NS F g,

EREE RS B L HIBRE S P

A B C D [ F G H I
1 ID Gender Age Height Weight BMI Smoking Alcohol ExerciseHabit
7] 1 Female 42 158 78 31.2 No No Occasional
3 2 Male 45 163 98 36.9 No Yes Regular
4 3 Female 45 169 67 23.5 No Yes None
5 4 F 44 171 50 17.1 No Yes Regular
6 5 Female 48 158 97 38.9 Yes No Regular
7) 6 Female 49 189 60 16.8 No Yes Occasional
8 7 Male 7 183 61 18.2 Yes No Occasional
9 | 8 Male 21 191 69 18.9 Yes No Occasional
10 S Female 25 174 60 19.8 No Occasional
11 10 Female 6 161 81 31.2 No Occasional
112 11 Male 300 200 No No None
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Machine learning + Mass Spectrometry X
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Google 2=

Rapid prediction of electron—ionization mass spectrometry using neural networks
JN Wei, D Belanger, RP Adams, D Sculley - ACS central science, 2019 - ACS Publications

... be easily retrained to predict mass spectra for other ionization ... mass spectra for small

molecules from the NIST 2017 Mass ... similar to previously reported machine learning models, but ...

T EF 99518 WSIA 131K AEMXE 2E 16 fERE

Combining desorption electrospray ionization mass spectrometry imaging and
machine learning for molecular recognition of myocardial infarction

K Margulis, Z Zhou, Q Fang, RE Sievers... - Analytical ..., 2018 - ACS Publications

... (mass spectral peak ... machine learning technique to categorize mass specira obtained from

the sweat of human volunteers. (30) In this present study, we extended this machine learning ...

vr (877 U951 WSIA28 R ERIXE RERH 11 ERRE

Fully automated unconstrained analysis of high-resolution mass spectrometry
data with machine learning

DA Boiko, KS Kozlov, JV Burykina... - Journal of the ..., 2022 - ACS Publications

... machine learning-enabled deisotoping and untargeted spectra analysis (MEDUSA)—a

framework for mass spectra processing, which includes a novel approach for spectra deisotoping...

Yr f#7F DD SIA WIIA31 R EMXE 25HH4ERE

Unknown metabolite identification using machine learning collision cross-section
prediction and tandem mass spectrometry

CK Asef, MA Rainey, BM Garcia, GJ Gouveia... - Analytical ..., 2023 - ACS Publications

... y measurements and machine learning CCS predictions to ... to poor matching of the machine
learning training sets, limited ... Liquid chromatography mass spectrometry (LC-MS) remains ...

Ve f#7F D9 SIA WEIA 19N EMXE 254 BRF

Personal information from latent fingerprints using desorption electrospray
ionization mass spectrometry and machine learning

Z Zhou, RN Zare - Analytical chemistry, 2017 - ACS Publications

... selection using the GDBT machine learning model, the ... identified by tandem mass
spectrometry. This information provides ... the mass spectrometry combined with machine learning ..,
Yo #7F 99 518 #EIH 104 EHXE 2513 EERE

2024: 398

Machine learning Mass Spectrometry acs.org Q

Toward Machine Learning-Driven Mass Spectrometric Identification of
Trichothecenes in the Absence of Standard Reference Materials

BP Mayer, ML Dreyer, MC Prieto Conaway... - Analytical ..., 2023 - ACS Publications

... machine learning (ML) techniques toward identification of discriminative fragment ions from
mass spectrometric ... a series of gradient-boosted machine learners are then used to develop ...

W #F 9951 ERXE 24 @A

Single-cell classification using mass spectrometry through interpretable machine
learning

YR Xie, DC Castro, SE Bell, SS Rubakhin... - Analytical ..., 2020 - ACS Publications

... of resolving hundreds of molecules in each mass spectrum. We developed a machine

learning workflow to classify single cells according to their mass spectra based on cell groups of ...

Y #F D9 5IH WEIB57R EEAXE 28010 ERA

New Approach Combining Molecular Fingerprints and Machine Learning to
Estimate Relative lonization Efficiency in Electrospray lonization

AW Mayhew, DO Topping, JFE Hamilton - ACS omega, 2020 - ACS Publications

... Electrospray ionization (ESI) is widely used as an ionization source for the analysis of

complex mixtures by mass spectrometry. However, different compounds ionize more or less ...

Y % DIEIB WEIA17R EEXE I 8 ERA

Utilization of machine learning for the differentiation of positional NPS isomers
with direct analysis in real time mass spectrometry

JL Bonetti, S Samanipour, AC van Asten - Analytical Chemistry, 2022 - ACS Publications

... success in tackling this challenge, a machine learning technique, such as the Random ...

by effectively utilizing minor differences in the mass spectra to assign the correct isomeric form. ...

W f#fF 9951 WSR3k MEEXE 2HH 7 @ERE
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Advanced Create alert Create R5S User Guide

Save Email Send to Sort by: | Best match — Display options %t
Y NCBI FILTERS [8
MvncerseRs I 17,540 results Page 1 of 1,754 > >>
RESULTS BY YEAR . . - : :

[ ] Machine learning and statistical methods for clustering single-cell RNA-

1 sequencing data.
Cite  Petegrosso R, Li Z, Kuang R.
Brief Bioinform. 2020 Jul 15:21(4):1209-1223. doi: 10.1093/bib/bbz063.
PMID: 31243426 Review.

This article reviews the machine learning and statistical methods for clustering scRNA-seq

Share

.................................. ..||III|||II|I||I
O O transcriptomes developed in the past few years. ...5everal software packages developed to support the

1964 2024
cluster analysis of scRNA-seq data are zlsc reviewed and experimen ...

Pu bmed ® machine learning + proteomics X m

Advanced Create alert Create RSS User Guide

Save Email Send to Sort by: | Best match — Display options LF
AN W FILTERS ]
MY NCBI FILTERS [2 2,985 results Page 1 of 239 > >>
RESULTS BY YEAR . . . _ . . . .
[ ] Using machine learning approaches for multi-omics data analysis: A review.
7‘ 1 1 Reel PS, Reel 5, Pearson £ Trucco E, Jefferson E
‘ = Cite  Biotechnol Adv. 2021 Jul-Aug:49:107739. doi: 10.1016/].biotechadv.2021.107739. Epub 2021 Mar 29.
PMID: 33794304 Review.
Sh
e Machine learning methods offer novel techniques to integrate and analyse the various omics data
enabling the discovery of new biomarkers. ...It provides insight and recommendations for

interdisciplinary professionals who envisage employing machine learning ...

1%'3;-.--IIIII|||IIIIII g



Training in

The history of Al progress. . .

]9405__ 1‘ Foundations of Al

In the 1940s, the first artificial

9 5 0 s neurons were conceptualised. The
1950s introduced us to the Turing
Test and the term “Artificial
Intelligence.

1960s-1 ‘ Early Development
970 The 60s and 70s brought the birth
s of ELIZA, simulating human
conversation, and Dendral, the first
expert system, showcasing the

alll %ﬁ%‘%%ﬁ%ﬂi

]9805 ‘ Al Winter & g ’-’— =3 L —
Expert Systems | I E i— ? VY -|- — m =
The 80s faced reduced Al funding \ } m

but saw the inaugural National X

Conference on Al. The

backpropagation concept

rejuvenated neural networks.

]9903 ‘ Revival &

Emergence of ML

The 90s witnessed IBM's Deep Blue
defeating chess champion Garry
Kasparov and the inception of the
LOOM project, laying the foundations
for GenAl.

Generative Al

Geoffrey Hinton propelled deep
learning into the limelight, steering
Al toward relentless growth and
innovation.

2000s ‘ The Genesis of . zz &, ‘
I|I ‘

2010s ‘ Rise of Al

In 2011, IBM Watson won “Jeopardy?’,
highlighting Al's language skills. The
2010s marked major Al milestones,
including pioneering work in image
recognition and the birth of GANs in
2014, followed by OpenAl's founding in

O »n

1976 2024: 398

2015.

2020s . GenAl Reaches
New Horizons 3 O
At the start of this decade, we've seen penA ]
significant strides in GenAl, notably @
with OpenAl's GPT-3 and DALL-E. 2023 chat@.p
welcomed advanced tools like T

ChatGPT-4 and Google's Bard,
alongside Microsoft's Bing Al,
enhancing accessibility and reliability

of information, Neural Network in Action (https://gfycat.com/ko/gifs/search/deep+learning) 5
The History of Al: A Timeline from 1940 to 2023 + Infographic
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NVIDIA ER8%A » #H GPU

NVIDIA ZBERI3E T @B pR IR » W A ELR » JFHK
& T BEEX - GeForce 256 EERFEHNEZIRE ™
GPU > NVIDIA tt-—#58NEERS B8R ¢

5 —AKRENETNE R A RS » WHER S|
BRASHELDRIE 1000 BEZEBE - | EREMN
GPU SF) ] RIEiBIE 20 BEZBH -

2007 CUDA 7 aFERAS R 82 B MR TUaR TR £ A
NVIDIA B ERIEETT ( GPU ) RETIFEE

@2 NVIDIA. Kl iR
C U D A CUDA BZENEF E A EERES MBS

2 BEERIERBFEMIERDRE - fIHAXRIR
A~ D FEINEEESE

Compute Unified Device Architecture (CUDA) , 17 years ago

B % 2~ A Nvidia



a Computing power demands

104
0 ® GPT-3
e Language AlphaGoZero® /
= o Vision AlphaZero o J Megatron-
[ Games
10%F . Neural machine® /7 BERT
- peec translation ®/ @ gpT2
E e Other @,0 é
w - BERT
> N /
3 100F / Doubling every
% F S 2 months
,_,—'“_j E ® /®ResNets
3 F /
® C @®
% 102 Alexl?.{et o
F /
% - ® , Doubling every
= ; 3.4 months
s
Tt 104 ) /
ol Deep belief networks é
o @
=
3 Doubling every 24 months @~ =
£ 6 (Moore’s law) _-- @
g 10 TD-Gammom v2.1 - MLP-based
® LeNet-5 - BiLSTM neural network breaks
_ - - for speech
108 _-" - GPU
NETtalk - -~ o computin
o = ; RNN for speech PHAng
ALVINN Pre-GPU computing
10—10 ] | ] | ] | ] |
1985 1990 1995 2000 2005 2010 2015 2020 2025
7

A. Mehonic & A. J. Kenyon, Nature, 604, pages 255-260 (2022)
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1. Encoding (GE%}
2. Training
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. ° "e ~= /, sy
1. Encoding : ZFEBESESEH
’”‘?‘} W
1 0 0 1 0
0 1 1 0 1
0 1 0 0 0




pyit

1.Encoding : EEISES &

N =

—— Margin + Peak

+ Margin ———
A
2
w
2
£
>
Retention time
Matrix
I 0.002 0.003 0.45 1.0 0.42 0.008 0.01
w 0 0 1 1 1 0 0

Anal. Chem. 2022, 94, 12, 4930-4937 12



2. Training

D

#5799

Supervise learning IS ARSI - 5
g 3 =t g1 09 5 B B A SRS AR A IE R (P

13



Unsupervise learning ;;g%ﬁég%ﬁ%aiémgﬂlé%}% :
e AR = B 33 BB B S RS S AR A e FR e
FEENSE LIRS -




R DA

1 1 0 0 1 0 3
1 0 1 1 0 1 4
0 0 1 0 0 0 1
1 0 0 1 0 1 3




Smell Firmness Juiciness | Spikiness Sg:ct)r?;hsnk?is Weight
A 53 =2 [Tkl . &
SRR Hers %1 Il R EE bﬂﬁ%

1x1 1x1 0x1 0x2 1x3 0x3 5
1x1 0x1 1% 1 1x2 0x3 1x3 7
0x1 0x1 1x1 Ox2 0x3 0x3 1
1x1 Ox1 Ox1 0x3 6
\ / / :
/I
Welghtlng /’/
B -~ Loss Function
STEEBEXR

IRFRAIERERE
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1 [ 6
0 SRR ~x1 AR -5 bt
HEE \EEZE
=2 RN i
. ~
. YRR "9 =7
e 0 RIE

1 YA A

=Rk x 1+ BEREX 1+ Zitx 1+ R x 2+ fOEHE x 2 + ik x 2

—Bs  ERMEEY (Loss function)
BT HREBEENES  RARENEKSELS  RESSEHBRES

HEREESRERAVIBLEEMAERSTDARFEES

Rl

i)
i

<
!
(9]
x
<
Il
RN
o
X
<
!
(6]
x
w
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loss

steps

Loss MNERI—ERER - {EEPAEREER MR - HEGFIER5T A

R ~1

AEfE
%7t
SRIT R
B
) ) ]
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32 ' 8 ) 40{2};@&9@ANN

(Artificial Neuron Network)

hidden layer 1 hidden layer 2 hidden layer 3

input layer

Network Architecture

Hidden
layer

output layer

Frontiers in Artificial Intelligence 3:4
February 20203:4. DOI:10.3389/frai.2020.00004

hidden layer
input layer 22
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Neural Network in Action (https://gfycat.com/ko/gifs/search/deep+learning)

Iraining in
Progress. . .

R EEESE X ( Backpropagation Algorithm ) - S S 42E
Loss Function * &7 > HEES







@& &H A ( Backpropagation Algorithm ) ~ > HEKEE 135 15

Loss function * &7

Fk
s
© B

I ) ) /X ? = 2,2.001, 2.002, 2.003..... ;tEE  BIUBRER

=2, 5,10, 15,...... TER - BERS AR

Learning Rate



IEEUIR 73 HF Rk =%+

* Training, Validation and Testing subsets

All Data
Training Validation Test
: How good
Models learn the task thCh tmadel is this
is the best?
model truly?
60% 20% 20%

it s ~ FHhZ{ERE
¢ ® BIRLEIR R B TR AE
AR RAOFRBRRAT - (AR o il e 2

Figure from:
https://medium.com/@rahulchavan4894/understanding-train-test-and-validation-dataset-split-in-simple-quick-terms-5a8630fe58¢c8 27



2 ( Hyperparameters ) e EIIMAEBIEERRE
NWEE - EELBABZEZEIENEZEMEH F‘ﬂ%é

28] ( Parameters ) @2 & BIzP BEE)F A/ BB
WANENE - A2BRALEERTE

\}
\&\‘:\\\ } Output
“’ N

9\“ X “.
AN 15 R 0
//"QJ/,

\ //'
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< (
REBREFERSHELERAAN - AId - BBRZR[0O0IFREREHE - HENRABRBESEEENL

=R E (Epochs)
1EIE B BB SRR I AR EIB EE RO R EL - Al - ERRERL0 - FrRIIBBREFEE SRR BIIREIBRELIOR -

XA/ ( Batch Size ) :

EERENRT - HEERNIIREAHE - AT - RANKRB32 - RABREFRAERBEA2EEARTEEENEHRS
-

PR ErY i o E ( Number of Units in Hidden Layers ) :

B—EEEERNMETRE - Bl - —(EMESREENRREREETHRERCAMI2 - RnE—EREEB4EMLTT - 5
_EA32EWETT -

BUEER B! ( Activation Function ) :
REMETH DI - AW - BEIZEReLUERAVEREERREWARIER - BN A% IEE - GRIETEAO0 -

B{E&% ( Optimizer) :
SREWMEEFBERNESE - Fl10 - FHAdamBLEAD DI BERAREZ XK . BEERDIERREANZER WS - 29



a5 ER 21 (Activation Function)

Sigmoid TanH RelLU
12 15 10
. - for =z
Oz f(z) = 1+le_, Pl 10 A 2j St . : 7)== {2 for z;g
. ok :: // 4 =
0.4 / /
/ 05 / 2 /
0.2 7 /
0.0 o 1.0 e 0
e -5 =2 0 2 4 R 2 0 2 4 6 %6 4 2 0 2 4 6
Sigmoid R & EHIFIeRE (TANH) RMEETRIAEL (RelLU)
(hyperbolic tangent)
EY{EEE[E (0, 1) E{EEEE (-1, 1) INROA0 > B FREA

10 =» sigmoid 1/(1+e’%) =» 0.00004539786

10 = tanh (2/(1+e2%)-1 = -1.12283715876

10 =>» RelU

=2 10
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Sigmoid

o(x)

1
1+4e =

Sigmoid(x)

Sigmoid Function

= Sigmoid Function
A
—__.-—-"
T T T
10.0 -7.5 =5.0

|
!\J_
wn
1
=]
x =
™~
€]
v |
o

1000
100
10
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LogSigmoid

LogSigmoid Function
1.00 g-ig

0.75 A

0.50 ~

f(z) = log(H%) 025

0.00

logsigmoid(x)

—0.25 1

—0.50 A

-0.75 4

_1-00 T T T T T T
-10.0 -7.5 -5.0 —-2.5 0.0 2.5 5.0 7.5 10.0
X

32




Tanh (hyperbolic tangent)

——/ Tanh Function

0.75 A

0.50 A

0.25 A

0.00

tanh(x)

—0.25 A

—0.50 A

—0.75 A

-1.00 T
-10.0 -7.5

2.5 5.0 7.5 10.0
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AR KR B2 B R E B2 EEAR - SHRERERVE
SRR 7F FEBER B -

i

A58 == ( Grid Search )
fEt1E == ( Random Search)
B EEEE ( Genetic Algorithm )
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https://playground.tensorflow.org/

Regularization : [JJj 12t AT o AR R II4E
ANFIET IR S B R DRI RS (e T fE = Ay
ZAERETT -

\:) | Epoch Learning rate Activation Regularization Regularization rate Problem type
>
000,000 0.03 - Tamh - None - 0 - Classification .
DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.508
ou want to use? ou want to feed in? ini
i b Y = Y = Training loss 0.491
, 4 neurons 2 neurons
W
ol | Lt [
<[} I Ch
Ratio of training fo g
test data: 50% ( H Lg
—e X u \ The outputs are
mixed with
o varying weights,
Noise: 0 . shown by the
® X: thickness of the
= lines.
Batch size: 10 XX \ This is the output
—e - from one |
neuron. Hover 0
to see it larger.
REGENERATE sin(X,)
Colors shows
data, neuron and ! !
sin(X,) - 0 1

weight values

[ showtestdata [] Discretize %ngul
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0.0 00 0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 00 0.0 00
0.0 0.0 0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 00 0.0 00
|00 0.0 0.0 00 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 00 0.0 00
0.0 00 0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 6.0 0.0 0.0 00 0.0 00
0.0 0.0 0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 00 0.0 00
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.4 0.3 05 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 00 0.0 04 051090905 0.5 05 68107 0.1 0.0 0.0 0.0 0.0 00 0.0 00 0.0 00
0:7 01 0.0 0.0 0.0 0.0 0.0 00 0.0 00
07 0.1 00 0.0 00 0.0 00 0.0 00
05 00 0.0 00 0.0 00 00 00
08 0.0 0.0 0.0 0.0 00 0.0 00
08 00 0.0 00 0.0 00 0.0 00
02 0.0 00 0.0 00 00 00
0.0 00 0.0 00 00 00

0.0 0.0/09'10 0.8 08 0.8 08 0.8 05 02 02 0.2 02 02 0509
0.0 00 0.1 03 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1/08
0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 03
0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 00 0.0 03
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.6
0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.1 05/08 09
0.0 00 0.0 0.0 0.0 00 0.0 0.0 0.0 0.3 0.5'08 06 0.0 00 0.0 00 0.0 00
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 O 05 0.0 00 0.0 00 0.0 00
0.0 00 0.0 00 0.0 00 0.4/08° 08 05 03 0.1 0.0 00 0.0 0.0 0.8) 02 0.0 00 0.0 00 0.0 00
0.0 0.0 0.0 0.0 0.0 00 DJ. 0.7 0.2 0.0 00 0.0 0.0 0.0 0.0 0.0 02 08 00 0.0 0.0 0.0 00 0.0 00
0.0 00 0.0 00 0.0 0.0 0.1.05 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 03 0.7 0.0 0.0 0.0 0.0 00 0.0 00
0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 05 08 0.2 0.0 0.0 00 0.0 00 0.0 00
0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 08} 07 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 02 0.0 0.0 0.0 00 0.0 00 0.0 00
0.0 00 0.0 00 0.0 00 0.0 00 0.0 00 0.0 0.0 0.0 00 0.0 03 03 000000000000 000000
0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0[0EH 06 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
0.0 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0/05 0.3 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00

ﬁ O’O

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.4 03 05 0.2 0.0 0.0 0.0 0.0 0.0 0.0

0.0
0.0
0.0
0.0
0.0

Flatten 0.0
0.4

0.4
0.3
0.5
0.2
0.0
0.0
0.0

28x28 = 784 features
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- 5 Paa version 2 (FrEER L ~ BHEEER)

BICIDIE|FIGH|I|JIKILIMNIOIPQIR|S| TIU|IV|W|: \G AH Al Al AKALANANAO APAQ AR AS ATAUAV AW AX AY AZ BA BB BCBD BE BF BG
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 00000000O0O0OO0OOO0OO0OOO0OOO0OOOO0OOOO
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 000000000O0O0OOO0OOOO0OOOO0OOOO0OOO0O
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 000000000O0O0OO0OO0OOO0OOOO0OOOO0OOOO
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 000000O0O0OO0OO0OOOOOO0OOOO0OOOO0OOO0O
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 00000000O0OO0O0OOO0OOOOOOOOOO0OOOO
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 000000000O0O0T111000000000GO0O00O
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.4 0.3 0.5 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 o0 1N PRI 1 0 00000000
0.7 0.1 0.0 0.0 0.0 0.0 0 0 1 2/ 3T3EBEGEaNGl 7 132110000000

0.1 0.0 0.00.00 1288 4 4 4321000000

0.1 0.0 0.0 0 1 203403.3:3.3 3 3333 . 31000000

0.5 0.0 0.0 0 1 122 1 1 1 11 42100000

0.0 0.0 0 000000000 0000 3200000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0 0000000O0O0O 0000 3200000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.6 0.2 0.0 0 000000000O 115588 4210000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.5 0.00 0000000O00O0DO 21383 310000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.5 0.6 0.0 0 0000001 12 320000
0.0 0.0 0.0 0.0 0.0 0.0 0.1 : 0.50.00 000001233444433 210000
0.0 0.0 0.0 0.0 0.0 0.4 0.5 0.3 0.1 0.0 0.0 0.0 0.0 0.2 0.00 000 o0 1288 s 2 2 2 |1 @2 10000
0.0 0.0 0.0 0.0 0.0 0.7/1.0 0.7 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0 0000 1/2F30888 21 1000 3200000
0.0 0.0 0.0 0.0 0.0 0.1 0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0 0000 1018282 1 000000 3100000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.5 0.2 0.0 0.0 0 000000000O0O0OO0O 1 1 2100000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0/0/8 0.7 0.0 0.00.00 000000000O0O0OOO0 1 432000000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.00.00.00 000000000O0O0OOGO 2 B2 1000000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.3 0.0 0.0 0.0 0.0 0 000000000O0O0OOT1 3 310000000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 0.0 0 000000000O0O0O0O0T1232100000000
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.5 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0 00000000000O0O0T1121100000000

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0
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CNN (Convolutlonal neural network)
a4

annels annels
(24 x 24 x n1) (12x12 xnl)

2lBEIZZY
l @Jll

Convolution
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Image Kernels

- EBEZ#HEE% ( Edge Detection Kernels )
« Sobel#Z: #WAIEGPRIKIERETEZ -
« Sobel X#%Zzg @A E&FRIKFEERZ - Sobel YZAIZSRFBEFERZ -
- BEEZZWARTEHEERZEZRNNSEIRE -
- 18§ &E#EZ ( Blurring Kernels )
« 191 ( Box Blur ) : BEGENEREEEEZNFIIE  EREGTPNIRBSFLEEE -
o SErEM ( Gaussian Blur) : B/ IR AMES -
- #8{E&E% ( Sharpening Kernels ) :
- SRIEEGRAE - BREZRPREE -
- HIZHIHTETER (Laplacian Kernels ) :
- SBHREEBEEPRREE(EE D - FhlIEERAAENEZ

Image Kernels Explained Visually By Victor Powell
https://setosa.io/ev/image-kernels/ 43



http://twitter.com/vicapow
https://setosa.io/ev/image-kernels/

(III
x0 x -1 x 0
- -
x -1 x5 x -1
+l+l+l) |
x 0 x -1 x 0

kernel:
input image output image

(x00625 x 0.125 x00625

x0.125 x0.25 x0.125

+
X 0.0625 x 0.125 x00625)

input image output image

Image Kernels Explained Visually By Vvictor Powell
https://setosa.io/ev/image-kernels/
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http://twitter.com/vicapow
https://setosa.io/ev/image-kernels/

CNN (Convolutlonal neural network)
Brat

nl channels
(24 x 24 x n1) (12x12 xnl)

I2Z)EY
I 2B EIE]
E]a-

Convolution

(G1H)
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Part 3

Exploration Data Analysis (EDA)
R ER T

49



Exploration Data Analysis (EDA)

R ER AT

&R AR AVAREE - AR R A AL AT~ SRR ~ AR
AadfFeat - M rRA bRV E ~ G EFREE I A (e S EmEIL 7
g ERHARD - LIFII&EE AT -

100 ®

q em X Mean: 54.26
o TR Y Mean: 47.83
S x S0 : 16.76

“ i BN Y SD : 26.93

...~“ Corr. : -0.06

| S

[ 7 A

https://baubimedi.medium.com/ it aisff2 -4 s T B /47 -PU-3cf14683b98f 50



- B85S (Data volume):

» s EIERIEI SRR B R TRIYRE K -

o B4 (Target features):

+ B EreA AR RN GE RS S > B AR B2 P - SEEE T DUEHE
EVEE (BIANGE(E ) Soraies (G ARETRY e/a” ) - BEINGER - 11/5
}gﬁﬂ%ﬁfﬁ)ﬂs phe B AR EN i > THIREN R B "R D

= ~F

. %E;ﬂiﬁ%/ H M (Noisy data/Outliers):

l E/EJ CEkshRR AL - Blal—{E ARV FEAGEC SR F53005% » 15 A RE B FH Ay -
» BE{EAREEEENVEGE - BEMAVEEE R E -
© BINERRRIVEGEEE - B E AR E e Y E3 R (H R R AR E -
© EESHEEERIEENSKE > IMFREEHEEEEH -

. @15%{3 (Missing values):

o BEE R h RSO A AR FR(EBRCHY BN o BRI A] RE S s B Y R M
iR R E BRI -

. g ﬁ?ﬁé?%%?g?&@%ﬁﬂﬂ% 2 HTRAEAVERA ~ AP (E e BRI - Bl
H TSN ©
© ERFREIEET - —LLREIMBRECER FIRERAK - BT RS LR E A TR LD
T ORI AL AR RN -

- EMEE (Qualitative features):

o DI~ [EIE ~ SR AR ORI R R o MR EBiR S T2
SHEEERE - MRFEEMRE . MR ZE BRSSO R R H T -,



Outliers processing

* The term "outliers" refers to data points in a sample that significantly deviate
from the rest of the data points; outliers are also known as "anomalies."

e Having too many outliers can introduce bias to deep learning models.

* If necessary, we need to identify and analyze these outliers for processing.

* However, not all outliers require processing, as some outliers may represent
meaningful values in practical applications.

52



import numpy as np
import pandas as pd

scores={

'Python':[90,50,70,300,80,60,62, 55, 76, 88, %0, 50, 70, 30, 80, 60, 62, 55, 76, 88],

'Java':[300 , 70 , 90 , 50 , 40 , 60 , 77 , 66 , 50 , 89, 30 , 70 , 90 , 50, 40, 60, 77, 66, 50, 89],

'PHP':[33, 220, 75, 85, 82, 90, 95, 56, 68, 65, 33, 2, 75, 85, 82, 90, 95, 56, 68, 65]
}

df=pd.DataFrame (scores)
print (df.shape)

300

250
200
150
100
50

m Python mJava mPHP

= 13 ” ' ,
14
5 16 o .
19
20
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fE LLM BRI 1E

Exploration Data Analysis

ChatGPT https://chatgpt.com/
Claude.ai https://claude.ai/

Perplexity.al https://www.perplexity.ai/



https://chatgpt.com/
https://claude.ai/
https://www.perplexity.ai/

@ ChatGPT

88 EEGPT

~

ChatGPT Plus

= =

ChatGPT

#ERIRE

BERE

Ftég

ChatGPT 4o

GPT-40

Great for most questions

GPT-40 with scheduled tasks
Ask ChatGPT to follow up later

o)
Uses advanced reasoning

o3-mini
Fast at advanced reasoning

o3-mini-high
Great at coding and logic

Mare models

(3 Temporary chat

BETA

O AR IR ?

B E4 ChatGPT

)
W
“‘ﬁ‘
o
4
i

]
ﬂ
o

o

)

I‘kl\i

55




Prompts (3% 7T 3#°)

7% % B3 eh Prompts 4 hE % R 31TE Al 4 2w i eh
A o % i A Pr«mPrompts VLB AR A mﬁiﬂ:'%P\
AT SRS | B x-S AN )}’»ﬁ"”\"%%‘f'\

1l %TE”’ zE".f:r ﬁ{%@@ N %ﬁ_‘ﬁ Lo~ ﬁtﬁljiiz

[e]
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i R RO 17D R S
« APy - 2mRNA gene expression #icdy 0 R A4 N AR E
ﬂ?mﬁgﬂ,lg;%;,;ﬁo ¥ = ILe

Qi\AI%?ﬁ?ﬁﬂgﬁiﬁA\’}ﬁ”}b%°
o A "T'- —‘_L__ \ N
7 B & F7 A2 % £ 47 mMRNA gene expression #cdx °
PR SR e .

¥t ]‘\A| 4 o 4R \,(;E;

* 3 * Excel VBAEH - AR S 0 A 471
P £ i3 1 mRNA gene expression #cdp @ %

&R AR B2 R ]
© Fri& P fwindows 11mExceIJ<"i (7 b A2 3548 e 2
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c X3 - Be 3 Té'*]Accession ld ~ RPKM -~ Fold Change ~ % 3~
ie# ?é r:"”JICSOJ mCSV 7}@1’7 y 1) 1‘\’ %’i‘]{,ﬁ,_ F’H J;} |]§',7H§g p" ’ ’i—%‘r*\. ’3
n 423 %k 3+ & Fold Change#? IC504p i 4 o

. g%—A| }jf;iﬁ BRI e E

s Gene set - AR PR R RN E G Y

e Al {3"[94 WL IED
LEE Markdown f 2 BTG S AR S 0 E A RALR A S
3933}7% SRSy Pk s BR B ES
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R E
B

Demolata.csv

T MRl B

A B C ) E F

1 Age Featurel  Feature? Featured Gender  Height
2 | 53 29 117 232 M 130
3 53 26 23 229 F 149
4 56 29 a1 159 141
5 | 43 32 20 187 M 154
6 7 30 52 17500 F 164
7 57 26 93 200 1 176
8 | 46 32 120 154 M 137
9 | 52 3l 114 19F 217
10 | 47 35 102 153 M 144
11 | 55 28 o7 219°F 208
12 | 51 26 107 221 F 193
13 | 59 30 111 F 207
14 | 43 33 93 210 F 175
15 | 53 26 112 202 M 157
16 | B0 33 Qi 235F 170
17 | 53 29 23 229 M 186
18 | 41 28 95 213 F 201
19 | B0 3 o7 199 1 161
20 | 45 32 107 225 F 157
1 | rra ] 1SS wd 124

Sheet! | Sheet2 | (@
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Prompt: % H &R & N AV G E

78 KEAPTEECSVRRUREHPHIRE - REZFIIRESERL  URSETHRER

WTERERRE:

1. Age 81:
o F43T:FE

2. Featurel #fi:
e F36T:EE
o EMT:EE

3. Feature2 #&11:
o BEHIBRE

4. Feature3 #®&1I:
o ENT:ZEE

o F43T:ZEE
o FES3T:.ZfH

5. Gender &3fi:
o F52/T:ZEE

o ES3T:ZEE
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DemoData.csv
HEFE

AEAFNTHEZLEEREANEEEFHEE (NaN ) - FHREE -

R RBARRAERIMT -
« Age:1{E&E

. Featurel : 2 Efz(E

. Feature2 : 2 Eft(E

« Feature3 : 3 Ef(E

« Gender: 3 E&E

« Height : 4 @E5(E

REENUEEFLERHAER? H5E - kR EZE—F29? b

HEEREBARIGRE
Pk X
. ___________________________________________________________
python
import pandas as pd FEETEASE & ES
file_path = "/mnt/data/DemoData.csv”

df = pd.read_csv(file path)

missing values = df.isnull().sum()

missing_values[missing wvalues > 8]

Age

Featurel
Feature2
Feature3
Gender
Height
dtype: inté4d
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Q ChatGPT B¢

77

G

(GIQIUARE

K]

weads

?

4

FEEERYAI
%zﬂﬁufz




2 ChatGPT{UEIAE R
£ H ORI TT

Prompt: 55 —{EVBAFZ=( » EFMEMNEFRE LEEEE
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HHETE @ mE) =

DemoData.csv = EEEL ILERE ~

#r =B #A ZE EFEEEE 2% FH aF &R BRAS 56

s E:‘i:; EEE Jz A & =EEF)= - | pesss  ([#82= | E Bz
[ | e o oa e | — — = — _ e g

B mmx BT Y- E- @ As. ST === EmmEe - §-% 9 W RIS
Y B

HEEE = FE
() TaESEENEE 1S ER

F HESE 5 BE
23 . | FE=meT || 2EFe. |

K4 ~ i

A D L E 1 F | K | | il
1 |Age Featurel Feature? Feature3 Gender  Height
2 | 53 29 117 232 M 130
3 ats 26 83 229 F 149 N N
4 5 29 91 159 M 141 e FHFRK xlsm 7% =\
5 | 45 22 20 187 M 184

EE—(E VBA B » E5H Excel REPHIRHEE (ZR v ) » UHERGFERLAEEER -

ERA :

1. §TB9 Excel 3% alt + F11 B5E1 VBA &EE3E -
2. IBAES  HEEA > EE" -

3. B FLUT VBA B3R I3 T HighlightMissingValues °

vba P ER viES

Sub HighlightMissingValues()

Dim ws As Worksheet
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<@ Microsoft Visual Basic for Applications - DemoData.20250221.xIsm

BED S|EE BEREM |BAD ) EIO ‘2D ATR IED =BzfA REW FHEB
ME-E == T a K EFY - @
IE - VBAP BIIREWL

—aivp, T MEEAEEO
-5 B

il LT WOTE DO

1 TiE#=] (DemoDat

Bub HighlightMissingValues()
Dim wz Az Worksheet
Dim g &= Range
Dim cell A= Range

' EEERERTIER
Zet ws = Activelheet
' TR (TTHRREAIERERER EE)

Zet g = wz UzedRange

' B R EIFIEI PR AT
For Each cell In g
If I=Emptwicell Value) Or IsError{cell Value) Then
e

a =HEE
cell Interior_Color = RGR{Z255, 255, 0}
M o—— » End If
- e Mext cell
B ] ' EIiE
LE1 Workshest v| Set ows = N.:.t,hi'['.g
FHRIEF S End %Eﬁ mg = Mothing
M e IiesEl
DizplayPageBreak False
DisplayRightToLe False
EnableAutoFilter  False
EnableCalculation True
EnableFommatComn Tine EE& VBA g :
EnableOutlining | False
prebeforeble Feke - IBEEAT Excel TIERAIFFAERSE (Usedrange ) °

o UFREE THRTERIAESEE (W0 /e )  BIFESE25=E (ReB(255, 255, @) ) °
o {RIBILIFENIEEREEE + HIU0 Set rng = ws.Range("A1:D100") -

AAEIE | EREBUMGE  AIEFRFN Excel EREENGE - ©
OO PV O




MO TEEVBAES ?

L8R 3 }1T VBA EX

1. E% Excel (1B VBA RHZRFEEL) -

2. BT alt + F8 » SBkin "TEE, BE -

3. HE HighlightMissingvalues - SR{EZLEE "#HfT" (Run) -

4. Excel EEEFIRCHARE (THYEEE ) A=EES -

BRIMETR
« MR VBAESRZANT  F0E

1. Excel EEZEMRTE -

o I BE > BE > 700 > EF00EE > BEESE  EE TEHAMABSE, -

2. BREEZEEEFER asn B (BIEEER Excel E) -
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& E C D E F
| Age Featurel  Feature? Feature3 Gender Height
P 33 29 117 232 M 130
‘5_| 58 26 83 229F 149
#E EA BA #8 SEEE A% B8 ¥ BE ESAE 28
G AET [paes JizJa x =F= o
me BES - UvE- &y Avsie Z == ==
M T =
2 5 ] 5 HEAR
Fl v i Jx Height
A B C D E F G H
1 |Age Featurel  Feature? Featuwre3 Gender  Height |
2 53 29 117 232 M 130
3 58 26 83 229°F 149
4 A 5q al 159 1 141
i 43 33 93 210 F 175
) 33 26 112 202 M 187
&) B0 33 a0 235 F 170
7 53 29 83 229 M 186
3 41 28 95 213 F 201
9 60 3 97 199 M 161
0 45 32 107 225 F 157
1 45 30 9z 186 M 134
2 5l 27 82 242 F
3 47 28 109 188 M 210
4 43 34 83 192 F 164
5 50 33 105 188 M 147
6 47 25 83 176 M 131
7 57 29 108 202 F 167
b 50 35 &0 173 F 189

[

ab mEnRT
BEET -

i 55 HH S B OK (E M L
> (HFHEA A

T BgmE - |

[ ) B P S8 E 2 bv | O
§ .9 9 o m EEUETESbR EEE mA MR mx  (ERC #emg Sne
aE- mE< SH- v v - omm. S
1 B 1 f=5n gEE 8 8| wazzgso
il zIAEEQ
] K L M N 0 3 Q R CHEZOR
Y #2060
1 A E C D E .
1 |Age v | Featurel = | Features = Feature2 v Gender
2] #HEIEEAEES 232 M
Z| gEABRIEEO) 229 F
; 159 M
EEZEED > 187 M
17500 F
209 M
T Y
iREZEED > | R EEERE
SFEHEQD > [
— TR
| E;_‘:E- | A
- (ZE) - F
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AT A T E(

1 |Age
13
22
36
44
47
49
50
53
55
85
92
a7
a3

A

m

\

™~

D

It

) (TR 7

F

= Featurel =~ Feature- ~ Feature? ~ Gender |~ Height |~

E C
59 20
51 27
59
20
49 20
43 29
44
42 28
56 20
53 25
59 29
200 24
47 25
SRR

111
8
116
105
119
114
100
g9
99

87

100

F
242 F
203 M
222 M
243 M

F
248 F
151
151
233

F
217 N
239 M

207

209
199

213
143

141
170
168
157

F4 R (2 E) hF T
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7

(Age) ~ ¥

HH AESTER(Age) IS S (Height)BUMEE  HETENERE - AMNBESTESRR
BIEEENERSERE - SRAZLETMESRL

1. E8(Age)EEE .
ABHEEESSEEEE0- 2052 - TEE8ESES  ZBEERTLUTERZE:
o FE817T : 1605

o 359877 : 3007

BEEFRABBLETFEABSHEE  ROEERREAES -

25 BEEEESTENEE

o E5T: 75 (BATERBERLHNERE  CEEEREETESSIEE kRS
E—SBEE)

2. 55 (Heigh) EE1{E :

BESEEUEER(m)  ERABSSEEARY
EREEBENERE-

7m ELHEERREERES  UEEEE—SET:
BERIE :
o FITT:

JE50-250cm 2 [ - EEEEEA &R

130cm

e 677 : 130cm

e 35377 : 130cm
EEaE :

o 3477 :184cm

» /

FlLZ ¢ amE &

(Height) £ ’xp‘? i

ELESREEZTUENABRSSEER  BRERBERER » EREE
|I$ o

—SREHER

e

1. Ef(Aze)BUA2ERENEEE : 16053005 -

2. ES(Heigh) RIS AABEE ABUESEENERE O LREEIERRE—F
ﬁﬂlﬂ

fer 3
1L.HREENERE  EERTSREHERIEIEEMHERED  ESaAEE -
2. M BENERE BT EEER  BHESETES  BRIEAERL -

3. EETRESTR  IEREEENNERCEERERERE  AMEtR S8uER
REATTEER -

CRERHEEEREETERANAWE?
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Prompt: 543+ 2 % &
R A (1)

EA ) REHESR(Age) IS S (Height) HESEBETEEANLT - RPZER—L&KZTAZE
REBFCIHENESE  TEFEEESEHEERRENTE
1. E&8(Age) 277 :
=545 ERMAHE—LEXFHRIE
FE : 5275
PR : 525%
ZEE 2495
F—MNLMH (Q1) : 465

FE=TAMIR (Q3) : 565
o fiugE (IQR) : 105%

FEH15*IQR ZEIRFBRIERE :
T :Q1-1.5*IQR =315
FR:Q3+1.5*IQR =715

EREEESE ) RFTMUSIEUTERE :
o 7% (51T)
e 1607 ( 8117 )
o 3007 ( 39877 )
ELEEREEEFE BN TAAI 58 - IRAFBRELEERE
MRIFISE : 5113
MEEE : 573

ERFEREAEN T RENBEIEE
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Prompt: 3344 2 + B8
EVAR 1 (j)

2. E5(Height) 277 :
EX#z80E
F35{E : 1771cm
{78l : 180cm
ZEE : 26.5cm
Q1 : 159cm
Q3 : 198cm
IQR : 39cm
FEHE 1.5 IQR EE :
& 1 Q1-1.5*IQR =100.5cm
58 1 Q3+1.5*IQR =256.5cm

EREREREE  AFRERRELEEEENESE - B8  RFaLIIEE—LEIERY

IIFF

EnTt

S{&{E : 130cm ( £3]R3R)
=518 : 220cm

ERBLEEEA LMRERERE  EURAIAEERE  JEESE— SRS -




Prompt: 34418 % B8 7 {F
B

ESEnEEmES
F&(Age)
» 160300V BIES AEEERN » BEWBRAEL -
o« TEHNHESBRTLAER OSSN - ERRICEBIRSRERY -
« BRELEERER  EREENSTEENET  EEFREEST -
== (Height) :
o BEIEARI FHERE » B130cmAI220emIBEEMEANPHEE
o« EENSTLERENERY  SHIRNREAEEMES (WFES: - 4R ) MERFNE
e
4. BESFES
5. 858 - BRAETREESFNESHEUE (160713005 ) -
6. BERE  HRNERNESENTENESE  ETRINES -

7. ZEEAEERIA L AN ERPURMAZFHERETPLER BRI
ALERENEE

8. ALY . EEEMANERESHEINESEE BB r —LEANE—SHNE
=E-

9. °9lif1t : AR ERREEREENETRESANESE -
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O  EHHEREETEEANSW

ETEFASTT £ (Age) 1 55 (Height) HIEEE  HiE -

1. FHEEENHE (SEEZVERE) -

2. FERTENTLENEEE (BESRHBENSHER) -

3.| 829 (Boxplot) « EEBTESEYNEENSH - ﬁ

RERITELES -
Boxplot of Age Boxplot of Height
300+ * 2201
250
200}
200
+ 180
- =
100} 160
50+ ; !
140
ok L)
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EE FEBERFEEE (boxplot) =5 + Fcolab tERIpythonZkE
i R EFHTRE

* 1. Google Colab #{FL &
(1) i A Google Colab
FIEE8IE = A Google Colab
(2) EE CSViER
o EAZA A7 EE (Files)
« i& L8 (Upload) : ZE#E{RE] DemoData.csv E2E

(3) BEWHMITLLT Python X5
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& UntitledO.ipynb ¥ &
File Edit View Insert Runtime Tools Help

+ Code + Text
» 4y sns.boxplot(y=dt| "Height ], color="lightgreen”)
282 > 41 plt.title("Boxplot of Height™)
42 plt.ylabel ("Height")
43
A4 plt.tight_ layout()
45 plt.show()
46
a7 # 6. BRERERIER
48 print(" ® F& (Age) EBE: ™)
49 print(age_outliers)
58
51 print("\n ® 55 (Height) EEE: ")
52 print(height_outliers)
53

| EEEE |DemoData.csv

» DemoData.csv(text/csv) - 2066 bytes, last modified: 2024/8/26 - 100% done
Saving DemoData.csv to DemoData.csv

Boxplot of Age

o

https://drive.google.com/

Boxplot of Height
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https://drive.google.com/

8 & Alt+CEBEF
[ #=rE Alt+C B U
O &nxEtE Alt+C =221
EY GooglegsE

B Google = £l Google E&gitbE
Google HEFE E Google BEFs
[ Google % EJ Google Apps Seript
B Google ==

BE 4 +

Alt«C B#EF

E=ErE At CEEU
= o Google Workspace Marketplace BrEEE AltsC B |

T FAEEE () TESEEE - @4 Google 3%

Google &+
EIRTIENE O
EeERERAlRnERERA TANE - BESE Google B

Google =&

= Google £8

Form [r:.,

o =4
BuilderPlus |&/ Google FeuithE
BERLB L ME W Google RHEEE

Form Builder Plus
Jivrus Technologi... * - & 284F
I

Google Apps Script

Google Colaboratory

EFERE O RealtimeBoard
EEEEEATMBEEN THERENE - BIEEER

+

EEREEREN




gﬁ 7y Bcix
ChatGPT o

BiomedicalData.c

sv G5
~ ] LY T Y 1
B EREGEDEYE AL E
50
% % Age =7 Boxplot ~ BMI =7 Bar chart
|2 Y 2 L S 7 12 >33 =
S R e AU = 1 IR S pIE R S
A B & D E F G H Il
1 ID Gender Age Height Weight BMI Smoking Alcohol ExerciseHabit
7] 1 Female 42 158 78 31.2 No No Occasional
3 2 Male 45 163 98 36.9 No Yes Regular
4 3 Female 45 169 67 23.5 No Yes None
5 4 F 44 171 50 17.1 No Yes Regular
6 5 Female 48 158 97 38.9 Yes No Regular
7 6 Female 49 189 60 16.8 No Yes Occasional
8 7 Male 7 183 61 18.2 Yes No Occasional
9 | 8 Male 21 191 69 18.9 Yes No Occasional
10 9 Female 25 174 60 19.8 No Occasional
11 10 Female 6 161 81 31.2 No Occasional

12 11 Male 300 200 No No None I

AN Faaa ala [alel ANnN n=7 NN 7 \S e~ \ VS | WP
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