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Futures Price Prediction based on News Articles using LDA and
LSTM
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Abstract As research has been published to predict future data using regression analysis or artificial
intelligence as a method of analyzing economic indicators. In this study, we designed a system that predicts
prospective futures prices using artificial intelligence that utilizes topic probability data obtained from past
news articles using topic modeling. Topic probability distribution data for each news article were obtained
using the Latent Dirichlet Allocation (LDA) method that can extract the topic of a document from past news
articles via unsupervised learning. Further, the topic probability distribution data were used as the input for a
Long Short-Term Memory (LSTM) network, a derivative of Recurrent Neural Networks (RNN) in artificial
intelligence, in order to predict prospective futures prices. The method proposed in this study was able to
predict the trend of futures prices. Later, this method will also be able to predict the trend of prices for
derivative products like options. However, because statistical errors occurred for certain data; further research
is required to improve accuracy.

Key Words : Topic modeling, LDA, LSTM, Artificial intelligence, Data analysis
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2.1 BTl mHE

£ PAL B SHe 3412 7T 9, o
25 740 BAE o SE FA|9} o] gl Hols
e} o] BA ol 54514 Sk, whebd] Al Bl
5 HolEe BA0] o] 548 w1, o3A Zo] 5
ABHs Gols QU0 GAE OJlE AU He
& o2 FAleH & 4 Itk ol% By mllolg B4
£ THIHE 74, BN vk HAEsks 25
HEolch3).

Hush A7t SuA QY 2ot 2 St
1, ol gIste] QIEY Aol TS B HlolEE
o] £ HI9ict. olefat Hole] ol 22 7
I Ushe golEE Zosu Ago] ddo] H AS
27h5steE. W2o] $(Boy) LEIHES 2ste] eyl
o) Hlolel S 45He U A2 (Web Crawlen)2 o
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£ ddstaA 27 3T 240 diste] EY =Y
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Papadimitriou, Raghavan, Tamaki, Vempala(1998)
£ 2419 o] 7 FH(Matrix)= o]-8-5to] FA Ul FAY
ulE L&l E1EES LSI(Latent Semantic
Analysis)& 75}, Blei, Ng, Jordan(2003)+= &)
o] AME-E|T Q1= LDA(Latent Dirichlet Allocation)
S AAEHAT[6] FAIRE LS9 LDA B5F HAZ8ks
(unsupervised learning) 7|§102 AFE7} Ao
A5 Y] Yol ARAPE Q&g uiet ok A
7 @S gkt ol EAIE siEdshr] s
Mcauliffe, Blei(2008)2 sLDA(supervised LDA)E At
S} tt.[7] Roberts, Stewart, Tingley, Lucas, Leder-
Luis, Gadarian, Albertson, Rand(2014)2 LDACA] &
Ax]o] ojQ] ¥k Hatohal £A4 Y| HEkolE
(meta-data)E &-&5to] He} glojejet EFE 7to] 4
A 4 4 EY 7F BAE FESt] AT S Qe
STM(Structural Toopic Model)& A|Sts}itt. (8] LSILt
LDAS} &¥] A7He] 50 wet Ego] U-§ ¥s} uet
o] -85+ DTM(Dynamic Topic Model)©| Itt.[9]

2.1.1 LDA

LDAE FA] "yE&d(Latent Dirichlet) & 7|49
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M = number of words in d-th document
M = number of corpus documen
K = total number of topics

Fig. 1. LDA topic selection process
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Fig. 2. DTM Topic selection process

2.2 MZAZ(Neural Network)
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Yx, FAT JS B Qi
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Fig. 3. ReLU activation function
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2.2.1LSTM
LSTM(Long Short-Term Memory)< RNN (Recurrent
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Neural Network)2] gt F+Z =2, RNN9] 7]& A(cell)oll
W7t 48, 9 3719 Al°|ETL ko] AE o] F =
25 Z-=rh14] o]#3t 2= 7HS A of 2t v
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- 1 LSTM Layer

. 'Ir
g
[
— tanh |

o

—-sigmoidl

I He [
—_— t+1 LSTM Layer

Hen
My Cesa

Fig. 4. LSTM learning process

Fan)
LS

tanh ~—

LSTM W} Alo]| Q= w2} Alo] EX A|1Hol= s
5 004 1 Afo]e] ZEo.g oA A AHEN(C, o] AE
78-S AR P ACIE()e ALRo|E F¢
FAg}ste] Yulo]E ojR2 AHSIT TR ZHC)S
THSo] o] A AJEiE ol Edlt. 28 Ao]E(o)
RRE A 1o|E #FololE B3 AR A AejolAe] &

S A=

fu

=}

!

3. gy

B droAe w2 7ME 9 2592 58 A
% LDA e 59l siF 7 71APE ofHit FAIE E
Fol=A FRIE AA g EAol B i 7IA
o] FAEC] AE 7HA0) ofH3t FFL v|A=A] Fobr
7] flsto] LSTMO.& 4] Bles A4 Flo[Ez, A&
F7NLast price)& &9 Hlo|H = A43sto] oh52 119
stol o5 2 st

e

3.1 2h=0] Hx=] 1y

& 71/ LDA o s FAIE F7g57] Aol |

A 2 7IAA B0 AlA 2 FHA BAZ XY
of gttt. 3 o] A=A o BQ gl HlolH
7} @o] AA LDA 2 dll k5 A] 8kgo] A0 & o]
oA A] fk=tt.

£ Ao E-8olof tigt H2l= EQEA T
Okt(Open Korean Text) FE]A X275 ARSI %
At HEAL 22 A obd ASTE A A S

3.2 %A 7|AFHO|E] &2

2 Aol A AR A 714N AR Tl E
o] #7112 (BigKinds)oll A4 20004 1€ 44F-E] 2019
| 129 3097H4] & 46,961719] A 7|AS ARESHY
o} A 7AHe A71E A F715EAY A7
AY, BAAY, BASE, B7Hs, B71EA L
737150 & 19719] SUA & AAANA FE5H3

MG T 7SS LDA WS ARESte] oju A
of sfgot=A g EXE 13T ofd &E Ex=F
F LSTMell 94 dlo]E = A] AFE-Hrt.

A

Table 1. Topic distribution table with the highest
probability by news article

counts proportion
1 1,333 2.8%
2 3,966 8.4%
3 1,090 2.3%
4 6,886 14.7%
5 4,361 9.3%
6 6,184 13.2%
7 184 0.4%
8 1,730 3.7%
9 2,757 5.9%
10 8,075 17.2%
11 619 1.3%
12 2,687 5.7%
13 3,156 6.7%
14 1,164 2.5%
15 2,770 5.9%
total 46,962 100%
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Table 2. Correlation coefficient by topic

1 2 8 4 5) 6 7 8 9 10 1 12 13 14 15
1 0.0 -0.1 -0.1 -0.1 0.1 -0.1 0.0 0.0 0.0 -0.1 0.0 -0.1 -0.1 0.2 -0.1
2 -0.1 0.0 -0.1 -0.3 -0.2 0.0 -0.1 0.0 -0.1 -0.1 -0.1 -0.1 -0.1 0.0 -0.2
3 -0.1 -0.1 0.0 0.0 -0.1 -0.1 0.0 0.1 0.0 -0.1 0.0 0.1 0.2 -0.1 -0.1
4 -0.1 -0.3 0.0 0.0 -0.1 -0.1 0.0 0.1 -0.1 -0.2 0.0 -0.1 0.1 -0.1 0.2
5 0.1 -0.2 -0.1 -0.1 0.0 -0.1 0.0 -0.1 0.1 -0.1 0.0 -0.1 -0.2 -0.1 -0.1
6 -0.1 0.0 -0.1 -0.1 -0.1 0.0 0.0 -0.1 -0.1 0.0 0.0 -0.2 -0.2 0.0 -0.2
7 0.0 -0.1 0.0 0.0 0.0 0.0 0.0 -0.1 -0.1 0.2 0.0 -0.1 -0.1 0.0 0.0
8 0.0 0.0 0.1 0.1 -0.1 -0.1 -0.1 0.0 -0.1 -0.2 -0.1 0.0 0.1 -0.1 0.0
9 0.0 -0.1 0.0 -0.1 0.1 -0.1 -0.1 -0.1 0.0 -0.2 0.1 -0.1 -0.1 -0.1 -0.1
10 -0.1 -0.1 -0.1 -0.2 -0.1 0.0 0.2 -0.2 -0.2 0.0 0.0 -0.1 -0.2 -0.1 -0.1
11 0.0 -0.1 0.0 0.0 0.0 0.0 0.0 -0.1 0.1 0.0 0.0 -0.1 -0.1 0.0 -0.1
12 -0.1 -0.1 0.1 -0.1 -0.1 -0.2 -0.1 0.0 -0.1 -0.1 -0.1 0.0 0.2 -0.1 0.1
13 -0.1 -0.1 0.2 0.1 -0.2 -0.2 -0.1 0.1 -0.1 -0.2 -0.1 0.2 0.0 -0.2 0.0
14 0.2 0.0 -0.1 -0.1 -0.1 0.0 0.0 -0.1 -0.1 -0.1 0.0 -0.1 -0.2 0.0 0.0
15 -0.1 -0.2 -0.1 0.2 -0.1 -0.2 0.0 0.0 -0.1 -0.1 -0.1 0.1 0.0 0.0 0.0

2T o9t A TIAE AT W) A BeE
T S A7) dholct,
ZAE JBASE Table 29 20 19 7419 39

71D, A7, A 5 7197 Y FAl0)1, 144
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A2 19 FA19} 149 FA= 0.249] *Jﬁrﬁl =]
F=Ao] =2 A0 Z Yepyttt 2 A= ) 271
A% Aol #EE FAo]1, 4HL FQ] BEx} F3o]
3t FA R -0.248H= e *JJMI S UEhdch
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O & oF9 FEo] Rpo]al, EFHA} gt FA| F HAR

#iet.

Table 3. Difference between prediction data and
verification data according to window size

wsize max min avg stddev
10 37.88 -160.85 -20.3 26.73
20 23.38 -83.91 -9.76 18.06
30 29.06 -75.61 -16.1 18.26
40 17 -72.96 -11.96 17.55

Fig. 6. Graph of prediction data and validation data
in window size 20

Fig. 7. Trendline graph with a window size of 20
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