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https://drive.google.com/drive/folders/1JwKLgLGLvscr9fVsAKc_AaclyYgkEfZ-?usp=sharing
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mP ¢ 2P450 CYP450 (Cytochrome P450)

CYP enzymes cover about 80% of oxidative metabolism (zhaoetal, 2021)

70-80% of clinical drugs are metabolized by CYP enzymes  (Zanger and Schwab., 2013)
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Phenotype Variability
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« SNBEFR (Penetrance)
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(https://www.wikiwand.com/en/Phenotype)

« ZRIRE (Expressivity)
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CYP450, CYP (tm® ¢ % P450)

PharmVar

Pharmacogene Variation Consortium

23 Pharmacogenes
https://www.pharmvar.org/ 1

21 CYP genes
— / W \
CYP1 family CYP2 family CYP3 family CYP4 family

CYP1A1l CYP2A6 CYP3A4 CYP4F2
CYP1A2 CYP2A13 CYP3A5
CYP1B1 CYP2B6 CYP3A7

CYP2C8 CYP3A43

CYP2C9

CYP2C19

CYP2D6

CYP2E1

CYP2F1 Non-Cytochrome P450

CYP2J2 DPYD

CYP2R1 NUDT15
CYP2S1

CYP2W1



Clopidogrel (##iL,
(pl:r)o-drug) Fuske )

ABCB1
Small intestine Intestinal absorption
<15% >85%
— CYP2C19
CYP2B6 CES1
CYP1A2
) 2-oxo Clopidogrel Clopidogrel
Liver —

Inactive metabolite
CYP2C19 CYP2B6 l \J

cypacg  CYP3A4 CES1

Clopidogrel

(active metabolite)
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Platelet reactivity unit (PRU)
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sample_id PRU  CYP2C19 |CYP2B6 |CYP2C9 |CYP3aa |cYP3As
1 1 Tln/ T Le I*u*q- I*u*J I*u*J I*:Jr*:s
2 6§ [*B/41B [*11 [*i1 [fi1 [fum
3 s [*272 [Pute . Puer [Puel a3
4 s |*1e/*2 [*its [*ufr [Puf1 [*3ff3c
5 102 [*18/*18 [*1/%6  [*141 [*141 |33
8 106 |*1e/*18 [*1/2  [*141 [*1*5 [*1/*3
7 15 [*1e/418 [*141 [*141 [f41 |33
8 11 [*1e/42 [*1f1 [f1e1 [fuf18 |13
9 12 [f1e/418 [*121 [f1f1 [f1p1 |33
10 131 [*18/%2 [*1%6  [*141 [*41 [*3
11 137 [718/73 [*6/%6  [*171 [*171 [*3/73
12 192 [t1e3 [*41 1 [ff1 [*33
13 123 [*1e/72 [*71 [f1 [fym1 [fye3
14 147 |*1e/418 [*121 [*1f1 [f1e1 |33
15 154 [*1ef2 [*%6 [*141 [ff1 |33
16 158 [*1e/%2 [*144 [f1f1 [f1f1 [fm
17 160 [*1e/*18 [*144 41 41 [t
18 171 [t1e2 [fyta [fym1 [fym1 [ras
19 175 |*1e/#2 [*2/%26  [*11 [*1f1 |33
20 s [tef2 [*%6 [*141 [ft1 [*33
21 188 [*1e/418 [*121 [*141 [f1f1 |33
2 197 [*2/%2 141 41 [t [*3
23 197 [*2/%2 [*2/%6  [*1/41 [*141 |33
24 198 |*1e/418 [*144 [*141 [f1f1 |33
25 202 [*142 [*41 [*3413 [ff1 [*3
26 204 [*1718 [*1%6 [*1%3 [*1f1 [*13
27 08 [*1e/418 [*144 [f141 [f141 [fm
28 211 [*1/414rsal*4a [*f3 [f1 [*3
29 213 [*1e/*2 [*121 [f1f1 [f1f1 |13
30 25 [*1/418 [*141 [ff1 [ff1 [*33
31 218 [*18/%2 [*1%6  [*1427 [*1f1 [*13
22 25 |*1e/#3 [*144 [f1f1 [f1e1 |13
35 220 [*1B/*2 [*141 41 [ff1 [*3
36 242 [*1/*2 [*121 [*1f1 [f1f1 |13
37 225 |*18/*3 [*a*6 [*141 [*141 |33
38 257 [*3/73 [*76  [*71 [*171 [*3/%3
39 310 [*18/%18 [*4/%6  [*1/41  [*1718 [*141
40 35 [t1e43 [*ufa 1 [ff1 [*a3
41 36 |*18/*2 [*1%6 [*141 [*1f1 [*13
22 a7 [*22 [fite Mt [futr a3

Pharmacogenes

Machine learning

R F1A
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Machine learning

Machine Learning:
"The field of study that gives

computers the ability to learn
without being explicitly
programmed.”

Arthur Samuel popularized the term "machine learning" in 1959
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Deep Learning
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Machine learning

R -
Supervised Learning EEEY O
Unsupervised Learning REFBY ] [P

Semi-supervised learning x g B8y

° ° :___ Agent
Reinforcement Learning e o} ——
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Supervised Learning =55V

PR training

80%

Labeled examples
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Supervised Learning £E %Y

i = Wrist
Regression(w ﬁip )
E 0.35
’H‘ éfﬁ??‘ /P|J § s
: 3 0.25
=
= 0.15
e £
0.05 y =-0.00048x +0.37130

p=0.0000015

predicting a quantity
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HOE 3 e ® 4 TRIPRUE Regression(w Efo')

PRU X Fjikig (features)
A — (1) To = #»z0/1
400 =
Clopidogrel ( iF4a3d ) ® L1 =SNP number
B (Z1EK[OER) X2 = age of subject

X3 =sex of subject

200 = Z4 =is CYP2C19*17 (0/1)
2100

0 >

X = SNP number
he(x) = B o+ 0 1x SR — (481 IE5R)

ho(x) = Qo+ O 1x+ 0222 HEEZ (ZIAEXESS)

17



Classification( 4" #§)

PRU

(Figt s
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sample_id PRU  CYP219 |CYP2B6 |CYP2co  |cyp3a4  |cvp3as
1 1 Tiny 1 I'1;'4 I'J,f'J I'J,f'l I':i,r'.j
2 6 [1g/718 171 [fye1 [Fyer [Fym
3 6 |*272  [*i/s [fym1 [fym |re3
4 5 |*1B/2 [*1/%6  [*1/°1  [*1/*1_ |*3/*36G
5 102 [*18/71B [*1/7%6  [*1*1 [*171 [F3/73
5 106 [*18/*18 [*1/%2  [*1/*1 [*1'5s [*1/%3
7 ue  [*1g/71B [*171 [fy1 [fyc1 [F3e3
8 1 [fe/22 71 [fyf1 [fyfs [f73
9 122 [*18/*18 [*1/71 [fu*1 [*if1 [*3/%3
10 131 [*18/72 [*176  [*u1 [f71 [fye3
11 137 [*18/*3 [*6/*6  [*1/*1 |*1/1 [*3/*3
12 122 [+18/73 [*171 [fye1 [fyc1 [F3ye3
13 123 [f/22 [fy71 [fyf1 [fyf [fys
14 147 [f18/418 141 [fyf1 [fyf1 [f373
15 132 [*18/72 [*1/76  [*u*1 [*y71 [F3/3
16 158 [*8/22 /44 [fyf1 [y [fym
7 160 [*18/71B [*1/74  [*1*1 [*y71 [y
18 1 [f1B72 [fyea [fyel [fcl [Fe3
19 175 [*18/72 [*726  [*1*1 [*if1 [*3/%3
20 179 [+18/72 [*176  [*u1 [*y71 [F373
21 188 [*18/*1B [*1/*1  [*1/*1 "1 [*3/*3
2 197 [*272 e [fy [fye1 [Fues
23 197 [*72 [*26 [fy1 [fyc1 [Fye3
22 198 [*18/+18 [*1/7a  [*yr1[*r1 [#373
25 202 |*1/%2 [FLFL [f3/*13 [F1F1 [F1/*3
2% 04 [*i/f1B [*1/%6 [*1*3 [*1f1 [f1/73
27 208 [*18/%1B [*1/74  [*1*1 [*171 [fym
28 21 [*ycuersalfyca [fye3 [fyc1 [Fye3
29 213 [f/22 71 [fyf1 [y [f03
30 25 [*yc1e [fye1 [fyel [fyel [Fye
31 218 [*1B/%2 [*1/%6  [*1/*27  [*1f1 [*1/*3
32 25 [*18/73 /74 [fyf1 [fyf1 [f73
35 220 [f1B/72 [*71 [fy1 [fyf1 [Fye3
36 222 [ne/22 [*i/71 [fyf1 [y [fy73
37 209 [*18/*3 [*4/%6  [*u*1 [*171 [*3/73
38 257 [*3//3 [*yfe [*yf1 [fyf1 [*33
39 310 [*18/*1B [*4/*6  |*1/*1 [*1/*18  [*1/1
ap 335 [+1B/73 [*7a [fye1 [fyc1 [Fe
a1 356 [*18/*2 [*1/%6  [*1/*1 "1 [*1/*3
22 w7 [*272 [fyre [fyer [fymr [Fues

Pharmacogenes

(ki)

PRU=200
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R enfb e 4 g iB|Clopidogrel( 1237 ) e 3%

g(©Tx) Logistic regression

A
7|§'§+
3

If 26 (x) 2 0.5, predict “y=1"
If 16 (x) < 0.5, predict “y=0"

\Jgt 2
7|£'§+
32

i
7|£§+
32

>
L1 = SNP number

X 3 #c g (features)

Xo = #320/1

h6 (x) = estimated probability that y = 1 on input x

L) 1
If xr = T — SNP number X1 =SNP number
ho (x) =0.7

o = ) 2 p— /
% LR ’J'ﬁ PR 2 15 70% & 5 19



FEE 3 ehfF e 4 77 iR|Clopidogrel( 23T ) e o<

X ¥ ie (features)
To = %»z0/1

L1 =SNP number

L2 = age of subject

2—0 > OTx .
0 X3 =sex of subject
BEY

X4 =is CYP2C19*17 (0/1)

Logistic regression

he(z) = g(O© %)
1
1+ e 07

2100

Sigmoid function 20
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L thiFficie (features) y

Male Female

(Michal Kosinski and Yilun Wang, 2020)
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40 {a] 1) i 5 FLRY

Ex EE1E?

Ak

Taiwan Biobank

~

—
N—

I

Taiwan Biobank

N —

n=217,196

e’

7 Scores Based
EURIBHERERZERNES
IRIEARRMRIEL; /MR - ZE{ERIESIE (Z-score)

Weighting
D BIREIRNES
Mt iE R

Pearson Correlation

Regression

LASSO
Confirmatory factor analysis (CFA)
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ieeE2 AR ERERE AR RIEFER -

FIREHNEEHE T AR

F s 20-39 40-54 55-64 >65 T 20-39 40-54 55-64 >65
TG 0593812 0.564152 0.54498 0.529211 TG 0460873  0.580948  0.608649  0.584282 -
HDL 0.32498  0.323892 HDL 0493218 0.446383  0.346302  0.341003
Bt EE 4y EE
[ ifE 0.683606 0.641712 0.63396 [ i 0.706625 0.54936  0.497753
[ B 0423434 0335106 0261107 0215299 [in [E% 0651754 0458852 030602111 0:224916 -
1. [EE 1. [EE 1. [EE 1. [EE 1.[m¥E 1. [EE 1./EEB 1028
Smisyyrg M8 2mE  2mE  2.MmiE SEEHHEE 2BE 2mE 276 2.TG
f IVsi 3- TG 3. TG 3. TG 3. TG feature scores ana]ysis 3..|I|1LET§ 3. TG 3- .m].*E 3- ]I[“FE
cature scores analysis 4 i JB 4. [0 & 4. HDL 4. HDL 4.HDL 4.ME 4.HDL 4.HDL 00
5. HDL 5. HDL 5. [ME 5. [ME2 5.TG 5. HDL s5.MmE 5. ME
BEZEFEVIEN - BENEZHZ W EF -
TG HDL HEE TG HDL HEE
0.6 0.4 0.95 1 0.6 1
0.55 \ B J 04 e~ 0.95
- 0.2 0.9 0.5 —_— — o 0.9 /
0.85
0.45 0 0.85 0 0 0.8
20-39 40-54 55-64 265 20-39 40-54 55-64 265 20-39 40-54 55-64 >65 20-39 40-54 55-64 265 20-39 40-54 55-64 265 20-39 40-54 55-64 265
It ifn /&% I % I /&2
1 0.6 1.5 1
05 oS \ 1
. 0.2 0.5 \ 0.5 \
0 0 0 0
20-39 40-54 55-64 265 20-39 40-54 55-64 265 20-39 40-54 55-64 265 20-39 40-54 55-64 265




E:; ;Esg 3 ¥ é;”)j‘?ﬁﬁ e

do e L e L] G LR



Bt 2w Eﬁ?‘ (Logistic Regression) A
o0 o o®
e(CO0
> >
¥-im e T LA
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¥ % P < ( Naive Bayes) A

Class Prior Probabili
Likelihood ass Prior Probability

P(c|x)= PG)
| A
Posterior Probability Predictor Prior Probability

P(c|X) =P(x,|c)xP(x,|c)x---xP(x,|c)x P(c)




Inactive
compounds

Y
Y

Input space Feature space

oA R o BIRTFARE



K& 3T 48 2 ( KNN, K-Nearest Neighbors )

_—————
- -

-~ Classe B

A};‘iﬁ{rﬁﬁfﬁ"



i ¥ 4t ( Decision Tree)

“T 1% &+ ( Random Forest )

A e i

¥ 8 5 ihg 2a i & & AH(lightGBM)

o =44 & % = #t (XGBoost)

1 & +#%& - 4t (GBDT)

>27.37

>0.0716

v
| MALIGNANT I

<=1497

<=1191
<=1.978

perimeter_SE

<=2.615

concave_worst anum| [ BENIGN

<=0.1789 =0.1789

| MALIGNANT |

area_SE MALIGNANT
e Q L]

=21.9

i = }Jﬁ .
>2.615 F] - -

BENIGN

| MALIGNANT |

| MALIGNANT I BENIGN
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Parabacteroides distasonis

s B TR R 2

137F e

ZERHEIRE
Bacteroides dorei
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(E. Segal & E. Elinav, 2017)



Inside Kaggle you'll find all the code & data you need to do your data science work. Use over

50,000 public datasets and 400,000 public notebooks to conquer any analysis in no time.

Correlation Matrix for clinical_data_breast_cancer.csv]

3 o ' > 03 event 06 1 083175 C A 1:903175:C:4 13 1.0374e-01 4.1175e-02 1.176e-62 5.202¢-81

2 ermomoroo, H osTime . . o o LTS : o v pa—__1 ' 03285 T c i85 TiC  t6 12357601 7418302  9.577e-62 3. 574001

LJ— : = . ) | ' ' ‘ D e o A vsesmca T oowEew  semew 2265001 4o

— k e N SigClust Intrinsic MANA o | \ L . . 1 903536 A T 1:003536:A:T 16 -1.2747e-01 7.771e-82 1.809e-01 4.555e-01

N A Clsters RIVAWS! B ol 1 smsst A © TioeISSTIAC 13 1.0780e-82  4.9737e-02  8.284e-81 4831001

\ —— . ) b " \ 1 sears A 6 1mewmiAc 13 7.w6Te-s2  4.09%6e-22  7.02e-02 691601

¥ o M | " 1 904081 T c 1:904681:T:C 16 -1.3112e-01 7.4747e-02 7.939¢-02 4.373e-01

‘! CN Clusters M - - - - - = = : - + ’. = ol - - - . 1 984115 G T 1:084115:6:T 16 -1.2833e-01 7.6793e-82 9.470e-02 4.913e-01

/ . otegrates Clusers (with PAMSO) 00 [ [ I - o 1 904148 A ¢ 1:004148:4:C 16 1.4031-01  7.4546e-02 5.982e-02 4.471e-01

ak I et Csers tns e [ | ) T oeses © 6 easmsicio 13 76080  4dsed 508002 5296001

R e s . ey f8g “ " o B 1 989894 G i 1:009894:6:T 14 8.1207e-62 3.9340e-02 3.878¢-02 5.8592-01

. . LI I EEEEER . ‘\r,J ol st ; 1 o10255 © T 1:010285:0:T 15 1.1488¢-01 4.1834e-02 6.033¢-03 4.150e-01

. l g3 I B - o | f T 1 1 91558 G A 1:010558:6:A 15 B.4447e-02  3.0055e-02  2.648e-02 6. 46001
A COVID19-hg GWAS round 5 release (GRCh38)

Alzheimer Microarray Analysis ECG Heartbeat Categorization 32

Breast Cancer Analysis



REAFT S— — [HRER

Free Download

Everything you need to get started in data science on your workstation

1. F& ANACONDA: https://www.anaconda.com

i

l—\—l
2. %
N
u Anaconda3 (64-bit) -~
. Anaconda Mavigator (Anaconda3)
Anaconda Powershell Prompt (A
Anaconda Prompt {Anaconda3)

E Jupyter Notebook (Anaconda3)

3. $TBHANACONDA

4. BETE RREHF <— REEHM—X

5. IE I (Jupyter)

D Reset Spyder Settings (Anacond...

Spyder {Anaconda3)

33



ZRINEHR

File Help

| ) ANACONDA NAVIGATOR

A Home

Applications on | base (rect) | cnannets

@ Envionments

P

P )
N Leaming %

N

CMD.exe Prompt
o1
Run a cmd.exe terminal with your current
envirenment From Navigater activated

-
<

.o " Datalore
&% Community
Gnline Data Analysis Tool with smart
cading assistance by JetBrains. Edit and run
your Python notebooks in the cloud and
share them with your team.

] 4
- AW
IPIy A
Qt Console Spyder
A d 7.7 415
bk [lella L) PYQE GUI that supports nline figures, Scientific P'rthen Development
Notebooks proper multiline editing with syntax EnviRonment. Powerful Python IDE with

highlighting, graphical calltips, and more advanced editing, interactive testing,

debugging and introspection features

Cloud notebooks with
hundreds of packages.
ready to code

AFull Pythen IDE

1BM Watson Studio Cloud

1BM Watson Studio Cloud provides you the
tools to analyze and visualize dats, to
cleanse and shape dats, to create and train
machine learning models. Prepare dats and
build models, using epen source data
science tools or visusl modeling

iy

Glueviz
100
Multidimensionsl dats visuslization across
files. Explore relationships within and
among related datasets.

o

JupyterLab
226
‘An extensible environment for interactive
and repreducible computing, based on the
Jupyter Notebook and Architecture.

Orange 3
3260
Component based data mining framewark.
nd data analysis For

novice and expert. Interactive workflows
with a large toolbox

e

Refresh

. s
Jupyter 5.
o i

o

Motebook Powershell Prompt
64 001
Run a Powershell terminal with your
current envirenment from Navigater
activated

Web-based, interactive computin

natebock envirenment. Edit and ru

human-readable docs while describing
datz analysis

PyCharm Professional RStudio
1.1.456
Aset of integrated tools designed to help
you be more productive with R. Includes R
essentials and notebooks.

[ ]

A full-Fledged IDE by JetBrains For both
Scientific and Web Python development
Supparts HTML, J5, and SQL

FIR”Z & frameworks.txt” - —1T—1THAZEEZENEH

| E&Eframeworks - £=%

BRF) =|EE) EIO BRNV) =S

inztall dataframe
i ] IPython

| sklearn

] zeaborn

] mizzingno
| featexp

] nlxtend

| pydotplus
| xghooszt

1 joblib

] numpy

] matplotlih
% pandas

ipython notebook

(base)

S C:\Users\090503> pip install dataframeg




Eﬂﬂ \\lﬂ-lz

S Hy)E2

&2 https://www.kaggle.com/datasets/samdemharter/brca-multiomics-tcga

paper: https://www.cell.com/cell/fulltext/S0092-8674(15)01195-2

Invasive (5::11|=1y) Breast Cancer

817
Tumors

Mutations
RNA-seq
Copy number
miRMNA
RPPA
DMNA methylation

Invasive@ Breast Cancer

- Copy Number Variations (860)

Somatic Mutations (249)

Multi-Omics 1 ©ene Expression (604)
Protein Expression (223)

. Total: 1936 features

Total: 1936 features

n=705 (611&7Fi& - 94R3ET)

35



705 patients

data.csv

1936 features survival: 0
A death: 1
A B C D E F G H | ] K L M M o BWvL BWM
’_ 1 ;g CLEC3:;s_ CPFBl 15 _SCGB2is SCGEllrs TFFlL s MUCLlrs GSTMI s FIP rs_ADIPO(rs_ ADHI1Brs S10047 s HMGCSrs CYFZE 15 ANEEL s FRAME Ipp_p90ES]vital status
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5 0 1823552 1853548 1453358 14.07800 891376 1055746 13.30443 8205050 0.211476 0 4347002 7836265 0732374 0.069201 0.0469 y
6 0 4583724 1571186 1280452 8881660 8430028 1206461 6.806517 4204341 5385714 0841893 6.11157 7701901 10,7502 1.370053 0.037473 0
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13 0 8152076 11.3363% 8111426 9813765 6457277 1504644 726423 1155646 116801 0 8013315 11.8963 9243775 1.504644 0.090201 0
d 14 1208081 1.078542 4287783 1.311852 9451286 4367665 9611614 8252320 11.80453 11.73297 0.454808 0 1024658 2344005 3.725883 097 0
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17 0 503562 6.044828 6301805 13.35564 5467071 1255420 17.15364 5082013 5478677 2.103141 7060034 1635091 11.34807 0 0.17158 0
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21 0 0818605 1.337507 0818605 82703 1107211 8985600 187685 11.8184 1002404 0 1.101314 8133799 8391719 10.60697  3a ,
22 4376457 4162200 1151267 1010007 7922004 1197035 10.8525 1285716 4.041988 748328 1587701 7.830681 6.930062 0.30549]1 1443182 004657 .
23 5272363 5.58806 5424025 2027915 1206274 0128513 1265040 0305378 2614612 LSO0626 1265178 3082754 2408984 7026013 9.361204 0016006 X
24 126757 139648 1006193 4786534 736861 1490865 1.935407 0.742503 3.161369 0 1100965 1061633 1774671 0 4458566 5038 ;
25 0 0 0497638 0.497638 0 0 11.36833 0 0 0 1144249 0497638 0497638 0 9762566
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Prediction of Breast Cancer Severity with Multi-Omics Data

BEARENEH

import pandas as pd

from sklearn.ensemble import RandomForestClassifier

from sklzarn.model selection import train test split, StratifiedKFold, cross wal score
from sklzarn.metrics import roc_curve, roc_auc_score

import matplotlib.pyplot as plt

from joblib import dump

LB FARUR

data_path = "data.csv’
df = pd.read csv{data_path)

T2 RERS R/EEMBRES

df .drop("vital.status", axis=1)
df["vital.status"]

e
i

SEE3: RIFEIRESETERESE - REMN S RINREFAHSE

¥ _train, X test, y train, y test = train_test split(X, y, stratify=y, train size=8.85, random_state=48)

cdonrd
2ad

Python3 O
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93]

In [5]: rf = RandomForestClassifier(random_state=38)
rf.fit(X_train, y_train)

Out[s]: |, RandomForestClassifier

RandomForestClassifier(random_state=38)

S ER5: EAIGIE LETRA

In [B]: y_pred prob = rf.predict proba(X_test)[:, 1]

4 ER6: 575 ROC Hi4RH AUC ( HB4X T mE1E )

~

In [7]: fpr, tpr, _ = roc_curve(y_test, y_prad_prob)
roc_auc = roc_auc_score(y_test, y_pred_prob)

L ERT: 8% ROC Hi%R

In [8]: plt.figure()
plt.plot{fpr, tpr, color="darkorange', label=f'ROC curve (AUC = {roc_auc:.2f})")
plt.plot([e, 1], [&, 1], color="navy', linestyle='--")
plt.xlabel('False Positive Rate")
plt.ylabel( True Positive Rate')
plt.title( 'Receiver Operating Characteristic (ROC) Curwve')
plt.legend(loc="lower right")
plt.show()

Receiver Operating Characteristic (ROC) Curve
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T ER8: £/ K-Fold 22 X Bgi8 TR AR

cv = StratifiedKFold{n_splits=18)
ccores = cross_val score(RandomForestClassifier(random_state=42), X, y, cv=cv, scoring="accuracy")
print({f"Accuracy: {scores.mean():.4f} (+/- {scores.std{) * 2:.4Ff}}")

Accuracy: @.8389 (+/- 0.8563)

TER9: ERREHF

importance = pd.Series{data=rf.feature_importances_, index=X_train.columns)
importance = importance.sort_values({ascending=False)
print{importance)

rs_KIAMBABE 8.a1a571

rs_MMRNL a.alae38

rs_ADIPOQ 8.a85353

rs SLCI9A3Z 8.a85876

rs_KCWNIPZ 8.a985541

cn_AMZ1 8, gaapea

cn_FRMD1 8. aeaeea

cn_S¥TS &, agapea

cn_SIRPG @, aeapea

cn_SLC1AZ a.aeapea

Length: 1936, dtype: floated

Step 10: #) o 3l AR i 7 15 B

dump(rf, 'random_ forest model.joblib')

[ 'random_forest model.joblib®]
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confusion matrix & ;% &5

?E iﬁu Type I error

(false positive)

Positive Negative
GRS, LRRLETG pat
m . . o
ZE' Trueggiltlve False(ll\:llt\als)latlve > ‘ false positive rate (FPR) FP = FP
= % ou’re |
3 - | pregnant N FP TN
o E3E e \ R "

Type II error
(false negative)

You’re not
|__pregnant

Negative

BIEILE, F AL S e

FN FN

false negative rate (FNR) —_ =

P FN + TP
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TP TP

Recall/Sensitivity —— = on Lol s

P TP -+ FN T 15')}% MO FED T ,5’)}35 et

Specificity TN _ TN |
N TN + FP b’L’rﬂﬁ 22 -‘1?3*%‘7%}‘»& FE b2 :;?3 S R L
TP
Precision TP - FP 2%l ’E}%jﬁ Py B 2 o vt *
FP .
False Discovery Rate (FDR) FP + TP = 1 -Precision
Accuracy TP + TN TP + TN

%

P+N  TP+TN+FP4+FN 7 FFFRemasiegpiomss s
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Harmonic Precision-Recall Mean (F1 Score)

b =

True Positives

Precision =

True Positives + False Positives

True Positives

Recall =

True Positives + False Negatives

Precision x Recall

* _—
Precision

Recall
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Receiver operating characteristic curve, ROC

TPR

E M (true positive rate)
I
ATR B (sensitivity)
I
. v ¥ (recall)

FPR BT F J7 * Precision

iz [5 12 (false-positive rate) = 1 - Specificity
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ATM ATM serine/threonine kinase
BARD1 BRCA1 associated RING domain 1
BRCA1 BRCA1 DNA repair associated
BRCA2 BRCA2 DNA repair associated
BRIP1  BRCA1 interacting helicase 1

CDH1 cadherin 1 S M SO
CHEK2 checkpoint kinase 2 = ‘~-ﬁg/,.,'{l//[,//’%; X ""0”0,!‘2
FANCA FA complementation group A ' :

FANCI  FA complementation group |
FANCL FA complementation group L

NBN nibrin

NF1 neurofibromin 1
PALB2 partner and localizer of BRCA2
phosphatidylinositol-4,5-bisphosphate 3-kinase
catalytic subunit alpha

PMS2  PMS1 homolog 2, mismatch repair system component
PPM1D protein phosphatase, Mg2+/Mn2+ dependent 1D

PTEN phosphatase and tensin homolog
RAD51C RADS51 paralog C

STK11 serine/threonine kinase 11

TP53 tumor protein p53

PIK3CA

5 10%5 B/ EF G L AFIRE
5%3" % & & 7 BRCAL/2R %

z.
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T #t & (Underfitting) &% %t & (overfitting)
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Unsupervised Learning

Clustering (3¥ %)

Microarray s %] IR 4 ¥ (Kao, et al., 2009)

SNP 1 &
ASSOCIatIon ( rﬁg m") )R‘ Gene —5 Disease
GWAS ( 2 2 ]2 B 75 & 47) sNeNE—
Dimensionality Reduce ("% &) &
Single-cell analysis B

Lambrechts et al., 2018
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$ ) 3 4% F] 3 (Transcription factors) .4

@S
D O

OO
@O

Genel

Gene2

Gene3

Gene4

Association (B¢ 23)

Transcription factors (TF)

Apriori algorithm / ® \

—_——

Gene TF
Genel A,B,C S
Gene2 A,C -_—
Gene3 A,D

Frequent ltems Support

Gened B,E,F

{A} 0.75 Minimum support 0.5
{B} 0.5 /| Minimum confidence 0.5
{C} 0.5
JAAG 05 __.
{E} 0.25 For site combination A — C:
{F} 0.25 Support = support({A, C}) =0.5
{A; B;C} 0.25 Confidence = support({A, C})/support({A}) = 0.67
{A,D} 0.25 Confidence = support({A, C})/support({C}) =1
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Whiteld et al. Genome Biology 2012, 13:R50 v ®
Genome Biology

http://genomebiology.com/2012/13/9/R50

Open Access

RESEARCH
Functional analysis of transcription factor binding

sites in human promoters

Troy W Whiteld', Jie Wang', Patrick J Collins? E Christopher Partridge® Shelley Force Aldred?, Nathan D Trinklein?,

Richard M Myers® and Zhiping Weng"

Genome Biology 2012

Transcription factor binding resulted in transcriptional repression in more than a third

of functional sites.

The activating TF binding sites are significantly closer than repressing TF binding sites

to the TSS

Positive elements on human promoters between 40 and 350 bp away from the TSS,
as well as the presence of negative elements from 350 to 1,000 bp upstream of the

TSS (Cooper et al., Genome Res, 2006).
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Convolutional Neural Networks

v

— property 1

v

—— property 2

conv layer .
pooling layer

(search feature) - > o,
ey
by
Pey
o sunset = p_
—0
— ol | Pam % =] B
° o .
] o 0 Puog
] o o
o [+ ]
JI\E > .
: . o o
convolution + max pooling vec |4 t
nonlinearity ] o
| |
convolution + pooling layers fully connected layers  Nx binary classification

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/
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Results Sensitivity and specificity of CXR for COVID-19

QOriginal research
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Diagnostic accuracy of X-ray versus CT

in COVID-19: a propensity-matched

database study

52 i = 25 R RZ T i B 3K

Aditya Borakati

ABSTRACT

Objeclives Toidentity the diagnostic accuracy of COMMON
Imaging modalifies, cheat X-ray (L) and CT, for disgnosie
of COWID-19 im M general emergency population in the
LUK &0 1o fined the: as30Ciation betwesn imaging featunes
and suicomes in thess patients.

Design Fetrospective analysie of electronic patent
TRCONGE.

Setling Terliary acatemic hesith science Cnbre and
designated cantre fof high conaequerce inectios
dis=azas in London, LN

Participants 1198 patients who aftended the emergency
department with paired reverse ranscriptage PCA AT-
PCR) swabs for SARS-CoV-2 and CXR between 16 March
and 16 April 2020

Misin oulCome Madianes Sensilvity and apecificity

of CXR and CT for Sagnasis of COVID-19 wsing the

Biritich Secity of Thoracic Imaging reporting fempiates.
Rederence standand wes any RT-PCA positie naso-
oropharymgesl swah within 30 daye of anendance. DAz of
CHR in associaion wilh vital signs, laboeatony values and
30y cubcomes were calculated.

Resilts Serailuity and specificity of COA for COVID-19

,": Adrian Pl:_-l\ﬂra:l,2 Jamas .Jc?hnsum,2 Tara Sood”

Strengths and Emitations of this study

W Large, appropriglely powened, study popdation
consisting of all pafients atiending the emengency
rafer than those solely with condiemed
COVID-19; this aliowed assessment of speciticity for
the imaging modalities and applicability 1o the gen-
el population who may attend medical perscenel
wilh other complsints, but hawe undsrlying SARS-
CoV-2 indection

» Comprehensive sialistical analyses were conduct-
& o address confounding in reperting of X-rays
inchading progensity score mabehing and logistic

o give 2 ‘doubly Fobust’ model.

» Lot amount of missing dats and for secondary co-
variates only; multiple imputafion was pericemed
with 8 good §il, however, cheerved dala would be
elrable to imputed dats.

> Single cenlie, retrospecive shaly; polential for
infer-rpoetar and inlercentre variabality in reporting.

> Large proportion of patients exclded dus to not
Tiating & feverse Ieanacriitasa PCR swab, predomi-

RUEXFH R - 2B WZE B EZAIER
Sensitivity = 0.56

diagnosis were 0.56 (95% Cl 0.51 to 0.60) and 0.60 (95%
Cl 0.54 to 0.65), respectively. For CT scans, these were

0.85 (95% Cl1 0.79 to 0.90) an

"Devizion of Surgery and

Infer ventional Sceence,
Lnwerssy College Londo,
Landen, UK

“Emargency Departmert, Borpal
Free Hompital, London, UK

Camespandence i
v Aktyn Borakais
a borakasGidactons o Lk

||||| on
SARS-CoV-2 and its resulting disease, COVID-
19, havve: propagated exponentially worldwicde,
with over 1 million cases in 188 countries at
the time ||i1|.'|'i|:|||;¢.I ‘

Ihe gold standard for disgmosis of the
virus is the detection of viral ENA through
reverse inmnscriptase FUR (RTFPCR) of respi-
ratory tract samples. However, this method

RUEXFH R - FFtEZE W2 ENIETERZ VLR
Specificity = 0.60

d 0.50 (95% CI 0.41 to 0.60),

WOTIIWIAIE, WILHD o - RALIES [OweT Gose ol
rackiation” and is commonly performed as an
imitial mvestigation in COVII-19,

Sowdies have so far only evaluated imaging
in those with confinmed infection; it is, there-
tore, not possible o caleulate the speciticity of
these modalities. In the context of the global
pandemic, infection may be  widespread
in the commumity, often with subclinical
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Convolutional neural networks(CNN) o

- TensorFlow-21.02-tf2-py3

Layer (type) Output Shape Param #

Conva2D | = e R T R 13808 sam p les IHEECTE:
M P I' 2 max_pooling2d_2 (MaxPooling2 (None, 34, 34, 128) <]
ax Dorz;r;%t dropout_3 (Dropout) (None, 34, 34, 128) [} - a 100.29 .209 b
conv onv. one, 32, 32, ﬁ TR 4—=—1 E8 . M
Conv2D 2d 56 (Conv2D) [ 32, 32, 64) :3792 é nB E j- 5o $ HT_" FEﬂ . '%’94m I n 3 OS

MaXPOOIingZ max_pooling2d_3 (MaxPooling2 (None, 16, 16, 64)

Dropout dropout_4 (Dropout) (None, 16, 16, 64) <]
conv2d_57 (Conv2D) (None, 14, 14, 64) 36928
Conv2D
FI tt flatten_1 (Flatten) (None, 12544) [:]
n
Da e dense 2 (Dense) (None, 16) 208720
ense
dropout_5 (Dropout) (None, 18) <]
Dropout
Dense ii:z:73 (Dense) (None, 2) 34

Total params: 315,058
Trainable params: 315,058
Non-trai arams: 8

CPU times: user 39.5 ms, sys: 4.12 ms, total: 43.6 ms
s

Model Accuracy

/___’_,_________/-""1-!"_-"'"-
0.95 .
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Sensitivity = 0.93

0.90 4

0.85

Accuracy

0.80 4
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e Specificity = 0.96

Validation
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imag.append(cv2. imread(img_path))
imag.append(cv2. imread("./can.3pg"))

for i in range(len(ing_path)):
save_and_display_gradcam(img_path[i], covid_noncovid_heatmap[i])

titles_list = ["Covl original”,’Covl heatmap’,’Cov2 original’,’Cov2 heatmap®,’Cov3 original’,'Cov3 heatmap®,’Cov4 original',’Cov4]

plot_multiple_ing(imag, titles_list, ncols =

GRAD-CAM COVID-19 Heatmap

4, main_title = "GRAD-CAM COVID-18 Heatmap")

Cov1 original

Covl heatmap Cov2 original Cov2 heatmap

T
200

Cov3 original Cov3 heatmap Cov4 original
==

2 & 15
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Neural networks and deep learning

1 A~

Python or Julia jupyter

o gee Program language v
julia

2

Tensor O PyTorch

N ( ) TensorFlow or PyTorch

N
* Software library for machine learning

3

Keras
Keras

Deep learning API

httos://drive.soogle.com/drive/folders/1ITEhTIaNivPWu5h7rZsGmOeQwzIFZTT?usb=sharing
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SpliceAl
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Research Highlight | Published: 25 January 2019
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Learning the language of splicing
Dorothy Clyde B

Nature Reviews Genetics 20, 132-133 (2019) Download Citation &

Precise splicing of pre-mRNAs is essential for proper gene function, and
defective splicing can lead to disease. However, our understanding of
the sequence features that underlie the accuracy of this process
remains incomplete, which makes it difficult to identify genetic
variation that could disrupt it. Now, a paper in Cell describes SpliceAl, a
deep neural network that accurately predicts not only splice sites in
previously unseen pre-mRNA sequence but also the effects of sequence

variants on splicing patterns.

Cell

Predicting Splicing from Primary Sequence with

Deep Learning

Graphical Abstract

SpliceAl training

- '\/’.“\ & —_— S ﬂ
.-"\\/."",\ J L1 ,-""- m
pre-mRNA GENCODE
sequences GTEx
|dentify cryptic splice mutations
NNA~CEGE~ N —b SpliceAl —» ——a——=——
wildtype
* *
NN~ CAG—~ N — SpliceAl — ——E——m——
mutant

De novo pathogenic mutations
cryptic splice: 10%

SpliceAl

protein coding: 90%
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Sofia Kyriazopoulou Panagiotopoulou,
Jeremy F. McRae, ..., Serafim Batzoglou,
Stephan J. Sanders, Kyle Kai-How Farh
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In Brief

A deep neural network precisely models
mRBNA splicing from a genomic sequence
and accurately predicts noncoding
cryptic splice mutations in patients with
rare genetic diseases.



Modeling
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Convolutional Neural Networks (CNNS)
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(Jaganathan et al., Cell, 2019)



Training and Testing

GENCODE

NONVININONG

Human Mouse

HUMAN

* hgl9/GRCh37 Genome assembly
» GENCODE Version 24lift37 T>
-
bin name chrom|strand|txStart| txEnd cdsStart cdsEnd exonCount exonStarts exonEnds score name2 cds StartStat cdsEndStat exonFrames
585 ENST00000473358.1/chr1 |+ 29553 31097 (29553 |29553 |3 29553,30563,30975, 30039,30667,31097, 0 RP11-34P13.3|none none -1,-1,-1,
585 ENST00000469289 1/chr1 |+ 30266 (31109 |30266 |30266 |2 30266,30975, 30667,31109, 0 RP11-34P13.3|none none =1,
585 ENST00000417324.1|chr1 |- 34553 36081 (34553 |34553 |3 34553,35276,35720, 35174,35481,36081, 0 FAM138A none none -1,-1,-1,
585|ENST00000461467 1/chr1 |- 35244 36073 |35244 |35244 2 35244 35720, 35481,36073, 0 FAM138A none none =1,
585 ENST00000335137.3/chr1 |+ 69090 (70008 69090 |70008 |1 69090, 70008, 0 OR4F5 cmpl cmpl 0,
585 ENST00000466430.5/chr1 |- 89294 |120932|89294 89294 |4 89294 92090,112699,120774, |91629,92240,112804,120932, |0 RP11-34P13.7|none none -1,-1,-1,-1,
585 ENST00000495576.1|chr1 |- 89550 91105 (89550 |89550 |2 89550,90286, 90050,91105, 0 RP11-34P13.8|none none -1,-1
585 ENST00000477740.5/chr1 |- 92229 12921792229 (92229 |4 92229,112699,120720,129054, |92240,112804,120932,129217, |0 RP11-34P13.7|none none -1,-1,-1,-1,
585 ENST00000471248.1|chr1 |- 110952 (129173(110952 110952 |3 110952,112699,129054, 111357,112804 129173, 0 RP11-34P13.7|none none ). ~U=1,
73 |[ENSTO00000610542.1|chr1 |- 120724 133723|120724 120724 |4 120724 120873,129054,133373,|120869,120932,129223,133723,|0 RP11-34P13.7|none none -1,-1,-1,-1,
20,287 protein-coding gene
removed genes without any splice junctions
~90% ~10%
training testing 1

chromosomes 2, 4, 6, 8, 10-22, X, and Y
(13,384 genes, 130,796 donor-acceptor pairs)

chromosomes 1, 3, 5, 7, and 9 without any paralogs
(1,652 genes, 14,289 donor-acceptor pairs)

®IGTExPortal 95% accuracy !

The Genotype-Tissue Expression project
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Sequencing

NGS

(Johnson et al, Science 2007)

Frederick Sanger 2007 first real application of

1975 Next Generation Sequencing
Dideoxynucleotide termination

7 Deep
Johin McCarthy Geoffrey Hinton Lea n i ng

1956 2006
coined the term "artificial intelligence" (Al) Deep learning o9

Al
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£ §2016# > Google &.1¥ SNP variant (from DNA-seq )
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G 7. DeepVariant
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ﬁ Google
Google 'gOpeﬁ Source D e e pVa r I a n
(Poplin et al., Nature Biotechnology, 2018)

ﬁ> SNP
true SNP on one chromosome pair
B °
Hetero Deletion
: a deletion on one chromosome
ﬁ> Homo Deletion
a deletion on both chromosomes
D .
False Positive
a false variant caused by errors

Red = {ACGT} Green={quality score} Blue={read strand}




Convolutional neural network (CNN)

99.9% accuracy

~N

Genotype
-
Homozygous reference: 0.01
Homozygous variant: 0.95
\ Heterozygous: 0.04 )

Homozygous variant call

(Poplin et al., Nature Biotechnology, 2018)
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Frank RoseI
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by FRANK ROSENBLATT

Introducing the perceptron — A machine which senses,
recognizes, remembers, and responds like the human mind.

s-ronn-:s about the creation of machines having
human qualities have long been a fascinating province
in the realm of science fiction. Yet we are now about t©
witness the birth of such a machine — a machine capable
of perceiving, recognizing, and identifying its surround-
ings without any human training or control.

Development of that machine has stemmed from a
search for an understanding of the physical mechanisms
which underlic human expericnce and intelligence. The
question of the nature of these processes is at least as
ancient as any other question in western science and
philosophy, and, indecd, ranks as one of the greatest
scientific challenges of our time.

Our understanding of this problem has gone perhaps
as far as had the development of physics before Newton.
We have some excellent descriptions of the phenomena
t0 be explained, a number of interesting hypotheses, and
a litdle detailed knowledge about events in the nervous
system. But we lack agreement on any integrated set of
principles by which the functioning of the nervous
system can be understood.

We believe now that this ancient problem is about
0 yield to our theoretical investigation for three reasons:

First, in recent years our knowledge of the function-
ing of individual cells in the central nervous system has
vastly increased.

Second, large numbers of engincers and mathema-
ticians are, for the first time, undertaking serious study
of the mathematical basis for thinking, perception, and
the handling of information by the central nervous sys-
tem, thus providing the hope that these problems may
be within our intellectual grasp.

Third, recent developments in probability theory
and in the mathematics of random processes provide
new tools for the study of events in the nervous system,
where only the gross sttistical organization is known
and the precise cell-by-cell “wiring diagram” may never
be obtained.

Receives Navy Support

In July, 1957, Project PARA (Perceiving and Recog-
nizing Automaton), an internal research program which
had been in progress for over a year at Cornell Acro-
nautical Laboratory, reccived the support of the Office
of Naval Rescarch. The program had been concerned
primarily with the application of probability theory to

B % Perceptron

input input

./

h [ Activation |

output

Al# & 3 % Neural Network

Input Layer Layer 0

hidden Layer
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output Layer Layer 3

# &< Neuron
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Transfer of Conditioned Responses from Trained Rats
to Untrained Rats by Means of a Brain Extract

FRANK ROSENBLATT, JOHN T. FARROW & WILLIAM F. HERBLIN

Nature 209, 46-48 (1966) ‘ Cite this article

103 Accesses ‘43 Citations ‘ Metrics

74



Thanks for your attention~

My Email: paul@nhri.edu.tw
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