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jlj:llb'l'é(MaChlne Learnlng)OI OIOH 2. X|=sks (Superwsed Learnlng)

o HHo| =Xl sk& XI=RE 0261 Target HEE OllSoh= 241
OF Target H40| Z=0]| w2t 37| Regression} Classification2.2

=2 ™o ® Regression2 Target H47F AES X2 Mff, O Zf2 olSs517| I8t
> 7IAISHGS AlsAse] oF Zobkw, HFE7E Heke] L IgiekER] =
A2 AR 15T 4= O 5EE Alvhe HAs E b Target WS Input W50 AETAS 3] o) =31= Linear
- E‘||O|E'| —'—O'“)\-I J-LH % ;EEFE Jg |k| E1|O|E'|D|' | |'1C'>FA|'6|'|—|', %Dn_:‘En_l HH regression, L_—/F—E,q H]/ﬂoé_t]- ]»% %’: Non—linear regresglon

B EHE D2IES +8ts #2005 Ridge, LASSO regression 5°] =

TS B2 . .
o JAetEel 2 ® Linear Regression
D> 21439l Target H(V)Q} p7lle] Input HEE(X) Alelo] HWAE
wEe) AP ATHANTS) Fejw et wy

(¢}

Off

> 7|AIS 52 oy ARmoll whef A A sk Bk 0 2 B
> X]EQ%(Supervised learning)olgt gJero] Folx g5 A=
o|-g5to] oSdt= EAH O R, Target W49 Fol whet
regressmnﬂr classification . &2 7% Y= 0+ 6.X + B, X+ -+ 8,X, +e

d

— regression, k—nearest neighbors, naive bayesian classification, support R ;
® ] 109 = L 1l 5
veclor machines, decision frees 0] Q1S > S| AIS(regression coefficients) 8= (8y, 0y, -++:6,)'"= F8falA} 5}

= ®B4g RSS(Residual sum of squares)S Z|ASHA|AH 2451 =

> H] | =85 (Unsupervised learning)o]gt o] 20X %] ko 2}t
i HIAl L o] 85 rols
oA B0 AlMEy] o5t BhA AhE BAO S clusteringo] T OLS(Ordinary least squares)yd2]S o]gsto] -3
#2) . ST
RSS= E(% —ﬁo — Z,@j{tij) .
(22 7-1] 71Aatsel 25 i1 i1
| Machine Learning © Non—linear Regression
I | = 1= =
e e D] > ALY Target W9} Input M5 Atolo] WAIE dalehs FH)
| | | w | | 7} obd upR A el Ay we
| Regression | | Classification | | Clustering | | dlme.::::zle:zdunlon
* Linear regression * Logistic regression * K-means clustering * Principle components analysis
:2;‘::’::;;:":::;“0" ::i_r:;:::;:;ier:::;:(’:nllysis * Hierarchical clustering * Factor analysis . Rldge & LASSO RegreSSlOﬂ
* Naive bayesian classification
> 2A R} wge] F)7t W 7] ANkl B TR 2go] Erhs
% |2 : SIRZFENZQTA} Sk ARST7FESE Ao R AubAQl Sl He] 25k i
Z~(parameter)ol] =712Q1 Ao 71ato] HE-S 7HAaGIA] 7| Bl
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> RSSell 54 penalty terme F-ofste] 2aopA7]= Sl 4
g

EN

p
— Ridge Regression2 2450 HMIEtof HMoFS 220, RSS+ AZ 2 3
A7l AL = =t

— LASSO(Least Absolute Shrinkage and Selection Operator)= 24~52| &CH

zto| Blof mMlere o, R%’HEWI F|ABAFIE AL

j=1

[32! 7-2] Ridge X LASSO2| 3|74

Ridge LASSO

X X2 1 James et al. (2013), “An Introduction to Statistical Learning with Applications in R”, St2FEHZ- A}

® Classification2 Target H47} = 7 02| ElEkclass) 22 LI
HEAE XM=Y ff, o= EHo = 2RE A2UIX|E oSste 2

DES HPHEO &= [ ogistic regression, Linear discriminant
analysis, K—nearest neighbors, Naive bayesian classification,

Support vector machines, Decision trees 5°] 33

® Logistic Regression
> Target H47F F+ 709 A0 Fi= DO 2 E5750] 902 W(binary
case) 714 Wol AMgsle BER, Rl g Holsln
A} Input WeE2ke] TAIE AR 3 2y

log(p(X)/ (1+p(X))) = By + 81X, + B Xy + -+ 8, X, +e
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— ZEH 101l &8 & (prediction probability)S 6l £E target B4 AN

p
p(X) =Pr(¥Y=11X) = exp(8, + Y 38,X;)/ (1 +exp(8, + ZB]X]

Jj=1

— SEE p(X)= S 00l 1ALO]S] Zt2 7HE

O

St

[22! 7-3] Linear ¥ Logistic regression2| t&&t4

Linear Regression Logistic Regression
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|
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o oo b S SRR L 4 - oo HEE RSN S SRR L -

Probability of Default
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R R

Probability of Default
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T T T T T T T T T T T
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Balance Balance

x XK= : James et al, (2013), “An Introduction to Statistical Learning with Applications in R”

® Linear Discriminant Analysis (LDA)

> o]z A2|(Bayes theorem)E 7IRFC. 2 A2HE-& AXtso], 2
Target }7t A 70 o] b7 fFso] 9l& wf Input H4>
=] WAE Arshe Y

> Input W4 X= (X, X,,...X,)7F Bat o= (pgop,)’, SEARYE

X oHARF A tE-2Z(multivariate normal distribution)& W=
a1 ZF Ao Boalo] ol 7R [[H AFud Al § ( )7} 7 2
A

> QRS Atole] ApHAel S e HEAA AUS Fsh
e

233




234

i
J

E

==

oy
0o

re

K—Nearest Neighbors (KNN)

> H|H>2](non—parametric)dl W
FARRE K7 #5219 target H']‘i
o+ Ao = FEstke 714

Pr(y=jlx= 330

— ‘RAfS EX|7I2] H|Et target HE

7Fd Zo|ck

| Aol K2 Hefstin 71
2} Agto] L& 2Hgo] 4

Z[

ZEM

OloICINZ, Ty= 2

FoP|E Holz ME2 2IX0IH M= z9= 2 7HS RARH KIS 2=
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e
| KE Mot A 5
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[32! 7-4] K—nearest neighbors

KNN: K=1

KNN: K=100

XI= : James et al. (2013), “An Introduction to Statistical Learning with Applications in R”

Naive Bayesian Classification (NB)

> Ho]= He|(Bayes theorem)of] 7|8Felo] -2 Input &0 9
27 gt Wi o ARgehe e R, 2
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Mo o

PriX|Y=k) « Pr(Y=EF)
Pr(X) ’

Pr(y=EklX)=
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=
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Support Vector Machines (SVM)

> 2] BUE OIS ¢ PUT 4 U, oKlel 27
= slgsiAl Blolelske] Azl m
(hyper—plain)2 A45}H= =

bopte] 0% uhit sleka AANE AHHFE tuning
parameter W2} [C18H 7T-5]4H 7 &S 55 29Ho| &

=9| SHAIX|(tuning parameter)2 &2 A

O 2, dashed line(margin) OJOH Ql= support vectorS0] QlsiATh Z=IHO|
a-E
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[ 7-5] Support vector machines ® Decision Trees (QIAFATELIR)

> SJAPAA G2 (decision rule)S U R E EiEdleto] EESk= &

A
[32! 7-6] Decision Trees
Thal:a
Ca<0.5 Ca<0.5
MaxHR<161.5 ChestPain:bo Yes Yes
No No
No Yes

— bagging : E=2| & =0/H 052 240 S0{E= 010|HNE HE5H,

bootsirapS 0185101 sample LI ot & BRIl SRS A
Sl CHZ0f olst A0 BRol 21t F JhY 1Ol LR o B3

=l L—
of= 24

i — random forests : sample 828t OfL|2)
X XF& 1 James et al. (2013), “An Introduction to Statistical Learning with Applications in R”, St=2FEHZ-ZA} g !

Input H> BEE AESHH baggingd

— boosting : B#9| bootstrap sampleS =Moo 2 RHEISH= baggingat
random forestsit Ee2| St # Alet BEO| ANE HASIH &XHC 2
B updateA|7 = g

E
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3. H|X|=8t& (Unsupervised Learning) [ 7-7] K-means clustering

Data Step 1 lteration 1, Step 2a
= - - - L el
HIKIESHSS HEO| FOIKIX| 22 X2 AHEtoR SIS wzistol e 2 Ea s Ea
. . _ pap L ceen? 2 el
I8 AESE EMA X2 EMo 2 37| Clusteringdt AFRESAT} « e s W 3 w sttt 0
UAS . .l
Cepte 2 o Cegt® 4”3 P Tegtt o3 s
“ ol &.‘."’ A ¥ o o
S ipee gee S olped aoe S wlped o
- % . - o3 . - o5 .
ClusteringO[2t FAHMO| JHHM| 7|=5t0] 2t B=XIE E 79| O8S 2 4 :
= Eél'i IZ'A'I tgﬂé lteration 1, Step 2b Iteration 2, Step 2a Final Results
— T —
5 das 5 das 5 4,
~ . L @ o paes e
> 714 thiEA 2l Clustering 7|¥Q1 K—means clustermg(‘ﬂ]l] A o ceest s . :.!"f . :.-.--‘f
4D 1} Hierarchical clustering(Al&2] w-3i4)of| thsle] 7hHF P <. s
. . Sl o - S e
3] 27isHAlE RERT N Y N o X
S o me oe : c-.‘-o at® 4 P Gt
ah o .%o e .

K—means clustering

- x XK= : James et al. (2013), “An Introduction to Statistical Learning with Applications in R”
> HAISA FHEAQ] K-means clustermg~ APAO] & o] 1=
g

Hierarchical clustering
B R0 R, dole 7k $AE 24 g fARE B

=
o} =5 =5 = =
AEE Aol 9 P B

> K—means clustering ¥alc

— Stepl. ® Jo| Zlttoz L=
A 1EE Ko Ztteoz 228t

=

QUK o= KE Holtn, 2t #=XIE ei=st

— =730 Fegs UA . oMBEURRL FAret UHRFXRO BB
= E§5H sfiAdo] Zolgf

o
o}
>
o
o)
Q
o
3
Hu O
i
=l

— Step2. (a) KIHQ|] E=EZ centroid(mean, median, maximum, minimum S)
s

— (b) 2t U=XIE 71 7I7HE centroid?] EHCO 2 THE

— ZH Z=X9 I8 2Y0| O o4 HekK| 42 W7IK| L= AEXPE Holst

SIELAL Z|oH 2= 24 SOl Ef tE W7EX] Stepee (a), (b) Bh=

x XK= @ James et al. (2013), “An Introduction to Statistical Learning with Applications in R”
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[a2] 7-9] MZAMIZ(Neuron) vs 2l&521(Artificial Neuron) =219 (Deep Learning)

> QA 7hed] edAFel ofe] A FHEe] g 2S AEA

®) 3(Deep Neural Network)ole} s}, ol2fgt H&A4-& Algat
dendrites - 71A8142 Ged(Deep Learning)olet A%
(77 : \ — 7|20 ABE IEadYe =A FAX(ocal minimum) 2XIE =551 ¢
X 3 ——» —y, 3 RE =2 MAMGH =2 a2 (ule—base)shX| 211 ORI HIo|H 28
: B AEMo = sigott] &8 HHO| M&sh= 7|[AleiEel of 28
cell body ;
/{ !\, X
terminal axon SR 7|E 7|AEkE WHEOM YMeHE 2™ EHoveritting) &
MZ s3] 215104 Convolutional Neural Network(CNN) ErHZ1}
% XI& : Maltarollo et al. (2013), “Applications of Artificial Neural Networks in Chemical Problems” Recurrent Neural Network(RNN) EHHZ2S Al
> convolutional neural network:= Fo1% ARE ofg] GJHO & L+
IS 1 1@(Artificial Neural Network, ANN) o] AFkel ARE Ed WA =& gody)e] HAls ypHo R o]
> e 0] AP HASE A, HHskE Fo) Bak 24 HIAL A ool Sl s Ak R
> Qei4lEel F24lE Afolo] of2] Fo| QlE g wiHsL, ofF ¢ > recurrent neural network:= W= I FHo] 217} Lozt
= (; = (13 = = 251z ok71 Az A 0 2 AHelsl= vhH o AlA % gy o
A 5(input layer), >971Z-(hidden layer), &=415(output layer) 7Pgem ol wap o2 Aejshs Wos, A Amd 2 <l
o TR [ 7-10] A 5ol A
> 7t Qls-rEntel 7hEA| (W wy, s wy)@F A (threshold) 28-S
=31 2| Asp}t daste g sk #Hare] ukvh 9= [T 7-11] Convolutional Neural Network 7HL
[ 7-10] QB4 TEE \
4 13 13 13
hidden layers ' lin 5&: :‘f—" L, SEQ:‘Z‘:}- i Zﬁ:‘:‘:"" i saﬁ: :‘:— 13
B —— 55 o 384 384 EEGMax 100C
Max” . Maxl pooling
Th . ride’ poalin pooling
\\-’r{/ \ / output layer 2 ::4 =
A IS
input layer AP

% XK= : Smirnov et al. (2014), “Comparison of Regularization Methods for ImageNet Classification with
Deep Convolutional Neural Networks”

% XI= : Nielsen (2015), “Neural Networks and Deep Learning”
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[&! 7—12] Recurrent Neural Network 7H2

2. HHAE O1old (Text Mining)

0 HITHSH Qfo) HIRIEISH LIO[E|EIAE)E XS] &2| 2M X2l SAl
O 0y o O,y HE 7l S2 ME510] 71| Qs MEE 2S5 ubd
| = v VT b RTA R AR SNS 5 A8l ¥)1] eke 2ol o1 obo] |
s S

1]

<

Unfold
r b

X X X

v
o:} —)— v O OO s stol Aol BAsl] R BAgee] AR oz o
w KXW T w
X

XIZ : LeCun, et al. (2015), “Deep learmning” @ \
FE& 1
A2 1| =t
28 2ot : T
1 |
HAHZ
D O]U]X] Eg Ogj\ol— ?__/’\Jl = ﬁ{ (preprocessing) H o= : > 1A
A=
\
~ Eleid2 Onx| U G QAN F212 =ain] QlAlE HES uigoz .

-~

— 9| ni2Hcontext)oll CHEt OfBHE HIE2=Z, 71E JIASI&0M= 27163

o Q1710 AONO|t KRS B U= 270 = -
Qb 9] CNN(Convolutional Neural Network)2 CHS 28 =8 XIS MEH =3t ®Elol
She= AR (policy network)z}, SliiE X0 2 =US ©f &2] EES 0 HIEE QIBiE| &2
Z35l= 7kX|(value network)0l2h= 2719 ABLIEYUE &8
HHE xe FxEE K
2el7152 £2| Mg Sof MAUYoR TS ™e Naieln, kYo Treprocemng Sl || Gemtured date)
SE= /WetH 71 5801 =2 Xoll 2 -
ZbA, olo] s Be,
. 2lol e 8
SAL2E 2ot -
[ meacmy |
e .
> A FEEREE e A A oS- e
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Molein} OjEE 245 ZoR Liekd
— SA BER FEIEEIIES HEef e tEdessE d28 =40t
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£ Hels 2 FHOUIE thol ME iz S| Jks

245



246
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3. g =Ej& (Collaborative Filtering)

0l

CHe2l AlEE2l s HEE 0IE3He DFAIZS] BRIl AFEXIR} HI

5t AJsto| ALRXISO| B/ Byt AES RHAITE WES MHIA
> AFEA}e] AT ) gRE BAsto 2H 23k 7|58 R Eajol
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FAFE(Similarity) E IH2totod X0l 2|5t MEl Ttsds SiAP = A

D> H|S2ok A8 ASsh= RS FH8F+= user—based

> AREARS] 7P HRBHA] §fal o Al AR AT diolle

I
HA] B A (affinity analysis) W= AR

= Vol.1-1

PPN =N

[O3 7-15] Y ZEE 7R

item-item algorithm

Y O —
add 224

*hk Kk *‘k *k Kkok
odok

user-user algorithm
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*ok dok * kkok
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G|OJE] 28X} (Data Scientist) SOOI XAl Sl AZE AZ
D> A okl tigh 2|4} g tﬂOlEﬂ et oA B8EE
A=A B E Ol B3 ofsf &

1. Mol & Hgt FHELIAOIA 2 AjZt5}
b ElolE] FrA 228 19] Agryl AL Ao Ay

clOlE X2, “HE0lE MAOIN MES e wrisH=r| £20]
. 9lste] dlolel Alzkeh W ARUAR)H e a

(Thomas et

|:: EE leﬂl' %—?—%n_l' §7 o= XL~ M- S xl_-i_E_

al., 2012)

> Aol A WSl th85F HlolHE A5t 52 EdEE WSt
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_ e S EXE=n S
7+ Zo{Rlof| w2t s Hetof| cHet =~ &7t - 27 md - 238 oof (of: THo|H)
- dg A - EA IR (O :R)
= H-llOlI 2 (Bayesian inference) - OOlHH 0] (SQL & NoSQL)
- XX tgt»g - ZHA| == (relational algebra)
- AEss oA B LR, 2X AL B § - 4 olgbjola Y B Ha| Hel
- HX =g —ELE‘{*HE' A i% - MapReduce 7§
2, L
SHQI XN WAZE &Y SLHOIM U Az
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- O|o|Eof CHSt = 7| 4 - AEDEE 7|
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ZFEHZ T Vol 1-1 251



o BijoE| 2AS FT Ciost SojollA BAIS wm QoL Zizio| g
ol w2t 2 2otet welyt chg
> Qrol ] Al ullole] B4 pHEo] that oS o e
o] 314 3Iot S Weksp Qlxste] wiklols whsEol cht 4
A 2

> 24 W dlofe] A FAES o]7] alAE dlolE w4 Ao}
& 7lo] olEA|Z ol Asl = ekt B A o)d Ta

o Hiolef 2A1t 2#ES =0/|7| 2I5HH HoE SaX 2A-AFa =217

ZE & HOIE AHHE200 ==

>zl Aol i lole] Z[uk A 23u) ] B 12hS B
st 64 o Rsh, 199 o) e 0HE I A0 R ek
> Hlole] F418 A} PYE ol @ HA dole] B
elob 9 v, @ 28 2499 dole] B 59 &4, @ Ba 5
A A3t QOES & 4+ o= A A4 5 Fo| Ba

> x| A9
= 525 vlglsle], EﬂOIEi *;‘% B2 JAPAAS SIS H)

dlofe] 7[uke] AARA| (ki) 2429 4

E

252

]
o
re

= Vol.1-1

i
J

O

ral

James et al. (2013), “An Introduction to Statistical Learning with Applications in R”,

. Maltarollo et al. (2013), “Applications of Artificial Neural Networks in Chemical Problems’”.
. Nielsen (2015), “Neural Networks and Deep Learning”.

. Smirnov et al. (2014), “Comparison of Regularization Methods for ImageNet

Classification with Deep Convolutional Neural Networks”, AASRI Procedia, (6), 89—94.

. LeCun, et al. (2015), “Deep learning”, Nature, 521(7553), 436—444.

. Thomas et al. (2012), ‘Data Scientist: The Sexiest Job of the 21st Century”, Harvard

Business Review.

253




