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FH&5F : B030104, B039900
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1.4 &
e AlEEo] QF A% (Al artificial intelligence)el| thall 3 &
AL ZHA Ha F Ase] Azt 2z g9A] guta =29 Al7]= 2016
d 3¢

A5ta 2] (AlphaGo Lee)7t A& 9telA] 4% 1912 $Ed&
Atk A9 3] Q143 g QP AFo] et A ojn] T i
9] 1F A5 AL (Al winter) & -2 5 AlRA F8710 Hol & 8o
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1) 2 o|%F <93 gE M3 g3 w2 (AlphaGo Master)E =2 AA| 7|4}
dA 3% FHZ gt ¢ua A Z(AlphaGo Zero) & 72A1%tF 53 & 4o
oAl 1005 79, 409 ¢ 58 § Lotz vixgdA 895 1132 3
LubA 2 (AlphaZero) & E3a A2 605 4092 523}
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B ol Al7loll o] HAES WA & 58] ASle} AAlE duHew
HRE < 9lS Aol ZIE AL 3t 2) oE S0l AeAt A w3 A5
ZEAer Ao & @A & 5 glen e3sy # Ql=ze} A 59
e 2 AAE I Aok & 5 vk B8 o5 A, Ak i, HulolH
A T ud ZokellM 2Es A7 % 28H e AT AT Ve
ol 2] ABlE g7l or WA Aow Helt ofd o2 At
A= B A2 @A Utk o]FA ME AT AT rlee e
A f27t Ao e ARl AAE o9 vl AN =S A o
A kg ZRA7E? BANERE ofuEt Ak oA vk AVE? B
A Aes AT TokllA o9 &8 A7

© = F Al 2okl tidt AR Ade] fle A AEAE o
dew F AT = Al 2d (ML

a9 sk Abdelst =
machine learning)?l 73, 2 WHE 2 &
E dFs MgH o =ofstunt it o5 Fa Ml 2ol 7éxﬂ 2 7
A gt oWl FeFS Fvldl] UlF] T2t =ASoA =

Aokl HolA 271G of2] AR5 e G225 AlFsh= 7;4\—% X2
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ATl = AF A5 ‘ﬂ"] Aol NdS 4w —"i‘— Al el Al
% 35 (supervised learning), BIA %= &<5(unsupervised

learning), 43} &<F(reinforcement learning)e] FIA] Aw3ic}
]

aeln vAl ege] J1E ARRAGS] WEES o Rolst A A1

2) 1F Als Aol ti B 1950 Ftel] n=3} 2jAjoke] LARME ZJA oA
SRS HAlote AAZE TG A2’ RS FRT vlsE -9k CIAC]

A H=E BAE PAT A4 H8o] offHhe o] gEIXY wl= Sk Aksl =
B SA1A1 8 (DARPA, Defense Advanced Research Projects Agency)©]
195 15 2t 709 Zof 121 Q1F A5 ALe] A=A, o] % 70d
w80 xoll ME7H] A2 F53 1 EAA “o*ﬂ% 2t AFE Al
1 AE7F A28l (expert system)o] 5334 AT A 5o] TA] FE5E Wk

Jeut o dETE Y AT AR FxRME] X]T_E ZowA FHA O]i A
T Agel AFEHAT. FF QAF AT EHd tigh el dldel tEiAe
Ford(2018) 9} Lee(2018)& #astA| 2

3) w4l 2l Toprt 23 WwowA AAE RotAx &8E7] Al 19 W
oA ] ¢dl= *13101 E=FC2E Varian(2014), Mullainathan and

Spiess(2017), Athey and Imbens(2019)2 & < it}

N

[e]
j8

'_ﬂnié



ot AelAe sHAlet AdAA e A7, 2851 e Ae &
Fo Fa VIHES gt FAHCRE, EF(classification) ¢t 3
(regression)E Y3l 220l KNN(K-Nearest Neighbors), 9AFEH E
2] (decision tree), AEXE WEMAI(SVM, support vector machine),
TAE 39 (regularized regression) 7IHES S &3l AW EL) ANV
ol e ofn] w4l 2 7ol &857] AR AAlE oo #E AT
S5 A ET AVAZdAE AF Ase] f8 AEld vXe 93

7] 98l A AT v A2 w5
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(
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7kt olel] gt =t WES AuiEch vix|gto g w4l g
A= FEH WAL T skl JIAHA FE(causal inference) - ©f
HAE 7™ AGA 74 = A=Al tig H2 =& IAsHA &
gt AEoM e & Al ggo] 7 oF & niekA gt A S el =

ola.

F7F JE 73 AF A5 (strong ADZ 2Fe Q1 A5 (weak Al)©]

33} Hudlole o] U2 714 AT AR 3
stal ket 455 Fche ¥ Ae e s @A Add
AlElE gigh. F dvt 1 A5 (AGI, Artificial General Intelligence)
of tigh =27t Beol Ha e viE A AF Alsel gk Zlolth

Ford(2018)] Wt2W =7 2 (Andrew Ng) 5 o] o} Agt=E2 dut
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o1F A9 M ol edsitia Erl4) whd ekl oy Xl F&
e, e T AFE APste dF Aee gulsi & Aol
£3}5]o] Qe BE AF AT 71&L o] WP ot A3 vdS 2R/
she A9, ARS ERske AjS d2 & ¢ U o8 QlF Aol o
g A= 2dst o] gkom FHFH M- (computer vision), A
o] #2](NLP: Natural Language Processing), A% gtk 2 2lok

N & on] ofe] FofellA ZWA 8= Ut

< 0¥ Ass FAsH] g welzt & 4 U
A Wde] i Jgelgt B 5 don dF AsS T A
2olg}l & 4 2t} Arthur Samuel(1959)2 WAl 21d& "HA1H

3T

29 glo] AFE7F AR o2 ggdte 7]eel it A7 Zokfield
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of study that gives computers the ability to learn without being
explicitly programmed)’ = #2]glt}. Mitchell(1997)2 R} izl
2= Aekslet “of| HFE ZEao] T(task) e PSS St
P(performance measure) 2l A =% 23 A5°] E(experience)el
g} FETH o] Z2afe BE Bl dsdtia & 4 Aok HA
Agshd W4l gd2 "AIAQl Z2aeWely A4 glel” dlolE ulHe]

de A5HoR ANste PoR olad & Urke vl ege 2

&

T AFE Wik HaERE 959 73 dd F9(Alan Turing) 9
< @R H2ETL ok o Bo], AFEE W v Fa 77 st
o 8 Ud] AFEe] vhe-S QIzte] wholgt At dd AFEE <l
of sigetct. o= Ut JAF Aes WHeE HAER o Fe| TFF

B 9]zl (Steve Wozniak)o] #|¢Fet Ay B|AE7} Wol =% 11

gtk ol “mEE fo Solrbd A0S BY Lol o R B v

&3 Agiolet & & YA 9 4G £ AN E Assh A} 9k 2
< Qusln, BE Helok S 5 ORI A4S FAsokn 958 + Ut

5) “A computer program is said to learn from experience E with respect to
some class of tasks T and performance measure P if its performance at
tasks in T, as measured by P, improves with experience E.”

6) WAl 2o FHE fElMe dolElVF BS4E $om FH2 #al gde] T
Hlolee] F53 &8, Tejx HFE At T dHF ErlRe] #A o
Lee(2018)& tlolHE 2147 HAxd ozt 28 F=olH Agarwal et al.
(2018)9] A A7 Zejolw Ao it 1HA] Zrzel whe} dHo|El7} w4l 2yde] &
S5e F=rt gatd o dE B9, 59 AF AdAoR ZelolHA| B
Hoe dlojee] & x-S T, EUv ZgelHA B3E Zsk =gt
=& F= EUS 3t vk & & gl BldlelE = F(volume) ¥R ofy
2t &= (velocity) ol that Ad= Edteta ot oS Bo], 2 EH=(trends.



(1) X% &&(Supervised Learning)
| MR 53 FaE = 7P 2 542 2hd(label) o] £©
A= HlolH(labeled data)E cl&gth= Zelth. dlolHe =
(V,.X;), i=1,2,...,NH YV, = g (label), X,= 57 (features)°|th.
A5 o] 29 ud g¥7F 07 12 BAIE HA57) v, 23 vde] A3
AR EAS(EE &7 7, oMY F4& 5ol X sfdart. ARl ol
%!

RS Okom 1A o

J

E%N

(4) 398 299 45 AF AES o g4 BrARITHD)

google.com) & ©|83lI4] A 7SS e Uio2H (nowcasting) ol U
o}, MIT9] Billion Prices Project (http://www.thebillionpricesproject.com/)
A ot2dE U] 715 b A3 F351] Al A= eH Al 22
Aol 7HE RS ol 8ste] ul=e] AAIRE E7MYSE (real-time inflation)
AlFstar AUt

o S rir



2ok A% e shlo] ol S HlolElE ol &dH 2P S

A3 AT H, AR vlolBE BojFa ad dolHe] ghille oS3t

(crowd-sourcing)°] de] &= m glrk. 200510 A2 ofnlE m]
YZ ElZ(Amazon Mechanical T

A (requesters) 7k 221 Aol Bog JF (o5 5o, AEZAL Hlo]
B A% §)E 28 vou d5d trts Ba AlEe] weE e AlFst
Al WhEo] F& Ato]Eolt}, ofu|Aul(ImageNet) HolEHo]2~= 2006
e = g} Holso] 2] (Fei-Fei Li) w49 T2z AIZEAEH dA)
Folo] thgk AKIQIA] ghdle] & 11,4009 TSl olm|x] 7k #el=ar 9l

o ehe PelAge] AdAem &4 29 oln vl g A 5 9

.

B8 BERog AMEE A QUTh9)
A Z o] duglEegE 23, vo]H o] Z(naive Bayes), KNN

(K-Nearest Neighbors), 2JAF273 E#](decision tree), SVM(Support
Vector Machine), TFAI%E 27 (regularized regression), #@ =
E(random forest), 217 % (neural net), ¥&1d(deep learning) 5]
AT olE daglEe LEALE AAE 7R AlFE] HlwA &4
A elgd & Ut dE 5], ol (python) e Ake]Z™ (scikit-
learn), ®WX&EZ(TensorFlow), A#k~(Keras) S°l 3 RelAe

CARET(Classification and Regression Training)< o] Alg&glt},

7) 7t WA ofgl| 37l At

8) =419 olalE 7] Al Y Tt FH] Ay dAlE At Ao dAERE
wAZF (cross-validation), ZI7WAG 2% (hyperparameter tuning) 59
F7F 2ol a3l P45 719 (ensemble method) & AHEE & 3t} o=
ol A Adrdgitt

9) http://www.image-net.org/



(2) HIXIZ §§(Unsuperwsed Learning)

T g 2] ghdo] fle dolH, & vislel Xrb
U= HolHE TR clustering)sbAY A F4(dimensionality
reduction) & uj AFE3IC}H P2 LB 5 AR oA Tl ARdlelgla

1B BolA okE Qe ABoR MG W ANES B T

HAE Sge A

—

=3
v B2 Shre] HAFARQ] dlojt), olflde i JFE AEITETL
A F45 53 DNA JEE 98l 54 Tol ARSI

AF A5 T AAA M5 vA R g0l Ax gy Hs] dA7}
2] sHEA, 719A S gee Hou duk F A (AGD e Azt

My
oy
o,
R

1o
o
1 A= F
X P

3 Q7] 914 WA o fASE] WEeltt. g Eu, o]
b 9ol S ek WA e FEe dolel (A ngoltt neo] AR E
Fol EAG 5 ngolF Tk Ao] ohleh 1Yol B W W W o
o Ao Ae 5 nYgolE T2 FRY PH Hrd ot HAE
Srel el o st Telm ol fels BlalM HAE Sl
&

of ZHA7E ExkEA] grhe FRE A o)Ak Al A4 dAIY oIl
F 2F(Yann LeCun)2 HIA = Shgolgh go9 ofn|7} RosithH 217
A& &<(self-supervised learning), XEE o= 35 (predictive
learning) &2 WA s}x}u F3alc},

TRl Bol 2ol duElFoZE k-means, HCA(Hierarchical
Cluster Analysis), 7|tHat =3} (expectation maximization) °I
da AZE, A =49 #HEAME FAE EA(PCA, Principal
Component Analysis), ICA (Independent Component Analysis),
kernel PCA, LLE (Locally-Linear Embedding), t-SNE (t-distributed

Stochastic Neighbor Embedding) $°] Zo| Al&¥t},

olef (¥ )& A& 5 HA L ge] i, g 3 dues
= 8934 HojErth WA ghile] & dloly ool wEl A= d5at
A= glro g BRETH A% 55 A oA ER9 IAR T
a1, HIAE gspe] A9 23T A HAR %Lf%q 1okl 72 99
A HEAQ dag]ES FAYSH CARTS SVME &7 34

10) Ford(2018)° v AeE3te] JABFAAM TEH ez AFH Altelnt.



(38 1) Xz s&53} HIX|E k52| TH&(Supervised learning and unsupervised
learning)

20| 2
ClOIER} QU742

oLs

logit CART LASSO K-means i
KNN SVM ridge HCA
| t-SNE
elastic-net

(3) &g} sk&(Reinforcement Learning)
Folz &7 stollA AAA S sl 1 ATl whet BA e HR S

WE WAOR FAS S S P Pgol s deld vhas mex
_]

o Mz dAgith, datmrt thEA Q] A3} g 29| dojn o|m|x] ¢}
gl x~Eo] A Al SollM EeEa vt 53] 8 el HE A
2ol A Al 2174 (GAN: Generative Adversarial Network)
A2 (generator) &b AFEAF(discriminator) 7} A2 A wt=e
o7 gt 1l dF S0, A= 7 w2 H2ES vhen
b= 7 2 o5 Ve R BES AT F
o] &4 FX1e 7 A FIEE e FE U

2 Adst7] ofe] Hul|o]Z(Deepfake) o thet FH %= Yo 3

1% o rlo
5
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11) Goodfellow et al.(2014)°4 A A<t= At



vl ege] PHE, 59 AR el WHES /RAoR AR
W ES 2R Aol g, 24, 19 B4, gololA Aol E Bl
, _

A 2 Bae oz, 8

T4, 7 AR o R o] FolA loy il Hd2 dlS(prediction) ]
A vEria 2. BAFo R AlFgA el 7EAC] A 2 A
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AZ olgal FaAseht S5 F5E AL
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V& AFste WA oR o fojxitt v wAl 2 AjdA = T4
O #39 70-80% B=E FEWA FTH AES Tt o] T AE
= e R 3 (REs ) It 2ua ozl AAE AT AEZ F
2 yoA] 28-S o] RalA dSsta Frgith oS EAllA 7 F
Q3 AL £ XHE 9 o=(out-of-sample prediction)= 3= AU
Ao R Bt RYPAdys T AE Y oS vlE] HE AE W 4
29 Aol HolAle AI7F EAgt. o]& I A (overfitting) ol 2t
FEth o] EAIE FRAHCR fdsty] 9l REe E%(complexity)

=l
o tisf] ILEIE F=d ©|F A (regularization) 8t FEt}. T tE
golo] Aoz AFEAT A &3] AHgshe AW (explanatory
variables) & SH¥W 4 (independent variables) @ o] tjilel] w4l
g ZopllA= 5/ (features)olet F-Ect. T12ja AWy F5 W
TE &3] el W4 (target variable)gh g},

HES AHESte WA= Aolsith. ffollA Aggh ukel o] Al A gt

EE AAE F
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°F A%

ot olw HF AE FE9 S EUEA RIPY Aes Aishe

(k-fold cross-validation)°|tt. d& &
B ME(1,2,3,4,5) 2 Y & AHA o

AXe B AZ 1,2,345 Td AE, 55 A5 AERZ Algstn FH

A AN E 2,3,4,58 FH AE, 18 H5 AER ARSste WH2olt

P= Frkett. ol WAew Y 7

X
T AT AES A =Y AUetl Varian(2014) & 71&9] A4



376 7 d-1 ¥

At 7ol = w3t ASS AT AT S st o
3 7R ZpoldL Zm7l¥S 2% (hyperparameter tuning)e] 2
dolth, £& RE 9 dS THE Z2F7] fJEiA Zuidg 2o 2

G| Zui7pasEel] theld = ofefollA & 5o AHE vk

m. 4+

r

mz}«ﬂm—t— oAl 2AAg PAl el Al 7R EE Sl deEeR
o= 71g el 2ol gE Aw Sl hEA JIHE

$740 2 &
Bo) ApAos AYdth 2gu RIS PSR WHel telE A

(continuous variable)Q] A% A= & 4 U}

(1 2A

2312 At A AHgEE T EA 27 B 39 71 S shdE =3
e ol &3l BHS5AE A4 M Elel EE SES Tt oW SAE
o] g 07 1 Alel2 A telehe 2AY ™ (scaling) 22 AA ] 2o
s ast, wddy 9o ejio] A9 de] 2AQ0n st B2 WeE
of BFA Sekar I Ao FAIZE sk dvke @Rl o =3
g 2AE A e
7 ZHae] el met ol &9 v £FE U ok
C2AE FHE 2Eo] 0.57 He AR S Veer 2% A

(decision boundary)E T3t #=ZXE EF3T) dE 5o, 23 9]

12) WAl #yY oA dz] A Loy 7HE Ad9st wl= Efron and
Hastie(2016)3} Géron(2017)& =+
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(2) KNN
KNN(K-Nearest Neighborhood)2 H| 244 (non-parametric) &
7IHog, 7]E HolEE W 7|Yste] drgdhe Al 71N Egoltt O]
72 v dolHd = 2 o 39 7IHIAE A 2Y = 9

o,

(a8 2) KNNQ| 272} (Classification using KNN)

NEE Nzg
g ! =57 g 57| A non-approval
g % approval
S S
A [ |
A A
A A A
A
A
Income Income ”

(17 20 Bolt #} Ak /1E BEX oY L AEE BFE 5
QWE AVE, AL FUAL WA F@ APEe] 257 2§ A5E B
Fo oln) Aze B3 [} oW 250l £8 A dZa] dalie
A 71E BEAGe) AE Tolof ) AEIE AF $AL v Al
o 253 418 447 AtiAo R Frin @ W, (o £53 28 A58
ol¢ Hlwste] FAR=(similarity) & Sok= Aot 2 &, 52 #=
Ask 1 VHe KA olg 3, o] o] 5] £ 1HS ow
OeR REE A K=69 A%, % 78 /e o 25 598 v
2e Al 197 51 we AR 5ol webd v Fxel wat [
< A87IE 59 B2 aFeR JdF TREH

ol ZIRellA o] 3t frAleE 34T v 7%l He S48 47 A
5% $Re) HEst golith, meld 549 57} wolw Bl A%



378 #IJ|9-1 8

o EA7} @A) wj ol
ANEE ASAE A5 o
A 71& dlolE7t AR A

A e A E D)

£

ol Za3g HelH= arkE 7ok i,
Sttt BE HolHE AFSshe o] 7o 54
G o Soll B2 AR} AFE Aol adEn
ol T AR B 7IHES o

i,

(3) 2IARR2E EZI(Decision Tree)

Breiman et al.(1984)¢] AA] Al&g wA] CART(Classification
and Regression Trees)#tn® Edlv A EA Efe H[EFH
(nonparametric)?! &7 2 37 7IHozE AFE A|ZHoz olg et &
A& W opg} a5ty 7] wiitel del 2xolal vk Hg AAUE
(scaling) 22 HAlg] o] Foixez Edasi HAHAE AA7L
o & J&F2 PIAA e el dnt. v
TH AEE vl & AW F AR HS AE =
I A3t (overfitting) A7F HAE 5= 9lom Ho|go] zhe Wl 2
7} A A& 4= Juh13) Zhzke] dA oA 4 A8 (local optimum)
S Fal dA9 HAHs(global optimum)E FAMEElE B8 daElE
(greedy algorithm)°o]|EE Aoz Hzl AAF EES HASHA
= % @t

iE2% Er]le CART(Classification and Regression Trees) €4
s AnsElA A ol 4 (1) CART &4 g5 Holgth:

mlfift

My ight
J(k'7tk) = + TgH Grigh,t (1)

=5

me EE T om e 9% =59 FEFE BT Gli=left,
right)+ == 9 B¢ Z=(impurity) & EASHEHE 528 AU (Gini), <
Eifq(entrophy) R/ F(misallocation) XEE Bo] AFHES} XY

o] AL ol Al (2)9} o)

13) °]= ®AH(variance) EAgt F2xdH olgdA AWsls IAE 7 F wiA
(bagging), ¥2=H (boosting) 7I'H& o]&six FEHoz AT 4 Ut}



ol p, = == idA BRI kol &= gEeltt. of 4 (3)3 (4)
= 47 dE=ZV9 27 FE Uit
= Y p; log(p, ;) (3)
k=1
G]: l—maX(p,k) (4)

olgflol = UCI w4l 2 dlol8 A4 (UCI Machine Learning
Data Repository)®] 21-87t= WAL Ho|H & o] &4 JAba% Eg
£ ABAow olgstaat grtld) /\}"3%‘ H3E flaf 93t | dely
o] /3 (73, yol, A7, 2E ofF

AFHE W A Bad

=

(a2 3) QAIEA EZIE o|=
decision tree)

st [HE AIAIR| Ol(Credit card approval using

Credit Score <= 2.5
gini = 0.494

samples = 690
value =[307, 383]
class = non-approval

True

Income <=492.0
gini = 0.418
samples =511
value =[152, 359]
\class = non-approval

Income <= 215.5
gini =0.232
samples =179
value = [155, 24]
class = apporval

gini = 0.374
samples = 437
value =[109, 328]

[{:Iass = non-approval

gini=0.074
samples =104

gini = 0.487 gini = 0.391
samples =74 samples =75 =
value =[43, 31] value = [55, 20] value =[100, 4]
class = apporval class = apporval class = apporval

14) UCI dHlol#

ofulel vetmel s Telekt Mal ey £ 2 A

Al 481

A7#+2>(https://archive.ics.uci.edu/ml/index.php) & Zz]Eo}
ol A3l dlolE] A akiolw

FHe HolHE Algsta ot



380 gl g-1H e

Kl

Wofle] EEHS el :=Z(root node)E} st e xxeo] Zlo]
(depth)= 0°lt}. el =& ofgfjo] E3}d 279 ==& Zo|7} 1o] |
o F7H]] =22 EB3kEE =58 2% :=E=(decision node)zt aFH
g o] ®alEA] Ze =28 U(eaf)olgt Tt S delA o] 19|

el =8 W HE = 690 olH EﬂolEioﬂ H]5ele] 307, <l

3 Ag BT 6908 & A8 2.55

1914 2.5 ©]3} 5119, 2.5 27} 17982 74 3& &
A

ATt 4lE "7t 2.50]8t0]7] wiol HlgRlo® ERE 5114 & 4
A2 SAE AR 3599 olth. 7R &5 4925 7|so 2 5113 v
dloz FEE A 43740 H|FAe R BEFEEH o5 A vsAdd
AFRE 109%olth. Beke] AR AYAGFE B 0.3742 =4 U
Ae & & k.15

o] ollellA] Az = AR E/FE f8l A 54 WU B2
Bt AHolot wmro e A T U SHHeR B FUEe
=2 e 9len o] S T MEE sl AgsiARt A Al
Ex 79 Adskr] X she I A £A7F 2z o]d A5 WA
3171 {8l 2miRsE 2HeA 28-S AAsHA 44 (regularization)
= @ davt o AR Ed 239 AL v 2uiidasrt Sl
A% Egle] HFU Zo|(maximum depth), &% 7] Y] ==7} 7FA ok
& HA FES Y w=Tv) spHok 3 HA FES, O w29 Ho F, 7t
EEoA e AR 54 Al 4 Fol vk A4 d- e
E ZTRINAY AW #E 2eaSE 2Ax71E A4 (regularization)

7b 7RG oS B0, 2% B9 A ZolE S/MIFIY AVE A
E

= o 2 A" o, dutsrh BRIt

| ]

15) 0.374=1— (437



(5)

olgst FHEA 381

22

A
i)

o

MSEright

mright

MSE) ¢ +

mleft

J(k,tk):
(4) SVM(Support Vector Machine)

muﬂawﬂ @%Mﬂéﬂ%ﬁ%%ﬂﬁi
N B I . ™ " X- S R — T O
TR mr%o_aﬂmhzﬁﬂé.@ﬂ%wa S
TH s ~ <Aom o) & 2| B = %o ol NE T < <
9 o £ o7 B oo, MR R 7
‘:1_ U‘.ﬁ N 1_,_A| mﬂ Of .HL o 7ﬁ N U.AIL _6L Of o
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A9 dlollA & & e AAR F A Atele] A E Soistshke B
o® EFdte 7IHS SVMelzt st 95 a8l v HdAd F S AXE
E ¥ (support vector) 2t FEt. @] Fdshd, TE87] 7P ol
HES Zot w2 J¥ol AEE 9H (support vector) 7} €Tk 16) 314
o7 o]z} A& (quadratic programming) S AFEEIA T8 4 o
A9 A" 22kde] ot n-AFd FIEe] A5 A Ado] o} e 2%
™ (separating hyperplane)< Z&= %11]9} oEsith #e8 2Ewe
Ja2 delglel 728 + e 4
W, MEXE HES Apolo] #EHA
margin)°]g} 3} A X E WE Alo]le] E(width) & GvlzE =Rl
ugl EFeA X she #EA| 9 At JEFe woernw big o] Agrt
SVMe] Zul7i¥a7} Aot

A% SVME tiA|A e= 2 2ggitar deA] 9o, 2oy 23w
or FEEA &= HelHEC] AUt o] A HAE SVME ARSI

N,

(33 59 #2 2PAIE shek JET A5 AHoR R F
Glct. olm ) WMo AFA 1S A2 SO 2 AF S 1
X =z

Y3t e mego] Hu] o] Fgo He PAT o] Yoz T AU B

16) seom A 93 7o) QUL w e+ 2, +b=02 AN 0jF 5L
1 ESA AN EE WElE ofds) o] BAIG & (]

Y =
g y, =02 BN o el 2z fAEh):

w e x;+b=>1fory, =+1

w ez, +b<—1fory,=—1
9 7 Ae Al ofefe] Hom wAT - 3

y;(w e 2, +b)—=1=>0 fory, =+1,—1
AN ol HM(w « z;+b=—1)7M AZe (—1-b)/lwlolx LxlA
A% A (w » 2, +0=1D7 Ade (1-0)/lwle]B22 F A4 Ale] Azl
2/ho |7k Bk, SVM T A4 Alele] Adg Frstehs ®AllnR 2/l o

e Zamel BA DO Hebd SVMe] 45 BAL oklsh Uol LA
S lom ARSI A% Hake Al 205 A4 B} Hek

wl
2

min ¢ such that y;(w » x;,+b)—1>0



g St oA HelHE Akl At o2 Wi (mapping) 3f
= &5 g (kernel)olgt F21 99 dAH "= FHshke WA o
AGE o] g3ltta gt} ol = FAME EA (similarity feature)<
&3h= ol 2lth. RBF(Radical Basis Function) #2% #Z¢] 54
x| (WMEntR) 9] FAREE 07 1Al jtez ®dS § dEnta

¢to] AYE o] LA EHFsH= v E ).

ot N u

)

iy

(38 5) Cfek LS o|=st HIME SVM2| 0dl(Nonlinear SVM using polynomial
kernel)

SVME 5 2t ope} B BAE 188 4 Ak o] A% AYE
Ui A gt foh R W ALgSHe SVMY Ade AEE W
Apolel B2} A A7 SOl sk Aol AANEAA B
£ BAASS Ad gol TFAIAR ARE WHE Fale Rolt 1
3 F NEE WE Aole] A4 wx 2Rwo] 27)4e] A}

(6) A=l SlHE24 (Regularized Regression)

HAal edolA IS & A Fd Ae dst] fa B A
TAE 375 (regularized regression) S ARE3CH (O® 6)2 2
2] o & HojEr}, 23 ol AAE dolHE 1, 2, 50, 1003 &
T2 IAEAT F dS@s BTt 14 R SH A A5 el
HE A2 Aiarl & she #4aA3t(underfitting) o] VYehves A&
£ AL, 502k, 1004k 9] % i #2AE A=k sttt
By v et ufg- & 2go] veRdth o] A5 719 HelHe
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4 AP BehE AZE ol ARelA ® sk v A3e] BAH

Pl
Ll
1]
o
~
=
;”:
]Iol-

19| 0|(An example of overfitting)

ol 4 (6)€ AR HARAY LRSS HelFk:

N K
ming » Z( — 7z, + A a2|ﬁk|+ 1-a)),8 H (6)

i=1 k=1

A=0% A%, = A & BRI N(y,—plr,)’w neohE 5829
OLS? A% &4 &7 duh. a=0%9 AF, = 42 AFae &=
HA23A71E A% A nH1lE A4S 24 3A(ridge regression) EE

E]Z =2 (Tikhonov) THA2} ¥ch(Hoerl and Kennard, 1970). A&
7} #AEe] glomg [2 FAZt = 3tk AQ] gho] AA FolASFE
olE] & Amste= sHol Hlal AlFgke] & FEAE A 2 TEA H
™, X9 #ko] ol AA =W vlo|HE AR At "t 87| 34
£ 549 ard uslez ~AGY S Hk=A] & Fojof gt}

a=1% 7FE Z(LASSO: Least Absolute Shrinkage and
Selection Operator) Az sh# L1 Aol ettt 17) o -9 A

17) @2l 547 ehee) SA35E 094 1127 bsekA et



Bkl TE A2BHE RN AFL 2] gEe] D S8 S4

FEAE 714 022 vHE8] dh(Tibshirani, 1996). o|¥l 4o

pus PN
7] w2 g2 9= W A (variable selection) o= AR 5 9L
t}18) g (0,1){1 749 del~El(elastic net)ol2t 3hH Bl ﬁﬂg]r

Jsta 84 FAE 7]%2& ot AAE AHEE 5/0] agetd B
Y dekagule Abgehe Ale FA T

(6) A= (Ensemble) JI&4

1907 g=9] g vhhs]ofA —’,:_/,\_9] FAIE ot uhele sz d3
Tk 800 Hol FAsiA A4 oA et A5 BaEI &
A= Al FAY 1% 22k HY O]LHA t}. Surowiecki(2005)& AA
AN olfd AlElE avlelH <] A& (wisdom of crowds)el &
GFE 71l vtm o]d ofelr]ofd] 7|¥ksia vt WdE 71N =)
tlolee] vro] REES A3 5 1 AIEd 7IWEA dSske 71
olth. Agwrt 51%%1 ¥F71(classifier)7F T Sltkal dka o F&

(
R Bee 45, FLPHe 4 ERVY] 43S Ropd T B

1=

Rl o

o] Hug Zejsg dd, = Oede deske Aot olgt o], 51%
o BHIAY olreAY BRE A Mud 27§ U AEe ¥R

©

- =
g 9% g57](weak learner)gt 21 o]5E& o] &3ste] 7kt 57
(strong learner) & T=v 7[HE 8oty FE0.200 ZF /7]

A dEd s ol8sid ved FRE @ 45 A3 FiE(hard

w
TAE 283 ent.

18) &°Fd E¥(reduced form)d] 7-fol% oW WAFS A WAFE AFEE X of
a o]BH ZAM & F ‘”9-14', ]%75. X]’Q:O] A gAY obFd FEI} gl
7857t 71 wiEel M A 3pge] Bad A9t itk dE 59, 2 Eol
A 5% A8E oS8t AHEEE DNA ma: 4l Tel Bdow ool
BFE 7] WE clERTH S TFede] 22 SAEES FHd BaUt itk
|
o
o
=

o, (o

19) Ayl
20) FEHo® 51%° FLEE 71 BR/7] 11,0008 o] &alA 75%2] Haws
& 5
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voting), Qo171 FEES BF ol Agete AL M FH(soft
voting) 2k SHEH FAke] ol B F& Ao deld dok BF

A% 4 TR E SAW AP ), SVM, 24 B
|9 A2 BN U AEE BrdR Pk Aol AN
T mPSlN Poldl kel BEAE Aot

/\]7

r
40,

—{o

E-;IE] 2olE= 7IHo 2= Hl7) (bagging, bootstrap aggregating?] <F
Zh), F2" (boosting), ZEl#] (stacking)°] Aot H7lS FEAEHY
(bootstrapping) & °l&3te] £d MES s E8 ol& FHAI=
7IHE Skl A2 dlolgd da] 2Ee] Ayt A4 v e A

R
(variance)d] A& &Y 4 Ut} dE E0], RENA FEAENLTS
Bl 10709] AFES wEa orld 47 BYE $HA § ARE T
FelA ddsitt S wjAle 329 & 59 F sYd 23S WEA
(parallel) 2 Agat= WAolth. HEY FE55 & Z-5ole #o|=H
(pasting)°lg} #2131, dvd oz w|7)e] o] ¢ Fou ¢ ol Azt
7 AFE A4t sl dgsitt Y EYAEE v 7S o)L 9
AHER ERle] HAE 7ol olalE 5 vk
Fge wiA]y 9] ek a7 E oA S 2 (sequentially) 284
715 R ol &l gg71e] eR/E thy @AY ST ngde
24 7 gE71E wtEs 7Pgeltr2 tiEAe R ofuRxH

(AdaBoosting, adaptive boosting® <Az ZAAF F~H(gradient
boosting) o] AHEE=H F W] 7P E Afeol= AR A d55 5t
Al % gk dHolHel| ¥ B VteAE FHA dEe AlZivtke dHedl o
AAF Fxgle] Fog A AxHAE(XGBoost, Stochastic Gradient
Boosting) 7} A=t A 283 D] v @Anit FE AE AAE 2
€ Aol ot T AEA FA9] FE3 RES AR

7ol A$ HLs(homogenous) T3S s
Ao R Abgste Faud gy ~HAe ol REES AMEStaL o] B
dee] A= FHote HE 2o EARIH. o 5], EF &4
Ast7] 8l <3t e5712 KNN, oA A% Ef], SVM 59 =
8ol et B owe= 7 Yl(neural net)S ARSSHE WA=

il
4
20,
o

21) AAIE =2+ Schapire and Freund(2012)E ZFasir] e



2. T©™Jl(evaluation)

WAl 2ld 2E e Sk Fglo]l Eubd Rl tigk Bt
T}.22) TheFet 7F 7o) ARt 3 ARE-E 3L
£ de] 43R MSE(mean squared error),
error) & AHg-gH}.

R A o8 A%

2} o 2 2#29]

So] AbgTh. WA AA gt

24} 3E (confusion matrix) <

(E 1) 2 HlE(Confusion matrix)

o] Fo]zofF ¢
o A= g 579
MAE (mean absolute

Sla
73

D89l olx
38 (Positive) £ (Negative)
Srl 2 28 (Positive) TP FN
& (Negative) FP TN
9= PHAL TP(True Positive), TN(True Negative), FP(False

Positive), FN(False Negative)2] 74 845 7=, dE 5° 4
WA TPe AAl #t= 23 vldRld 23] dSE 231 vdQl 45
oty whH FN2 Az 23 vd Qo= E7eta RS 23 vd=
Aok %2 45 geh23)
ot PEo] FA 94 E o] 83lA RS A5 e 2ole HUt ARE
= ok A (7)-(10)3F o] B 4 vk, 27| A2 7t A #0 3
g% (accuracy), 2= (Precision), A& (Recall), F1 scoreE %<
g},
&% (accuracy) = TP ;;i ]C]}\)[Jr Yo (7)
= (precision) = % (8)

22) ofe} AWe A4A - o|FE -
23) FPiz 7He] 29l

< 2% o5l sigeTh

- 17199(2019) 5 Fasky

[o 1N [e)
E5ta 71 deke 1% 27 (type | error)oﬂ algstn FN
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TP

e _
A& & (recall) = TPTEN

Precision X Recall
F1 score =2x Precision + Recall (10)

Bewe AA MF(TP+ TN+ FP+ FN) FolA AA gt =
Zo] LA’ AF(TP+ TN)9 HlS5 HoAFE A Folt}. 23 v
= A, AA WL Foll 23 vde BgeA 2~ vdE 7
23 vdo] opd S ofleta HEsHA FEG ML BlFolth AU
© 2ol A (dE 50], B¥o] 23 wdolgtn EF)olgta E/e A
oA AAR 23olgta |53 219 BlFolth, A AA| Fhel F
AE (5 &0, AARE 2= mdE) FolA o] TH ol Bt 29
£o|t}h. F1 score= FUES AdE A7 x3} Hdo = ALkt
ol XX HEL BT w275 AN, BHste vlolH e 54 w
2} 2427 AdeEo] ARgalof gt dE 5o 1709 23 w3} 999
Nel 73 vld 2 FAE FEo] At sixb BE WA B MdE &

gee ¥ #7F 2 F {ioh
A7t 2 F Ak 23 vde] o2 S Fre B vdddE 29
WUz E7E A-Folth wheko] 23 vds Wojgs a3t 45 MdS
FAA ge dadEe e o AGEE FAIEA Hrkeke Aol
v sith, Wi R Ad &S FNC] F8E o ARt oW Algto] 5%
Aghol] delx A 7S Wolof ol AR EFHA| G e TAE
A5 & T ok A= AdE] 23} HH o R ALtE = FI scorew
o

she Axlol dlew, Aol offgl Ko r A
31 HolH o] Afel= 835t AH-E 5 Tt

9_7'4 g 7 84E ol fellM R Ao AlAH R Hole W

© 7= ROC(Receiver Operating Characteristic) =Xlo] dg] 2x¢l

E‘r ROC 549 Alz53t 7k2Sole 242 TP HI&(TPR, True Positive

Rate), FP H]&(FPR, False Positive Rate)< AM&-3dtc}24) ofzf 2]
(1D (12)= TP ¥l&3 FP H&S Yehdch:

R
=
l
g
2 Ly
kl
1 R

H



TP

_FP
FPR= TP TN (12)

7ol FE}== ROC FAe] ol HE wWHozm Fysled ol&
AUC(Area under Curve)z} s 03 1 Alel9] #& 7HAH EFE <

W fle] ske 45 AUCE 19 #ts 7FIth25)

wr} 4% WEpHel A
JEE olgd AT, TEHA T
o

problem), B]~E ujoly &
1. 7|1&0| i SHE 0|28 ¢+ - AMZ: H|0|H

73A8t ool MAl g 7ol 2ol A2 FFHE Tlo|E7}F AR
= WA eR 2o|7] AT tEA o R ¢ "AL on|A|e] g F/RS
A ARdol st =8 A= 94 ARxleo] ZAAet Aol ARE uirt
PATE, WAl HYS Fall ket HHE o] &ele A FHTo doln 9
4 ARE el HEARI HelHEY HS B FEE FIA0R 4
A R 4 AtH(Donald and Storeygard, 2016). <& 91,
Henderson et al.(2012)= Hol8 F3o] olgf& w7t ZAIV 22
Qo] A|Fe] AAdE A=E SHoh] fal oRkE 914 ARlell yehd <
o s &5kt e AW Au, WH, A B FY olf=E

Hlgo] ol B HERALE A&3He Ao ofel g ABEYTANE 94

53
3L
[6})

24) TP ¥l&2 Sl et Q&3 IRt
25) FP Bl&2 A 73tellA 09] gk 7FA™ TP Hl&2 1] & 7H& 75 AUC
= 19 #%E& 7RI
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AL o]l g3 ¥zZgy AEH fHolEE AgAor 44 Ar|= 3}
(Blumenstock, 2016). FA-H°2.2 Jean et al.(2016)< %4 /\}1101]
7] ofzt 2ol A7) Bo Al3] 7HA ApRe] B2 Aw2 7} ko] A

Sz W3t AA A TR AFgslo] ¥l
o}, olw] Akg Qxzle] 7% Frg W] A

g PRE7R] A9 sRsdlof sl ols H 94 A9 EolAl F4t

=
ol9ol = T2 AETIE {§E ° 50
S 7Nt R B2 45 52 52 IR 39l AT AR &

A (Glaeser et al., 2018). gk 70| oA B, 28wt of
719ke] loJE] F3o] of & MAEFTAA HlZES St 53]
Aal AR FUE AFEEC #w WE HelHE AMESpE gt
(Blumenstock et al., 2015).

Al gEe 71EY dHolHE Jidste HedkE =Es & 5
Feigenbaum(2015a, 2015b)& Al 2{de] 5 7|Hz g~
e AHgSte] #AL] I Alx 2 dlolElet dAS HolHE Zt JHIE R
wgstel AAGAER Bl 471 (long-term) HelE] FHE 7Fedi=
= g}, ol WHo R = tF ofd AYiQl o9} o] F ATl
ol52 AAAIA B A EZo] Ad 3 Al olF WXl dFs 4
Tt} Bernheim et al.(2013)& 7] AlF 7] ARgo] ofele %
A FA i BIE dSalor & W, Bl 2dE o] F dvn
gt Fstaat e AT vz el Aol EASHA] A
Mol WA o] ZAGthA 7|2 2% wAloa= A 572 A
5 F Qe A5 Bl BdS ol88iA JHR1S sl did AR 1
9 AAl sl B HlolHE ShEdte] i o] 7iQle] Ao mA
oﬂzﬂ:—— oﬂz?ﬂ—

i&
.ﬂ“



2. 0| Xz 2HM|(prediction policy problem)

FII:I

Kleinberg et al.(2015)& ZAAIg AelM= F=2 JAI4HA F2
(causal inference)oﬂ WE wol 7R ©edt oS FEle] gdvte
= o] 3R AS NAAE ARV Bra sk o] S oS A A
(prediction policy problem)ﬂ} FE20} o2 odF A EAE vt
oAl 1 =2 B 7IAIE shEle AR HIE & A = 240
FAHE 7HAE7E mRlske Abee Hlaste] ARgth, dxke] A9 7194
oF AAl A-5oke] JAFBATL vl TR, FAe] B ] A

ks o Sshe Zlo] Fasith vl 2l dSdd AHE THRRE $
k] A 2 A5l #Al Hds &8siA 3 AS AT F dta
Zzo}. A4 2 9F Kang et al.(2013)3 Glaeser et al.(2016)2 <
Z(yelp) 22kl BHE o83 239 A AdHl "4]201 @ 71 od &
2ol 918 AHde salol & A A sk Hel = = T U5s

it} 26)

2E oA, oS BdE Aol S ZlidE del AR & 3
o} o & 9], Abelson et al.(2014)2 9148 ARE o] &3t Fx=F
@ F#F(unconditional cash transfer)e] tiide] =& FHZF njeS
ERA ol AT Al W ARRE Ao} gF3t § AFAY
s ZeHer 7w ol9k fAksHAl, McBride and Nichols

(2016)= 7AA] 2 FofollA HlZZE IS 7IU7] Y3l &3] AFEH
= PMT(Proxy Means Test)7} M4l &1 7[Hoz MAEISS APt

ot.

26) AH#A L 79 glo] dF o AAZE A A dexde] E F e FHE
o| 2 Kleinberg et al.(2015)2 =849 = & AldA o (Medicare) F3lAk
g AFte 7Ies o= £ o] 52 T v ol 55 3)E 7]
b Eere B wio] vladdQ] v & wf- Aok EWEG Fes e 34
94 el AE 4R o JiAEY] Bk 38 uhel Hz1A o R ET] wie|
e s v 4 lo FEZ 7 Fio] Fe AlS FERIE Aglgor ¢

‘3}. wEbA] Bxke] 1 of|So] A 8448 A% A F2 8%le] Hrh



= TefebA] Rt gt} ol Eo], dA AN tE A A
= 2)o|t}. upahA H]AAC] L2

Aol FAAA ] -golofof sk

2Rl 2RE T A5 W& o 233 dde] v EF, &

A4 Fo] Al HES S FEe] dre Aol 89 A4 A1E 9
2o =

oFgale] o] 5L Hstel f9lo] 471 of

Aol Al 7 doldt, FArH 3, Q1F Al 2okl Al de
Tokr o] Aol S Aelsta EAsks 7IHS A sk b2E wlio|y
(text mining)eletae BT 27 H AA dHolge] 80%7F AFdo (82
E)9} 22 HHE b ]Ei(unstructured data) 2 o]Foizl A& aelst
W o] & tleolH ] & FRFFeh= Aol 2] 7H-E A ATt et

oflz} 719 oAt 737301]}‘1 - Fad s & 4 Urt.28)

A g Fofl A= o] 7S o] &3l FE 717t WIX(frequency) &
= A 7189 HelHE AMAdsAY e AEE telHE FEalA
g-8she WA soE s &8Ha ot Hle #d fEA A=
= 7= E@E(trends.google.com)g HAAo] =g o] &al|A AAIZF 7
7] &L e U9Il=H (nowcasting) & & 4 Utk 7IEol= GDP,
ks i‘ﬂ] R FAL 5 AA AFE o] alA nzteol £, € A5
g+ A=, 7"""01 HEE o] &3lA AAZE o Fo] JhssiAl = AT

ot 71 f3 ATE= Baker et al.(2016)2] A2 234
’d A1Z(EPU: Economic Policy Uncertainty) & & 5 Ut} o|&< 1l
2~ mitjolof] Fdshk= AA A B4 dHE o5 A He

2 AESPE o] AR oG A, T4, 18-S ASE + 98-S

27) ZAAE Hoke] Aol A el wtE AMule] =% 2E Gentzkow et
al.(2019)°] AT} Kim et al.(2020)%= s &Eoke] Mujo] =Foln #Ha &&
W 2ol sl o AAIZE A S g3

28) https://www.forbes.com/sites/forbestechcouncil/2019/01/29/the-80
-blind-spot-are-you-ignoring-unstructured-organizational-data/#41c9f93
1211c



HAT Kelly et al.(2018)2 53 &4 fAMIS <|83dlA 1840-
20104 71zte] 71, A Vs Eilge’ ARE FFAA A d=
of f&%S Bt Gentzkow and Shapiro(2010)& A&EA] =27}
Aol AAA QRS wkdske Zlo] ofgt olaSiste] AIslS B
ok #follA A e rRRZIAIR o] AT AR A2 71 lel
= "1231"& Hol7] & Aot}

2ol A, AAE AEI dEE AFEe] v 29
Lucca and Trebbi(2011)= 7] 94+ FOMC ojZ2+el AHE-H Tol=9
=4 (polarity) & EA3le] A X5 e § Aol &5 53 ek
el B2 RS 73 S B3, Picault and Renault(2017)+
ECBeI| thaf %"}a AE BATE Acosta(2015), Acosta and Meade
(2015)€ FARE 48 F3 FOMC 99E Elo] 20029 =8 2%
33 v B7H ol At fAkeAlE Ae B

SV T 2kdo] A2 71HS A8 ol &8 AdFEo] Ut

3 %tk Kim and Pyo(2019)2 w2 7IAFS ol &3 & Ao 244

A (sentiment index)E 7% F o] A&7t 34 I, &8 55
Zol=A] ASoIATh. Lee et al.(2019a)€ °F 207t 19| HEE o] &3]
S

TU= JAEY] A 13 -1 Al @2 7H= AEE THElle
ol o] A7t BldE &3] stollA 719 AAEA MFERY $2E
71 w8 A% e o & d5dthe AE Bt Lee et al.(2019b) = Al
2 T A 4 ARE At 71Edde S A T84S st
wele] A& S5 ARl st
At 749 23 A (specification) ol Wzt 237} E2kd 71s4d<],
7l Bt e 56 L%O] n=roll e EAgttE ool ot ol of
9 39 sk A @ b Fof] HEH #d

ro| S 2Hsm o1 5o Ao|2 EEHGA FHolg HIsigirt 30

a0 o o

o
f
7
)
>
o
i
rlo
O%m

29) 2249 F897] 7 B¢ gL AM(words)el e AAH AA
(forward guidance) 9] F840] AXE=U A A 7[He] HH3 B S

ol & F k. T2l I Aol AT Aol tigk Aol =RoRE
Bholat et al.(2015)5 & < Sth

30) AP FeAztse] AR R FE847F 88 8t Aol ddshe A8 1
gl BA} o] Agx 897 588 sAdtH ¥ E VE FE ‘?“;?‘2}% 0e] A9t

5919 22 hawkishd Zog ol 543 4 gla o]& A3

FH
e
FE
on
p



VARZ 2H¥ FZo] 2 o] Felo 43 3AV =& A g, ol
of AxE F= 7] Fuloh AT/Ao] & Aow Yehtt

AE 5 o5 AT Hd= 282 & Utk o|Ee A
HElM e diZde]l B3 e o229 dS3 duputE A skeA ERlslok
gt #Al 22 olgf gk 7)ol H|Fo] o] 29| o5
= WX ul=ZE AAg}. Kleinberg et al.(2017)2 71 % &3t o
T(predictor) & ©]&g Aol o] oF¥S mugtt v E
Naecker and Peysakhovich(2015)= &% A1 E3A ZA FA7}
AR 2 B okl S wf | orAH S WeleAl dS53Tt
71E9] o|Eo] A dESFS Hﬂﬂu}ﬂg} Hlwste] 7hgh A3} o] &ol
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Abstract

With the development of various Al (Artificial Intelligence)
techniques and increased availability of big data, ML (Machine
Learning) is expected to become the essential technology that
would affect many aspects of our economy and society. With this in
mind, the purpose of this paper is to provide an overview of ML
techniques with emphasis on its application to economics.
Contrasting the key differences in ML techniques and econometric
methodologies, we first explain the key techniques used in
supervised learning, which are widely used in industry and
academia. Then we provide a survey of recent economic research
that uses ML techniques and introduce debates on its impact on
labor market and the value of data. We conclude with discussing
the current limitations of ML technique in terms of economic
research, while we believe that ML will fruitfully complement the

current methodologies of economics.
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