ANAFENFHERY SRRES

TR E ARSI R

Stock Trend Prediction with Social Media Sentiment
and Graph Neural Network

Yen-Tsang Wu Jeng-Haur Wang
Department of Computer Science and
Information Engineering

National Taipei University of Technology

Web Information Retrieval Lab
buddyswu@gmail.com
jhwang@ntut.edu.tw

# &

AR - AR UL AN
AV R RRRAER S WG A R
HA AP B S R TR
% GRU B~ 5 7| i 0 L 982 %
T2 LS ERILE Y B
B B TR R TS
AATe BERAL Y BAE D
AP B2 AT AP
éﬁ@ui*%%@w”ﬂ%
fo #-7 I % L% AT B4 S
S EJﬂz ,,.rﬁzﬁfw 5% o fﬁ%%%

WA RS
ﬁﬁ'ﬂf*‘dzb&""”"i% ik &
Mﬁw’wm%iwm1é’€
PR ig ) AR R R o

?\w -

0%
2
{7

o

Abstract

This paper presents a novel multimodal fusion
approach for stock trend prediction, integrating
historical stock prices and social sentiment data. The
proposed method first extracts sequential features from
stock price moving averages over recent days using a
Gated Recurrent Unit (GRU). Simultaneously, it
captures relative spread features by applying Graph
Attention Networks (GAT) to the relative price spreads,
and sentiment features are derived from social sentiment
analysis, also using GAT. These three feature sets are
then fused using a graph attention mechanism to obtain
comprehensive stock representations. Subsequently, a
stock correlation graph is constructed, where nodes
represent individual stocks, and edges reflect their
correlations. Hypergraph neural networks are employed
to predict stock trends based on this graph structure.
Experimental results demonstrate that the proposed
method achieves an accuracy of 0.604. By incorporating
diverse feature types and accounting for inter-stock
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relationships, this approach significantly outperforms
previous models in predicting stock price movements.
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F %I B 23 Ubuntu 18.04 3 17 % 5L > 3& (7%
£ 73 32GB latfica 5+ > Bg+ 5 GeForce
RTX 2080 Ti (11GB) - § 2 i * Python 3.8.3
fe PyTorch 1.10.2+cul02 & {7 - ¥ 2% ¥ » £
P FE a5 GAT 'S8k
w ® M AE 5 4 Attention head % 2 1
Word2vec 7 embedding & 3% 5 300 o #5 & -
o el 4 GRU #3358 > 5k £
R PR 5 40 CME-HG #23] # * dp 4 &
#c i Cross Entropy Loss » dropout 2% _%5 0.38
Optimizer 5 Adam(Diederik, 2014) > Learning
Rate 2% 55X 107° » &+ 2" epoch # 5 200
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Accuracy ¥7 F1-Score » &3 38 4p #hit 53 7 27
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44 AT
L7 BTt R ekl > AP 44 MAN-
SF (Sawhney et al., 2021) e ;% > & #* 12T #i°

A 15 g

»  ARIMA (Autoregressive Integrated Moving
Average model) (Brown, 2004) = © » L&
Fepbrmg Aa i ol 4
PERE R FIAERI 2 o R R i
TRl o

Selvin et al. (Yang et al., 2021) @ 4 %] *
= 7R % ¥ #3] RNN ~ CNN {r LSTM
AP E A A %o LSTM 17 5 +v RE
S

RandForest (Breiman, 2001) : #-4& < < &
& d word2vec # #% f¢ > @ * Random
Forests classifier i& {7 2" &2 & 5F -
TSLDA (Nguyen & Shirai, 2015) @ @& *
B fel A R A T ALE N T %
TR L ARBEER o

HAN (Huetal.,,2018) : 1 * & ki1 & 4
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B o IIERPRE ARE o

StockNet (Xu & Cohen, 2018) : & * 3§
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Chen et al. (Chen et al., 2018) : 3% i3] & *
R Fa &L pa)3 > ¥ i@
GCN F £ o P 2 P enhf e (7 L 4B
TER) o

HATS (Kim et al., 2019a) : 2% #73] & * %

Y
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W R (TS BB A
N X BELL Y WA E R
2R PR e 7R B ABEE R o
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FEHREEER 2977 o 24P BT 0 3 R HCA
gt gtk 0 & BT (Accuracy) - Fl-
Score % it 4p # -

Method Model Accuracy Fl-score
Regression ARIMA 0.514 0.513
N Selvin et al 0.530 0.529
RandFores 0.531 0.527
Social Media [EEMINIBDJ.N 0.541 0.539
HAN 0.576 0.572

N+

Attention StockNet 0.550 0.546
Chen et al 0.532 0.530
HATS 0.562 0.559
VG CME-HG 0.604 0.583
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HG #-3] = Accuracy fr Fl-score + 4 8] & 1 .9
7% e 9% o p vt 3t B 7 35 A 5 e g ) o0
% > CME-HG #-3] e % A w2 7 %) 5% fe
T% o 41 * AFT 53175 Btz fa

7% » CME-HG #£ 4] #p #& ** RandForest £
TSLDA 4 % & 154 7% 4v 5% » ¥ 48 £ HAN
ALK 1% o 2% o @ 4p vt *+ StockNet -3
(RS EmfHss hhl D7 A
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Lok s gheti  BIA SRR KEY LD TR
e A > CME-HG #3]+ Chen ¥ A e
A7 53 0 7% e 5% 0 A& HATS #%
2% 0 4% - F kS5 £ P > AP ah CME-
HG #73] &% R ABF R P 2D g &gk o

_;5

i

>

5 A fifeith

AP AL FESIT AR foE s ¢
E W F A PR 12 B % A 4



51 # e et )

L F E 0 R B CH R R oD
B APREH- Ficfes B Fpe b

= W TR IR Ry
ARPELM o FRE F4ok 34T o

Lo | B Z ¥ | WH#F M | Accuracy | Fl-score
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X X 0 0.523 0.641
0 0 X 0.604 0.576
0 X 0 0.531 0.622
X 0 0 0.602 0.563
0 0 0 0.604 0.583
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5.3 CASE STUDY
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