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R I 2 72Ho| 7|2 EE] A|Z5t0] M | Ci|o|E{E 0| 2510 A|ZFFA| =
A S AAISiCE

[2] Z2IUHE

1. SA 7|2 YL R 7|Z (1-25F3}) 3. Relaxing the classical linear model assumptions £4| ZAA
(10-13Fa})

2. Classical linear model and least squares estimation + Normality, Heteroskedasticity, Autocorrelation, Endogeneity
and IV &34

4. MLE, GMM &3 (14-1534})
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RIEZEO| 7| B . Y o[ E Az
(Tidyverse A|B2| T{7 || E FZ AM).

Hoj|M Io|E{E 2 (HAA2HY)5tHL APIE S35l A= E +sHA] HI0[E{H|ojA
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- BAs

. ”'E1|°|E1 /EC|0lE &8 A7
. D272 IJEHH 2 (Program Evaluation) HIAE 2tz 22|
. ZA|-|0|E{ A7Y R markdown &7 X &8 - H A 2t U [{A|2E OHS 7|
E£7|4 KOSIS & MDIS =4 Zate| 37 2 Asst
=2 (ECOS), 222 (DART)
IO (Sh =S, ALHAITIE §)







[1] Z2|=H

=2 1) O|A| B Cllo[e{et 7{A| B4 Ci|o]&f 22}
A

A0l ZAHIES EMol= s

A & 2HE|= Ot 0|2 S ofjx|2t A5S0| STATA (O|A|ZA| GIO|E{)2f R (HA|ZA| CIO|E) =2 a3Mo 2 ZISHE Zlo|Ct,
DOJA|ZA| cl|o]&: oi'd H|o|E] 24 (Panel Data Analysis) O] &2 =2|2 20| A|7t0] 5{&fctrtH O|LHMEH (Discrete Choice) 20| &
74 of| M

7{A|AA| H|0|E{: A|AIEEM (Time Series Analysis) = 2|5t 7| 220l 2 E2E0| A71%| 2 0|8 &3 Forecasting Analysis2}

Impulse Response Analysis 50| C}&£0{Z o
sh7|% 59 (2ICH 3Q1) A A|2HA| (Research Proposal) € A& &

[2] 2] L8

1-75%2}: Panel Data Analysis 8-14F2}: Time Series Analysis 155F2aF A A|OHA] BHH
- Introduction - Introduction
- Fixed Effect - Stationary ARMA
- Random Effect - Stationary ARCH and GARCH
Dynamic Model Nonstationary Unit Root Model
VAR
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[1] Z22|=H

UIG|0|E| SMo| SRR M Chet

[2] 22U E

1. {iled 7|z o|2
. Supervised Learning: C}¥st M33| 2| 2 (lasso, ridge, PCR ), MHEF2 3 H|M 2= Al kernel 7|®H), Tree 2
&, Model averaging, Ensemble 7|®H (bagging, boosting, random forests), AMZA% 23, SVM.
3. Unsupervised Learning: FH2&M, #2324
. Imbalanced data0i| C{3t 7|HE

5. HIAE Ojo|Y (M)




1. An introduction to statistical learning, James et al., Springer 2014

2. Applied predictive modeling, Kuhn and Johnson, Springer 2018

3. Statistical methods for recommender systems, Agarwal and Chen, Cambridge 2016
4. The elements of statistical learning, Hastie et al., Springer 2009




{]
&d
Q
<
i1
=)
[
BT
M)
Ul
N
ol
=3



[1] 227

(Empirical Industrial Organization) &=0F2| A|ZFZ st X

- OJA| 40| E 0] &5t 7|

- A2 E 20re| Hto|A BiH|0[E] E4{0] O]Z]

A d2o| ot & 71Y U 2|AHEE SOllA

)

=
=

2| E

al
=

u
I
<r
Ik
<r




o}
10
=
ofo

rz
1%
N
i)
rhu
kJ

i)
oX
X
—~
>
oN

ox Jmn
ngE >
tob

of oX OH
N
18]
ne
4 e

of
oot

=

St
(=]
22}l Algjo

2. Python 7|2 4 &8
- Jupyter Notebook
- Scientific Libraries

- Data and Empirics

| wicilo|4: o]

3.STATA7|=2 4 &8

= =2 0O

- Data manipulation

» Statistical/Econometric analyses

4. HoE] 24 25

B —}
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2. Statas
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[2] ot
- g ODzdE

- mRME: LR 27 of5,

[3] u2f
- E4M MRS, 2|2 AM|E (Financial Economics), I|QHA|O|C|0f, 2018

- FnGuideH|0|E{S A}23}0] Colabo 2 A% (ZQJRIE 23 HYs)




[4] Z2AUE

1. 28348 ofsH 7. AlZe| 843} Behavioral Finance (10~1132})
7|9 - Ao H2EH: dI57tsd, ARIATF
A7 0|2 - Prospect theory
- CHEAQI Al2|A mo|: overconfidence, sentiment, herding,
anchoring, conservatism, mental accounting, etc.

.HE9| o3l (1254}
mMEo| Z2: Mutual funds, hedge funds, private equities, etc.
HE 287 4018

Strategic asset allocation vs tactical asset allocation

7H13Fa})
. WZE2A0|23F CAPM (3~53%a})

W23} 2 A0]| THE 2pAko] Me
HIELS] JH B B} (ZEZ2|27H) 0|9
AA7HHHH 2 0 2 M2 CAMP(HIERS] Al 10, THENE (1423})

; - - OMMAREO| Z2: Options, futures, swaps, etc.
. A9 742H2 APM (6~9F2)) nr;frfol o;ll-- A-|?='-| 2'A=|o 24 >

Arbitrage Pricing Theory2| 0|3 > Crzifen mipleE e
atei7{zfof| 7|5t ZEE2| 29| 1/ 11, 2HE (1533}
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[1] 20|28

HAl, 28 2 =HE3 20k Big dataZt 228 A2 7127t 02 =2 A2 2 oS &1 U= Z0F0|H A2 0f2] YHSZ Big
dataZl AtEE| 2 golct, ek, 2eUoM= HAlL 88 2 =AlsE 20F2| Big dataS 0]-2510{ Big data =442| 0|23 7]
F2 7|0 chigt A b= 2t Zo] UA0fal5t, A2 /oA ol2fet 7| HSS 2 2|At

2 BYAIT|E

[2] 227l

- A, 28 2 ZAHZ8 200 F2 HESQUGDP, AH|, AAHE, QAE 0|4, F7I, 2tE 52 &
prediction of the present; Macroeconomic and Financial Nowcasting)= Sh&SICH EA412/AIZFA 7|HE0]| CY
20| Yot E kA 7]7] flol], 2| MEHDL F2I3H(variable selection and regularization)& S22 6f= LASSO

etLt.

=31 +& =0I|= Ridge

regression

ZREES




[3] 2t=4/0|8
7{A| & 2820 Big data 2A0f|M 712 22 % 2t2|5t1 Y= Google TrendsE £3510 Cpkstn 2
£ £3siCt o|2 S50, GDP M2H&0f| L3l Big datas AF23510] Nowcastinggt2 24

Nowcasting= <lisl
OF ofL| 2} CfFet sAl ZHA0{0f CHet DataE O|25t0] AHF0|H Q1Eg 0l dE, F7t, 22|11 &=2 of

[4] Z2IUE

2 2 /M 38 HES9 0f|=(Nowcasting)

1. RZZ72Ho|| st 7|=etS5 L 2 4. +2 =58
g,

- Data: Datastream, Bloomberg, IFS25.E{2] 7{A]|, » Data: Google Trends
=28 % I3 820 2Hy= - Method: LASSO, Ridge Regression

T LT 2
- Method: REZ2122
5. 97|tk 2} 20| 42IHtH

- Data: Collected data from the web

2. 4A|, 28 % zAZ8 20F F2¥s=2| olslet &AM
« Method: Web-scraping2}APIs

- Data: Datastream, Bloomberg, IFS
- Method: Descriptive Analysis

F2 HA|AA HEE2| 0f|=(Nowcasting)
- Data: Google Trends
- Method: Simple Regression, LASSO
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Healthcare system and Institutions

2. Production and Cost of Health

3. Cost Benefit Analysis
6. Health Information Technology

- eoflA

4. Demand for Healthcare
5. Health Insurance

7. Data Analysis

1.

[2] Z2AUE
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- 0| 22 A L 38 AALL 3 714742 cresst

oS 2 7te| SA12 Bt 84 :

[2] 22| W&

f-‘-’.; 1|10|E{(high dimensional data)7} | 335l= HAEE HAl2{d 7|Ho| M

Ayt £ of|22i0| S| WU} A AFSHE D} direct forecasting S Ol

1) 7|9EME 0|2510] 7|HUES 1E5l5H= Y (unsupervised learning), 2) random

2 M} :‘751, back tests, 3) é,*’é,*ﬂilll of
S AmECt

27} 0|22} M3} H| 1 (supervised learning), 12|01 ZEZ2|Q 1M ZTEED|
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[1]1CHE 22

GSID003 H|O|E{H|o| A
GSID004 Ci|O|E{H|O| A A| AE
GSID012 G|O|E{A| 25}
GSID014 ZAHA|AEH
GSID018 H|E || 0[E| &M
GSID022 2¢i0fx{2|2 8

GSIS001 ¢=shl=

[2] 22| LHE

[~

https://gsic.skku.edu/gsic/data_curriculum.do
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