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5= 7)8 AR =)
211 A= Federal Reserve Bank of Hall (2018)
el EHE Kansas City Cook & Hall (2017)
Federal Reserve Board Sharpe, 81;18211,7& Hollrah
2.1.2. 719 (2017)
2.1. AAZAA A AIA 3 Chakraborty & Joseph
A7) Bank of England (2017)
Federal Reserve Bank of Shapiro, Sudhof, & Wilson
2.13. AAAE San Francisco (2020)
A%
Federal Reserve Board Puglia & Tucker (2020)
Lam (2018)
Bl Ll Dimov (2018)
_ Kolanovic &
X glolE
2.2.1. 472~ HlolH e Loz Krishnamachari (2017)
Bank of England Nyman et al. (2018)
222 A3 =R Zhao (2018)
P Global
5 A g0 El S&P Globa Zhao (2020)
719 A Kolanovic &
o
2.2.3.SNS do]¥] J.P. Morgan Krishnamachari (2017)
Bloomberg Quant Research
O|E
2.2.4.ESG H|°|H Bloomberg (2020)
Federal Reserve Board P'1ke, 1o v, ik €5
225 AFAE Zimmermann, T. (2019)
R Chakraborty &
y & Joseph
Bank of England (2017)
Sasaki et al. (2018)
23. 1 #Y €W 54 4 GPIF Tajiri, Sasaki, & Kitano
(2019)
24, 19 AL Alg Cao, L. (2019), Denev, A., & Amen, S. (2020),

Eagle Alpha (2018), Kolanovic & Krishnamachari (2017),




2. 2] Abdl

AFA s 71AIgEFe e wg7lde AL&E AbEE & ]9 AABA
A%, A1 2 719 24, d9= w9 54 24, a9a a9 A8 AR
ERekel A2 5 ok B3 FAL J1FOE AT AR, T4 4G 2
719 &4 7 vhefetAl AEE AL T v AAAEA Al 489 A=
18 5 ek ANGA AR gl AHE vl TR vRE %L
wolm glojd mdle] o BEE JFoR ARERT 5 gow, AF o
719l wek 242 &8 H = tolE Y FR7F uste] HolEHE VEow®
AR F A TRt
[ 2] AABA A% #d A5 29k

A & 71 4 714 AZHAE)
Federal Reserve Bank .
PRS-
A& of Kansas City Elastic net Hall (2018)
PR R=!
211 A998 Deep neural networks
SR Federal Reserve Bank | (Feed-forward fully connected| Cook & Hall
= EE of Kansas City NN, CNN, LSTM, Encoder- (2017)
decoder network)
k-NN, Decision trees Chakraborty &
h= A== il >
=HeE e e R forest, ANN, SVM| Joseph (2017)
2.12. 18]
BAA % A9E
27} Mé’% Federal Reserve Sentiment analysis Sharpe, Sinha, &
O O P}
AR5 Board (TF-IDF) Hollrah (2017)
7 A A 2] %] 2= Federal Reserve Bank | Bag-of-Words, TF-IDF, | Shapiro, Sudhof,
e h of San Francisco Lasso & Wilson (2020)
2.1.3. AAAT
913 3 Federal Reserve ANN, SVM, Random Puglia & Tucker
371 2 A Board forest, XGBoost, (2020)
LightGBM




st el & Mles AAET IEa

&= A}7]3] A X 9 (Autoregressive model, AR)
wE AR 4RSS 3@ AUAS 4RE vwsis el AN Y
ol #E AFE [E 219 ok o T |4 o] BAL

AJES xRl AAAZEN SRl T3 ARZE AREHH,
W3 o] F FAEE AerF AV wiel Al Wel 28 tH(Cook & Hall, 2017).
=29 AgEe] st F4=
A A3}t FRED(Federal Reserve Economic Data)oll A 138718 AAHAA A &

d

Hall (2018)= Elastic net 3]#&A] 7|Ho=

=
195958 2017714 FAlete] A4S A&skar 1988714 HolHE 72

el ARgekglth 2 AYdE Aol st 3/EFE 247 S A 7]
Axtsto] A& E=E &Qlsh d¥k= [ 319 &t Elasticnet 28] oS53t @27}

¥ F(Random walk)E HIX3ste] A7) HARDY AE7|8F 4% (Blue Chip
Economic Indicator) XU% w2 Zo=z yelyrow, w©7|7HEE 2471
ARk B Adddozs 52 A9 s: Ko 1271€ed A%
AEAIE B4 %2 2102 Y4y, Elastic net 7]H e w77 A& =7}
ou|Ql= Ao R YERST

rir

A
ﬂ

Shs
X
tlo
=
o
ol
ol

2
)

2 Shapiro and Wilson (2019)2 H]AE EAS %3k 57} 3 x
3 FRED+= A9l EFo] A A ul=H] 238 (Federal Reserve Bank of St. Louis)o| 4] & 8F= 7 Al

dlolElHo] 2ol m 767,0000]172] AlAIG dlolElE A& S Th(https:/fred.stlouisfed.org/).



[E 3] A5 = 24} (Hall, 2018)

Horizon Random walk AR Blue Chip Elastic Net
(months) (percent) (percent) (percent) (percent)
3 0.35 0.23 0.26 0.17
6 0.53 0.38 0.39 0.27
9 0.79 0.58 0.52 0.42
12 1.00 0.82 0.65 0.58
15 1.22 1.04 0.76 0.74
18 1.49 1.30 0.92 0.88
21 1.69 1.55 - 1.02
24 1.91 1.78 - 1.20
Average 1.12 0.96 - 0.66
Panel A: Elastic Net Panel B: Blue Chip Consensus

Smoothed unemployment rate (percent)

Smoothed unemployment rate (percent)

Smoothed unemployment rate (percent)

Smoothed unemployment rate (percent)

= Predicted
® Actual peaks
® Predicted peaks

— Actual

i . — Predicted

9 I ® Actual peaks
® Predicted peaks

ds 8

47 7k

H6 6k

4s sk

4 il

| L I 1 |
1992 1996 2000 2004 2012

Smoothed unemployment rate (percent)

Smoothed unemployment rate (percent)

1 L
1996 2000

1
1992

Smoothed unemployment rate (percent)

I !
2008 2012

Smoothed unemployment rate (percent)

w— Actual -— -‘\dulil
sl "% Acmipaks 1o | 9F o Auipess L
® Predicted peaks ® Predicted peaks
stk 48 sk <8
7F 47 7F 47
6k 16 6F ¢
st 45 | st 45
AL 1 4 ir I 1 I 1 1 1 14
1992 1996 2000 2004 2008 2012 1992 1996 2000 2004 2008 2012
[29 1] AHE &8 d5A (top: 3712 A, bottom: 12702 ) (Hall, 2018)




P

4] AAE

AT o= 23 (939]: /1Y) (Hall, 2018)

Horizon Random walk AR Blue Chip Elastic Net

3 6.2 4.0 4.2 0.6

6 8.4 6.0 7.0 1.4

9 10.8 8.8 9.2 4.0

12 15.8 10.8 11.8 6.4

15 17.8 12.8 14.0 7.0

18 18.6 13.4 12.8 8.8

21 20.8 14.2 - 7.0

24 19.8 13.8 - 10.0

Average 14.7 10.4 - 5.65

7 o =
[3f 5] A E22ME A7) 29 M7 (Hall, 2018)

Description Coefhcient Category

Consumer sentiment index -0.015 Consumption, orders, and
(0.006) inventories

Help-wanted index for United States -0.036 Labor market
(0.016)

New private housing permits, Northeast (SAAR) -0.165 Housing
(0.082)

Six-month Treasury minus federal funds -0.205 Interest and exchange rates
(0.065)

Three-month Treasury minus federal funds -0.216 Interest and exchange rates
(0.060)

Average weekly hours: manufacturing -0.237 Labor market
(0.073)

Civilian unemployment rate 0.590 Labor market
(0.062)

Note: Standard errors are in parentheses.
A 2~ 5 =]
AMAAA e A7) s e Ae Tasy] Wil (19 113 2ol

ARE =& A5 47 5% #els

Foleh [ 41 oA o=

A Aol

o,

= A

A A

A7) 8] 9] 2.9o)

A (ﬁg-/] j_7_7<

TA- ARG dup} xolr} WA E=AE RHolFT

M Htr -4935FA % Elastic net©]

AT 7

QA &= A S 2 EFSET Elastic net<> 3] A2 ol 75 3H(regularization)”}
F7He 7ol EE fFonsk ST ARE S ¢ k. vm AdEY



270 AgA = [3& 5]l vEbd WeEo] fovs Zo s yERT

Cook and Hall (2017)<> AHE A5 918l A 54173 " (Deep neural network)<
TR0 ZE FASIS T 71AE %S 71'H <2 Feed-forward fully connected neural network,
Convolutional Neural Network(CNN), Long short term memory (LSTM), Encoder-decoder
networke AF&-3to] AlA|DEA] o] A7tet AAEL7FA] A4S AT 1=
ALE 5= Sl FA AdE AALE JERE ARESleH, 3 3670€
AAE dolg el &), 23 AHE7HA] dH TR FAEY] Eddle gEetaitht
o] WEE Friste] Rds AAlste Aol JhsshAN, AYdEL AAL

=

g 3l R
Agatel s setshe e BEZ AYSIh 196397 20149 AU

dole & 1996d7kA]  HelEE 7| sHS s, oFE  1271€
A Z A 7kA] Aakskd o,

[ 6]2 A75 HW, CNNZ LSTM 97l go)d S Alslstas A4
mdo] A7 ARH(AR) Kt v 4] W QAE HojFa itk AES E%
o]

= (Survey of Professional Forecasters, SPF)7}2] 1123 %= Encoder-decoder 7]%->
v WA VIl oSe] o Agst Zlom Rt AYdEY ¥HMais

=1
glst dytx [1¥ 2]9F #©] Encoder-decoder 7] o] AT ZHtu 183}
AdE o wEA A= Aoew Kozl

4 Data source: US Bureau of Labor and Statistics (Civilian unemployment rate, UNRATE)

> Survey of Professional Forecasterst= Federal Reserve Bank of Philadelphiaoﬂ A E7]wic}
MEEE ANGA ol ZH 0], 19683 RE AFR 1Y SR AAANE A ) Solr,
(https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/survey-of-professional-

forecasters)



[3 6] HSAAT AAE A5 HF (Cook & Hall, 2017)
Fully CONV LSTM Encoder | AR SPF
Connected Decoder
Horizon
0 Months  Mean MAE 7.6 13.4 10.4 4.4 11.7 135
St. Dev. 2.7 5.4 05.8 0.2 6.3
3 Months  Mean MAE 25.3 25.7 27.3 18.4 328 271
St. Dev. 2.9 3.5 2.8 0.1 9.3
6 Months  Mean MAE 441 48.3 47.3 30.5 49.3 41.2
St. Dev. 4.1 3.1 6.6 0.5 15.7
9 Months  Mean MAE 63.8 80.4 74.8 46.1 65.8 56.8
St. Dev. 4.8 4.7 11.0 0.7 22.8
12 Months Mean MAE 87.0 111.6  101.7 62.0 90.7 720
St. Dev. 4.9 Bt 20.7 0.6 20.1
0 Month Horizon 3 Month Horizon
10 10
9 9
8 8 I
!
7 7 h
6 6 |
5 5 |\
4 4
1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016
6 Month Horizon 9 Month Horizon
10
9
8
7
6
5
4
1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 1999 2001 2003 2005 2007 2009 2011 2013 2015
—— ENCODERDECODER — SPF
- ACTUAL

[1% 2] A9E =873 o5 23 (Cook & Hall, 2017)




2.1.2. 18] AAAE

Sharpe, Sinha, and Hollrah (2017)= ZAAAIG 45 $18] 9XE nlojdS

ot
)

774 74 (Sentiment analysis) 7} 4] S SHEFS T o) =
AYFTMAIZL LS (FOMC) &2 o]dol Wiy s AWFEH| A L o] AFS] (Federal
Reserve Board)®] Greenbook©. % 7HAJA]-& ZH&sto] e &4 = F3ZA<Q
e A A5l wrFskld 89717 23E 20059 FEH 2009 74
Z1Zbvell= [2%F 319 FEEFHFE(Word cloud)HH S 2 B dojrt

O:
o

HSEH AT 1973 d5H 2009974 24 A= [2F 4]0 EFE glon,
R F7VEo] = (Exponentlal weighted moving average)= X 77| 3%Ho]

disappointment
relief stable undermine msecumy

?DDC'[‘MI'faS\E%t?g%Jee tst Yl'acg dlsruptlon
appreciable
support appromanon 9 a_u_mbaddepress

sy Sor

>impetusboost jsiv - Sﬂ'“mpadverse -

1)
¢ 2 upward surge ~negative =
3 apOSItIVGUSi;g? recessmn"‘"—c turmo_l,l_
E particularease | losshit ¢/) lfjmeess"i ')
improvement?er ' emegen L), sty
moderationoptimist *pessimistic
< progress ¢ O)\‘ pe——
=2
7))

[Z1¥ 3] Greenbook(2005-2009)2] F74/574 ¥1E Z29E (Sharpe $,2017)

. Standard deviations
Eight observations per year after 1980

Py o - o - ~ w -

lj_LllnlLAJ_A1A1111411111111111111111_.L1

1973 1997 2009
Note: Shaded regions represent NBER-dated reoesslons Tonality is standardlzed to have a zero mean and a standard deviation equal to one. Prior
to 1980, Greenbooks were produced nearly every month, thereafter the frequency was reduced to eight times a year

[1% 4] Greenbook(1973-2009) 7/ A<= (Sharpe %], 2017)



B AAAETE AA A= §on s S g2lste] 95+ Greenbook®l

=
of Qli= HAWAQL HWEte] Greenbook® FAAAFIE FrE ArE ol
=
=

ot
)
el
o

3 A5 (Tonality) & A +7F5©

R
g
i
o
off
:cl‘;é
-] (
rS
ol
ol
b4
)

AFE-3F E @ & (Trend tonality) 2} 7 2 X}(Tonality shock)® &3to] &4 zl3 st
W, [E 7TIAE @S EYE 287 Ee 487] AWl Fond Ayt

g A4S F3 Greenbook® A ARE AYE dFol=

[ 7] ZAAATE 3t AAAGE =4 23 (Sharpe ¢, 2017)

Quarters Ahead 1 2 4 1 2 4 1 2 1
Panel B. 1990-2009
Staff Forecast 0.95*** 0.92*** (.76*** 0.86***] 0.79*** 0.60***] 0.83*** | 0.74*** (.56***
(0.14) (0.16) (0.22) (0.13)  (0.14) (0.17), (0.13) @ (0.13) (0.18)
Tonality 0.16°% ] 0.31*** ' (.71***
(0.08) (0.12) (0.26)
Trend Tonality 0.24 | 0.54** 1.22**
(0.15) | (0.26) (0.47)
Tonality Shock 0.08 0.07 0.09
(0.08) | (0.12) (0.20)
Intercept 0.24 0.33 0.91 0.28 0.45 1.18 0.28 0.47 1.12
(0.21) (0.39) (0.99) (0.20) | (0.34) (0.76) (0.20) | (0.33) (0.74)
P(Forecast = 1) 0.701 0.606 0.274 0.292  0.130 0.021 0.189 | 0.052 0.013
Observations 154 154 154 154 154 154 154 154 154
Adjusted R? 0.53 0.45 0.25 0.55 0.49 0.36 0.55 0.50 0.41
Residual Std. Error  0.74 1.06 1.80 0.73 1.02 1.67 0.73 1.01 1.60

=]
B4

e
o

Chakraborty and Joseph (2017)= 9 =9 E7HM<sE 2 ddX]o o
el 71 A%e shEshyl fsked 1988:dFE 2015744 1370
AXNABAAZE 718 volHE ARgsAth® BV E EEES 9@ NN,
Decision trees, Random forest, Deep feed-forward artificial neural network (dFFANN),

Support vector machine (SVM) Z]1A|e+E 7|HHS dHlustgly, =29 8§97

¢ Data source: Bank of England Statistical Interactive Database, Office for National Statistics, Bank
for International Settlements, World Bank



Aol wWIm FAaseith. ¥4 Ayt FEd |
NS (FFANN)T  SVMe]  w5917] oldd 7Fd Ag=7F %o, F
2y xes ARgstd AAZIZE M £ d5ARE BT oy VTS
AAE ] gEdgor FgEE= AV AR

H Fg3 Ro7 Aur)h ek,

kel
e
o
H
2

A(AR), ¥ 2] 59 2 A (VAR) BTk

[ 8] 275 E o5 22 (Chakraborty & Joseph, 2017)

I testing (full period) l testing (pre-crisis) | testing (post-crisis)
method | error  SD  corr. | error  SD corr. | error  SD  corr.
k-NN 0.95 1.11 0.23 1.00 107 060 ] 092 123 0.02
regression tree | 0.90 1.20 016 | 097 1.03 060 | 084 144 -0.18
random forest 08 116 021 093 097 065 082 139 -0.12
dFFANN 097 1.76 039 059 076 087 1.23 180 0.44
SVM 0.78 1.33 0.16 047 0.84 0.73 1.01 1.17 -0.26
SVM-dFFANN [ 0.67 127 041 048 0.73 084 | 083 139 0.31

2.1.3. BA A%
Shapiro, Sudhof, and Wilson (2020)> AlZ7|AF RS Fall AA dist
St A4S APkt ol & 3] 1980 F-H 2015 744
167] AEALS] AE7)AF 238685705 St A TS HlwstE B =
ATol A 8007 1A A s st ATl &t AT
H | &4 g8

)
av
X
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r
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v
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i
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N
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o
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r,
M
N
>

1 olF AN AAAEE dS5et=d &8 ¢ =R FAS S
H A, Bag-of-Words(BoW) 7 B
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2015m1

2010m1

2005m1
Consumer Sentiment (Michigan)

2000m1

1995m1

1990m1
News Sentiment

1985m1

0
suolelnaq plepuels

1980m1

A< (Shapiro 2], 2020)

[29 5]

GloVe(Global Vectors), BERT(Bidirectional Encoder Representations from Transformers)
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Nested Time-Series Cross-Validation Results
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Number of Features

H7 o] mE 71A1E<5 A3} vl (Puglia and Tucker, 2020)




skt AAGRS WHdste FAdESAd Ve, S&P 500 AR,

LightGBM 71H-& Hlwatgith. AlAIddoly Ao Z3dk Nested cross-
validation A|QFsle] 1972 F-E] 201974 € dlolE = 48 aYst 2},
[ 71% #Zo] AYRTE F7istd® 87 ol Ay Sk & 9o
Aoh= AS WYk 181 7|2 A Q] Cross-validation?] A 3¢} th= A A|Qtsh=
Nested cross-validatione AF&-3t¥d  7]AIgE  7|HEo HlWZ I Probit
regression®] A7t A ygton, ¥ @B HEER FUF B4S AYSE
A7t vk Asskglt.

Oft

22. AN B 71 A

dlol8 w4 7IWe wAY gEo] kst Holel FHo] ks A A
A Al ik HelHE &&et= Abel7E ket Y 1
> J(Text mining)?}  AFA ] A 2] 7] < (Natural  language
processing)® 74 (Sentiment analysis)= 423t AbEH7F B2 Aow

ZA R BAE ulo] e 3 BAS 29 A EE AX 5 FP5Eo]

FAS o Al 257 fskel, ¥ delAt [E ol acokdl 2 Lol

=3
2, AAEE, 2AvTlol, BSG, AFAE FHolHZ AEstele] #d ATE

22.1. 772~ HlolH
& dolHeE 7MY tixdoer &8¥= fijkd dlolHolth A HolH =
HYAEZG(Web crawling)s &3l w24 7IAF ARE FHSE WHE dou

HZol= 7k E A HolHE Ad AMHAR Skt Qv
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71 =4 71 AAH A=
Bloomberg OLS Regression Lam (2018)
Bloomberg LSA, ICA Dimov (2018)
22.1. &
wlelE Sentiment analysi
ysis
N t al. (2018
Bank of England (Bag-of-Words) yman et al. ( )
. . Kolanovic &
J.P. Morgan Sentiment analysis Krishnamachari (2017)
S&P Global Sleriingii el s Zhao (2018)
222 AARUR (BoW, TF-IDF)
HlolH Sentiment analysi
ysis
Sl Gllosell (TF-IDF, Cosine similarity) Zhao (2020)
2.2.3. SNS . . Kolanovic &
ol g J.P. Morgan Sentiment analysis Krishnamachari (2017)
2.2.4. ESG . . Bloomberg Quant
o] g Bloomberg Gradient boosting tree (xgboost) Researchg(?%ZO)
Federal Reserve fLOngth regression, Random Pike, T., Sapriza, H., &
Board orest, Gradient boosting trees, Zimmermann, T. (2019)
ANN, SVM ’
225 AFAE Naj . .
aive Bayes, k-NN, Decision Chakraborty & Joseph
Ch Bank of England trees, Random forest, ANN, SVM (2017)
Bank of England k-means clustering Chakrab(c;r(%/;?)c Joseph

Lam (2018)= Bloomberg®|A] A|&3sl= 72239 = (Newsfeed) UIOJEE &3t

PgRe] Zrksh ofld dwo] glA selstgith FpAl EHAAE Fe

N

X

o

2l 2~ (Key equity news)’ 9} ‘s=%H(Controversial)’©|& FTAZ #FH 7
5

2 d¥d AT E FEokaL, OLS 3| FATA(OLS  regression)<

o
=

i

201358 20163714 wl=r AL 50071 729 FEY AAAFHTY #A

EAG T [27 8ol Qokd ARE Y F29 FAYLS T4 w2
AV S Hola AZFFdel L VIPddTE w2 ddAol e Jow
LHERRL T



Sentiment impact averaged across 500 stocks Sentiment impact averaged across calendar years
0.45% in groups of 100 stocks ranked by size
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inaek_and_nocon 0d5% g - - K 7 +inaek_or_nocon
e S 0.10% .- g inaek_and_nocon
e
- 0.05% s
0.00% 0.00%

2013 2014 2015 2016 Largest  2nd 3rd 4th  Smallest

[29 8] FAAF2 F24 FAE°] #A (Lam, 2018)

A0 A P T A v FANE ARRSte] TheA =
Hotou, EEW I(Bloomberg) T~ HIOolE = FRIZNS FAZ EFEH
ey, £5 ol W A dolHA JugE FREZ e
ZIWel st FAS FrtE Adsdn. Frie] FAE BF BAseE A
H g &% o]2 % Dimov (2018)< LSA(Latent semantic analysis)®} ICA(Independent

component analysis) 715 At&3sto] AHdF4A B S B3l AuiddleE & FAE

FE3 T A A FAE 256719 APoR 70%dE=TF AW Thsst
2o

2 Zsit. 4 oAz EsrE [29 9]elA = v]E NFL V|4 574"
‘49ers’2] 71AM7Y 25670 = 1709 Qelow i Adwo] redty, I Q¢S
+5 #AE FASE FAAEHY A= AS E 5 S

[C13 9]1ICA 7IHS A& 772~ 22 (Dimov, 2018)



Nyman £| (2018):= Al 7FA] dlolE] $75 &&ate] A A=
s Bkttt 2ol (Reuter)®] 2 7IAE 1470 FHARY BaA, A #d
4 #2383 (Bank of England)®] W% A5 E vl #4]5}SIt}h Bag-of-WordsE &3t
O [2¥ 101 o] AAATFE AT £ glon, A 7k eI}

A =

- =

=3 A RS BoFe e ZIE v O"eAN 2ol wAe
i

>

=
RTRS, =3dA} HIiAE BROKER, I3 2 z8E MCDAILY®Z

& 714 (Excitement) Y} = F 7 (Anxiety)Z WAl H W, (28 1113 20]
<

Aol gt Eotfto] WMo dF¢FS F= ASE & 5 Uk ol A #H
2% MCDAILY &} ¥ Hlo]E] RTRSS Ax BT H]S=6HA EQkyte] &

dol EA AL A A el Nk E T

- RTRS (green)
5| == BROKER (red)
- MCDAILY (black) IrishR

ol \gq‘) _LOQ\ _LQQ") 10Q5 100’\ 1009 10\‘\ 10\3

[713 10] 73 A]5 ¥l (Nyman et al., 2018)
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[Z13 11] Excitement/Anxiety 7473 #]5= (Nyman et al., 2018)

Nyman 9] (2018)°14 F&3 HAAAAFE thE ALY vludRd [
1012 2ol gldrt® [3E 10]9l= VIXA| S, MCIA <+ (Michigan Consumer Sentiment
mde)2hel ARAGIL Eitso]l fod, MEe BAAS ke F A

q

s
A B Be BRASE Roln vk & BARAS Bd A%

9 Nyman £] (2018)% U] W2 |49} B a}% 12 91 ¥} ¥ 7| (Granger causality test) 2] &=



AEEe BeaE AL el aash BANE w AAL Ao o)
WA T AR EA Jbestth (¥ 121914 el FEAA =t
WAYS W FAAES TG AT J17k] meh oW G WA
HolF1 glr
[3 10] A A T & glAa A+ A#AS (Nyman et al., 2018)
MCD RTRS BRO VIX(-1) VIX VIX(+1) MCI(-1) MCI MCI(+1)
MCD 1 059 - 0.54 062 0.66 0.24 026 027
RTRS - 1 0.71 023 037 040 0.49 054 058
BRO - - 1 0.34 0.60 0.68 0.34 066 087
MCI: Michigan Consumer Sentiment Index
Preduction Employment
5 10 1[5 ?[ﬂ .’I) I‘ﬂ 1‘5 20

Months since shock

Months since shock

-10

T T T
10 15 20

Months since shock

[Z29 12] A ol &3k A%

& (Nyman et al., 2018)



JP BZAJP Morgan) A3 A& HIiIA= 74 HolHY TARENS F3I
FAAGER oyt =A, S, AEAY FAdE &8 F Qe AS
K ¥ tH(Kolanovic and Krishnamachari, 2017). RavenPackol|lA #|&3l= w2~ 7]¥k

A HolHE &gt HAsE TS [ 1312 =AY AT

1200 0.30
1000 0.20
800 0.10
600 0.00 LI , i e M I]I |
400 -0.10
200 I I 0.20 -

0 *T_T_'.* T *l'_'_T 1| -030 -

-0.7-0.6-0.5-0.4-0.3-0.2-0.1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 2005 2007 2009 2011 2013 2015 2017

[2% 13] "= =] ZAd A5 (Kolanovic & Krishnamachari, 2017)

Risk Premia 1 2 3 4 | Risk Premia Risk Premia 1 2 3 4
Volatity - Equity 1 Volatiity - Bond Volatility - FX 1

Value - Equity 2 0.16 Value - Bond Value - FX 2 -0.02

MoM - Equity 3 002 014 MoM - Bond MoM - FX 3

Carry - Equity 4 016 003 50460 Carry - Bond Cary - FX 4 022 008 001
Sentiment-Equity 5 004 009 008 -004 | Sentiment-Bond Sentiment-FX 5 003 -003 -002 -0.02

ZIATSE ZI¥e A&std vAPE dHolygE FXAgkste] ARESEA
Vsl M) S&P FZH(S&P Global)> A ZAWtE 3o HAE V]|E8 83}
QAL A A o] Wkl 45 2383519 tH(Zhao, 2018, 2020).




Zhao (2018)x AZAER 3|9 7|Fs FAste] A AHS e AEHE

FEe] 71909 Aol wrdskdth. A EAS Bag-of-Words, TF-IDF(Term

=
TAE FAseH, ol &3 %“é—’?'], Adsrihn] A, #HT
PAES)
= 1

g4g [E 1313 2ol F7tE A AAE e A% FEe
A% wEA A9 EZES AHgSel Waehl AdeAd AT wol

2
A EAE AU o AQARe 2HH 0w Hrlet ddeAE

HEEE S5l A Bt

ARLE o] F Frhe) vaART FAFA} $25E § A5 FFol
oa, e T £AE wel Agss A% Aust el wIUSE
Hpdths Ae Btk 49w BN wol= #Hel Fow xolm
N9 AnPgAe wAel 44 Fad 20 tehgrh gazwe] wHA
H Zed 24 A9t (2% 1409 Qokdol glom, P4 A1dd 9%

Alzado] 7] #AA Q91 (Beta, Size, Value, Momentum 5)°| AH3FA] X5h=
7

e TR el AdEdtts Jlolth HE g HolHE A

=

12] 92~E 7|9k 7+ X (Zhao, 2018)

Sort

Signal Construction Order Intuition
The frequency of usage of positive words by executives in
Positivity # positive words D an earnings call may reveal their (true) sentiment about
| # total words their firm’s future prospects
Executives use negative words in an earnings call when
Negativity # negative words A compelled to fulfill legal or fiduciary obligations; the
| # total words absence of negative words is viewed favorably in our
narrative
(# positive words - #
Net . . " .
Positivity negative words) / # total D Takes into account both positive and negative words
words
Positivity to # positive words D Similar to net positivity but amplifies the magnitude of the
Negativity / # negative words difference between positive and negative word frequency

Note: D = descending sort; A = ascending sort



[ 13] B1AE 7|9k &% A]71Y (Zhao, 2018)

Sort

Signal Constructi
igna onstruction Order

Gunning Fog Index = 100 * (average words per sentence + %
of polysyllabic words in a call) where the polysyllabic cutoff is A
3+ syllables

Transparency: Language
Complexity

Transparency: Presenting

. Ratio = Numerical Tokens / Total Word Tokens D
Using More Numbers

% Difference = (A — B) / Abs(B)
e A= average metric of analysts called on
* B = average metric of analysts not called on A
s metric = {FY1 EPS estimate, price target, numerical
stock recommendation}
Note: D = descending sort; A = ascending sort

Transparency: Analyst
Favoritism

Sentiment and Behavioral Based Signals Derived from Earnings Calls
Annualized Long-Short Excess Returns
after Controlling for 8 Risk and Alpha factors
Russell 3000 May 2010 - Dec.2017

4.00% 6.00
= adjusted retums (lhs)

m t-statistic (rhs)
200% I I I [ temtsto=2 |
0.00% 0.00

8

Annualized Average Monthly
Risk- and Alpha-Adjusted Returns
~
8
T-Statistic

Positive Positve Positive Sentiment Transparency - Transparency - % Transparency -
Sentiment Sentiment Trend Change Language Numerical Tokens Low Discordance
YoY Change from Complexity in Prepared in Analysts FY1
Previous 8 Calls (Gunning fog Remarks EPS Forecasts
index)
I Sentiment-Based Signals | Behavorial-Based Signals

(29 14] A 2 FF Al1de] 9% 2% (Zhao, 2018)

Zhao (2020)°lX+= 7]E9 Rdo] W7}y (Feature engineering) 71 S
Agstat. AA dd 7Y E=E AREst AAFA ARkl AFEEE THEAIE
wasel B8 duYE ANET EEAGT. WA, SMAA4E vgos

99 71944 A S8 [E el 2okd T 19EE Agstol



AAwE FolHE BAsdTh A4 #d BI(Topic’), 274 WS U
B Z1(‘Directional’), A" #¥ B I(‘Guidance’)ell TS Fo A A1
FE3h F7MR (% 1514% TFIDF 7M1 g 58 H1e 58 53
A oin] w2 FARRI fFAFE(Cosine similarity)E WERU = =0 Jl=
Rojets PHE Agael o Foa 4ol e qE Bk
[3E 14] A FA4 6 AFSE 4] 2 BT (Zhao, 2020)
Topic Category Topic Tags
Revenue {“sales”, “revenue”, ‘top line’, ‘top bottom line’, ‘net revenue’, ‘organic
revenue growth’, ‘organic sales growth’, ‘operational sales’}
“eps”, “earnings”, “earnings per share”,
Earnings gen J 5 ., il e
“net income”, “bottom line”, “top bottom line™}
Profitability {*margin”, “gross margin”, ”“?peratlng margin”, “return invested
capital”, “return capital”}
Directional
Directional Descriptor Tags
Category
{ “increase”, “increased’, “increases”, “increasing”, “increasingly”, “expand”,
Positive “expanded”, “expanding”, “expands”, “expansion”, “expansions”, “grow”,
Direction “grows”, “grew”, “growth”, “growths”, “improve”, “improved”, “improves”,

“‘improvement”, “improvements”, “strong”, “stronger”, “strongest”, “strongly” }

{"decline”, “declined”, “declines”, declining”, “deteriorate”, “deteriorates”,
“deteriorated”, “deteriorating”,

" o«

“compress”, “compressed”, “compresses”,

" o« LY

“expect”, “

expects”,

Negative “compressing”, “compressible”, “compression”, “reduce”, “reduces”,
Direction “reduced”, “reducing”, “reduction”, “reductions”, “weak”, “weaker”,
“weakest”, “weaken”, “weakens”, “weakened”, “weakening”, “weakness”,
“weaknesses”}
Guidance ;
Guidance Tags
Category
) {“full year outlook”, “full year expect”, “guidance”, “outlook”, “forecast”,
Guidance

"o« U

expected”, “expecting”, “expectation”, “expectations”}

=

(e

il
ftlo

R

-

AV

il




[3E 15] 7FaX17F vk € 743 A1 (Zhao, 2020)

Sort
Signal Construction
Order
Weighted Average = A/Bor A-B
TF-IDF e A =Call Level TF-IDF Positive Weighted
Weighted Average Sentiment
Average e B =Call Level TF-IDF Negative Weighted O
Sentiment Average Sentiment
Signal Constructio Sort
ign ru n Order
YoY Change in Score=A/B
. ) A = YoY change in simple sentiment average
Simple Sentiment between call(t) and call(t-4)
Average * D
o + B =Call similarity score between call(t) and call(t-
Call Similarity (t, t-4) 4) where t = {earnings calls for firm i}

2.2.3. 2~AvHo] HolE (SNS Hlo]E)

FHrol AAdw|t]o]l dHolEE FAe @&ste CAE FUktE Adth

34 02 EQIE(Twitter) HIOJE A7} Wil 72 dlo]E 2t sdstA 2AA

Y 7AW 7haE SNS A RE At dolE AlEa: Qlth

JP R (JPMorgan)> ¥ A5 HiAoA] ELE WAIA 7|HEo 2 A 3= =

iSentium®] 7 HolHE &3t FAAE FAAHRE HoFHH(Kolanovic and
0 NS BA317] &l 1007) 7192 EYH

EAseL. gARAe Ba 74 19 gAFA wddE

A1
9=



151 = Buy Signal mSell Signal
.
05 4
0.
-05 ﬁ
4
-1-.152;\—13 Jul-13 Jan-14 Jul-14 Jan-15 Jul-15 Jan-16 Jul-1s Jan-17
[(13 15] EQIHE &83F S&P500 A5+ Al 1Y (Kolanovic & Krishnamachari, 2017)

% 16] ESIEH Al2dy g 2219 4¥AST (Kolanovic & Krishnamachari, 2017)

Twitter- Global . .
]:: seiir multi(-)faitor Value Size Momentum Quality
Global
multi-factor 0.05
Value -0.01 0.05
Size -0.01 -0.07 0.37
Momentum 0.03 0.42 -0.64 -0.42
Quality 0.03 0.38 0.02 -0.33 0.11
il 0.03 0.75 -0.05 -0.23 0.22 0.50
volatility

2.2.4BSG H|°]
Htoll= &3t 7140l FAsk7] 918l ESG L.47F T A AL lth ESGE
317 (Environment), A}3](Social), *] ¥l 7-Z(Governance)E YWEFU™, 7|92 A}3] %

A3} A%heHe Brhshed ARk 7199 ESG: FEEE HolH=
HelAE Riol ofr] wWEel wAH HolHE Bd JASE 2ol
)

desteh. 53], 719 ESG #al JwiE Rk okd 7ol ApdAQ Hawt
ol glom, K #5 W Aol g HTo] oy Aol whebA,
tieb#] dlolEl & A&k 71912] ESG wAlo] "% FedlAa gl
Bloomberg Quant Research (2020)°X+= ESG dl°e|HE &&3t 7|9 7}
X8 233 h Bloomberg? ESG WolEl:= 300700142 #H =
T3k, BEAoAE 2007dFE 2018W7HA]  HolEE &85ttt ESG



do]E| 2 Gradient boosting tree (XGBoost)E &HAIA 2+ 7149 77U+ E=
3708 IE o ® ERstelth olgA st ARE Whdehd vlaA f13o] 4
FAZE bsstte As BAAAL [™ 164" Aol d¥F= F= ESG 2=

vtetet=A Zbsetthe S B

High Hog b
NUMBER EMPLOYEES CSR T R TOT EXEC PAY AS PCT SG&A NET R&D A —
S EL ——.—-’- NUMBER_EMPLOYFES CSR —_—
B TOTAL_EXEC PAY AS_PCT OPEX ‘.
S - P ESG DISCLOSURE_SCORE 4
[CLAWBACK _PROVISION FOR EXEC COMPO ’ —~a- CEO TENURE AS OF FY END —*‘-——
T PAY_AS_PCT SG&A NET R&D NUM DIR INC_IN CMPNSTN_PD B
TOT_OF N_AWARDS GIVEN TO_EXECS h TOT OTHER_COMP AW TO EXECS ’——
Tor1 Lp—— GENDER_PAY_GAP_BREAKDUTO $ —
Y PEN_GVN _TO_EXECS —_—* "é TOT N_FEQTY INCENT GIVEN TO EXECS q
r Y AS PCT OPEX _——» s NUM EXECUTIVE CHANGES h
ALL AW TO EXECS G :g BLANK CHECK_PREFERRED AUTHORIZED2 "
SA CFO _& EQUIV ﬂ i TOT_SALARIES PAID TO EXECUTIVES +-—
CENT GIVEN TO_EXECS < et— CFO TENURE_AS OF FY_ END —d
N_TO_CEO & EQUIV < e— AUDITOR_RATIFICATION1 —
AD_DIRECTORO L J NUMBER _OF BOD CHANGES DURING FY
S_BONUS AM BOARD MEETINGS PER YR L—
NUM_EXECUTIVE CHANGES PCT_INDEPENDENT DIRECTORS .’-
OF_SAY ON_PAY_VOTES ” SAY PAY NUMBER OF VOTES FOR —’—
ALL OTHER COMP AW _TO CFO & EQUIV AVERAGE BOD TOTAL COMPENSATION h
NOMINATION CMTE MTG ATTEND % ‘3 TOT_SALARIES & BNS PD TO EXECS F
Low
=15 =010 =005 000 5 010 <2 T ez 3 o4
SHAP value (impact on model output) SHAP value (impact on mode] output)
Top features for high excess return Top features for low excess return

[Z1¥ 16] ESG Hlo|E]E &g3 =7} ¥4 A3} (Bloomberg Quant Research, 2020)

K

225 AFAE AH
el 27" A o]l figksd dHolHE &8&std AEE FYelA

= g
Fge: ATAL 5 719 AR delHz AAss Me Saeht AdEE
Fol2 4 glrh

Pike, Sapriza, and Zimmermann (2019)> <=9 A|4HA, tixtd| 2% & A FA R
ArRE 7149 AFEolW Thesde cdS5cshe #A4s ALl F 26719
719 AR E &-83}9] Logistic regression, Random forest, Gradient boosting trees, ANN,
SVM< B39 =], Random forest’} 7HE d=8o] =th= AvE (29 173
7ol #Ql3th. Random forestt= 094 2@ 7]3F BRF 7B 22 AFEE

Witk F7hw AW 199 ARgolwg o33

L oRae Fa Y A4 o



i Mke) = S o
A e BAsten 243 S+ Ak A= B3
In-Sample - Out-of-Sample
L gR TSN \ =

Area Under the Reciever Cuve

— Logit
SVM
ANN

--- GBM

--- RF

N

| |
.
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s

Forecast Horizon (Quarters)

| | |
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|
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[1% 17]

[

71AI8E 71W A IHAUC) M| (Pike, Sapriza, & Zimmermann, 2019)

17] ©124 5] 71 A8t A3} ¥ il (Chakraborty & Joseph, 2017)

method ” ACCtrain | ACCrest | precision recall F,
naive Bayes 75.8 74.8 38.5 64.4 482
k-NN 04.8 914 81.4 68.4 743
decision tree 08.2 90.4 76.3 689 724
random forest 100 92.3 84.6 70.5 76.9
FFANN 93.0 91.7 82.5 60.8 754
SVM 96.0 92.0 83.1 70.2 76.1
Logit 81.5 81.2 36.1 42 76




Chakraborty and Joseph (2017)+ thxlix3x AH=Z 59 EdES S

o] /2)1-

i

A S YT 71 Leverage, Capital, Profitability, Assets H©]E &

i

$+-8-3}o] Naive Bayes, &-NN, Decision trees, Random forest, ANN, SVM= 8F5A] 7 3L

37 ol HlolgelA oAt e AeE etk I AR [#

1714 " 2 71A8ks 7] 7]Ee] ARgEE

Hup Hojurhs Zs BATh

U3 R 1A oA Chakraborty and Joseph (2017)+= H|AH AEFES] 7|9E
A

-

Z 3 3] 74 (Logit regression)

Hlashs A% E3sieity A FA+A = 9Y(funding raised per year),
x| Sl (number of funding received per year), A%+ H JAFAA}

(average number of individual investors per year), FAFAF H HAF(AGA FAF

N

<, the average score of investors) JHE &-&3}o] 33,0007 719 k-means

clusterings &3 A3t [1¥ 18]dle =FAor BAIE AAZ AF
719 FWel Wb S AHZE EAekE AS & ¢ Utk o] YA

@stn glor bE st SAsl AUt Qe

ok

4
rlr

[19 18] ABtESY SHAHE A =4 A3 7Y, w04 43 22EH)
(Chakraborty & Joseph, 2017)



23. HE g 4 EA FA

AE 32 AF(GPIF, Global Pension Investment Fund)< HE= #H#E $]5}¢]
G (Decp leaming)S AE BAo] A FIHALEL AR FHAAFE §Avo]
170%4do] Sutals A AlA HO AV|FolmE a8 A= et v

3}

S 28tk weEbd, o] M= AIA T

i

= &3l Wy A L &AELS 453 Th(Sasaki
et al., 2018). A1 dHz> AA A= & dolE e} A dolE 2 Y
HE= 48 dolH+= 7 A=) Position, Unrealized loss/gain for each stock, Daily
trading actions 5©] X351, Al dHolH& ME F249 F7H A, ddaE=
H]£38}o] F7F4¢) 4] & (Price-earnings ratio, PER) & AFA¥ HAHE AME-HUL
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LA S A70SFaL QUTtRH(Cao, 2019). State Street Corporation, Goldman Sachs,
Schroders & Z2YW AAFS-gAlo A 1FA% 9l 7| ASES F4a= Ygs
Tl 3lth Eagle Alpha (2018)= tqt# HoJE{ ] A &Abel 5091705 A7fstar
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Ath= Zo] H %5 2 31 (Hoffman, Mattioli, and Tracy , 2019), Federal Reserve Bank
MRmmmmemm%zmoawd&mméiﬂﬂa@1%ﬂ#{iﬁﬂ&:g%ﬂlﬂﬂ
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ges] wefetar Abste] v A &sto] mybHor wdste Ae AL
%1 Th(Figliola, 2020; Kent, 2019).

UzE oAM= HolEHolA #Hf gl dHolHEAdd FEH= AHFEO
ds] dEy¥= ZAo® FolEth Schroders$t American Century= 7] A5
Agsts 242 FHeEs 28t BHl(Cao, 2019), Vanguardi

1

dolEAlE & Zehe-tr|ftes Asket= 2oz dxlth. B w5 Depository

-

Trust and Clearing Corporation (DTCC)%= 4t @845 Hdl 95 AHAE
Aee i x2AQ AR Ao

ZS|
< % th(Wigglesworth and Flood, 2018). UBS+ A Ay A5 7[AEEF 7S

371 €8l 2007 €
Oxford-Man InstituteS 3%° =2 Y3t glom  FHToe= FHAE

71 A8rE 3 vlolH w4 &

<
o
=
g
5
:

c
=
<
[¢]
@
<
o
)—b
o
>
o’
-
[oN
fo
ok
oifl
r
4
NE,
il
s
m

o
2
ofo
ol
s
rO
4
it
2y
of\
2
o
K
4

)
ol

=]

o
A

13 https://aws.amazon.com/ko/solutions/case-studies/vanguard-case-study/

14 https://aws.amazon.com/ko/solutions/case-studies/DTCC/

=
[6;]

https://www.ubs.com/global/en/investment-bank/strategic-development-lab.html

=
(2]

https://www.oxford-man.ox.ac.uk/



15

;OL

ZFA|

o ot

Hirg el

El

2~ 7 - O
A&EH 07 AIA =

EERE R

o

FErE A

F= A el

10

AL

oj

)
~
file)

o

g o M

sy

Q13 e}

= 2

3.

o

ks

B

N

ojy
N

dl o] E] AFo] 1 2~ (Data

T -
L

-

e
Ris=y

7F=2 A

L=
AT

zoleh. Fgot A

ol

np

—_—
o)

ol
ojo

X

K

ol

o]
el
q
pul
KH

)

;_AO
B

| o] B H] o] 2~

H 2haL

—

d o

K
oy
;o..ﬂ

A

SHEE

Eie S

EIE= =

Ao

p—

XTI

Al

Z

=13
=)

o ¥ o]

=
;ﬂ

A|m
ol

ek 71

A

g7k =

o] o] o] A 4-E

olo
o
!

2] 7]

<l

g 7

s

o L:—(?:]

- o
o =

A

p—

oI}, webA, <

K

A

file)

o

M
E

0

i+
ol
ojo
N
el

<



=] ©A(gh
=)

T

(e}

7159 AFA

—_L
=

g

O

|

iu}
RIS

A
-

18]

Ay
ar

[

=
o

ze)

> Python/Open source library$} Public data®= &8 7}-5

=

==

2] Fek¢-= 7Rk "olHAY

3
=

Y

> Data provider AE % 25 Au|A &8 S A&

> 71A8k s 7]

AR

B

Jo
ﬂ
Ho
o

5
™

oj

|

fie)

}

H
il

gl & 7]

SEE!

T

=

s, =91 A7)

do] Fa

2

A £






v. 4%

23!

Mo

2 7=

)
o

, ESG #H7}

S|
a3

=
=

dlelH

Ao spebum, Tjehs

9171,

=]
X}

Fo A A

5]

2 ) Ase =)

Jo

X
Ho

B

Aol A4

Sk
=

3l of

o7 J&ES £9]

GAHow #FHE&S u

o

ZAA AEsts 484 F e

hyA

7}

8ol

AR Az

¢

i
[e)

Gl

atd
T

K
=K

N

B

—_—

0



A5d 00). HelH e BET ANGA U FEAF BB A5 a3,
.{':

ojdw, A, =YY (2019). AA EHe AT HAE wio|d.

Accenture. (2018). Research on AI’s Impact on Asset Management — Potential Use for GPIF’s
Overall Operations. Accenture Strategy.

AQR Capital Management. (2019). Can Machines “Learn” Finance? AQR Capital
Management, Portfolio Solutions Group.

Bloomberg Quant Research. (2020). Seeking Signals from ESG Data. Bloomberg Quant
Research.

Cao, L. (2019). AI Pioneers in Investment Management. CFA Institute, Research Reports.

Central Banking. (2018). Big Data in Central Banks. Central Banking Focus Report (in
association with BearingPoint).

Chakraborty, C., & Joseph, A. (2017). Machine Learning at Central Banks. Working Paper No.
674, Bank of England.

Cook, T. R. & Hall, A. S. (2017). Macroeconomic Indicator Forecasting with Deep Neural
Networks. Federal Reserve Bank of Kansas City, Research Working Papers 17-11.

Denev, A., & Amen, S. (2020). The Book of Alternative Data: A Guide for Investors, Traders
and Risk Managers. John Wiley & Sons.

Dimov, . (2018). Sentiment impact on stock prices of news with selected topic codes: Part
Two. Bloomberg L.P. Quantitative Research.

Federal Reserve Bank of Richmond. (2020). Richmond Fed Announces Financial Technology
Summit 2021. https://www.richmondfed.org/press room/our news/2020/
20200604 financial technology summit.

Figliola, P. M. (2020). Cloud Computing: Background, Status of Adoption by Federal
Agencies, and Congressional Action. Congressional Research Service, R46119.

Hall, A. S. (2018). Machine learning approaches to macroeconomic forecasting. Federal
Reserve Bank of Kansas City Economic Review, issue Q 1V, 63-81.

Hoffman, L., Mattioli, D., and Tracy, R. (2019). Fed examined Amazon’s cloud in new

scrutiny for tech. Wall Street Journal. https://www.wsj.com/articles/fed-examined-



amazons-cloud-in-new-scrutiny-for-tech-11564693812.

Kent, S. (2019). Federal Cloud Computing Strategy. https://www.whitehouse.gov/wp-
content/uploads/2019/06/Cloud-Strategy.pdf.

Kim, S. (2020). Macroeconomic and Financial Market Analyses and Predictions through Deep
Learning. Bank of Korea, BOK Working Paper No. 2020-18.

Kolanovic, M., & Krishnamachari, R. T. (2017). Big data and Al strategies: Machine learning
and alternative data approach to investing. J.P. Morgan Global Quantitative & Derivatives
Strategy Report.

Lam, D. (2018). Sentiment impact on stock prices of news with selected topic codes: Part One.
Bloomberg L.P. Quantitative Research.

Lee, Y., Kim, K., & Park, K. Y. (2019). Measuring Monetary Policy Surprises Using Text
Mining: The Case of Korea. Bank of Korea, BOK Working Paper No. 2019-11.

Nyman, R., Kapadia, S., Tuckett, D., Gregory, D., Ormerod, P., & Smith, R. (2018). News and
narratives in financial systems: Exploiting big data for systemic risk assessment. Bank of
England Staff Working Paper No. 704.

Oracle. (2020). Oracle and KPMG Cloud Threat Report.
https://www.oracle.com/security/cloud-threat-report/.

Pike, T., Sapriza, H., & Zimmermann, T. (2019). Bottom-up leading macroeconomic
indicators: An application to non-financial corporate defaults using machine learning.
Finance and Economics Discussion Series 2019-070. Washington: Board of Governors
of the Federal Reserve System, https://doi.org/10.17016/FEDS.2019.070.

Puglia, M., & Tucker, A. (2020). Machine learning, the Treasury yield curve and recession
forecasting. Finance and Economics Discussion Series 2020-038, Board of Governors of
the Federal Reserve System (U.S.), https://doi.org/10.17016/FEDS.2020.038.

Sasaki, T., Koizumi, H., Tajiri, T., & Kitano, H. (2018). A Study on the Use of Artificial
Intelligence within Government Pension Investment Fund’s Investment Management
Practices (Summary Report). Sony CSL.

Shapiro, A. H., Sudhof, M., & Wilson, D. (2020). Measuring News Sentiment. Federal Reserve
Bank of San Francisco Working Paper 2017-01, https://doi.org/10.24148/wp2017-01.

Shapiro, A. H., & Wilson, D. (2019). Taking the Fed at its Word: A New Approach to
Estimating Central Bank Objectives using Text Analysis. Federal Reserve Bank of San

Francisco Working Paper 2019-02. https://doi.org/10.24148/wp2019-02.



Sharpe, S. A., Sinha, N. R., & Hollrah, C. (2017). What’s the story? A new perspective on the
value of economic forecasts. Finance and Economics Discussion Series 2017-107, Board
of Governors of the Federal Reserve System (U.S)
https://doi.org/10.17016/FEDS.2017.107r1

Tajiri, T., Sasaki, T., & Kitano, H. (2019). A Step Toward a Cybernetic Whale: An Interim
Report on “A Study on the Use of Artificial Intelligence for Learning Characteristics of
Funds’ Behavior”. Sony CSL.

Wigglesworth, R. & Flood, C. (2018). BlackRock bulks up research into artificial intelligence.
Financial Times, https://www.ft.com/content/4f5720ce-1552-11e8-9376-4a6390addb44.

Zhao, F. (2018). Natural Language Processing - Part II: Stock Selection. S&P Global Market
Intelligence Quantamental Research.

Zhao, F. (2020). Natural Language Processing - Part III: Feature Engineering. S&P Global

Market Intelligence Quantamental Research.



