization 7|%42] Atg (2| B2 0f }2 H'LE|E cost function 0 £7})

= L1 regularization

J0) = 5= (hoa®) —y®) + 2 371651
j=1

i=1

= L2 regularization

J(0) = % ; (ha(a®) - y‘*’)2 + %;f’?

T RS 44
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Training Data & Test Data

o YHEM9l machine learning 2t

Model Performance
Generation Metrics

Training Set

<>

Test Set

45

Training Data & Test Data

+ F0{Zl H|0|E{E training data 2} test data £ L}5+0| 22

+ Machine learning =30 210{ 7} 28t2{Ql Cf|o|E] &8

+ Training data 2} test data & L}4+= HIE, WH 52 H|0|E]

+ Training data 2| M| 23}
= Trainingdata: 22| S50 ALE

* Validation data: 23 St5 2HY0f|M 2R H52 S B7I5H0 Z157| 2I5H0 28

e Model Performance
Generation Metrics
S
-

46
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Training Data & Test Data

Original set

Training set

Test set

Training set Validation set

Test set

Training, tuning, and
evaluation

Machine learning
algorithm

[ Predictive Model }‘

Final performance estimate

Training Data & Test Data

+ K-fold cross validation

= 8h& H|0|E{ & training data 2} validation (or test) data 2 Kt L0 ALE

~

=]

HO|BAAE IS ARZAME

+ SO0 eE
E
aT

- DOl mEt|E] 7'd SO EE 7t

S
£ 14202 training/test data 2 LHz0f| (2t LA5H= bias £ S|T]
L|

Training Set

Validation Set

Validation Set

Validation Set

Validation Set

48

- 24 -




Training Data & Test Data

+ Leave one out cross validation (LOOCV)
8% - oo o 72| H[O|E{ Tt validation/test

= Cross validation 0f| A validation/test data 2| 27|7t 121 &

data 2 A2

< total samples ——>

iteration 1/N: I

iteration 2/N: [I

iteration 3/N: |]

iteration N/N: |

49

Logistic Regression for Classification

A27?

A AR E 4

oz

o HOHE FYSI=AMRCIE FZ2EUS O
Epochs: 3400

1.2 r T
I —— Decision Boundary|

1.0

GIF: University of Toronto
50
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Logistic Regression for Classification

PERE

12 gpochs: 340?

l —_ Decis:ion Boundaryl

GIF: University of Toronto

51

Logistic Regression for Classification

12 gpochs: 340?

I = Dedsion Boundary|

GIF: University of Toronto

52
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f(X) =Y=W0+W1X

Status =

Logistic Regression for Classification

1

if f(z) >0
otherwise

E= OR2I0|E wy 2t w, = O{E8A eh& & AQ10)?

H|L|7, linear regression @ 2 &t 7+s5ICH

53

= Target function 2 SH£2 £

ol

e QRSN

Il

Epochs: 3400

—— Decision Boundary

Logistic Regression for Classification

+ Linear regression 2= StC} S, & 71A| W2l E M=

+ f(x) =02 7|EL2 2RIl =, 7|E2t(0) 22| 20| S O EH| ~O+=0{0F 5H=7t?

f(x) = Y = wy + w;X

1 if f(x) >0
0 otherwise

Status =

54
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Logistic Regression for Classification

+ Sigmoid (Logistic) function 2 At23510{ &2 2 E35}A}.

0| 27lse A5 Ue = Het
SYE 2 UL 310 sigmoid function2 2 3
sigmoid

0’(2) 1 +1e"‘

-5 5 0

https://goo.gl/38SsHw

55

Logistic Regression for Classification

o T7HAEI4E 2delio] MEEt4(2) OlA logistic function 2 O] &

1

ho(z) = g(z) = P

where:

Wo -15 48 -i% 08

2 =woTg +wi1T1 + -+ wWpTy
=0Tx

0<hg(zx) <1

56
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Logistic Regression for Classification

o 2HEZH(h)of| 2J$t classification

1
1l +e %

he(z) = g(2) =

0.8 4 hﬂ(m) 2 0.5

0.6 1

0.4 -

0.2 1

hg (.’L‘) S 0.5

0.0 1

75 -50 -25 00 25 50 75 100

e, 57

Logistic Regression for Classification

» IOj2t0jE] 8&517]
1
ho(@) = 1 o—omx
Tx = wWoZo + W1x1 + -+ + WRTy
y=0orl
mWosou:

Cost function 2| 9|
Cost function 2| gradient A4+

58
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Logistic Regression for Classification

*
roh

Cost(hg(x),y) =

FCl|O|E] ZQI E0|A{2] cost & CH3t 20| 2|

log(he(x))  ify=1
—log(1 — hg(x)) ify=0

Cost®

Logistic Regression for Classification

+ Cost function

= y=10r00|B2, cost(h,(x).y) = —ylog(hy(x)) = (1 = y)log(1 — hy(x))

[ —log(ho(x)) fy=1
Cost(hg(x),y) = {_log(] —hg(x)) ify=0

J(0) = % > Cost (Ro(a®),4)

i=1

find #, where mgn J(0) he(m ) =

= 3 1y o ha(e) + (1~ ') log(1 — he(z?))]

1

14 e 07x

+ 0] cost function /& 2|4 38}5= Oi2j0|E ¢ & 27| £|510{ TO|2351H,

T

= L3 (ho(e) - ) o

0| gradient & 0|-83}0] learning!

60
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Machine Learning 7|= - Classification Evaluation

61

Classifier Evaluation

o 7|2 74E - Confusion matrix (E& 3#3)

= A3 class 21t 0= class 2HE2| Y| 7i4~E matrix HENZ B

Prediction
Positive | Negative
- True False
Positive Positive | Negative
N v False True
egative Positive | Negative

62
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Metrics for Classification Performance

Actual
A (5s) y TP+TN Class
+ Accurac = ccuracy=
y (< Y= TP+ TN+FP+FN
+ Error Rate (22}8) Errorrate=ﬂ=(1—flccumcy)
TP+TN+FP+FN
+ &t 4l .. TP
+ Precision (B2E) Precasmn—m (PPV: Positive Predict Value)
Specificity (S0|E)  specificity=—"
* Op ty = P =P TN+FP (TNR: True Negative Rate)
Hivi o)zt Sensitivity= MZ‘"
+ Sensitivity (UZE) [y-TP+FN (TPR: True Positive Rate)

(Recall)

Prediction
Positive Negative
. True False
Posit o N
SVE | positive | Negative
Negative False True
Positive | Negative

o2t o= ot A
(Zo|at= of

63

Accuracy 2|2| C}& Metric EXY 0|

+ Class 2X7} bias £|0] 9= HO|E{7} 7| Ij=
o Class'8 Astco| Tyt ot Y= AR S

o OAl:

* CHSto| SIAMZ 1AL Fd HIE 3%

- BHH{E QIst ARl BIZHE 2%
- Bl AR B 2% B 27 7o

| —
Q=2

64
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£ 8 Metric

+ F1 score (F-measure)

= Precision 2} Recall 2| £&F A| & (harmonic mean)

Prediction
precision * recall 1 0
F,=2 1 True | False

precision + recall Actual Positive | Negative
Class 0 False True
Positive | Negative

65

Receiver Operating Characteristics (ROC) Curve

+ Classifier 2 threshold & 2435}04, sensitivity ~ specificity & =45}
+ Logisticregression, Naive Bayes S3t 20| classification 7| &S 23 7}58t 20| 48 7t

100% TP TP
itivity(TPR) = ——— = —
posiwe | SETSitivity(TPR) = 7oy = 5
Data | Class | Prediction
80% (Threshol;
FPR =1 — Specificity(TNR)
1 P 09 _ 1 _ TN _ 1 _ ﬂ
% 0% 2 | e 08 - TN+FP N
ﬁ S 3 N 07
22 o PR P Prediction
8 'Z’ 5 P 055
t ﬁ 6 | N 054 1 0
E 20%
= ! N 0% 1 True False
gl Nl 9% fActual Positive | Negative
mms 20% 40% 60% 80% 100% ? P 05 Class 0 False True
False Positive Rate 10N 04 Positive Negative

(1-Specificity)

66
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Summarizing ROC Curve

+ Area under curve (AUC)

= ROC curve stcte] Ho|

= S4+E 5 L Ho A o Mo 5
= Curve 7} 1Z HTHf| 201 ASFF, StEte| GOV HEarE w2 ds= 2ol
T
ROC | 7
¥ 08 L
03
038
. Eosl- o
; :5 .
06 E. . — NetChop C-term 3.0
L - — TAP+ ProteaSMM-i
= 2 04 g — ProlcaSMM-i
0.4 ,
03 o P
02
01
7] S I I I R
0 0 02 04 0.6 0.8 1
0 01 02 03 04 05 06 07 08 09 1 False positive rte
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Machine Learning 7|Z - Neural Network and
Deep Learning

68
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The Building Unit of Neural Network (and Deep Learning): Neu )

Neuron

impulses carried
toward cell body

69

“Artificial Neuron” - Perceptron

Activation
Fundamental unit of a Neural Network function

= .
‘ < 1if§w,.x,.)0

output =
I -1 otherwise

=0

=w-Xx

70
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How Perceptron Works

10

If output > 0, then @
If output < 0, then @

OF
wl w2 o

A linear classifier

71

Going Nonlinear

Classic |
os
Sigmoid
asld Unit
x) ad
Nonlinear activation function //
X2 b -4 -2 4 P
z O
S ST 1
et i=0w' i 0 = o(net) = —————
-net
l+e
*n
Various choices
. — —— : "
J |
3 LE |
Py s o i
] —Tanh I A |
! 05 Sigmoid | 4 |
-4 - =2 8 1 I [] I e ] __,’ T o T 3 '-'1__-2_4"_;'__.'_;_}
x
Sigmoid Hard tanh Soft sign rectifier
72
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Combination of Neurons for Complex Space Separation

Linear classification

* H, I
e, l
L ] . . |
£
.. - (
52 & ,
o "o
o O O /
%, We need more than linear classification here.

20 hidden neurons

3 hidden neurons 6 hidden neurons

Figures from Stanford CS231n github
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Neural Network

+ Combination of multiple logistic regression

74




Neural Network

+ Output can be summarized into another logistic regression.

75

Multilayer Neural Network

+ Why not going further for even more complex problems?
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Multilayer Neural Network

output layer

input layer

hidden layer

N\
&
;0

v

IS4
| %’\#
oee

N
i

0‘0

“ output layer
input layer

hidden layer 1 hidden layer 2

77

Feedforward Neural Network

= Information always moves one direction.

Input Layer

Hidden Layer

+ Connections between units do not form a cycle.

Output Layer

11
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Recurrent Neural Network

Unfold

ot—I ot 0¢+1
A A
V 14 vV
- ()St—f N d t N St+1 N
A w X W
U U U
xt—l xt xr+1

By unfolding, it can utilize sequential information.

- Sentence
- Voice
- Video

- Other continuous signals (where a current input depends on

previous status of input)

Figure from wildml.com
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Deep Learning?

+ From Wikipedia:

“Deep learning is a branch of machine learning based on a set of

algorithms that attempt to model high-level abstractions in data by
using multiple processing layers, with complex structures or otherwise,
composed of multiple non-linear transformations.”

Diagonal
Line

‘m
i
| I}

80
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Conventional Pattern Recognition

+ |. Feature extraction

+ |l Classifier training

True answer:

il \

Training

- CIaSSiﬁer
~ Feature extraction -

81

Deep Architecture

+ Features (including abstracted features) are learned during the model training process:.

= Various levels of abstracted features by multi-layer representation

True answer:

Bl \

Lower layer Higher layer

82
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Deep Architecture

l \
NN

Image from [Lee 09]

True answer:

gLt
~

»

Layer
3

+ Learning multiple levels of features through layerwise models

»

83

Deep Architecture

True answer:

diLt
~

Layer
3

Image from [Lee 09]

+ Learning multiple levels of features through layerwise models

-

84
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Deep Architecture

True answer:

gLt
~

»

/

Layer
3

/

+ Learning multiple levels of features through layerwise models

»

\

\

.?- !?' e

Image from [Lee 09]

85

Should It Be Deep?

Feature extraction

Lower
level feature

- [E]
=]

‘ Layer
3
High Higher
level feature level feature

Training
classifier

—

Can be more efficient for “simple”, well-structured problems.

With more representational power, it can be appropriate for more complex problems
accompanying complex, hierarchical concepts.

86
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Difference

Learning process

Training
classifier

———)

Layer ‘

Feature extraction -

Lower Higher
level feature Ievel feature level feature

Learning process

87

A Deep Architecture

With multilayer structure of nonlinear
modules, it can approximate highly

complex nonlinear function. Output layer

- Gives predicted output

Hidden layers
- As going up, more abstracted
representations of data are learned

Input layer
- Raw information from input data

88
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Convolutional Neural Network

*

Handwritten digit recognition (LeCun 98)
+ A neural network architecture that utilizes the characteristics of images - locality.

*

Convolution: Retrieving features from local regions

*

Pooling: Dimension reduction & combination of local features

Feature representation
- o

Fully Fully Output Predictions 3rd layer
“Objects”
1 WL AT
o “”_m gnd.layer .
| bird (0.02) Object parts

1st layer
“Edges”

—
Feature extraction Classification

Pixels

89

Convolutional Layer

+ Locality ofimage

= Each pixel is related to only relatively

small neighborhood region.

= Local connection

+ Stationary characteristics of image

= Certain characteristics are consistent

across regions.

= Shared weights

90
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Convolution

Convolved
Feature

Image

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution

Convolutional Neural Network

Input image

Overlapping image tiles

EStianrrNYREE
T T
e A N
o I I
EEEERES e

Images from https:/medium.com/@ageitgey/

92
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Convolutional Neural Network

Rt m—
= e YAl

B P TIIAE E  N
A | e
=

:

Small Neural Net
(Shared Weights)

SRR L 1P
(i D
5 0 T e

Overlapping image tiles

Processing o single file

Convolution

Images from https://medium.com/@ageitgey/
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CNN — Activation Layer

Input-> Convlf> ReLU -§ Conviff> ReLU -J Pool § RelLU - nv € ReLU -3 ool ->Fully Connected

Activation Layer

- Conv Layer H £ CFS 0| AHESH= nonlinear layer

(Conv layer2| output2 activation mapO|2t11 £ 2= 0|7))

94
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CNN — Activation Layer

2ot 0I5t BY 7hs

linear

non-linear

ga Sn @ .
° .:.'.- .:l.:l--
o =]
» X
http://www.statistics4u.com/fundstat eng/cc _linvsnonlin.html

95

CNN — Pooling Layer

Pooling layer

» Too many pixels and features
* Reduce dimension by subsampling
» Prevent overfitting

Max Pooling

-
A
/.
//

Average Pooling

Activation Map

EL T
LR ™
-

Convolution 5x5

Original image

subsampling

96
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Convolutional Neural Network

Fully-connected
Neural Network

Convolution

Input Image
Max Pooling

Feature extraction Classification

Images from https://medium.com/@ageitgey/
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Today’s Popularity of Deep Learning

+ Recall that neural networks and their base theories have been around since 60’s.

+ Difficulty of using deep neural networks
= Lack of dataset large enough to train such complex models
= Lack of computing power to train complex models with large dataset

= Lack of efficient learning algorithms

+ Since 2000’s

= Large datasets become available

- Internet + mobile) Facebook, Google, Instagram, Twitter, -
= loT) Huge data collection sources

=tEtc

Huge computing resources become available

PC,_ multicore architecture, GPUs, -

98
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Training (Deep) Neural Networks — Backpropagation Algorithm

+ Example) 3 layers, 2 inputs, 1 output

Training a neural network model:

Given a training data {(D,, z)}, finding the weight values in the network that
minimize the difference between the desired output and the output from the
network.

99

Backpropagation Concept lllustration

+ Training starts through the input layer:

V1= [0y + W)

+ The same happens for y2 and y3.

100
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Backpropagation Concept lllustration (cont’d)

+ Propagation of signals go forward through the hidden layer:

Vg = Loy 0y ¥y + w3, 33)

+ The same happens for ys.

101

Backpropagation Concept lllustration (cont’'d)

+ Propagation of signals through the output layer:

V= fs(Wagvy + Wsg¥s)

102
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Backpropagation Concept lllustration (cont’d)

+ Error from the output layer neuron:

Backpropagation Concept lllustration (cont’'d)

+ Propagate error back to all neurons.

Backpropagation:

Propagating error derivatives backwards, updating weights.

104
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Backpropagation Concept lllustration (cont’d)

+ [If propagated errors come from multiple neurons, they are added up:

3 O =W, 04 +W50s

haus
.y
.~
-~

+ The same happens for neuron-2 and neuron-3.

105

Backpropagation Concept lllustration (cont’'d)

+ Weight updating starts:

dfi(e)
de

Weoem = Weayn 776

%

dfi(e)
de

W = Weern T 776

Xy

106
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Backpropagation Concept lllustration (cont’d)

+ Weight updating all the way to the output neuron:

d,
W= Wyg +775JEI—(:)'.V4
X W'ss=Wsg "‘77"5(1125 ) Vs
1 de

107

CNN - Backpropagation
Backpropagation
Ap— ——
Convolution Pooling Fully Fully Output Predictions
—

L L =R [~y 90 (0.01)

P . 1 bout (054)
Ili =y - m“ bird (0.02)

108

-54 -



A Key Point in Deep Learning

+ Deep neural network is a very complex model (with many parameters to be optimized):

+ Can easily lead to overfitting.

© data
— target
=)
o data
— 2nd order fit
— 10th order fit
@
e :

Restricting Model Complexity

+ Restricting the model complexity
= Limiting the number of layers

= Limiting the number of neurons in each layer

= Sharing weights

+ Other learning techniques to avoid overfitting

Training Set Accuracy
f'-_—-_——-

Cuertitiing

U

Test Set Accuracy Early Stopping
Epoch

/

Early stopping

Epoch

110
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Shrinking Model on the Fly

+ Dropout

a) Standard Neural Net (b) After applying dropout.

Srivastava, Nitish, et al. "Dropout: A simple way to prevent neural networks from
overfitting." 7he Journal of Machine Learning Research 15.1 (2014): 1929-1958.

111

Shrinking Model on the Fly

+ DropConnect

No-Drop Network DropOut Network DropConnect Network

Li Wan, Matthew Zeiler, Sixin Zhang, Yann LeCun, Rob Fergus
"Regularization of neural networks using DropConnect.” /CLML, 2013.

112
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Summary on Deep Learning

+ Deep learning works better than simple systems because of its hierarchical abstraction
data information.

= Can be appropriate for problems implying various concepts that can be hierarchically abstracted.

+ Essentials of deep learning
= Large-scale training data
= Enough computing resources

= Efficient training algorithms

113

Considerations in Deep Learning for Biology/Biomedicine

*

Correct understanding of a target problem
= What is a data instance?

= How many classes?

*

Selecting a proper learning model

= Do not think the deep learning is always the best solution! (Because it is not)

Checking data availability / feasibility of data collection

*

= Positive and negative control

= Class imbalance

Designing proper learning architecture and strategies
= Selecting appropriate models

Appropriate architecture design

ff dive learning strategies

: g%/ THE KNOW-HOW / SPECIALTY of deep learning specialists.)
{ _

114
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Applications of Machine Learning / Neural
Networks / Deep Learning in Bioinformatics

BEman 115

Machine Learning (including NN/DL) in Bioinformatics

Regression Classification Clustering

110 110 1o
. y=ax+b il -
°0 0 : 90 |
80 s | 80 |
0 | 2 |
© 80 | &0 |
5o | so |
50 ok
40 ‘nl;u |:q:l r;u :;o :;v :;o .1-90 z;:o m Wk
130 |20 50 160 o 80 90 200
Bioinformatics
Many applications are in the form of classification.
(ex. “Predicting something”)
R 116
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Deep Learning Applications in NGS Data Analysis

g =
2 &
=3 2=
g °3
Z - 2

7 0
w g o
= =
Z =
& §
=
=
q
f

19‘&) 20‘00 20‘20
Tirhéli'ne’of’lmplementir_\g deep learning algorithms in genomics 117
(Alharbi and Rashid, Human Genomics 2022)

Deep Learning Applications in NGS Data Analysis

Gene Exp! " Variants cal
Regulation & Annotation

Bidirectional long short-term

Multilayer Perceptron
(MLP) or typical (ANN)

(Alharbi and Rashid, Human Genomics 2022)
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1D Features

GRMLTVYPQT

Amino Acid

Deep Learning in Protein Structure Prediction

=

111114

& ~ DeepCov [119] ™
Pcons

g —
Alignment
A generic pipeline for ab initio protein structure prediction
Predictor PSA Model Evolutionary Information
SPIDER2 [59] SS, SA Multi-stage FFNN PSI-BLAST
SSprofACCpro5 [30] SS, SA BRNN-CNN PSI-BLAST
Brewery [60] SS, SA, TA, CD Multi-stage BRNN-CNN PSI-BLAST, HHblits
SPIDER3 [61] SS, SA, TA, CD BLSTM PSI-BLAST, HHblits
RaptorX-Property [23] SS, SA, DR CNF PSI-BLAST, HHblits
NetSurfP-2.0 [62] SS, SA, TA, DR BLSTM HHblits, (or) MMseqs2
Predictor PSA Model Evolutionary Information
MetaPSICOV2 [114] ™ Multi-stage FFNN HHblits, JackHMMer

DeepCDpred [115]

RaptorX-Contact [116]
DNCON2 [117] ™
DeepContact [118] ™

™M

multi-class CM
multi-class CM

Multi-stage FFNN
Residual CNN
Multi-stage CNN
Residual CNN

CNN

CNN

Residual CNN 2D-BLSTM
Multi-stage residual CNN
Residual CNN

HHblits

HHblits

HHblits, jackHMMer

HHblits, jackHMMer

HHblits

HHblits

HHblits, PSI-BLAST

HHblits, jackHMMer, HMMER
HHblits, PSI-BLAST

119

(Torrisi et al., Computational and Structural Biotechnology 2020)

@rentet

Input sequence

Evoformer block

AlphaFold model architecture

———— (@ rrrrit

C_ > [(Drtrrrt
Drrrart
ARBERS]

Genetic |

/—D

MSA

\—p| Structure |4
database
search

Templates

Deep Learning in Protein Structure Prediction

High
confidence

Low
confidence
Evoformer Structure
module
(48 blocks) s
fereee
Pair
P > — 3D structure
(rry N
~—
< Recycling (three times) ]

Structure module

& Single répr.

Pair

8 weights)
Predict 7 angles
and compute all

atom positions

- —
Backbone frames

r3)

. &
(initially all at the origin)

-
Backbone frames.
(r,3x3) and (r3)

120

(Jumper et al., Nature 2021)
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Deep Learning in Transcriptome Analysis

Software

A deep-learning-based RNA-seq germline variant caller
Daniel E. Cook ® ', Aarti Venkat © 2, Dennis Yelizarov’, Yannick Pouliot ® 2,
Pi-Chuan Chang @ "', Andrew Carroll ® "*'" and Francisco M. De La Vega ® %'

"Google LLC., Mountain View, CA 94043, USA and ZTempus Labs, Chicago, IL 60654, USA

*To whom cor should be
"These authors contributed equally.
Associate Editor: Aida Ouangraoua

Received on December 6, 2022; revised on March 31, 2023; editorial decision on April 12, 2023; accepted on May 30, 2023

a Bottleneck Cell type classification
- e
o® oo
S ——

' Classifier

Genel—>
Raw expressionmatrix  Gene 2 —» Imputed output

®

- - Gene3 —»

Gene4 —»

Bottleneck

Gene5 —»

L I J
Encoder Decoder

Fesutis improveme:
Or MST St

T5e00| o0 | o G600
566 |i5600] 50 = 3
Goo | o fescoo] - “e

Germline variant calling from
(Cook et al, Bioinformatics 2023)

Denoising and imputation of single cell
RNA-seq data
(Li et al, Nature Communications 2022)

Predicting RNA-seq from slide images
(Schmauch et al, Nature Communications 2020)

121

Machine Learning in Microbiome Studies

hotgun metagenomics

classification

feature selection

time-series analysis

network Inference

feature engineering

link prediction

fearture selection

122
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Deep Learning in Drug Discovery

— Drug-based models

Drug-protein (disease)-
based models

— Drug-target interactions

Drug sensitivity and L Graph-based models

? response

>

]

2 |

a Drug-combinations side | The similarity in chemical
= effects structure

1

a

Target protein sequence-
based similarity

“— Drug-Drug similarity

|| Target Protein functional
similarity

Drug-induced pathway

similarity
Drug discovery problem categories
(Askr et al, Agififial Intelligence Review 2023)
= 123
Deep Learning in Drug Discovery
ﬁ“‘ Features| | Deep Neural Network DTIs Predictions

\

/6) Features as drug-drug \ Foatuns as structure (or graph ﬂt) Features as drug-protein(disease) _\
interactions (or similarities) Drug-protein disease heterogeneous network

P - &
2 K /' ° oruedagimamcions /|, I
®

/

i O Targot ]
O @) Protein-protein interactions

\_ VAN N\ I/

DL models used for predicting the DTIs can be grouped into different categories.
(Askr et al, Artificial Intelligence Review 2023)

- ___How to compose the input feature? 124
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Deep Learning in Image Analysis

Annotated data

Image segmentation application

Human-in-the-loop curation

a
Insight 10 um
—

Training data Model training
Transmitted light images ° e e
.t-e
C )
.

Labeled images

Imaging data
Predicted output

Image augmentation

Single-cell
segmentation

B

Normalized expression

True death label Phase contrast

Predicted death label

Identify cell types
]

= Endothelium

=) o
)
Cells

|

Epithelium

M a2

(Moen et al, Nature Methods 2019)
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Thank you!
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