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Abstract Crude oil plays an important role in global economic development. To
effectively predict crude oil prices, this paper incorporates news media into oil price
forecasting. First, we apply a topic recognition model to identify the topics of online
news and transform them into topic distribution data. Then we conduct sentiment
analysis on news articles based on their topics, finally, we integrate the topic dis-
tribution and news sentiment features under each topic into the oil price prediction
model to enhance its accuracy. The empirical results indicate that integrate network
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news topic features and news sentiment features under topic classification performs
better than the benchmark model. This suggests that the information contained in
news media can effectively reflect market sentiment and contribute to the forecasting
of crude oil prices.

Keywords online news; topic distribution; sentiment analysis; text mining; crude
oil price forecasting
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B R HEAT AR ORI 7T, BT TR R TERCR. B R SO R R, B g e . HE
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RN Z 1 J5 e A i RO A 2R A DA skt e et e A7 TS B () TN R 1% R ] AR ARG
IRR] 2% 387 ) = 830 43 A7 AR = R 43 28T BT T 1 R ) DR AN A T 7, e — AR R IR LT 1 B
N AR, AR BEARE AP ORISR AR . U5 R AT 1
ST SRR SR, T T AR SR A A v (1 DY A 32 BEP BRIEAT T EEMEIAR.

IR 1 USRI TRAL B

WAL AR T ALk B e A7 A O I 285 38 [ A2 1% T VE B 1 B AR, 1 %, BT SO R B 45 IE He
AR, SRILN 25 35 ) FOBT (5 R AT IR IR]. 2 5, 4 A — R R A I AT i o — 4, T 3
RBEFRAL 5 H NGO, 7524 AE2E 5 B 0 T i S b i 8 b 2. e, 75 00 it
ATTRACIE, drk 25 R0 B B 2 A0 AN BRI 5%, R SCARHEAT NE AL, 0. F S RS, A
A BB 5 13T I SCARE .
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Xof 58— AN 20 BRSCER 1) 19 45 38 il SCAS B4, i P = A R S VR3] ] 24 ek e 4 S 3 1)
TR, I TSR BN TR A, X E SR T = AR i ) T R Y SRR SR
T, BRIV 7R e B A2 (latent Dirichlet allocation, LDA). M 7E1E X 7 B
A (probabilistic latent semantic analysis, pLSA) F43Z 3K F v B i #2458 (hierarchical
Dirichlet processes, HDP), L HAAHHIA I 2.3 5.
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SPUR A JEIM AR T

8 DX 2% 3 T 2 A3 A AR A — A 0 I = R ) VA7 U240 43 0l 0 N T ek A TR ASE A v
DL R e st g O FOOIABE Y ) 0 Fotmml 285 SR 1) ede g a2 AT 43
2.2 1HRESH

TENG A M8 73, AT T Python [F)—AME Textblob, B4t 1 —FE N7 17
ERIRAWE T HE W) B 2815 5 4 (natural language processing, NLP) 1155, Lb Wi B4
TEILAA LR, Li, Shang and Wang (2017) {814 Textblob i 471 243 B 2k M WA I AH 8T
V) A AL P 2 AT B AR AR, A 17 JBRAR A N 281 el A 7 S5 AR Bl T o A3 5 e %) ol 25 2R
NIHIXT Textblob (1% 84 B Dy R — 147 2/ 4.

Textblob H1H B4 BT RHLIR [R1 454N SCRS B A% Bl ik 7 8. At 2 2502 [—1.0, 1.0] Ja A
B, HA/NT 0 A mfEEE, KT 0 AIEMTEEK. Textblob MIIEEK AT &R TiE LK. H
175 SR ] S B R 9] S A2 B A UMb 1R, T LA A 1] R AN [R5 SR AT 0 B2 AR AR P S W A
50 %0. Textblob AN 2 a7 5 1 1) H1H 50 1 g ia] A0 6 ) 1] 00, TR AR b R SOE A
RN B, 15 2 B A AR B Pt o 2. R T DA — AN BAR B4 -k 150 .

£ Textblob HIE I “excellent” XA HL1A] 1 BARE 73 BN 1.0, “very” HIIH K
SREE N 1.3, X T “very excellent” iX/ME1E, TextBlob 4 “very” A NEMTE, &2
W A, RS R 5 B R A OE S i ) SRl AR A I AR A O 1 L 1.3 T 1.3, H
H T XA AR 2y B T 1.0, B ARV B —ME —1.0 2 1.0 X%, L
28 “very excellent” FIIF B EE 1.0, BbA, B R IAEEM R PEIREL —0.5, Rl “not
excellent” FTE I IERZ —0.5. TextBlob £E A H gk 83 H ] Loy FCAR L ) S I ALVE, JF
B EATEH THRA B SCAR. ARBRIXFER 792, w] DU 8T [ 2 0 SCAR AT 1 3o A, 153204
NSRRI R S

2.3 FRRH

F2 AL AE I 0T SOA B AT @A, R B SOAR TR SRR 77 v, X Bk =&
L f U A Sl R 5 7 I 5L B LDA. pLSA F1 HDP BEAY . PE4RA4A T,

1) EAEIKFI T 0 Ak Y (latent Dirichlet allocation, LDA)

LDA E#H#A H Blei, Ng and Jordan (2003) T 2003 42 H, & & —Fh SO AE b Ay
1R S84 A (bag-of-words model) BIATE G NI 7. LDA A& 70 M B HLES 5 SI AR (1) 4
RNz —, B, SR80t s, Bz &8 T izt 5 5 M H.

f£ LDA A &A1 8E SCR o tH I AR 2R R 32 00 A 5 & AN AE S 28T I
NEZR 73 A B A 73 A 2 AFE . LDA R AES 8 VU st 2 it RUARL AR 3 8053 A 5 30] 40 A
1% R A AH 22 5223 A, DR A 22 o0 A IR o B 23 A A2 SRR S 4, it DUBKR) 5 75 40 A
f£ LDA 330534 Flia o3 A v AR R A TR L HE SR 568 o0 A 8 AR oo 77 Xan & 2 fs.



2 RN, RRIM, RIERH: RG24 5 I 3 A 5 32032 I 17 SRR e (A T 7E 449

0RO
:

2 LDA RUfEREER

R 2 1, M FRoRSCEREE, N OSSR IR S8, K AN, w R REHOI
KPR, BRI INSESHEE AR, BT 0 NEEDG, o NS, an 8 KT
FAGBH, o BB 0 (5K, B MRIENTAA ¢ [9555045. 2% Griffiths
and Steyvers (2004), — SO AE SO B AR R 40 F

O MR CHRIRIRMAR p(d;), Bo— IR d;;

@ MAEIEFERI SRS d;, BRI OER 0 A o B d; B 2R A 05

® MRYE ERAG 0;, Mz A BEREA TR 2, 5, BUONSCREE d; 8958 § AN,

@ I — MR TCE AN B BIREE BT 2, § XM HEE A ¢,

® RIEFEDAG ¢., ,, REAEBGFIE w; j;

® =HH O £ 0 XPFE N Ik, AR RO,

S8 0 F o, fiH AT BERAE 775 (Gibbs sampling) #HTREE &) 2 K%, A
& Heinrich (2005) 7ESCHR A PEAIREIER. AR RS HAIfhtH v

k)

237

A Mo =i T Ok
emk - K L A ’ (1)
Zk:l(n’E?l,)—'i + ag)
(t)
~ n -1 + ﬁt
Bre £ (2)

T =V t J
dim1 (nl(c,)w + Br)

Foop <= BRI AT IC RER, o), 9T R kA ¢ UL (S T
FCH ] ), nﬁf}ﬂ NPTk BAESCES m TP IR BTN (N BCE 6). il
U bV USEINE 5 E2 K CESL NN %

2) MR AETE LMY (probabilistic latent semantic analysis, pLSA)

pLSA F A2 B Hoffman - 1999 4F42 K — MOy B30 A S URRY . 5 R
PRI AR A st 177 e 3 s, BB IRR R T

O IO IR p(d;), WHE— IR XY d;;

@ MRAFIEFEAI SRS dy, NEBDAGTH IR p (20 | dy) EF—DFE LB 25

@ MRIGEFER) TR 2., A AT PRI p (w; | 20) EFE—DR wy;
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O O=O)

3 pLSA HIEREER

@ FEH O FE Q@ XARE N IR, i1 E— RSO,

FRHE pLSA A RSO FE S LDA SFEL AT A1, LDA 2&7F pLSA FIFEAl L, A%A M
TESCRYH B R oA (BP =R A1) 5 &AM 7E RS 38T IR Z o A (R 2
Ai) Sl T PANKR 7 Se 6. pLSA 3 A 5] o A AR ME— B 2 1, {2 LDA AN,
7E LDA HHE EATTA A2 BEALAR & .

£ pLSA 1, ] DLW BB (di;w;) AN, T 2, ZRREARE. SRR T

p(diyw;) = p(di) Y P(ws | 24) Pz | i), (3)
k=1

Ht P (w; | zi)~ P2k | di) 3R 2 X o0 A, & EAG TR P A S5, — Al
H EM 835 (KIS E). EM SIEN D REEA AR

E P RROH P (w; | 2), RKEEGZE P (2 | d) EAHETFSEAF NG R
Z P (2 | d;, wj);

M SBIR: WS P (w) | z6)s P2k | di) PR KA 7R 850 BULIA bR B0 A BE R A K
&, WA E PR RS R EF MR, 17205 S EE.

PR IERAIEIA T B E RS AT SRR 2% Hoffman (1999) MBS

3) 7 JEMH e L FEAE A (hierarchical Dirichlet processes, HDP)

HDP At i Teh et al. (2006) T 2006 SE42H, £ —Fhor 2 RRAER . %4
RURT DL E A E RIRMECE, ReE AT 2 HEER AT @K, 7 HDP B (R fEE 2 AL
Wi, B — AR ERAFAE AR IR 2800, HDP fEvH RO R Re g 40 th  — A R a5 i 5
KEER, PIL'E 5 LDA AR, AR 3 A B AT 5, B80T DUk Tt 8 24 1) 8
e AR 7 N an i 4 k.

ZiA B 4 T HDP (PSR AR SO R nT R W R AR I SCRS ) 2 R A Ak B T3
ANorAn H, AW N FH AR KR 50 8 43 A e 50 240 A8 AR iR I SR g A2 v, 24
HiZ a8 70 A I — A0 A Go, MENIRGR SO R 650 0 A, L Gy M g NS EH
18— NIRRT A, ARSI A B G VRN § RSO 8o A, IF iz 38
Sy A RAECE ¢ AR R 05, E NZE R AN B 2. BN SOR RS
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4 HDP R REER

—NEBLRI A G FIZSE H, AR FRER AN Gy #—2MN—ALL H RS
DP A, PRI BT 1 SCRS R L 52 7 AH [ 1) 3 S 56 40 AT

HDP BRI S HAFAE 2 MaiE T7 2, WA AaiE (Stick-breaking) 5 [F 4 1H B A1t
(Chinese restaurant franchise, CRF) (Brey (1996)), #BREAIN K 47 SRS, A SCER B
s& CRF (W EREES) MGEHKEA. CRF W& iz BN B —MEITRFEER
(WERLE), A ENE T2 RIT OCH, 7), ZES TR EITILHER — R Fm k8 (F
B o). MH, —ARE (F#, ¢p) RBFERIKE T ¢ b, LITNAREIR KR T B 7 G i
% (], 0;,) Pt BbAh, MR E ZE T, 7L E FIE AR AT AR AL I T, 1R
NAT LU FRARAE A — 82 N AR I S, AT DL R AR I N AL R (1) S . X Bk 4%
RN IR IR R AHF ). IAE, BRI B XN N T2 RS T ¢, FAET R
T ANBR SR . R, R T SR AL S R TR R SR ) A R, K
ET EARERNBOS N § R TR E R FE. R CRF SR A 5 #4822 HDP
(R ag

2.4 JERMNAETN

BUA SClk e, )i 32 R B A% PG 53 — A AR PR A A T R 3R PRI 1) 27 S
J7i, BIET P I X, = {2, @im1, - @iy} PR BRI KA b I
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TRAE Gorn, Q0N XFR:
Jern = F(X) = (w01, T (m-1)) 5 (4)

Horb, om 2 A RDAR S B, f O TN R . ZE O T b, FORET IR A D,
IMAZ A B 532, 230 (4) ATEAHET 2250 (5):

gt+h = f (DtaXt) = f (dt*lJrla e 7dt7xt7(m71)> U 71715) . (5)

SEAL, F W R 28N R I ME S, I BN N A, A3 (4) ATRAHE B2
1 (6):

Zt+h =f (StaXt) =f (5t7l+17 Sty Tt—(m—1)y " 7$t) s (6)

o, 1 155 B R TR f .

fE BT 3 ANA XTI ke £ b, 70 EH, ASCABCR A 72y 2t
E AR (linear regression, LR) (Heinrich (2005)), 1M H R H = ANAELR 1% 9N T8 GEAR Y-
B AL ) 2 R B B B R 28 A58 (random vector function link, RVFL) (Pao et al. (1994) and
Zhang and Suganthan (2016)). S #F (A& BIJHER (support vector regression (Cortes and
Vapnik (1995) and Burges (1998)), SVR) FIHBR 2= JHLEL AL (extreme learning machine,
ELM) (Huang et al. (2006)) {EATRMIAEAY DL SRAIT 52 0 264 387 18] 3 8053 A7 Al 328 7 25 R 8
R O B T RE /. = AN ARG TR AL A 40

1) BEAL I & R HCEE R I 2588 (RVFL)

WAL 1) B o B BE R M 25 A (RVFL) & — D RRRE BTN, B A RIFH ARV S
e, D, AR RVFL AR WTL JE A% i B AL, RVFL %0 AR P B
J2 5 ST R IG BRAR AL SR A6 O R 3R =iz AL e ), RVEFL B8 4t Al Ry

Jj=1 j=L+1
@:Zﬂ]h(w3$1+b])+ Z 5j.’Eij, i:1,2,"',N, (7)
L L+n

Hrb oy = [, 20, -+ 2in] 7& 0 ZERVE, 0 AR RIRAELERE, g, R TE, L FRoR R
JERIHT SR w; A by o3 RARR R F A ABCEAE. WASH 8, REIHAE, &
B h(x) AWAE R L, WHALH Sigmoid pAEENEAE AL FRBUR B A FEIEH ] LS
JiR

h‘<w1$1 +b1) h(wLZE1 —|—bL) T11 o Tip

h(wizy +b1) -+ h(wpzy +br) TNt -+ ZTnn
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st
: 0
B=| T .= (9)
Ym mxN
T
—BLJFH— (L+n)xm

2) SCHFF R AR (SVR)

XFFMEFEIE (SVR) 2T X FAEAML (support vector machine, SVM) 5%, SVR %
O REABE R [ V3 [v] R A Dy — A de DA e e, G I -4k s A BB P Tkl & 2. 5 SVM
FAALL, SVR R B x s 380 v 4 25 ), 3@ 3 40— AN dne D0 PR A T, 45 B 1 T
I BB s 5% 2 B FE B oK. SVRARA LB EEE/E— A IR AR 17
AL, i AL DA K R A R 1) 25 AR ORAIE 1 HLE R RESRAG 2 SR M — e L 00, SVR Y 32 %2
PE R BEE A B v 4R B AR S VE M, BB B B AL PR RE A B R . SVR B S ] jELR

NN
=1

min ol + & 37 (6+€),
st. wlo@)+b—y <e+&,i=1,2,---,n, (10)
yo—wlol@) ~b<etEi=12 n
§i>0, §>0, i=12,--,n,
H o e R, y; € R, o(x) 79 SVR HIRZBRHL, b AR Z, w AR MRFILE 25 H 2 128
PERCE, & M & Rbasth Az, i k@ hikg B H 7R ] AR 2] SVR [ 2 [n] H Hk 5 7 7%

flz)= sz%(l’) +b. (11)

3) IR IHEEA (ELM)

5 RVFL AL, BFRZ SIHALEY (ELM) [FFEZ — MR B 2 T i & Mg, B R
AR MR A e ), IF BB AA B0z Sl B Az ALRe ), & TS P20 . ELM AR
R A R

L
j=1
Hrh g, PR, B h(x) RBGE R, ELM B 2 0% R
h1 (Jl‘l) hL (l‘l)
: - : (13)
hl (.Z'N) hL (LL'N)

M4 Moore-Penrose | G 17775, AT LASRIS ELM (1% i HRE:
B—H'Y. (14)



454 THEATFIR ERE

3 SCIESHR
3.1 LGt

ASAT I FEAEAS B ARG WTT By A 2 3 5 0 2 380 [ SC 3 H REEHs, Forh WTT
JR A A SR IR O 32 [ BE VRS B & (http://www.eia.doe.gov/), WZ%HT[H SCE M “RE kAT 4
ik (6], 3 (RN [ B BU B B 16, AR 5 %E 4L (Business & Financial News, Breaking US &
International News of Thomas Reuters)” (www.reuters.com) £ 23 2], EFFEEE B 0 A
PRI 155G, BE AR A ORRR T KEA HMERTH S, BRE IR &, 8
TS, AT DA IR B A S A B A i i sg . IR, B IE A S — BB P 2%
e s G AR I M B A Rl BT BRI T R, ARATTNE B [ S AR R
AN Z R, AT FREA SR X Ay 2017 4F 5 H 15 HZE 2017 4F 11 5 30 H, 3%
T 139 MG H. St AL, 355 6647 ¥R SCE, R e AT 305 A i R R R B s A7
it THAR . RN, 8 H EEAEAREE 2 — 20 5 AR ATIAAR, 80% MlZRER, 20% il
BAE. XHE, 2017 45 5 H 15 HF 2017 45 10 H 20 HIEERIE A IIZEERE, 3% 111 A0
fH, SRR 80%; Mm% £ M 2017 4F 10 A 21 HF 2017 4£ 11 A 30 H, 3% 28
ATEIME, & EBEEA) 20%.

PRI X R B R R At Gt i (A AR LR 5 = N TR RER: SVR.
RVFL 1 ELM. X} T1PrAR#E, AR AT RIEZE (root mean squared error, RMSE). ¥
WL H 3 iR Z (mean absolute percentage error, MAPE), HARZA 1R :

Q
RMSE = lZ(a:t—aet)z, (15)
Qt:l
1 @ Ty — T
MAPE = — L 16
Q; z (16)

Horb, Q RMBAEERI KA, zp A 2y 73 THRAERT TR ¢ S A4S R S PR BN TR, X T3
MGt M FEAR (improvement ratio, TR), =% F R Ay i I ixCRETY AR X T 5 AR R 1) 0 Bk

1, Bkt
MAPE, — MAPE;

B
RMSE, — RMSE
IRRMSE = — R?\/_[SEB B * 100%, (18)

Hrf, PLIRyvape M IRguse RMNARR A AR TR B ool x. B8, Wi IR
NIE, W DAUER] H AR AR A B 17K TR L.

3.2 RO

MR A 1 0 515 S Bt B S SR A AH SC R [ S AT AL B, SR 5 iEAT A
WS F AT, BJa AT AT DL JE A A . Fodb, 3.2.1 IR 32 /A it
S X R TR BRI THE, 3.2.2 17 FERRIIH & 385 A DL Ry 2T B
525 (R 3h  Fo0) 25
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3.2.1 FANHIHTESEISLXTHMEBFEZRNITE

MR SLIG VT, ZEX A AE DS R M TAL B S, 28 H = 28 LDA. pLSA
DA A HDP SR VH ) 32 v 5 8o A, AT A 2051 7 1) 32 8 5 60 B 32 R 40 A . A2 LRt
b VR ST R I A

YT LDA EEMAEMN, HAREMEAGENEEN UG AT ESE . XEH
Kullback-Leibler #U% (Kullback-Leibler divergence, KL #{JE, tWRRANI) KA & 37 [ 3= 7
N KL BUEE, =& PR 5 P 3R 23 A 2 18] 22 S () AR RS . 540 A 2 8] 1Y) KL B
ECEROR, D33 BH = R T ) 22 SRR, 32 RRI o R ASCR vl R B . AR AH G, XA [R] 3
AECT BB KL BUE R RS R 5 Fow.

MHE 5 mTLLEH, EEAECN 13 B KL 8UZ 5K, BIA SRS 13 1 8 E I AL
ZH LDA FEEA RESAR 13 NFEEHF A, R 1 HIH TiX 13 AN EEPR
BCKHT 10 AN, BfRanER 1 fok.

MR 1 B R AT LA H A — A ERRBUH R N ZE, bl Topicl &5 BKPHAHIE, Topicd
&5 OPEC f:RiAHIE, Topicll &5 MG ol HTH. 7850 A LDA F B4 52 i
FRIX L8 BE EAR KRR B Bk TS giitdebr A re e B3 &, el OPEC BRI e
AN () XD 5 SR V00 B 32 A0 LA R 7 it T 3 40 A7 100 58 DR B X Y A 77 AR 52 e 14 22 77 THT AR A 1)

=)=

ZJa, I8 pLSA 3 B ALGyAN AH OCHT ) E AT 32 LR B A5 2 F o A, &> -k
MEZ R HIET 10 AMa Bk angk 2 Fox.

HiZ 2 WA LKA 4 — A EEAH KN Z, W Topic8 /&5 OPEC #E R AH K,
Topicl0 T He5 RINFARI, H SR &, AUFEFT /NS 2 DL 2 ] S 32 A U1 N 25

W JE, KA HDP 38U Rk o AH 8T B AT 32 U0 749 21 3 8o A, &4~ E-rh
MR B RIIRT 10 ANA BAR SR 3 A,

K 3 [FFERERECE B — D E AR N, 11 Topich &5 EIEMSE, TopiclO ]

4.9
4.85
4.8
4.75
4.7
4.65
4.6
4.55
4.5

4.45
) 9 1 13 135

5 ARFEMMNEHIFE KL B8UE
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* 1 LDA FHEAGIHNEANER THEESHHMA

T 1]
TopicO rating fitch security issuer bank risk term debt credit party
Topicl european stock uk plc britain earnings top share market ftse
Topic2 canadian dollar yield bank rate canada india bond market cent
Topic3 opec market output cut production bpd producer supply future brent
Topic4 market dollar stock euro currency rate european yield bank bond
Topich billion bank company market fund saudi debt investor source investment
Topic6 stock share rose fell energy canada tsx pct main marker
Topic7 company billion share quarter production gas cost profit shale bp
Topic8 growth economy china inflation rate demand quarter increase forecast expect
Topic9 gas energy project company Ing pipeline power coal industry market
Topicl0 government saudi country president minister Qatar official arabia political iran
Topicll stock rose nasdaq fell dow share market investor earnings fed
Topicl2 refinery fuel gasoline supply harvey hurricane refiner demand coast import
& 2 pLSA THEERBIMMENEE THEESHTME
T 1]
Topic0 stock billion company bank dollar gas market government production cut
Topicl market stock bank rose rate rating fitch fell share company
Topic2 market rate company investor supply dollar canadian fell rose future
Topic3 company rate dollar fell day quarter cut share yield future
Topic4 bank company share billion energy stock investor gain analyst cut
Topich market stock billion energy company dollar rating investor share demand
Topic6 market stock share bank rating investor dollar rose day energy
Topic7 market stock bank company billion rate investor fund future analyst
Topic8 market cut stock dollar opec output saudi rate day bond
Topic9 rating market fitch bank billion dollar share low financial debt
Topicl0 company market bank time cut country gas production output global
Topicll bank dollar rose investor day market global stock time source
Topicl2 market share investor dollar global stock energy canadian fitch time

FRAIE. HHEF 1~3 AL LDA A1 HDP BTk 105 104, o/ B A
AR 4 A R B 2 R A PO 2

K ER=

Tl R i A A BT ) HEAT TR, ) A5 B A DA AR R SR I

JOZ AR i et ) AL, I AT DAUE B 3 38R B R R . TSI RE R E Oy, AR [ Bt
S AE % B ey 10 UK B — BT R BUAN R R, RIS Textblob 45 26— ] (1%
oA, LT EAS B R A 3R AP A R R, 13 AR 13 Ay
AARR DL 13 A3 KT B A &
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* 3 HDP FHEREBIHNANES MERKESH+ME

i il

TopicO market stock bank company dollar share rate billion energy rose

Topicl rating fitch bank market security issuer risk government support debt
Topic2 market stock bank rate canadian canada rose fell dollar energy

Topic3 market stock bank rate dollar share yield fell currency company

Topic4 rating fitch opec market cut producer company output saudi energy
Topich market india bank company trump bond billion debt investor indian
Topic6 market cut stock bank opec day fell production company global

Topic7 dollar market rate fed nasdaq cut day opec majot stock

Topic8 production opec bpd shale energy market output rise cut minister

Topic9 market opec backwardation genel production airport gas dollar fund taq
Topicl0 market cut dollar opec stock meeting investor fed currency china

Topicll market demand cut copper production global output dollar gasoline metal
Topicl2 Indonesia gas trump coal government production china country revenue bank

3.2.2 JAMNTUNLER S

MR b — /N 15 21 10 DX 288 35 I8 3 R0 93 A A0 32 R4 28 (03 [ 47 B8 AL, 23 I N 21 i
Mk FOIIAS RS w0t S5 ek A B SRS B R SO RE B . A DG S UE T 45 2R L3R 4 238 10.
X BLR H AKCE RS FE $E A% MAPE il RMSE SEPFEAN AN R AL AE H FE 5 A0 4% 7000 A 11
DR, FFERm A T AR SO RS (H IR $RRRINEE) 24T LU o #r.

e, 12 FAS R PN 2R S5 g A A% 41 AT T £ 4 EFREHERNEENAS TS R

I, PTAS B R A AT RTINS R, W3R 4 Fros. dEid b W MAPE RMSE
BATLLEH: 1) LR SR T &5 B 4f, T RVFL IR 0.0113 0.8278
ARSI P PN 5 SR e 22 2 S SR DR ] R AE T B ) 5 AN RVFL 0.2282 17.1032
% K 1 v AT A0 B 3 P 2 1 R TRk R IR B A 4 1) SVR 0.0299 1.9056
T AT R 2) AN AR RLLE R — VRAN AR dE S SR ELM 0.0222 1.4402
AR ZE R, SR RAE T AN AR () SBEAN ], A5 T

T R BB .

FR, K LDA U RIS 1 F) =8 73 AR 0N e A0 FOEAsE 2R e DA 5 3o dnf 4 F50000 40 52 i,
TR K2 R 5 P,

M 5 HRTBUE H: 1) LR A HRCR 1 ot i 22, 5 22 A AT A2 X T 22 Juk P B
VAT 5 NN A i 22, AR B [ AT RE A7 AE IRV E I RE M T AR, 2) B LR 246, HE=
AN NI RERERLAE N 2 U A 5 TSR #4521 7 A 3Tt Bl =5 N TR RE AR
LR TSR T ORI T2t LR A, HIE S 28 0 7] = L7 Af A0 35 FRO 43 JEO0S TN 2%
RIRTHIA A, HATARZR IR e S A 2% 3) fFE =D N LR RER, RVFL BALENA
LDA 8704 J5 TSR stk f ok, JLikg SVR, a2 ELM. W2, T80 A T4
[ N T RE SR 0 T 8 SRR T A7 A 22 57

FRR, FE IR U E e, AT AR RO B R AT 20 2R, A5 B R S AL 2R R
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TEIEME, AR5 R HI N B TSR DA R =8 7 288 T 7 Fed 175 O il U 45 SR 5. 3R
6 ZIH 7NN LDA o3 38R e 15 OB e PRI AE R, R 6 AXER H: 1) SIAHr
[ SE LA SRAT HO 45 SRR, RVEL BT et K, LR SRS ek & R B 2. wT g i
FIFEE; 2) Br LR A AL = AN N T8 AR () B RSCR #5217 A RER T, IESE T 80
T W ] 1 A SR TSR AR T R4 E; 3) 538 5 XF bl 25 R8 A 03 28 R A Jk b
75 B8 R A 6 I AT PRI AR (K52 SR, 5l 2 4E SVR B ELM FERL ) B0 5
. A RE SR AR T 3 S8R R4 [ I B A LR S, DT B A e T AR
4) FoIR AN I F A I AN T8 7 2T R [ 5 Ja, ISR R AE [F) — PP ot T 1
U2 TR) R 22 5 KR b, s T SRADUCA R T B 75, 2R DA ik A7 390000 2 DI AR 5% ) A5
S, AT e CSCEE AR T R OR, ESE T I T34 45 2 A R

AU, R pLSA =R AL A5 21 F) 2 3 A AAN [ A T ASE A e 53k 00 20 2R 1
THER 7 . R, RN R 8 732 5 I E a0 TR o ik 8 .

WRyaR 7 53R 8 W LAE H: Joil 2 I [ 8 3 A1 3 2 N 73 2R R I 175
B LR AR ARLAE T ROR B #8A RO ek, HL 2 28T (3 ) 75 A I\ T s 2 s
AR RCR T FERXMAE LT, AR B B2 R IR R B AR %, 55 LDA
RITINBCRXS BERT LU, pLSA A RIAG B 273 A7 5 2 73 JE R (75 180 70 N i 13

%= 5 M LDA 5 HB0FUNEER

iR MAPE IRMAPE RMSE IRRMSE
LR 0.0142 —24.91% 1.0266 —24.01%
RVFL 0.0138 93.97% 1.0034 94.13%
SVR 0.0164 45.35% 1.1290 40.75%
ELM 0.0205 7.72% 1.3309 7.59%

%z 6 AN LDA TS ENIFERATUNR

Y MAPE IR\APE RMSE IRRMSE
LR 0.0153 —35.04% 1.0776 —30.18%
RVFL 0.0138 93.96% 0.9994 94.16%
SVR 0.0152 49.23% 1.0732 43.68%
ELM 0.0186 16.57% 1.2200 15.29%

£ 7 A pLSA HHHBITUNER

T MAPE IRMAPE RMSE IRRMSE
LR 0.0130 —14.47% 0.9488 —14.61%
RVFL 0.0140 93.88% 1.0023 94.14%
SVR 0.0127 57.71% 0.9574 49.76%

ELM 0.0143 35.72% 0.9944 30.96%
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#* 8 AN pLSA EFEH X TIHERAITUMMR

it MAPE IRMAPE RMSE IRRMSE
LR 0.0128 —13.18% 0.9372 —13.22%
RVFL 0.0127 94.45% 0.9582 94.40%
SVR 0.0119 60.30% 0.8999 52.78%
ELM 0.0124 44.41% 0.8841 38.62%

R b N RSCR ERTHIL T LDA BEAY. AT e i i PR AR T 5 AR A R AN ), 32 Rl 70
AN TR] 3 111 -5 SAE TR ) R BAN .

BRJ5, ¥ HDP 32 AU RL A5 380 5 3 oA NN AN B A v i HDP 3 s Y 45 2
F = L3 A0S A TR R St R BE, AR SR TR 5 SR a3 9 o, AR, NG B 32 o)
BTG B R B ACR a3 10 P,

MR 9 53K 10 FIEH: 1) Foil2 AT I 32870 A i 2 DN 32 -8 7p 26 BRI 1% /&K,
SVR R HL I By i B KRG 2, JéoR 1 SVR B 4 Rl Ab BE 7u; 2) In A\ HDP
W A S, B LR AN =N N TR e R AE T RSO _E# A BOR i ek, JR2 ik 2 e
TR R 2 M LR FONARLAR IH R B B H; 3) Xf b HDP ris) £ 87041, i\ HDP
TR ST X 28 3 el A7 S xed e A N AR R et TR SRR, W HDP 2K R
W 238 1 A S 2 A MBS B, M I RCR; 4) 5 LDAL pLSA AFE5E, i
AN HDP 72K 3T 17 BTN 5 TE 18 L A R0 2 AR 2 PR T HOR A et &
T AT BEAE T 2 AR B B AE) I AN ), Rl 93 AN [ -3 BU7E T o R AR [

N T SEIN LU M B A AR 2 [E] B FRIN BE 3, A SCAE ] DM AR S (Diebold Mariano test)
XN 88 7 A 5 o 28T S I 17 TR 45 21 ) T 45 SR SR N I A5 B A TN &5 R gk
ITRfEe, Bkas Randk 11 s,

HI3% 11 AR ATLAE : 1) FELREMEIT 3 M BT 3 FreF LB IR LG
SRR, RPN I A R 38T BRI I AR SRR 23 0 I NS A TN /S R BN
R R THAE L MRS B T 1 B 2) X TR LR SR, AT 2 A & IF AR i 2 4
e FL T e

SRR, ARYE LA E 3 b S U (1 25 B0 BT DAAS 0T ARG it Pl A 2R ke i, S =
TR AT R 2R R AR RAE 23 I b AR I JS S RE A BRI IR, H 3
IrETN BB G R RE B ORAR L BRI TN AR, SRR T 0 28T 0 R e A7 SO et b A
BRI Rk, H 3 BRI T 3R 0 s R S R s i A R A T

=9 i HDP FESHBTUNER

it MAPE IRMAPE RMSE IRRMSE
LR 0.0114 —0.75% 0.8396 —1.42%
RVFL 0.0152 93.34% 1.0390 93.93%
SVR 0.0105 64.92% 0.7798 59.08%

ELM 0.0181 18.49% 1.1954 17.00%
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= 10 A HDP I 5L TIERAITUNR

it MAPE IRMAPE RMSE IRRMSE
LR 0.0112 0.81% 0.8244 0.41%

RVFL 0.0116 94.92% 0.8394 95.09%
SVR 0.0107 64.11% 0.7833 58.90%

ELM 0.0170 23.74% 1.1300 21.54%

FT 11 MATERERBER 5 A IEEA DM £G4

N LDA Ffisr2% AN LDA 84528 F 5K
it MAPE MSE MAPE MSE
LR 0.2334 0.0997* 0.2548 0.3663
RVFL 0.0000%** 0.0000%** 0.0000%** 0.0000%**
SVR 0.0000%** 0.0015%** 0.0000%** 0.0009%**
ELM 0.5426 0.2607 0.0940%* 0.0019%**

N pLSA Ry I pLSA /32T 15 8
LR 0.2334 0.0997* 0.2548 0.3663
RVFL 0.0000%** 0.0000%** 0.0000%** 0.0000%**
SVR 0.0000%** 0.0015%** 0.0000%** 0.0009%**
ELM 0.5426 0.2607 0.0940%* 0.0019%**

AN HDP 542 TN HDP #5525 N5
LR 0.2334 0.0997* 0.2548 0.3663
RVFL 0.0000%** 0.0000%** 0.0000%** 0.0000%**
SVR 0.0000%** 0.0015%** 0.0000%** 0.0009%**
ELM 0.5426 0.2607 0.0940%* 0.0019%**

T ws e ook PHIFRIR 10% 5% M 1% B&EZ VK. HA R R
AN BRI 08: HO: IINAS[R] 2 AR Y f) 2 7 4 Sl 2 A 73 56 1
IR JE R T BE 0 5 AR T W S 2 R H: NS [F) 32 R Y ) =
FI 3 B SR 17 IR A ) T BE 0 e T AR

TR, A3 B R — MR 2, T RENE AT T H AN PRI RCR.

4 RESRE

ARSC T B BT i A TN BT FE R A A AN AL, SR T Al 19X 268 Pl 8 AL A 55 )
JENHT I R B AN TN i, AT T SER BT S SHIERT L. BRI F R AR AR
FE I3 AT H R AL 5 DR B A DR S AP L DR 3R 1 10 24 3 [ 4T 1 R, K e fl o 2
R A it I 2 U B B S AT K, AR R A 5 RS ST B [ R I
AN 0 JEt A A% PN ey St TN AR B A 3R AT T BB M. SIIESE SRR ki
REARLAR B, 19X 225 T A 5 328 73 S8 59 o 155 JERAE 23 I il A0 T AR 2 ) # e 6 A7
RARTH TR, HL 2R 2T R I8 175 JE R B R R b St PO A R, RS 1 9 48 3 I 2
FLG3 AT 5 25 L3 S B I 15 JROK CSCRE T O TN A R AT R Xt P, R S e A K
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AN SRR R e 15 ST T sk A T R E T 2

SR, ASCEAFAEGD T AT LAEE— 2 TR IR, 2R P BE 22 10 T RS AR R ) 4 6 At
FEHSE R A I8 AR B MR, DA e i e SR B8 22 2k 55 AR Lk T
AR SR IR 75 320 b A7 T 2 SR R 5D Sl 4R B 22 AR IR 22 [ SCASRBEAT SIEHIE. IX 28
[ A FE AR BT 7 Pt — 2B T .

&

2 F X #

WritiSr, 82357, 7, (2016). 5720587 [ 4240 10 B Rl ity P O A GE S5 T [J]. TN DR S REE, 38(9):
1909-1916.
Chen H W, Cai Z P, Fang F, (2016). Financial Price Trend Forecast Using Financial News Mining[J].
Computer Engineering & Science, 38(9): 1909-1916.

WRIBZL, 250k, R K, (2016). T35 5 48 IR ks SRS BT [J]. KGR 5507, 36(12):
2294-2306.
Chen X H, Peng W L, Tian M Y, (2016). Stock Market Prediction Based on Investor Sentiment[J].
Journal of Systems Science and Mathematical Sciences, 36(12): 2294-2306.

Bk, (2009). 2T ARIMA BB FAAN ML BT Bt (D], )1 R K2,
Hou L, (2009). The ARIMA Model Based on Short-term Analysis and Forecasting of Oil Prices[D].
Guangzhou: Jinan University.

YD, (2013). GEiHRRLLE [ BRI A RS T A R AR UE M TR S (D). B EERA
Zhao S, (2013). Applying Statistical Models to International Crude Oil Price Forecasting and Natural
Gas Pricing[D]. Beijing: Tsinghua University.

AARH, (2015). 2T 4RI FE bR A B ET S (D). bt Jest i TR
Zhao Y, (2015). The Research of Compressed Sensing Based International Crude Oil Price Forecasting
Approach[D]. Beijing: Beijing University of Chemical Technology.

HRHE, (2012). E BRIEM AN H TUMALALEF 78 [D]. RiEE: RER.
Zheng J Y, (2012). The Research of International Crude Oil Price Forecasting Model[D]. Tianjin:
Tianjin University.

Aharon D Y, Demir E, Lau C K M, Zaremba A, (2022). Twitter-Based Uncertainty and Cryptocurrency
Returns[J]. Research in International Business and Finance, 59: 101546.

Alfano S J, Feuerriegel S, Neumann D, (2015). Is News Sentiment More than Just Noise?[C]// Twenty-
Third European Conference on Information Systems (ECIS).

Baumeister C, Kilian L, (2012). Real-time Forecasts of the Real Price of Oil[J]. Journal of Business &
Economic Statistics, 30(2): 326-336.

Blei D M, Ng A Y, Jordan M I, (2003). Latent Dirichlet Allocation[J]. Journal of Machine Learning
Research, 3: 993-1022.

Brey T, Jarre-Teichmann A, Borlich O, (1994). Artificial Neural Network Versus Multiple Linear Regres-
sion: Predicting P/B Ratios from Empirical Data[J]. Marine Ecology Progress Series, 140: 251-256.

Burges C J C, (1998). A Tutorial on Support Vector Machines for Pattern Recognition[J]. Data Mining
and Knowledge Discovery, 2(2): 121-167.

Coppla A, (2008). Forecasting Oil Price Movements: Exploiting the Information in the Futures Market[J].
Journal of Futures Markets, 28(1): 34-56.



462 THRAT R F35

Cortes C, Vapnik V, (1995). Support-vector Networks[J]. Machine Learning, 20(3): 273-297.

Griffiths T L, Steyvers M, (2004). Finding Scientific Topics[J]. Proceedings of the National Academy of
Sciences, 101(Suppl_1): 5228-5235.

Heinrich G, (2005). Parameter Estimation for Text Analysis[R]. Leipzig: University of Leipzig.

Hofmann T, (1999). Probabilistic Latent Semantic Analysis[C]// Proceedings of the Fifteenth Conference
on Uncertainty in Artificial Intelligence. Morgan Kaufmann Publishers Inc: 289-296.

Huang G B, Zhu Q Y, Siew C K, (2006). Extreme Learning Machine: Theory and Applications[J].
Neurocomputing, 70(1): 489-501.

Ji Q, Guo J F, (2015). Oil Price Volatility and Oil-related Events: An Internet Concern Study Perspec-
tive[J]. Applied Energy, 137: 256-264.

Kaboudan M A, (2001). Compumetric Forecasting of Crude Oil Prices[C]// Proceedings of the 2001
Congress on Evolutionary Computation (IEEE Cat. No. 01TH8546). IEEE, 1: 283-287.

Kraaijeveld O, De Smedt J, (2020). The Predictive Power of Public Twitter Sentiment for Forecasting
Cryptocurrency Prices[J]. Journal of International Financial Markets, Institutions and Money, 65:
101188.

Kullback S, Leibler R A, (1951). On Information and Sufficiency[J]. The Annals of Mathematical Statis-
tics, 22(1): 79-86.

Lechthaler F, Leinert L, (2012). Moody Oil: What is Driving the Crude Oil Price?[J]. Empirical Eco-
nomics: 1-32.

Li J, Xu Z J, Yu L, Tang L, (2016). Forecasting Oil Price Trends with Sentiment of Online News
Articles[J]. Procedia Computer Science, 91: 1081-1087.

Li X, Shang W, Wang S, (2017). Crude Oil Price Movement Volatility Forecasting Based on Online
News[C]// 21th Pacific Asia Conference on Information Systems (PACIS), 164.

Lu X, Ma F, Xu J, Zhang Z, (2022). Oil Futures Volatility Predictability: New Evidence Based on
Machine Learning Models1[J]. International Review of Financial Analysis, 83, 102299.

Mirmirani S, Li H C, (2004). A Comparison of Var and Neural Networks with Genetic Algorithm in
Forecasting Price of Oil[J]. Advances in Econometrics, 19(4): 203-223.

Morana C, (2001). A Semiparametric Approach to Short-term Oil Price Forecasting[J]. Energy Eco-
nomics, 23(3): 325-338.

Murat A, Tokat E, (2009). Forecasting Oil Price Movements with Crack Spread Futures[J]. Energy
Economics, 31(1): 85-80.

Naseer A, Nava Baro E, Daud Khan S, Vila Y, Doyle J, (2022). A Novel Cryptocurrency Prediction
Method Using Optimum CNN[J]. Computers, Materials & Continua, 71(1): 1051-1063.

Pao Y H, Park G H, Sobajic D J, (1994). Learning and Generalization Characteristics of the Random
Vector Functional-link Net[J]. Neurocomputing, 6(2): 163-180.

Skuza M, Romanowski A, (2015). Sentiment Analysis of Twitter Data Within Big Data Distributed En-
vironment for Stock Prediction[C]// 2015 Federated Conference on Computer Science and Information
Systems (FedCSIS). IEEE: 1349-1354.

Smales L. A, (2016). Time-varying Relationship of News Sentiment, Implied Volatility and Stock Re-
turns[J]. Applied Economics, 48(51): 4942-4960.

Tang L, Wu 'Y, Yu L, (2018). A Non-iterative Decomposition-ensemble Learning Paradigm Using RVFL
Network for Crude Oil Price Forecasting[J]. Applied Soft Computing, 70: 1097-1108.



F2W RN RRIM, RIERH: RG24 5 I 3 0 A 5 2032 [ 17 SRR S (A T 7E 463

Teh Y W, Jordan M I, Beal M J, Blei D M, (2006). Hierarchical Dirichlet Processes[J]. Journal of the
American Statistical Association, 101(476): 1566-1581.

Urolagin S, Sharma N, Datta T K, (2021). A Combined Architecture of Multivariate LSTM with Ma-
halanobis and Z-Score Transformations for Oil Price Forecasting[J]. Energy, 231: 120963.

Wex F, Widder N, Liebmann M, Neumann D, (2013). Early Warning of Impending Oil Crises Using the
Predictive Power of Online News Stories[C]// 2013 46th Hawaii International Conference on System
Sciences. IEEE: 1512-1521.

Yu L, Dai W, Tang L, (2015). A Novel Decomposition Ensemble Model with Extended Extreme Learning
Machine for Crude Oil Price Forecasting[J]. Engineering Applications of Artificial Intelligence, 47: 110~
121.

Zhang L, Suganthan P N, (2016). A Comprehensive Evaluation of Random Vector Functional Link
Networks[J]. Information Sciences, 367: 1094-1105.

Zhang X, Yu L, Wang S, Lai K, (2009). Estimating the Impact of Extreme Events on Crude Oil Price:
An EMD-based Event Analysis Method[J]. Energy Economics, 31(5): 768-778.



	1 引言
	2 模型构建
	2.1 模型框架
	2.2 情感分析
	2.3 主题模型
	2.4 原油价格预测

	3 实证分析
	3.1 实验设计
	3.2 结果分析
	3.2.1 主题分布计算与主题分类下新闻情感的计算
	3.2.2 油价预测结果分析


	4 总结与展望

