Machine Learning vs. Economic Restrictions:
Evidence from Stock Return Predictability[1]
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1-1. Purpose
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1. GKX[3]

«  Three hidden layer FCNN, ReLU function, Batch Norm 12|11 2r&0f Q0 Lasso penalty A&

* Et(ri,t+1) = g(Zi,t) = (xt X Ci,t) 0, O| [Lf Ci,tE 25 A9 lflj—)lk—(OHLCV ) xtE AHA|GA| Ha

2. CPZ2
«  Stock Discount Factor(SDF)Z no-arbitrage pricing theoryE Q54 Z3U0| MO =M =
«  Feedforward Network : SDF2| General functional form= gt&
»  LSTM:SDFQ| time variationS HA| XX HEfQ| &2 M S5
«  GAN: Largest possible pricing errorE minimizest= SDF2t =49+59 SDFO| 218 ZASICHE 935100 2
HoH Asset pricing modeler= best asset pricing model2 MEISED adversary= worst 20| A2]

o

moment conditionE MEHS= minmax &X| 2 =413t
«  O|= 2% mispricedEl portfolioE &t asset pricing modelE =-5t= 22 2 A 0| Jts
« ot SDFE Sl Xite| expected returna A4St portfolioE 14
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3. Instrumented Principal Component Analysis(IPCA)(7]

« Characteristic?t 7|CHa=2 = 2| 2tAH|P} latent risk factord| 2|5t 2410 Q| S Ex|= HR 0|0 CHEL|=

|I1J

latent factorE A, BICH2| AL out risko]| 2|et HAHJZ QIX|S Anomaly interceptd]| &2&st= 2 &
4. Conditional Autoencoder(4]

« Nonlinear factor model= 74, Firm CharacteristicsES E&ot== 5= conditional

autoencoderE E4d| latent factors= et




5. KNSi8;
«  Equity portfolioE AI23l SDFE &4
« Ridge regression with 3-fold cross validation2 S35 Hanssen-Jagannathan distanceE %|4A2}5t=

HIGFO 2 GF
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« Hanssen-Jagannathan distance : Distance between the SDF of asset pricing model and a set of

correct SDFs and definedas 9 = min ||m — y||
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3.AlI54(1) Data

«  GKX, IPCA, CA Data : NYSE, AMEX 12|11 NASDAQ daily, monthly stock data, Quarterly and Monthly
financial statement data, 74 industry section, macroeconomic predictors A&

. CPZ Data : US stock data with 46 firm characteristics, 178 macroeconomic predictors

.+ KNS& GKX, IPCA, CAZ E3f| 6] Z8t returng E8ff EEZ2|Q 2 14
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1. Full sample2 AR5t et
2. XS 2 cheap-to-trade stock sampleZ ah&(F412| 2120| 4t 20| Ol £8H(H|])0| 2 71540| Z2)
3. ?12| sampled|A economic restrictionsE H-&¢%t subsampleEZ£ i

@ Exclude microcaps(A|7+&5240] $50M~300MQ!1 2| &)
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@ Exclude nonrated firms(+l8 &
® Exclude financially distressed firms(+1-8 L2127t 6t2iat 7|&)

« MoHel HES T
@ Economic restrictionsE M-E31 2 I return predictability?| HzIE &7
@ AIZHEE HA| B A2hof| 2 return predictability2| B3tE &4

® Full sampled|A machine learning method=0| M{IHot EME2 FEI=X|E 20l
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GKX, CPZ, CA= economic restriction0] HEE|UZ I portfoliod|A Ao 45022 Y
Linear model@! IPCAE= Full sampled|A|= GKX, CPZ, CAEL} 450| O Lt restriction & sampledM O 243t M58 22
H| 2 B = traditional ' 2(Fama-French Factor model, CAPM)ELt 2 & samplediM £2 42 EY
LEot downside riskE £0| 11 extreme crash22E EXIAE Hoeh 4= QO portfolio rebalancingd|A high turnoverE ¢!
KNSE Sdlf SDF-implied tangency portfolioE F1doh A1t

1. Traditional HE0]| H|SH =2 Sharpe ratioE 2

2. Economic restriction & A| s &2t

He

MUl

3. Extreme long-short position= #|ot= 21t
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« GKX, CPZ£& high investor sentiment, high market volatility& low market liquidity A|[&0M & £2 portfolio 452 EY

« |IPCA, CAZl &2 Beta pricing model2 trading profit2| low time series variation2 2 2 low limits-to-arbitrage market0|

-

Me LhE 2258 5718

o LE A|E0f|A economic restrictionE2 M8¢tH 2= REIO| M=0| ottt

olr

o J|AHEtE0l HAIEte| empirical B = stylized factES M6 mispriced stock=S It JHs
« Corporate investment?| Bf2 FA|1} Idiosyncratic volatilityE 7% &A10]| long position2 &= 218 2
« Idiosyncratic volatility : K| A2 volatility 2= AHO| 01242 XF:E2| volatility

+ YD U ZESC|Q HEO| UL U EEZEQ THEH H F2 d55 B

@) M 2 ohs @
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« J|AIekg 218t RS2 market volatility?t =10 market liquidity?| 2 A|HOM O £2 &2 EY

IO

« J|AHEtE 7|8t SDF-tangency ZEZ2|20f|A] high turnoverZ E0|11 extreme long-short position2 F|6t= &1t

=
S 2%
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