E-Commerce Letters FL-TR551Fig, 2024, 13(4), 4751-4761 Hans i
Published Online November 2024 in Hans. https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2024.1341700

ET 85 IR E SCHE RN

BER

SN RZEATFERE, St SHEH

ks H i 20244E7H29H; FHHB: 2024487 13H; KATHM: 20244F11H25H

R

I _EUELRIE S-S RS, LRI T S RIBRITIZ AN T R, B E T RO 7 51 R A D
fZARTILSTM. T B SE ISR (RV)EIL TH 3 B SR PIME, A8 T ARIA MBS AR
T, PR AR DL BT S R AR LS TMAE R BEAT X L 2T, AR Y SRINBAR I TRAR Y, DU
R I FE BN R TI_EARAE T 3B B . BETURIL: ET RN 7 5 LS TMUE Bl 2 T ALAY f 35
WEe /P BT HARPIAIRE, FooRAE T RAEHCIZ R R A 5

K
WEEII, KESRILEE, SR, &

Based on Machine Learning for
Realized Volatility Prediction

Fengshan Cai

School of Economics, Guizhou University, Guiyang Guizhou

Received: Jul. 29", 2024; accepted: Aug. 13", 2024; published: Nov. 25", 2024

Abstract

Selecting the 5-minute high-frequency data of the Shanghai Composite Index and taking the strong
memory of the high-frequency price sequence as the entry point, a Long Short-Term Memory
(LSTM) model based on the high-frequency price sequence was constructed. Based on the realized
volatility (RV) theory, the predicted values of the real volatility were calculated. The random forest
model with excellent results, the elastic network model, and the LSTM model directly modeling the
volatility were selected for comparative analysis to identify the better-performing prediction
model, with the aim of providing new ideas for deep learning in volatility prediction. It was found
that the prediction ability of the LSTM volatility prediction model based on the high-frequency price
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sequence was significantly better than the other two models, giving full play to the advantages of
the long short-term memory model.
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1. 5|
e T BN B AT HER T AT, 35 R B P E T R P . SRS . DR

PHAE RIS . TSR R A RIEH BAT B RN, R oA BE s LB s %X — B, b
GARCH A RUAN SV e A . (HZE, JRpEE A TR, AE LTS 70424 0 N 22 5 5 B e, xt+
I 18] 7 70 (R LA S AT R 3R TS 8] [1]. 22 TH P SR AR RN SR T A I A e, e SR UK
AHERTHEAAEEZHNZHELR, EaHTHARESEME A T7Es . Kk, a2
JH i SR )5 S22 AT 0 3 R AR B Oy <l BT (B T A

H1 Hochreiter $2 1 AR FIHCAZ(LSTM)BERY,  fFBICIZ 40 OR B < A2 ekmlis i) N FRARAS, R 264
B B Mt i SN AN R R AT T A, RERB AR M ke RNIN )1 ZR3e RE rh B AR 56 58 Ao
KBS BOIETH RAF 2], PRIE, ASORE T RAESREE 00 R R Tl O seilipiah &, #E kS LSTM
B, SRR R SR Bl Eh R 5 BB sh R BEAT X b, DUE PP AR A T HE I B o A SO v [ B
3 A AR BRSO 1 T A%, 3 BB 3 BEOAN SRS M BT 17 37 DU, S AR TS TN T 37 7 35

ASCEETT 5 Xt S B AR AR AT SCRRER A s 28 = #8 70 Ke it iR A SO R i 1y LS B
PR FMR MR R T T7 1% VYR ARSI E R B, R 2 VRS R Bl F AR T LA S AN [ A
RAFPE BERO VR AT LA S 4 HE AR SCH £ BT U458

2. Xzt
2.1. BSMEXAR

H Bollerslev (1998) [3]4 H CLSL LB S R MHE S 5, V2 B4 38 TF aiks S0 F T i sh e 7, LA
VAl AN [ s AR (W TR FE . 8 W) GARCH BEAL IF 2 3T 4wl 8] J3 51 (¥ 57 05 2= M A sh R 4,
XU BN AT T o IZ B AR LU T B, AN )RR @ . Hansen (2005) [4]42 H T —Ff T 7
DEE 1B, B A0 B0 T 5 FH R ATLIE A5 A R 3R T T, 24005 5 {8 2 39 0 50 1) AN Fs e P . Corrsi
(2009) [SIAATIHE USRI SIS s, FEEMEm, ETFRMHEU, SGEHRE T Ok
BRI 55 A FEE A (HAR-RV AR iZ R M B BCA M H . B A sh Rt 7 s, B2 —F
PR fa R Rl AR AL, (ER el A S e R B T OSBRI . FE TR S T T,
R GEAR T — L B BT, i1 ARFIMA. GARCH %5457,

HAR 8B 72 N, RV R R TNGE 77, MKARTCIEW 2 — e & Bl B AR,
SR AN R Z Z MR R AR, a0 O SIS 2 (i S SN R ER R 43 o AE AN [ I T 37 AN T 3 1]
R AR R R D S R TN RS #0228 [1] . Bh)5, 35T HAR-RV BEAY, HUOR R 1) 2 5 MR 4R 2 2%
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R T S BB, A D B W HUMERIPE. BI, Hemanth P K (2017) [6]
R LSTM BUELIEAT T LGRS B R SAE BB BT 0VFi6. Bolin L (2021) [7) IR e S0k
VI B RURE T AT I SOR BRI T, JETITRIE T R0 25 SR JEA 22 5 (2 8 SR T
TRKTHHEIL(LSTMMIZ £, AT AN T, BFSCSE R, 76 LSTM BURMER T, (54045303 A
SEITF T WA TG, BT 656005 5 T HRBUE, LSTM BRI TR

2.2. BREXHR

AR, WA ST W R AN Fe, R RGBR 22 (R 8 385 Uk VA ooy A0 4 Rk B[] 2 10 4 R
I RS RN AE 5y S s S AU AR N o — 2% 2 e PR RS 4R B AR 20 H A 5 el i
AREHE, Ok LU RIS RS O S B 2 26 (00 0 i RSSO B 77, O S I I8k 30 20 A2 v A0 4 a1 — T )
WENREREJTVE, WAgIE EASK 2 (2004) [8]. %E52(2010) [9]& M 78 . F4: 2 4£(2018) [10] & VXiz ] LSTM
BERLKT O SR S Z AT TR, R AZ AR B PR IR B 2 ) K Z1 e 12 o SCEEI AT S0 T 20 Fsi iy
Xt FARLEARIE SR I TIGE 71, RIERE S SITE 5 Fhai 2 ok 20N B B #RHE 2 —, 2R H R
OB, FERZHPTLRECT, LSTM BRIAE R B4R A b F0i 8 R AR IH B, 1 ELBE S SR
Hitsm, AR TNSCR TR E .

UeAh, THRE A AR IR TR T, R MG A T i AR 5T . i, BE5%(2010) [L11R A
% 300 ARHATR 1 5 18P mAREHE AT T EAZ 5, SRR, OBl sh R A LM BN e A%
SIYFR BEN LI SR LR B S 2 TONRG B SR, itk 4 GARCH 8 K Hogr™ e s 3 B i 3 (1 T
Mg 55 . SRTAT, AEMUANETH(2017) [12] MDA, AHECT T A SR B A i AR, , 6 T I B e Ay
10 5 Y L A T ) FRODNAS B2, R ) 2 %o U8 Bl 2 PR GOV 45 A N 7S R R T ORI EEAT T R B Ln RV-
AR(FI)MA-gjr GARCH-snorm iR B e fd:. & )5, Foid. FAREAMVEHHNZE(2018) [13]HIWF 78 & FN,
R A B ) H AU A R BN B R B R IR A R T E IR, EAFERIEE RIS, Hika
RIFI AT A mIE 00 A o WEASE RE ], ARMA(L,2)-GARCH(1,1)-SN A4 AT DA %5 Z1 i i 45 31 1%
I H A B RRAE, I8 3N 2 T B8 0 5 e M S L I SRR

2.3. HRICEIEAR

R ] P9 Ak 2730 T C S Sl AR AT FE R T DUAC B A B 15 HROM AR 4 o 98 3 v Aol
7R 3 G BOROBR o AIIDIOR, [ A1 22 X RER T3 B s B EAT 1) 2 W T T [ A PR T A
XM, A B E Rl R R BON IS M . ERCE TS TR S, [ AR AR
2, M ARCH B i ) GARCH JERAEAY, JF HEEHE N TR GESORIEED , THa M I i 45 7
TR A Bt . MRS F WIBTFUSCR RS S A AL B AR LA AT A I 8] e 51 Bt b By
WES, REliE LSTM BRI R L B By Rp A2 I 18] Fr 51 Bt T 7 A5 202 N M e PRIk, AR SOREAE I
N TR FEA b 3E— PRV LSTM BRI TN RE 0, DAKACAZ MR RO ks FP SR TN i T SRUBER
B KITE,  IFH 5 BEAUARARAN G [0 25 B (0 TN 25 RABEAT XS EE, - DA R B AL A I A5 7
IR PE 5 SIAE WA AR AT AR gt 17 R s

3. BB E5F%
3.1 BRFHESE

AL Anderson 1 Bollerslev (1998) [3]/ 77 VAR iHE B AR, 1Z 71060 @ w7 (1 H N e S
FREBEHATHT 7S, REmE BOb BRI s R R E MRS . S t RN S R K7 5 AR 2 sl 5h
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I 25 % (realized volatility, RV), F£45H 7 AN AR A 5K

EASNUIELIETE S VR
R, =100(InP,;; —INP_, ) @)
R 5 s i R KRN
R =100(InP, -InR_, ,) )
A BN RSN e ES FNSR
RV, =X, Rs ®)

TR AL Ty I () BEEGE 21, (HAR LS R TS 5 T 80 9F A2 24 /NI ASTEV o [ 1
I EE T R oy R SE O I B R ESESE A I 1), i DAAR B AR R I 5 AR SR A8 10 CSe Bl ah &, R 2
A G T BANAESE Sy [ B ACSIRAF R TR, RAER RS A, o OB s AT MR, W

E B AR R T AN
RV =4, *RV, 4)
Horp, REZH A, 1808:
NSRS
_ t=1 5
% N " RY, ®)

3.2. KEHAICIZ R 4%

PEIRPRZE ] 22 (RNN) & — i FH SR AL 37 70 Bt P R 52 2 SIS A, A7 e A A 1r) 3L, AT b A e
KFHICAZ(LSTM)RE Y, AR R B K 2% 5] fA AV K IE S, BRSARGFHu i e RNN JIZRid 72
IR B IR . BARE WS RS A, FRUER) RNN B R A ER S5 M L (T B, BBl tanh 2K
sigmoid JZ. LSTM #Z U 24HMDIRES, AT LLORER B Cmiy 1) N ERAS, A 100 24 A B K 41 B0 i) SE
WA R LSTM AHLL RNN £S5 5 %, O WM R N1, sl Bt St 2 T HME B
(i1 ] (forgetgate), 41 5T b 78 A RS B H T T (inputgate) FTE i 4 B {5 12 E’J—*rau&l](outputgate)

1) ST EREUE RN X, At -1 ZI A R OeIR S E B h» ARG & iE sigmoid B3
T HAE f, ERRDNSIERERE, SRSRUEBEEE T 0 Fapists, &iET 1 HaiRE.

ft =O-(Wf *[ht—l'xt]+bf) (6)
Hrp, W, Z28E, b, Z#FE0, o & sigmoid PK%.

2) AT EEAFTEIAFBOI A RE L B DU ERMATTNE L, B0 ¢ R Rk
ML nfE R C, BE— SR EMRES SHNE BT A, B A RE

i =o (W, *[h_, X,]+D) )
C, =tanh(W, *[h_;, X, ]+b,) (8)
C =f,*C_, +i *C, 9)

Hep, i A F 0~1, tanh AHIEDISEIREL, C, FoR(t-1)MZIMAIHLIRASME, C RamM t ZIHAER
PRI ORI EAL R IME B, C RN G B i A MRS A
3) Hthi]: HfERARAHHT, AL oRESHA anh AR, FJ5 BRI ZIHEIZ 5T
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S R
0, =c(W, *[h . X,]+b,) (10)
h, =0, *tanh(C,) (11)

LSTM & F 2Rl 2R, Lhin {485 5 AR FE(NLP) S . AR — 5 [ ] DUF TS0 iiE & g, S
A5y FF A 44 SR, DRI R R BIFGI,  n i S ks . R SAAC I IR E T A5 . T, B
AT AT B AL EE, G N ANE & G, BLARRA AT, A a0 4T TR RN R AR i AR

EALRILIE G T AP FVR AL, RN T IR 9 1 R F10E0HE R, st (8] 77 A7 L 1)
I B T i) A R T 9 3 s R AR 1« AR IRL B b b, AR AT BE AR R K R R, A%
St RNNEH T80 5V % [l e DA HOX 2600 &, 10 LSTM 25448 ik 1 A2, 48 A 200 Ak B R o4 1 A 3t
IR 8] 7 B TR ) B E T AT ROc izt =5 5, 1 LSTM FEZ4n Rt 7 A R K ME B st
LSTM BEAY 5 H Al i 22 ) 24 584 (a1 CNN) S5 S48, & T 2 A8 B[R] 7 51 el 7 41 A eSS R R 5%, 18
LT FLAE 8] 7 30 A ) RS R @ . 28 BATIA, LSTM [ v e P 5 38 & ) 1) 7 471 22
B, U 2 P s B K KOS R I .

LSTM P AS7E T3 T4 ML e A Ui e AL K BRI OC R, (& A AR SCA ., B[R] 77 51 F0 5 A5
ZRPEYE AL, PR B RGEE, T DIE I 1 R X 4% 25 A4 AR 2 BRI N [ ) A s . LSTM HY
SRR AE T HEE, (ERZMERF RN R E T E AN (). 2B 0E T KR, FELRZS
AR AT R P TR/ NEESE, LSTM F 508l e, FETE W ENAE S . fEdE
FRNEIERT, N LSTM 7 Z5&E M TRHE LA SE0RM, RiXBIRENERE.

4. SEUESTHR
4.1. BURHVER K 4

N T T RO S TP, R STk R 5 r e iy s s Rt R s . ik, A&
WHFER T FUESRIRIY 5 20 s s A v O SE LB B 2 i v S kA, I RIS AN 2021 42 1 A 4 A=
2023 412 A 31 H, 3L 728 M5 H . BdikiET Wind B 3 . KA _EHAIESR 28 5 BT 28 S st 18]
£ — 3 H 1 BB 9:30~11:30, R4 EL 13:00~15:00, A N AH RAE KRN HAL S . LL5 5
BRIERAE IR EAT LR, 285 H H N AT 3R4G 48 A iy AU B8 « BFF T8 REASAEREAS 9 3k 7= 2 34,896 /)
R .

ML AT RLWER R, ik 5 2B AR PR RHE, RUTGVETE T ek 3h 28588, 1 Garch Ji%
B HAR %o JE— X0 7 50 A0 O SEBLE B 3R P ST RER Y Ge i h o0, BARZERNAE 10 AT
RLEW, MEFHEERIHRIEERRHE, A& IESHMEE.

FH AL ARAS 46 7 v v ADF A5 EE SRR U A AN & 26 7 B EAT 20, S5 Rk 2.

FEARIX RN ) EAESRFR B A A AN B 26 oA, il 1 AL 2 B, UCBEIR AR P BIAEAE AR, 3R
B RSP (] 41, T 2 20 5 I B S RS R R

Table 1. Statistical tests of price series and realized volatility series

=1 MEFFIME IR EFIIR G e

HE pRifEZE i 5 e B EON:] /ME
Price 3313.44 201.46 0.02 -1.10 3720.48 2868.64
RV 0.0069 0.0027 2.0095 6.9977 0.0239 0.0028
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Table 2. ADF test of price series and realized volatility series
= 2. MSFIIFELIUEENZEFFIE) ADF 138

ADF PH
Price -1.6517 0.4562
RV —5.0095 2.1254e-05
iEsziE
close
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Figure 1. Shanghai composite index 2021~2023 closing price series
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Figure 2. Volatility distribution of Shanghai composite index from 2021 to 2023
[ 2. EIE4RIR 2021~2023 FHIKENFE ST
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4.2. LSTM By

4.2.1. MRS

AR WInl0 REGHATEAY g1k, KH LSTM AARLBEAT AH IR A AN 2R SRR 55 3 2238 H 5
T Google 7~ #H &) Tensordlow2.0 FIs-F &, KA Pytond.7 K4S )7, MHIKES ] EH
MinMaxScaler F%#5%E RNN 145K, @IV BRGS0, BT MR I ALK 4
2, AR N Z . LSTM B2 . Dense 4XiEH: Z FIBLA H 2 .

422, FME

SRELHUE T, W A X TE) A 2021 4F 01 H &2 2023 4F 12 H, BAKRTIN 771542

(1) BoERTEEDK t BT ¢ DFEART OSSR A AR N, DASRICE t + 1 AN 2 Tl
o X—IFRW R BN LSTM B S 0T A5 1, 385 2 YOE AR IE B R LA UR

(2) —HIRM T2 t+ LRI TNME, B PR YEREAAR, BI4RSd S 2 D215 t+ 1L AMFEARMEL
PEBA RS H . KR, RATATLAGRIEE t + 2 B 2 e .

(3) AR EEE LR P R, DMERR BRI TNME . X FP 5 7% o VA B LR BRI 8] 25 h Bl 245 5
W, WA 1R 51 v AR A A 5

4.2.3. BYHE

ARSCHEF WIn10 ZG0HE(T BT, I 2 51 i) MinMaxScaler BRHCH 1 E AR H0CRE (i
TFARIEHCALTE . B SR R A . S B = 2 KR ) LSTM MREEII2 B, LA 48 it 1 7 11
HEATIREN: BR, SEORSER A I SR EE, FIFIZ 2 LSTM P2 HU LS Bean %, el
BOYHIHLIR A TV %, 5 2090 42 XURTIE: Bed, JEILWIMACAS T . B0 1L 28 LA B T AR VI 25k
WABI S, AR BRR MRS Adam SRR LUBRBURAG GRS %, §ERER IS 1%
HedtE, Bhs T NG LK 48, %5130 0,005, HLEME KA 32, FHET T 50 kA% BUF,
PP IR R A R EAT VI, 8 P L SOOI 0 6 VE MR VP T B 001 25 R

BETORKRT LSTM ZH0E F IR IF AL AHE . LS04, LSTM IIZEE R 51 H 2
2, BREARIE A LA S B R, ACSCHE AR ABFURE, I T TS H0 ik A b
BHOHSAELE T . 56 R I O, P T OO — 06 20RO 5 S MR- . R TA4(2018) o B
GLRIRI0], LSTM SN LB HIAE LI ABUR, Jy7e 508 IR R 48 AR AR, AT I M 1]
59 48. SLYCR KATRUZ 0250, 10 S B RR A 77, 1 % WS S5 AT 3125 KUK & 46 Karpathy
(2005)HTEEI[14], ASCHF LSTM BURIKUZ BB 3 2, LA H R th 20 A e 1

B AR R W SRR . BT WA NARI AR, J RS R, ASOHEE
LSTM 3% TEAN M5 50, DA B AMA R B MR o VISRV /R B ISR B0 th 2.3
LIRS, AT ISR B 32, BISRAHBAS BRSO . 2 50 %R VA ST 2 b LT
FRE RS, TR T MG SRR , 42 51 5B 0,005, DUP RNk
FUBR IR . 36 PRVCHCR I 6, B 55 i 3 P AR A 00 . B3 502 o KO e 2R 507, 1] 3
7R AL AR 50, LUB G KA S A B R . BR, R A R, A
KT Dropout J5i%, ¥ & Dropout £ 0.5, LRI K32 (ke
4.2.4. tERLTM

AT LSTM BRIP4, GFRII7 2 (MSE) . P94t 55 (MAE) . B I B AL 45
BEHF, TT BTSRRI th, S RAL AR, TIRDT LSTM BUR ey N B 3 % 15 B
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R Z A MBS FE AR, fom, EHEKEY . AR IE R0 LSTM A8, LEBEA A 1%
BRI SESE IR, I LUB T REATLARARAT S W 48 1 5 Bl 2 A P B 1 SO SOk

REMET M SIRERBXRE
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Figure 3. The relationship between the number of hidden layer neurons and loss function

E 3. REWET M SMARBXRE
4.3, FANBETNGER KB
4.3.1. BANRREI TSR

THELH BB IG5 SEPE R BR A 5] 4 o, B8 AT 80%kl 70 AIZREE, J5 200 85Ik
o B 4 AT DUE I BORIIE FEARRT B, 5 SERRRIBEh A T AR, (HiEa3s Rk b —8. JRBE TR
S IEHEARAE AR D, TR EE R S SR 2 B R AR AR PR UL B ARG HE T
HSUHHE RN E

— HESUEENE
— TR
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Figure 4. The forecast results of the data set after Shanghai index division
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HIP 5 R IIZREEAIAE R AR i 2GS M T, LSTM BRI RCRGE FLB AV . (H L AR
PRBUR TR VAL TR ORI IE 75 B MAD A A B SR ZE 15 DU R R RO AT VA

WIZREE TR IEE I Lk

— ik
0.010
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0. 004
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Figure 5. Loss function of training set and validation set of LSTM model

[ 5. LSTM R BUHI)IZRER SIIE R BIRK R 3

4.32. RENEBBTNEEHRBER

MSEEZE BT LA R, Jef A LSTM BOR TR A%, dEmTHo th i sh =, X — i ARk m it s
W7 SRR . KSR LSTM 7 B S B R B BOCTE 78 70 PG BB R PN AR . Tk, N T4
T PN R Bl R TN A5 2R, ASCI$f 1 ORI AOREN AR L 567k o 5 A5 70 DL R 4 0 i
ENAEAE) LSTM BERLBEATXT LM, BARRIGETHT A R IR 3. 48 3 4y 1A RS HUm AL E 15 00
T, PFUrESR MSE FI MAE X5 TR (O REAA N FNAS FE VA 45 2R A B TR S R AR XL 25

Table 3. Comparison of prediction performance evaluation indexes of different models
7= 3. TEMEEITN Y s TN R FREL SR

MSE MAE
YIhEE 0.05 0.19
LSTM
IR S 0.01 0.11
rf_model 7.4794e-06 0.0020
elastic_net 5.7271e-06 0.0018

SAKRTE, LSTM BEALLE SRR 6 P R B MY 1R 4 (O TIDRS BE A ERR 1, ELG T AR BB AR 1 S
PR A BE, JLIE 6. BEBLARMORI G, R 2% R I R4, (ER R 0 AR AN 250k U, REARY TUl o 2 th Ay
CINE

5. &
SAESE W ] LSTM AR B i 7 ot 0SBl 3 b 4T M. 455 b ik, LSTM ML 7E STHIE
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Figure 6. Prediction of future volatility
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