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Abstract

The onset of social media venues, online news media, and digital content allowed a vast volume of text
and time series data to be generated which plays significant role in investors' decision-making and
financial market volatility. Data extracted from these platforms provide information on public
sentiments, immediate reactions to news, and informal analyses, which, if processed appropriately, can
be very useful indicators in forecasting financial market trends. Billions of dollars are invested and lost,
depending on correct forecasting. However, advances in deep learning, especially in large language
models (LLMs) and novel time series analysis algorithms, have opened new windows to processing and
analyzing this complex data. The advanced language models identify hidden patterns and nonlinear
dependencies, always taking into account the context and semantic details of the text between news,
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market sentiments, and price fluctuations, as well as utilizing them via intelligent market analysis
systems. This review analyzes the existing research trends on the relationship of text data available on
websites and social networks with the behavior of financial markets, having reviewed more than 200
scientific papers published between 2006 and 2024 in a systematic manner. This study focuses on
identifying advanced methods within text representation, sentiment analysis, predictive modeling, and
language model applications for analyzing real-time and unstructured data. More than one information
source has to be taken into consideration: (Twitter, news agencies, blogs, and specialized forums) from a
perspective of credibility, data structure, and influence-on market decisions. Given the complexity of
financial markets, such as stocks and forex, there is an ever-increasing demand for hybrid models
capable of carrying out analyses across time-series and text data simultaneously. This paper aims to
analyze the current research accomplishments, identify gaps in the research, and ultimately put forward
future directions for the fields of text mining, Al, and deep learning. These directions can open up the
path for the next generation of real-time and adaptive recommender, predictor, and correlation
analyzer systems in the financial markets.

Keywords: Large Language Models, Text Mining, Sentiment Analysis, Financial Market Prediction,
News, Social Media.

el 83 50 [Flaiyize 5 (Hepd g o slalgioee
SlS bcd i ol (Jb sl o bal, 5 LS
(o o il Julos slos 15 5o wilos S lay (slos 2
odLQ....u‘ LQJA)}O..M)‘JJ » ?M u,uo u,u)‘o).u GL“u"’B) )‘
sy > 9 6»5)*» sl s ‘GILA Jesiy O9d o0
Slolerl g [A-V]wigs Llos 505 &)jp0a 5,50
DVO-VY] joebogs slaaiy, 5 mie slodlang, [YY-1-] 5L
Al 5 T los a4 SUly ol wed slulis
S 538 5 S Slewedl b uiS (o S8
ASL“‘—{“:’.) )‘ 9 S eolarl L;)Llfc\.;‘l.o)m (_gLa:CNa)é
55 b yo,00uil 5 o olone oopl b S ¢ 8 AL

ks by giedll solore all O lalcan Elansba & (6916 el [F10S o i) o) iS4yl oo el
3 6P Sy aSl 03,5 ol u>_3)1.5.;1 oo u':’)’b)?. I )

' Sy Cupie dibe glaanlp b oS o S b

L,;]L,e u’:‘b)‘}l% abe uul.,.o 6“"}9—" PO (S losls ) R
) . hoobyie b Jolss 5 goladl glanis, st
Dy N s s pal

395 (sileaddls Sl (rizren 1S jluarsy
@l Gyt L @S sl g g soladdl
Gk 3l gl onl @ jed S pwyiws 2yl i)l
Slp ) s glocio g wan n)5 slalnl 5 WLAPL
ol o5 amlss ald LS alew 5 Jbo oS s
2 Jiems glacslay; 5l il pi 4 oo
g bools oo sgu g wal wisles bas Jbo coss
S 0 095 53 ) Jbo sl xS e
lacdyin Ml 1 (S b yejeandls (6 lene
9 d9hee 4l (NLP) (onb (b)) (A3lon 859> o

Ao dio—
S5 YeYOL YT gl Sbj slo e Ol
Sl 835> 50 ol Gloo )5 5 ke Ghjloy o pSetx
GPT-4 [¥] GPT-3 asile olaJoe [Y M caslos 5 slon
a4 e gleools Jdow g by Gres Sy ol L4
gl Ok Sluleal Ll 6l 900 sl
Jyore e gl aseis 5 Jbo sla 155 5l ledbl
L Heleo slaosls Jldog s (gom j tiods Jas
3 eolatuhgn aile (ole s lajls, Sluls GBuas
s b Calas Gl sulS 4B Ll Sl

Voo Jlo 5l ez e g 5l G oadplnd 550 50

5 ool S b cenload oy TYYF UL b
5 by, Sl () dwd (e (ilon 50 Jise slaas
sbdos p e )by plasl 5l le, slatdl 835>
olitl ik LSl b ey Gl Sl Sp
@ 059> cpl o b hgy 5l laws YA AV Blales 5
el 05 gl enobisel iy ladae Tisilus
36, &ws VAV Jadlasls y goladl L) ol
5 G2 bl Gelea Lo gl b jojgandl 5ol Lot

R & dlie Gl )3 (om0 3590 @2 10 g ()2 S|
aple,d anxlie Wsy )3 0l IS (e

https://drive.google.com/file/d/1nL9ZYi168-

4sUwJjOYOSKVQRRxJnHptA/view?usp=sharing

O Jles UJ‘ ) e r Sy940 Jle w5\> axJlas s,‘.Q,’> v

sl 8 dazl o Wig H0 05,18 ,L ST L
https://docs.google.com/spreadsheets/d/1LFCjCdT-
Tjwlh-
qsb5610PBstyTrnwY d/edit?usp=sharing&ouid=1050523
81409857963471 &rtpof=true&sd=true
3 finetune

Sy sly Eaan Shgr slaailele Joo5 55 (5970 A
Boile B b silore ol a5 oo Wl G5te JoloS
sladae (higel Gl Vb (silusilge <ol 5 [8] axg
Sl WolB a5 WS o walB 1) 5558 9 SHp
(omizat S ol 1) st gleosly jo ey
g n-gram Jow jl eslitwl b o bl slgime (g )lel Julow
Cudlosls las Staypeogs 5 (g9l wile ola Shs
Jelo g ooy jLsle Slulis o b bg, opl a5

¥ 2l Vol FeF Jlo

.

&


https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
https://drive.google.com/file/d/1nL9ZYil68-4sUwJjOY0SKVQRRxJnHptA/view?usp=sharing
https://drive.google.com/file/d/1nL9ZYil68-4sUwJjOY0SKVQRRxJnHptA/view?usp=sharing
https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1LFCjCdT-TjwJh-qsb56I0PBstyTrnwYd/edit?usp=sharing&ouid=105052381409857963471&rtpof=true&sd=true
http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

Slo /DL Gin i 9 YA &slo yuw Hlid) Juxi )3 Sile) GG ) 9 cyie LIS 33 ) Sib) )i SBYIe 3 )8 13 (599 30

2 e by sledae jleslaiul aljang; aig) (rizres
5 Sy s S g e (pleisl 50 sey5hudl
ol oamline JBB (Y- JSC2) Sloges 1o e islo p
lools wlie (cwyn 2 psd 250 50 sae cnl Ol
)O e ) Jw‘ od..:;)jfo é’>‘JA )d oolawl c))}a
ol 5 Sledbl el slahg, (Brre 4 pge i
5 Soim s (wleal oo e glosls alis
by ladse glasy IS L sasilys olidl Gaa b e ez
2 by S sladse (Srre 4 o)L, oladl o 55
S Sl sl iy g e Jlay 35> 9

Cewloalds UL"’ w.’?w M )é 5)5).».»4

Slosls asbo -Y

il s Ghigel @l olSamgs o5 pleesls glsil 5 e
ot 9 oLl Gl (L8, Llog jo Sbj sle o
Gananb b aes o 18 eolaiul 850 Jbo slalsk
S iy 5 57 ge slas, 5l g e S deosls o)l

Dgden wal T L e e

Sl b, l3L-1-¥
Log 1420 Jlo o a5 Takllls L & ks bl
pled BoS uSaie ailojw Cuod Wl zylae Tl
e (ol sl loyus ] @5 gl oyt 5o Sledbl
Sl 5o o Sledbl jlasl b 1y 5 ccnl ands (6 4
o <Ol 4 o L STy g eleizl ladil) 4
Sliss s pse il 5 0B bl alop b e
S sla,il [YATAS cod pts LIS e js S
S J slalib wigdoe peds ol dtus 4w o
aliz Glygl aile sigdud 5 SuawolisS sla,lnl Jolis
Saeaids gl ol ol o a5 wloyw sla,lil sl
S&P 500 axli 0 F,p bos,s plhw sl
ol Jols ome 45 o5 6 sl 5 s o alalas
sl bl e ol EUR/USD ) cas asle
Sl plpieds 5 0adi6) K50, sloj )l asile Jlzmo
slp owmsr sl iy Jb sl
G Ll cnl 1S e iles ST sl 6 IS Al e
Al Gl oladl o 50,8 4 pasis

Sl sl catelel logiagy ohe
el a0l S I3 wyp 3j5e (Solite
o gy Jb st

3. Efficient Market Hypothesis
4 Bugene Fama

Pf 2l ¥ okl 1FF Jlo

W

Ao [TY N eJadles S eolanl Jbo slo il cousio
ot Sl G Sop sledae 5l gy, Sl 6%
g, 5l slamws pioren tilos S oalaiwl Jbo slal5b
S GBibn » Son Sy sledae ool L
sl e laale s Jlod 5 st @ (Sl
ool 3550 (655 i slaghs, (ST ((V-JS)
S mgsy Wl jdg) N, w83 oo LA 1) 0adys5e YL

ol baiaslis o9 4 Gaes 550k Slo by, e

Lol o
35 |/ Deep leaming
m Machine learning
mmm Regression
£ tatistical Method
25
S22
E
E]
ES

D & o ) O
o ¥ . L 5
o & $ ) £ S
Year

oullyg 30 Yoy ooliiunl 3590 (G965 i (BN (S STy :(V- IS)
(Figure-1): Distribution of predictive models used in the
reviewed paper

slohil Jelos 89> 50 gl (riwnds Az b

350 2 VWM Jlo o1 lisS ol gy & Jle
& o 90,805, L lataghy s Sl T Olsioe oS
o Gl [YY]edls Gy ik 2 LS 580 (o2 50
SE53h 50 e Gl eean @ B S 980, L
wilsy dilise glaggoge b L Ll 15b cov Yalew
i oy o 50 <0900l 5 (g lexe 1) 5l iy Uzl
i alie Jsle @l sla sl Ll sl
Ly L3 oo b 5 e ool gz SOb ks
b as Joys [YE-TV]CE S plonl Sladl 5,5 K
b Slafelod eysindls p (e Gladae Jood
sldae 5 Goos sx5ob laghs; 3l esliial » s
Sl Slosr il g G GAiln 0 Sop S

40 | 5o
- Corcept based
35| mm news coun t
word embedding
30 /== transtormer bosed models
E 25
E 20
5
=
15
10
5
L 2000 2005 2010 2015 2020 2025

Year
9 o0 4 (2l G gy (ST sloges (Y- JSb)
ouuiyg o gsbwo o (Floj (slds puw

(Figure-2): Distributiotext and time series representation
methods used in the reviewed paper

I David M. Cutler
2 Stock Return


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

S (B odd oy Slaghs; Ol 5o NS (o0 13
ilos S oslaswl (glosls aie G
4wzl bl (sps olyg, Soogsds b plojee
OB5ls b 565 50 oz gl slaal 5 Loy (Sug Dlxio
Ol 4 918 5 098 oyl Sy, o b las e g0l
WY lasslop oo loa! slaaSlis o 095 ol s
5 Sleizl leasl o 35290 (e slaosls LS
e slodls glie Glyiear Jlo slajlil Xy, Geizmon
Sorte sl [V0] ooleiiay (hs)y 5o Nabiee wlid
alisee glools alio 5118 il ol SO pn i S8
b biye Loy Slbrio 5l a5l Slabo oluas ol
WikipediaTrends.com slai,t 5| Ll <S8l
ol g L3l s 5l sadady basp Sledbl o>
szl (bl GleS 4 a1, google News o ol )3l
ledyl 5l T e aiile oy o sl (8
RSI, LW ,LY 28 Jb sla a3Ls 5 yahoo finance
aiload S5 plo g

Aes losls 5l (oS5 51 V] solerin B9 5o
swotn Sl G o sleesls 5 LS elor
5o Cawload oolaiwl GLSLE oye 0 plow Cwold
B m sboosls oS5 51 IYY] oolenig (o)
Bl e simri sl ST ol Lol 5 P
Sinyd Sy [PY] oolpitins Lbs, 5o Cemlonds oolizal
Pl oom SlleS @ by claolly 51 ol
YAHOO = sles)b jo oadsyiiie (L3 5l 2S940
ewloalds 1 Zell YoV B YV Y o5l o Finance

OleMb| 1 ol b g, -Y
bl Jaloxi— -

gl gloas 5 eolitel b ololus! oo
5 b ol Ol o gl dan Ulg e
3 6 Sl 4 e b sla Sy gl
s b laniy; (i dlea it glaojs>
L SaSE L Sy 50 ok o ol .Caslonds
slats; ple & Cod s n o Shee fine-tuning
oty IYEXO] cYlis o wleols @)l st
aS Wlools lis g ailoyy Wy, (Samion s o) g
e S P e B

3 Knowledge Based

6 Close Price

7 Indicators

8 Google Trends
 NewYork Stock Exchange

Standard sy 156 51 le3 oo (Jlio gl V055 o0
S&P 500 1, o] asds jsb 4 a5 & Poor's 500
Kyl 3o S &850 aally el 5l ISt 5 aiali o
2l Sdleg Sl yeli obeeS g oy b cul
@ oSO () ol Ly aiyls 18 e e oyl
wibe )l sbeyleas gyl wlal 5 Js Aol
Sy (F-JS0) 0900 a3l T Y0 4 5,5 S

and oo lid 1) dslllas 0550 (Jbo 5L el o o g,

Slo slaylily (slinypiS” 21595

Japan

German

Forex

Tiwan

Korea
China
Brazil

UK

us
63 59 0 Zabio yo axdllas 090 Jbo o yl50 glgil (V- &)

(Figure-3): Distribution of market countries in literature

1 e sl LS ale s STy oYl yiy
Alo w03l o ) Lawgite jsb g 59, Slej S o
ol g3 B jtgy FwiSTy sfoges «(F- JS5) silos,S aslllas
ol 2 oy, (SaSTn Jloged (wyn 9590 (Soj ojl
D23 o (LS Ty gy 9590 Sloj o5

g ojl ilie 53 Jdow lej e
-_— ¢I5,,
— el asia-

_— ) S S
wlala

Avg = 5.8, 5TD = 4.6

sy
N
-]

0.3

339390 Floj 03k (bl 52 gy (SuiSTy jloges :(F-JS)
(Figure-4): Distribution of methods per period of analysis
Ll g el elais] slhasn gloosls L5
bl gzatma slaysise o b n laszgcen
ooy orizmes 5 TSy Slxio 4 axxlp
—ools golie glgil Pl plai yoyg0 50 $5 90 caass
OIS AL s JLS jo il Gk 5l aS siis (4

|
|

! Apple

2 EUR/USD
3 Wikipedia
4 Sina Wibo

Pf 2l ¥ oLl 1FF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

Slo /DL Gin i 9 YA &slo yuw Hlid) Juxi )3 Sile) GG ) 9 cyie LIS 33 ) Sib) )i SBYIe 3 )8 13 (599 30

@lwlid )3 (o Dl S 1 (e ]
olatdl 3 (5o 50 (Fremd g uye Sl
DP9y Sl dly goda &8 b a4 a
bl 2 63 st el Jelos 4 1] oleiany
3 Cewloads aizls 5 laie jo 85l oloe il
o == sl 3l Sl ald
aloads glyminl SB35l s e Jslae slails i
g Solaals 3525 659 s5elel Ho JS ples a4 oS
50 Cawlodds 03938l la S5 g acgame 4 5 oy Bl i
A o (S e (i {FV] oleiing by,
S8 (e () A (S 5 (e e Al
55 10l 4285 plowil T ezl aelsd SolST g, ' i)
Dl SeSay (59585 A (e 5w O55lg 4 b, 0
hS els U v g9 i porterStemmer
aelgd gls g, 5l ooliwl b s g Wb g0 ol
Gl ) Sl 4285 plaxdl gunadil el
asbias sl )L sl ol Sw s S [FY]
ol Bl goladl 835> 0 slailjons e 8 S0
S8l yiias 4 4SS ol e L [FY] eolenin 59,
P el @it )0 3 lea 4z sl nogdle
So oo L oo 5 o0 095 3Li 0,90 Sledbl Jlos 4
L =2 Ola=e 5 i 5l Clie sl i 2L,
sy LayT sbarl o ) g 5 00,5 ]
S el Lo 0l )3 pegdle [FF] g, ,o .ol
Ol il e 53 o gl ¢ hte 5 St & 93 4,
e Cawlosds gy 58 )] 4 gy L abais 5 5
(7S o e Bl A [z Sl (S Wl e S
soal, 5 (o o Bl (oo (g Bl
adai 3l o1 Jdow 55 52 sl g 0l (g ol
SLo by 2,0 0ezs 5 Lo g (Hgo (2RI L
e S 5l Ll el Jdos pogde [FO.57]
Ges b jlelas paan s e bl (e yolas
ool 5 13 Of gz Ol 5 plew wlo

.A.S‘oo;

closm| &5 sloosls ywlus Juloxi ~Y-1-Y
9 Leosls x> scLo.o\ ‘_ngUL.:) (_.;LQL;‘)".” alo> )’1

e )5S 50 ol d8gs gy dayl adgs (SVL Cee
5o eadnly wleol o lpl o i sleely

Ol ogbs 5 b Shy pw il (opods Wl

! Dictionary Based
2 ARM

Pf 2l ¥ okl 1FF Jlo

@

Al g 2l laghy, nle 4 Cwd G
SIve Al Gldlas o oS meeh omimed a3 o
e Sl LS‘)’. BERT oo g lungy s G
So AL Jae pl a5 Wles )5 eslazul (FSA) Jb
Slp S O jgod sl guudiud (6 S balodsgee
FInBERT .cewl sasosls gl (cwisin dline J>
BERT 5, iie yopid 5 (b Jao 3 505 4Y1]
555> 4 Slwlus! L= slp ol jgbay a5 ol
Cople 4 axgi bcwload giluangy 5 pelis Jbo
Jelow loix] sloaSis o bowy 5 Lol ol
slale, 5 L3 855> 90y b sla)lil oules]

Hs ! wlae!| Jodxs V)Y
G V-] FinSoSent dxwgs clwlus! Jdos 539> 50
o s 55,45 Jlo 5355 b s e 53 Sy Joo
b, beoslasgene (55, 5 omdBisel e
2,8 5 Gliges canloads 3uBo pudas Jlo elozs]
(G Gl els adlbas gleosls mlie S3e
slp szl gloals, glocey 5 (o8 slaaslo
oigr sl Jae 3l solawl il Slulua! Jdow seue
Ok Ghiley sl GPT-3.5 aibe Wse coian
sl il b ablie 5 glao; S0 bl saums lis
Dy lewl Jb 89> ols 8515 b o e

Sleolauwl LY VD Jlo jo a5 [YV] solgiion Los,
bl 2 s Smotn & B e e )
99 3l cwl azzls gy Jls slaosls 5 Gl Jodow
¢ Harvard psychological dictionary <) S_»,8
ooy d—ilos S oolas .l Loughran-McDonald
G35 e o, S Al L IPA (ol
ezt S S5y 3 Sy S el il 4 o
= 08B, ez S o 1SS il 8 el
ol 55 ol 4l GARCH. (555 oy Jote ol
Gotiows Sl e g Sl s 9o 4 LT )
L olwss Sloj (g oiblo laiys U Loyl ailoa s
I, )l =i GHARCH (665 yiw Jow 31 oolanl
3 i Oglas a5 S yae,0 tailosls slowl way dlasd (ol
A5l g2 g 0ol Sy 9 (o28ly lade o ailin] o>
Sboy i o=l 3l 8 akds wir a5 LT 4l
D )y5—e por 9 0dl 00ld Cld ez iload i
JS5—i5 LB 5l ez syl Bolsacgome S
Jdos gy SO &1L [YA] (golpaian by, Cawloads


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

e by Cedd oy yo clSHb e ola gl
wlaz sy ESlebs

G0 S0l (e g, —-T-Y
et Geoe S50k sleaSed (S g sl L
@oonie laghy, (AL 5 (Pl slaasid
Jols ool lacs oy OV OV]wladl  dewss
gl see Gln g sl Bsile R
[of-0V]cwloss by Job 0 olS o S
Songe Slp ool Galizes glgl plesl 5 5] Gllae
5 o e sl eSS0 e oSk
Ao Cogd (sbrools 45" wo,S &Ll Log, [OA] ol Sen
sasrls L, San g alabs wilyy, Sl slaojl yo
ol &5 s e lis g S e S 5 golaiBl (S
WSS b Jow 4 cod |y S <0 8 S,
wlaiz jeysinils 2D 3,80, orl adSu o 35
P e Bres 6,50k Juw SO A wisls aswgs |
OSgude 6‘)" ‘) w 9 lel.c LQLQOQ‘O 9 Sl 4>5.1
as d..sfso f:LCQ‘ uJL" 3)99- 5o u.l.ﬂ.: M
5 adlais gleosls pleol ogally wylgd bosmslus
el SSie Jbo glacodled olulis

pleol 85> )0 oo laojsliws IS (S
5 a8 oad &L V] o)) 5w 5 Sleu b awgs ailloois
gy e adlaiz Gres nSol b9y e o
g/.».bls (i .\.\SGA r:Lcol ‘) ‘5.\.».4 9 GILA solo &5.: 99 Lf"’ﬁ)
OO S Kz b 9,09, cpl es Gl ) gen S
Gl i wdbas gleesle slésl sl
sl 3 Gt e ¢l B L ssledbey
S o oS axasl

G5l gy 3l eolawl b fFe] (soleainn g,
ool aSl L elel o St 4 e
FOaeelisS SVeb dlasl> 5l [£V-£F V] sla g,
.\.\.'s‘oo; oolazl O

omdle 6 750b p (S gl g, T-T-Y
S olges 1 VeV Jloyo [PY] oleidy b,
4 Sels 5l e 9,505 L 55 en slaciy) e
B N o AN CC SR N
Openion Finder L L& olus! Jdos el als
Sy p & saxli | oolainl b e (Canloads alol

et 4 py slagiagy 5l elas o 5o cul gloj 5o
aS [FV] olprin (g, Cawloads azg b > oyl
o & aslosds ol 4 gl e 5l i 0935
4 GPOMS 4 Opinion Finder sla,lpl 5| oolaul b 1,
ailos,S ganaiws wles!| mhaw b g 90 4 iy
oy L \)Du)f u...l.c u.......ajl oolazwl l.u By
solem! Gl g on TRl (Spe
TSR Y v NV PRI | PR W7 P E oW
el eles! oS oo SS 5l [FA] ol
(iR oy Ay g Cawlod,S oolaiwl ger yo ol
plem Ng 5 Jloedo> olladl (wy i oSS G
Lol aizls s NASDAQ 4 S&P 500 DOW Jones
pac a5 Sbej ,o LIS ale yus s o LS lag] s
oslaiwl cwlus! glaosls 51 iy o)ls 0429 Conlad
S e (28,5510 L [FA] soleriay (g, S (o0
ohgy S Bl L sloim] slaasiis 4 by e slaosls
glad JSie p e @lp bpwyile 528 0 woe
2 ol ol Wb iledae o (o Tl
ol ails S&P 500 plgs o Sl

Jebos oyl b gy S [00] (ooleriay by 0o
LS:L..’.A 9 65.’.] (5LQL;)"5 )I oolawl L: L)"‘"l“‘&‘
b.cl.o.o‘ AL leosls g (63 pglis oA.i‘;Cl):}:.:...u\
30 g (GO0 g,y ol Ho Cawlesls &l
k.';i""“"f"'a wa.?u u,us) uSu )‘ Lﬁui ] [-1,1] o)l.:
degazme olwl Toadad i lp s o L 185
@ OV] golprin by, ,o ks S solaiul (bjgel
wSloy oley yo oIS abm Sl sbg (o)
g @ abasd e o Gl ((Bey cpl jo asloads
3 &y i Sloj hp ye QLIS ke wles
Homg 3 Sk (e Soz ok w85 L
ol Lo g )15k a4 by Jlo sloosls aws g0
Cawloads eolarwl YahooFinance 1,5 ol las

85 oy, sALle -Y-Y
sl Joe 3l Gleo s Al @lldS A Wz o
ol lasls Gl slasediy Jlod 4 i
S50k edle 6Fok g 5l eslinul L e,

ot o SHp by sledoe puisen g Gaes
5 L3l wiile Padlair slaosls Lulul i 5k usT

*LST™M

! Granger Causality
2 Cross Correlation
3 Sparsity

4 Polarity

5> Multimodal

¥ 2l ¥V o,lbVFeF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

Slo /DL Gin i 9 YA &slo yuw Hlid) Juxi )3 Sile) GG ) 9 cyie LIS 33 ) Sib) )i SBYIe 3 )8 13 (599 30

Loy "olle las bawgio jlre b, b))l &ln
ol s 3llan (sllas jgione

Sl Sapegi glaailols -¥-¥

3 g £l lalaie 5l S oamsolpiing slaailele
O Dlolres 985 ity b a5 wwn olaidl 535>
Ok 3 S5k 5 it Sgm S Sy (IS ale
Blle Sy V] ooleiig  Uigy S e oSS
S Cwles,s Al Ol sl samsslpiin
0Ly 0 50,5 5 5 S hs 8 3l (St S Adien
aplgms L3l bl oo ol ListNet 5 RankNet
Gleday By S e I8 S aley LS o
ol ol (3l Bamsslgii Bl oG [VY]
5 oolicial b (glaids gty Sloj 53k yo s Lobus! Julow
2 VY] oolpainn (g, 5o Cawloads &3l (gl 5l G
oolicul by by 3y 5 udaolisS (655 jiasl 5y L b
S Sl "\ ol S e (5,550 i,
3 Glarel> gl b [VE] golpiny s, o
oot b, S oyl eddaslil IS ale s
95 S b iy 5 L3 Gelul o)l g5l
) s 5 el bl s il 5 a5l
saoolpiin Slle G [VO] (solpin oy, 4o .0
s sleooly  lea! o elal 5 (6,108 ale
alosds )] ez oy 0 " TUsS 38 ake s elazz]
Kipp p e Jghie by Sl edliiud b (S g,
2 e oley o 0 plew o sl By Pl Sy el
O el Wiles ST oy pai a9 i Dl slaws bl
bl (Sl g plews Sk g, (o 9w o0 (LA Gigl
SYb (i bl s 397 St (Kiier S
3 ook 58 o35 S g39 5l S e

oblaSalo )L, Jolooi —1-¥-¥
by o dly Jelow @ it 518, Jlos slagby, 5o
el b aloyw SO ctSib e G (Siuen
30 il aloads azloy ale, 9 L3l o ok,
i Sllosi ol sl 3l Jon S ([VF] e
oS csloads @l glaads zy Sley o5l yo WS,
b slepbs Wl oo 00 49 b Joe wad oo plis
LVV] dalllas 3 0iS (g5luancds | ng LU 50 cos
OMalro @m0 L] 50 (g )55 g, 5 oolazul b
UAM 9 03l r NYSE )‘)Lv ) g_)l.:L..uj.' 9

solitul g lp eyl 5l bl cpl 5 g 09 ce
plem CaS5k g9, Dbl (L 250 Gliee (o2
Sygod Yoo B Yoo o3L sl S&P100 stocks
avenPack solsacgazs I LSl .l aBlsy sele
ol o el zl5wl News Analytics Database
Lj. Cdo o g Qbf‘)‘o ).305)& )L._‘>| ooloc\.cw
LLI ol &) pudai (500 iz iz lil e
i, T3 e plesl &5 TES,0 e o4 B
slagby, 5l eoliiul L aS sl 50,5 o pogax
s;'CA....J‘o;.\.AT Cawddy ).._‘> ;S., 6‘14 uoL..M?‘ J...L?u aliseo
CiTk ot [PA] (oolein (g, 5o it 5
S35y bl elog @y azgi b alys, O ygods Guygr )0
5 ol IS 1y sizog S S, 38,50 L LS
Cewloads oalaxwl L1 gl LexiNexis solodc gozxe

bl o 5 (o) 2 2 [PA] ooleidn 355 0
u.cL~.>| S gedls ol Kaw,s e
5 OMolas px> 5 <3 5L 0 www.psychsignal.com
4B 90 B b )0 g Bgpme S50 mh plew ik
ot Sl GeS) Jae Kol g ead Sy
t;).a.o [V-] Lgal.e‘w B3 6)5]9:’ Lewloads eslazul
;,5)...; g ‘QLQ,.u ‘51).3 L)4:.>L,...» Q-“ .L@‘oéﬁ.g ANSI r:li £y
o slp oS50 e L3 leal o 4 4z b
55))) GLKDMS).MJ 61).: Cewlodlds Ml.?u» olo /Mb/)j)
oebaiSl 6 i Gjg Wl L b 8L &S
Sl g Db p> g asls opl b caslosls
Lol 2y FHIY P 9 L;i».o.b 43‘)'5) O Hg0d

Cds Moo I"‘b) o.)l.Q)L».xA )‘ LQQ,‘::a) o U"‘ 3o
recall 4 8o jall g0 Kl (yizxen 4 recall
dwo o [Frlowload colawl FI jlas lge cov
So o5k b adlas oy9e slagty; 5l 550
9y S5y sty 5l dmosls (g9, dtwgn @je
oolaiwl 8590 jlars 5 0uds eolatwl o s sl bosls

9 Mean Absolute Error

10 Root Mean Squared Error
1 Random Forest

12 Guba

Pf 2l ¥ okl 1FF Jlo

I ARIMA
2 Shi
3 Relevance Score (REL)
3law b ,as o slas, Event Sentiment Score (ESS) ¥

P S OO b Sate e

Olime 2o b yao opo (slaus, Event Novelty Score (ENS) @
WS o et 4038 Cael VY o ) 15 ogagas

S o b yas 0 Composite Sentiment Score (CSS)
D9 ge (I e T 5 ey 5 ghte ol

7 Aggregate News Sentiment Index
8 Accuracy


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

O (Shpd (oyp @ [AB]eoleiin by 50

s S5k e 5 QIS alejw wlasl (a3 Lo
by Saeail o)k 3 ploy b e )90 1S5 4l
DCC-MIDAS s, 5l ooliil by o)) ,§ iyl Coslons
S Jiom o slai o (Soon ol b peite ooy &
Obgy o Wl S Gl o Ll 1) g3 Jaw opples
(ool laslag, 28 oy p lp [PY] ooliin
2 kS ey S 4y o olail by elen]
P |y g3 &S Gp> 09 SpSCex g8 W
3heslatwl b o5 iegh caloads aBly S
0950 dndd oy d S Toule ogesl s,
Sl azgi b oy Sllag p atws ja lasla,
T TR R PR RV PVES NI L A SRR W L ¢
e 5 ool Ll 5l oolaal L [ASAY] olgsing

9 Oy, @bl 4 gl el p (rezd a3l S
2555 ade alesl ool b ol 8t (g5la e
20 a2 o lid ek cpl bl casleads aSls
& ke Sy Soelea] wal Slpss Sl elas
olpian Ghgy U [VF] olprin (o, 5o Cawlosls
Cewloads Il e gs 5 Ll ol oyl o551l
Szl loasy slaools wlosls las 1,8 juegss
waas oo GHIS 1) Wslayg) LTl 5395 g e
Sleolawl b gyl aiyls (g i slezel bl (L3 L
Jedow a5 Sloy Wleols Hlas bl jo «( Shg 90 ol
g Sy sl Al gleosls 5 LSl
9 WS (o0 S5 > Sz led )3 5 1k S (e 25 >

2,5 3! Saeadds g,lw 5wl S les oo

ol 0 SHp by ke -F

) B 9 o
el slao S o esliinl 8)50 Sy by sladoe
ST 2 a5 Kgd co el ol &Los g0 4y Jlo sla)lil
Alwd 5l 0,5 oals iilay 5l gglaie (glaoje> o
3 e Julog sl ol jebas &S s Slo o (s
LB gge gl Gled 5 loles! Jdog wledb
3 Sose b a5 il [AA] AoE 4 Sentence-BERT

SIS 0 iy @ 85 (S Jelod )lol g, S 51T
230y g0 K00 Gloj gy Sy 05l oy g S5 SIN A 5

Gk 5l Ll L o e cwld auS oS caloads
wad ooy o el bl L3 solys dllse
STy clwlws! Judos 900 [VA] dallas 4o o puiomon
oy N olaildl Lol 4y susie YL sl 5L
e Ll a JhLoas culesls las il g eald
S Hlal oS s jo rams o lid (g Jasas STy
Ll (g5 )..;L

9oL o Al i 55508 K0 Slllas o
dlayl) [VA] Adlas jo .cawlosg 5L calize sla il )l
035l 5 &) 8)ly0 (o238 LS (g loline (5L
Job 0 Jl opl &S cosloadss sslive S&P 500  Sisan

Jdos g,y 5l eolamwl L JAL] ddlae o
>sS <en )b g Google Trends ol sy o JUST 800
3 peSan b aS cnloas sl lis g eads Juloo
INT ddllas jo )l spYL JUSTBais Saeads
DAX 5L 0 Saw, & bl p solasdl L3 36
u_:\.\,ool.:; w‘)s‘ S Cewloads ua.z....a 9 0l e
o bl cwl b Sas; a4 bl b ocie L
o AT 5 AY] sla g, ol dite alal) () Seaily
g W plas STy Gelae Djgon agS LS
g ety soladl Ll b e esdtae bl
5 S&P 500 esh plew ciS5L 5 )
do glbaian Lo iy, cpl g ol sezg amdias
VPP VA WIS PRI Wre

Ot (S oy p 4 [AF] goliin (B9, 50
Trms 3 b i pe 505 Sy (soz g Ll
RSl Ll e clSh s W S skl
u.o.d QA>LMJ -bdale—w )L.su; LSJ Cewloads w\of
LQ:QT Salrs oz g alise sl u.)l...u‘ 2SS
google Trend Index asli O (pozred 0l Byae
S S ce & bape bl seraie )
OIS alerw JB3; siledae Gl Wy 5 cule
99 )L;uuo 9o U"‘ u.ul...u‘ » fCawload A.H..:L?bo w}fw.:
Sl S Oloy 99 G (S Sl (B9, o oS
ety (Gl (6 93 (il (Kot (o2

39y 9° u)}‘émdsga.wl G)LO‘ P9 &MO)L»?‘)‘)’.E.W\
sl ool ST oo 4 ad Jlgie

¥ 2l ¥V o,lbVFeF Jlo

g


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

Slo /DL Gin i 9 YA &slo yuw Hlid) Juxi )3 Sile) GG ) 9 cyie LIS 33 ) Sib) )i SBYIe 3 )8 13 (599 30

2 Mo diej 2855 k050 Jdod i ilulr
axlge glacosgame L glixe 380 lajloy oy
waazs Joo S Sentence-BERT 8 so L .aisg
slwl gl alie loylo s adgy collB BERT 5 (oo
b Jae ool sl il ol o5 Slesdsa b
5 Golop slad o pwsieS Cald 6 nSene
O b gbcalls cul aily GANgleass
5 Gl JLS o o 5 S 6ol e 1) ol
b Al Hige (69,5 5k lagSll Ll

&b gbal @ byye sl > L AOE Jow
Sentence-o,Slos iS¢ acin by j0 cwginnS
839> o ) sz sla@dl 5 onidy d9qe 1) BERT
S b Jow ol cwl 00giS b slaesls o
(Sl Fodzmm slad o war silean s,
B g 00,8 w1y g lagts, slacasgase
5l losls ganaiss (b LS Glulus! Ll
ol SeSay cawlosls ol 1y Jle sl )b, oo i
5 bk sledsy, 5l 6 ES bl dags sl
Casloads iy Sl (golazdl sla iiSTy

2 e slag ks o 3l glacd i 4 axg b
Olyeas Jbo slaylil 5 )Lt Juloss 855> s o ygauil 5
Sl oo cnl 630,15 slaais) (nfeee 5l S
Lsas AoE 4 Sentence-BERT asle ol Jow 098 o0
2 s slagsy, Bl olee slacell deqn b
ol b Ll cds s wled (glwdige
556> ;0 Fads slo iy ans Gl asly alesls
@ o jgliws (pl .ales gl el 3 1, S g 5,3, olazdl
GoSol ale adin sle g, I eolanul ol
b oS oo oS oo 4 a5 Wloals Jool> (glawslio
il ga |y ools o cay b slacglas ¢ bacwalil
5 Slwlio S0l Sl cwyp a4 elsl jo o

S S sl sShe s > ol B

By G50l p slawnlio o gig,—V-1-F
e SaSed Sijgel )0 mee sloged (B, xS0k
Sl 6ol ol ol a4 Sl ayghl s s
S50 oloisl e ooy (slacsosyg 5 s s
Lol ol a5 alacsogs 9 oS by (03 sl
Aols L olesl oy b colege wijls oo
55 easis ol aflansl e 5l ol cwsienS
Joos 5o ol pline LB (60)l5e 50 (slos S
o las ab iy [AVAVARLS ls b slal5b L5

Pf 2l ¥ okl 1FF Jlo

@

ity 5 ' slamlie (5xSol wsle wdiiy Glaghy,
GBS s o gauad;u8 glac Ll o plae glacals
Time-LLM ,Lai ola Jow pgo &iws diws o &l (g0
Goodls 5 Sloy slas o Julos slp a5 axtes [A9]
2 ol sl oy 4 g wladl aswg 340
il oo p)5 5o by Jae cpl Wiloy oo Jlgie gloosls
Silodae 5 Jo slajls, Llos ol slasss, (ot
g £95 Bl dipend (pl Wjke Jloy sleosls
it el Bilop pe S S sladse s pdy Sl

el i gloojer 10 oduomy Jluwe o g boosls

o Jelxi 5o (Gb SHp s Jae-)-F

Sl syl o bails,
3 s aslo gl slosis, b e i3l Azl
2 OB3ly Sl el 2 53e ol 5o a5 a5l ooy
Llodav-a- srleas e ol oS0
cds et o ile 5 YU ol wile sla s
ST USRI L S PR IWE S By W T
s ebinlin 5l oolinul asle sla by, «DSie
Jelos 4y a5 il dnng lolies sla S5y ol
Silwdoe w@slsl ;o .00 )5 SaS olos peplas 3580
5,856 b lahg) 5l eslial b (gline penlic
S b Judos g (NMF) [AY] e sle anels
oobel Jelod 09n0 9 o Sy olel 2als o Jyo0
Loy ¥vls s sl

Sibulr gy S5 Ol SGegn YT Jlo o
4 pldaiee) elel 1) O55lg &5 w63 ,S (Byxe | Lacss
) sz slaans) 5 950 s s30e glajloy
3] w2ly8 oslo DIST lide jo e oilojlus 5l
wBs sgp lp YAV oleisy lagss,
22 6lp o e, sl eslawl b (65 sliwl ( guien
Al gl eolaiul b gt g Sloads gyl el
G b 9,Ss5; nl el el oo 50k
e ¢ BERT osle saus yojgel i sla oo
b 0l 3l 50 sz e e 4 (Beee oae
I Y I e B e )
sloJos 51 [0 AF] sloig, yo ol LBl 4oy
sly oy ol po BERT L (glosss (590l iy
Cwloads solazuwl ey alw!

Sy sl 5 bapeppaiils 2l glalo s
g bl Jdos o cege i BERT wilke 55
Slatsy ol 3 i s S Gl Jlo sla il

! contrastive learning


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

== Number of Published Papers

= N
w o

Number of Papers
"
o

0

2018 2019 2020 2021 2022 2023 2024
Year

30 Jose e g (Some sl gy dlasi Hloged (8- JSb)
sl bl 55 oul piico (gilo (S (g juw (S sy

(Figure-5): Distribution of reviewd method in Financial
Time series prediction leveraging Time Series based LLM

Sbes Sl 3 Jae B3l » (sine slaow

Sl o dws g0 4 a4y (599,5 80l g5 Ll
slad S a glee Tatagy Sl g 609y b
Slaslie 5l sgaome degeme SO a4 Glae TarlS

=

o0iail| sla b, yie Wgd oo s [V o o] s
Slaiwd e on! 5l asas [V ] aingn (09,5 sl
b Blo p 2 e 1) (6999 (Sloj sy il Lo, ]
5 ilos,S aallas 1) Sloy sy Slwss 5 wilos,S
Cwg Sloy Gy pl slaosls o) 0 4 Ko glaws
Dyevlstasls y g 50 bl cwsls S99 L
SilotianS @ Goeby slagty, onl (o5 Ao
O JESL 5 39290 slagSdl dalllas sl Sloj (5 5m
wlazsls y oYl ol

5 PatehTST lgie b o5 aaghy (soleiin (B9,
G Al a Bols a5 Cidis ol 4SS bV e ]
ostde 2l 8 Sl ez 50 0l Sy wiile Sl
Sl @z adgs 5 Gloj (6 pm oS 4 )l
Sl Gl (Sser RES 50 Joe Joo (550l
@ Joe gl ol wSby e Gmote s Sl
Gn Soie Slaill op)5 50 Sl s S
)l sshaeds Bllas slas Lwgis jlo 5l 5 ailo
aslos )5 oalaz!

(V) 50 Joen 2 599,9 (loj (s (SRR oo
sadady oleiil 5o doe glie SOl Lol
Sy g alidlo Ly 93 A a5 (V) (25u S s
odloeweal jo Jae Ll (F) wxg [Sg5le Shlul=e
L p Sy Sl S Vs Az b L dlis S @
oprieniy Sloj g OIS Ny, onl SR
P2 sl a8l () JUB (paiz b pgad S wiiloay
oolaiwl (pizmen 34 oo gzl Al (S alBlas JUKS

2 Continues time series
3 Discrete time series

colis il colid e Sy ste Sl o
il 3 Al aiile (qwginnS

cos(Xon, Xn) —cos(X;,X ;)
-

Leos =log |1+ Z e
$(Xe,X;)>5(Xm, Xn )

Locax g0 Jold Jaw (595,5 «sp50b anl o

e 6l paiges [Aa]s s Slsld 0 )5 55 Y glaws
Sy &S el Grile 65500 jo ) by S eglas
ssbie 4 gy ol g S8 A Sy sledue Gisel
(e SBdigel Hasid o Jaw Cds g oLlS uliel
g8 oo oolatwl Jolaol sbrosloacsors ;o ogazay
odlddegame 3l Cude Aiges (golows ol g, opl o
2L e b ales SO e 5 ail Jlle
e Aged (golasl (ot ged o lhila La5ed oo
Ol el oo Ol colacgesme 5l Bolal O jgea
3 olojed a5 wie Jlhle b o5l Jold leaiges
Lgad ;0 Glp (g tigd ad jolb o b alox S
G5ob anl B IS glas Al 5l Ggliie a5 aiws 4

» S g SHp Sb sbJue-Y-F
S byl (S8 Sl

S8 VeV Jlo jo yejeuil i JLisle &l @ azgi b
QT 3 om Gl G50l calizee sloojem 0 b Jous
856> oges s lid ol sl Jlu jo eadelel
Lo Joue 5l eolawl L Sy sl i
SBJso g o iy Slasi lagei (O-JS5) loged
sJle o ondpiiin Floj G w (St 5o Juo
SIS 4y 039>l 0 0ad gy OV lowd (sl
Aaia)dgs) ..\33) BA.JQLQ 45 “'\'Q')LSQ QLA.A.A-' ‘) JL....'
Lol (Gloj G Julod o o Jase 005 sla g
3 oadall slatagh Ay ole 4 5w Gl o
2 e slaig, sl eolaiul b Slej slags yw Julo

Cewloads azloy Jby S5 sl Jow

! In batch negative sampling

Pf 2l ¥ oLl 1FF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

Slo /DL Gin i 9 YA &slo yuw Hlid) Juxi )3 Sile) GG ) 9 cyie LIS 33 ) Sib) )i SBYIe 3 )8 13 (599 30

4 (63g,9 b0l (gilwdinnS by, cpl jo sl atils
plosl bosls @598 JS il)ly 5 (eSSl bl 4
03b (g 3lwdineS Fobaw olawi bl 5 s g 00l
Caledys 5 00l el 05l 05 (g3lani 4 S 5 Sho
Teals oy bl o)l 4 @l el » X o
5 oSl 4 Sy Jdsa by, opl o
s p)l5 5o Sly s g sloosls 5 i)l
i b glial Ao o Jbo slajlil 4 bgye
Glosls  olul  aSes 1y s asls axlse
Ly (ol glad (Sl ulusl 2 o5 (gloadsaruns
Sy sl 0 a5 Jl> o rlosss bjgel cwiloas
S oo el Ol g e Laodls &5 e

TS Joo Jbsbe alie gy onl o aSes sl
drwgi iS50, ¢ Jl08 50, (gliome SO 9o & yg0as [v.-#]
O 4 e s bl S (S aales S
Sl 3850, Joe LSl 0925wl o))y aSis Sl
osi s i 4 ean] Y I il Jlast o o a5
5 Sl g ol 38,56 asds s cl S glessb
G Sy o 85 o5 1S e s allss L0335 & o]
aex 5l cwl Comal gl Slaalin sy cole, Sb;
s Gwmgin o Jae s Gy ol slecos
4 5L e (ST Baalin os5lgs) ol Jsb L Clasliv
ol T ol ygs (e (53l

e by, alex 5l [AA] Time-LLM (golpsion oo,
Soi Sl Basisel ot Jae o ssy 0 85 ool
Sy ekl ol Joe aSs)sba clond (55l
sl ansls (689y9 owly o 1y Gloy G g e
5 od el ey A0S slayys 2 Ghsy & il
ol 283 plnil & pae A5 BT AY (55 650k
osls o Sloj (w10 Woold &3598 i 4 dx g5 (poud
A aal Jsb by pliges plbeatw Ojgoa |,
GiloJlos [VeY] ReVIN g, a0 1) atus o 5 a3 5
okl 5 eSSl wsileley gy cnl )3 weles S
5 gl w8S ok wley o sleodls sl g
Jby @lrals 5 whie has cod atw o glaosls
Siloley a5 WS o olml 1) Coje (ul 45 Sigd e
S ogs a3 ol Gissel 5 (gl slad ) S
ol @ scales S oolaw! prompt as prefix oSS
i culons b gpsb aSd JLSle S e
Sl @ Sl ©)le Sl o y5heil s S (25,5
ssbieds gdise Bl (Gloy s lp endady

3 Dequantization
4 Instruction based fine tuning
5 Head based fineTuning

Pf 2l ¥ okl 1FF Jlo

S Jisle 2k o Jaw TsleSie, SO
i Saley Al e 5l LS sy cnl ool
ald el gl g azg ey dculbre o
wdply plnl g)llsgs  Ojgon Joo ol (bl
clools (59, » gy opl 4o eaddl)l LSy ol
U’“ﬁ) )‘ G)L..uJLo).' 6‘).' Lol cCamlonds JLO.C‘ c\.u..:ﬁ.u
2 ol ye a8 culoas solil [V o] Lges g5le o
ob)ly 9 Sl bl p aSGd 4 609y i
5 Ol Gred G (795 )0 9 35 e Jlo SA09>
g o0 8Ll ()T s 0jlgo il g

Sl ke b 4> b (sl e S ]
oy 15 tams o yidig |y Sloy lag e yogblel
Joe @ eesl a0 a5 Slacols 5 Jaw (5,500
Oldog> gy el n o plaS e digdi e ool
Sy 9y Crl 53 eaddil) )Rl 5 Wigd e lale
b Gangidn ol dlax 005 o oo S Joboos
Gl sw g0 4 &K SO adanSs ol Job
By eai S jehody AV LS L
s, s o las Sluwe dieS  jedsme  (gllas
ALl mebaid b amo oo lis iegh cpl bl Lcwloads
oy oy Uas e 5 Vel slaallis & a>g L
Cewlos S oy relS

b, ,o [V - f] FTS-Diffusion goloiis oo,
Oeizmed 9 S&P 500 ples oS (9255 5 (S
S @l a4y 60g,9 dols gun isw 4 Google plow
PR Sl jlre ulul p (gaiades LY S
Olysd ade> S0 v 0 Gl 9 9,38 0 S
03ls aSd &y (63959 Olsiedr o )0 S5z g0 (658N Baryls
Sy Jome Sty plo O p gy (nl 0edioe
b b by sbg e ot slr ks S
U] D3| PR-JUK S FRCIPNWE: BT WO R = RO I W)
b yesshedl S 50, O jg0n 395 Sloj
ROWH RCVON BRFIEN IR [P RESSINIU 35 S SR I

5 ol aed gty 4 [V - 0] golerty (2,
s Y17 B VA b Lo o5b jo calitee jaiS Cia
5eadedlel goladl sl asls ot eioes
58S e il g 0 eolaiul 5)se sla Jawe Coale 4
Wimse el LAl By 5l (sog00m0 degams (g9,
Sly GG o5 5o Gyl Sy Bl e

! Decoder
2 Diffusion


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

el o W aslasls o gloy slosm ojlo,
el pale Glp ) eadpm)n Joe sladoe
bed oo Gy g siledly ks
e o Sloj G i (G GilodinS
2y b Gloj sl Cuad (i

a ool Gledbl e b SMSEe 95
G gl TS aole o lo,bzle jo arlds
iy b pel g sl iledles slais,
s bl lacdy Sop « Sloj las o Slanlic
Ly oyl ailes,S (oM o sla b, a5 diloas axsLis
LY slagyss @lege b Time-LLM (g, oS S b 5y
5 bz B o,Slee RevIN oSS 5 oolazal g 451
L LLMATS .coslosls &l)l aaly sbaallis cmyien
leiil cwl atuily patchTSTy LoRA (5,5 S
L GPTATS a5 Jl> 0 0,5 ol bgdg,s 5l 5580
agledloy glaay Gajsel 5 aly by 005558
o9y ool Lol sl o lgieay axgl
drwg 0 O Sy, ol YL Jewsly saeslis
ool Gloy slaspm A3l slp b sladse
loaisy dgups 1) b Juw o Sloe Lpasas o jiny oyl
o35> (nl o el slaiagh Gl sf lal ok
Llos,S ol

930 (933U Glaaise; -0
(S lacd iy 9 5l e Sl sl o—s
&8, sbaddl o sla gy ln (SHi sloces
3 smendae o> 05,08 by Jos ol Lailos S el 8
Eloix! glasis (Ll asle ouline 5l i slaosls
&)k gl g Al S5, Dot ) o Sug
Jlie gl oS glubis |y oIS el o able 4
“""‘9‘(5‘ solazdl Q‘)—?Lf L§L“’°)5° ) Sl Ja.l?U
e Ly OIS alep (ilaie e 5135 5 L sla ST

alaleaiz Gt (195 s (pl H0 000 xSsd
Slosg Camadl ledsl S5 oM o3ls 5 9 (Multiagent)
9,3 o oz ©lbls | aulgs oo basbeles () 0)ls
Sy 5l 65l el g 008 alulid | laslay,
3o Lag,glis ol 5l oolaiwl (pizmon waias &l 5L
el dmosly Sl doasl, Lol 555> Lo
oo 5 Gleaiae) joia L8, Jlos g Sl
5 P =3 sl Jos dawgh ol a S o ls gl

S 53 (Brae Gr Olee ot e 4 b3
Lol €515 5y 5 Caiis ol

e il & [V V] LLMATS (oolgiiy 3,
50 el aBlo ) LORA hg,y 40 odudbjgal iy Jow
LYoy LaSe )85, sl LoRA - (i,
@ wor slegssys @bl @Sk Glp Sorvn
2A a2y sba¥ lagy g oo 0398l Jue
Sodel wiges gilwJlos LoRA slaasy Cosloads
Shgy 3l aileas (Bl (gilegy Alje j0 (50959
b 4 539y9 Sloj S snien sl n PatchTST
il ey dglS &Y Ky Caslos,S asliza
@lodil g Conl ax3)S A o A 4 (63959 SlaS e
Cesload 418,55 50 6 F 3k JBOjgen 8 e
dspsol (Slo 5y gms Sy Alte @y (23] jslateey
Slazdl o )5 55 (Brae Gp Ol Geizes 9 SIS
el 210 5y 5 G

o &) jokieas [VoAl "GPTATS (soleiiy oo,
Sloy G Ghiln Aizme sloo )5 sl 4z by Jae
oS s )lal (asis (s ) (gaail b
SB6 pw Daedily 5 DdeolisS i 0ddaS  polas
Sop S dwseelote Jae S il & (Sl
2B (sgie slroslacgaza (55, |y 99> g, 5 by
S > Brae Bp Oliee Grzes 5 Sl dgmg]
plod Zalos S b)) g S, 5 b el ansis
Wloads 3% (bay cnl o emd sl Jae slags
el anld g 69959 Silelr 5 iludley laay e
8y plowl aly Joe (2o &Y G938 (b, 4 T
wpdy plnl dged Silodley (o) & iludley oo
S 4 (63959 80> [V e -] patchTST 3, asilen oo
I ealonids (gaidinn (s g 00 diged (55w Jloy loc]
oy S 3l oolaiwl patchTST g, b b, cpl coglas
2l lodley slaaY Ghisel 5 ens bl ey
ol ol $sls o) 9500 patchTST &y o 39, (2
yoogidlp S o dzr gy Sl oS cedl 4S5 Gl Gl Al
Lol (6399 8300 T Lol (glyz! Judoes a8lg 0

SxSore b i onl ) ol oy, 550
Siletr SLYs; 5 Sl s sl ot sladse
Sozse Sy » ade Cuz ;0 655 slapls (P

! GitHub - DAMO-DI-ML/NeurIPS2023-One-Fits-All:
The official code for "One Fits All: Power General Time
Series Analysis by Pretrained LM (NeurIPS 2023
Spotlight)"

2 Fine Tuning

3 Principle Componenet Analysis

¥ 2l ¥V o,lbVFeF Jlo

g


https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

A ede S Ll |y IS ek lags S s Loy, 55k e by e 8yS L laailug
2 1 Sl sl i3, ailys o oleaiz glaailoles o] lmosls ko g amazs oSl e slrosls il
9 A g oS Joe ool (gjlwand glalae jo 5 izl glbass (LT asile iz b 5l gsiie
> o LIS ke p o 2STy U aisS” SeST (]S g 3 eload ol 8 lejee jsban 65 slalei )b
3) o=l oS S8 e ) i slaslany) LS oy Sl esliinl Coon & ] Kag o Sl Jlo
D oo 4 ably e g Wlanwg o 50 lizes lSSs CS o L s iy B S9—g (5l glools aiie
X Tl e, LS 5l slaiaie sl 4yt Sl e Jle (sl oS
2\_ S SeS 90,5 gzl 1) g isle e e jo s Oledb]
;b ) 5 G lasl b oS cuS 5 Jbe slaosls L
x GRS AZ—F  laclin deug iz iias 1)) 5L 3,
3 st e el s anihalh Sl Ol b ol o aietse
g) S S slaas wie) opl jo .l 1 51 Sledlb! Gz Glaaie; S (5 pslaex | slalasd Sledb|
a LUl L b Jas ol asles S sloul B85 Jeou gl 3l eolitul g laodls £33 855> )0 slagingsy (sl
% Sl (i gloosls 31 sanlie pox> dd g S5l Calod )5 sl Saals losls
% 9 = = slools mlie 3l aoe slo i 7] B! o e S sl o ioleMbl puslo L
.-3‘; s sloog S 5 )Ldl (eloinl laasSs ,l 22 P L8, S0y slats, o BERT wiile
2 ool )| slo by, ygpeds LiBgh (ol H0 LS oo ol B b Jow ol &los )5 olm! wledlsl Hlaisl 5 2ailesle
§) 5 et g 0 a3, YoYF LYo o8 cla o b S92 ormb (gie 0 a5 1) loduzn ledbl a5 ol
g SElk e e S 6 859> 53 @ jo Sy S gl il la b 5 line D g0 o)l
‘i o r SIT e 0,05, b g JgmslS ple oo 51 Jbe Sl oo Sloy sl b la o (pl 308l ¢l pogdle
3 el o5 5 S el g adlan a0l sk g9 e piiie Sl B e Sy 4
9 sloalo, Jobs Lol 556> e 0 6 kb, oslaidl o= 5l eslaiwl (Jlopll s S8 JLe slalib
;3 Sledbl Sbsb o e ool pailesle oy p s 9 Sl adgl Sl 10 )0 590 (5,18, slaidl o oSS
i il e Sls ails il gz ol el g el (sl s sl s, damgs 4y L
% OISl s 1 &l 13T 8395 40 2lS 5,0 45 0 0,18 052y Sl oy slo)Ls, 5 Slulus]
2 e bagtagl san] sl s 5 et Jlo slalil slodos 5 el GlaSiSs oledbl (2 5k
§ oS 58 S Syp e e a9 058 0 Ol DL plulit & silioe 4ty
% HL, i dagSl slulis 4 0l o] oS o Sleslaul sla an 0SS SaS (505 slrosls L >
Sty sbablow davg > g LIS Gl 0,08 Loy, cnl «godls 03ly 2 (e B0l aelsd
B Lsas bags yolid ol aies Sdlalee slasyl il 50,5 plwlid ) bad e LTy Boizey bl
a aSd s e il Laosls Joodod e s slaaileln (Jlo sl S gl 5l | pe slaslays,
SeoS 05wl , g soladl S cslow dacdgs S gbs G0y o) S b adilyg o Jeleizr
oo bty slaabeln jl oolitwl Ly L oS’ e 4y il s Jl8yf ool (S Lime O 90
Saeaidy o sl ul g ool el S|, e i &l Ik Cundy 5l 65 IS pgal g S L ye
i on ool a sl 105 1 (s pe 3 el Uy e LS 5 Sl aloli s
8y9—> ;0 sail sl iagh ¢l died),)l —ae = Lol (ite Ol Sl 2l 4 wlgi oo s yslid
S e slao )5 5 5,8, slamdl(s5ls e WS S8 Je sl il
258 18 eolatul 5,50 Jbo sla)lsk jo eoiae G S y50L g9 Sloj Gl oS 5 k) Judxd
30 oduzm slo,Ls ) gilu Jow ol mos e ,d
7-Reference =10V Gt 5350k sl oo Caslod S ol o slalily
[1] "Li, Y., Wang, S., Ding, H. and Chen, H, laosls ;o BaeolisS g el slagSl oy oo
Large Language Models in Finance: A oo
Survey", in Proceedings of the Fourth ACM = eyl s g s olulsly g5 Jlo
U:f; Ilélntern.ati.onal Conference on Al in Fin.ance: :
b ssociation for Computing Machinery. ! Multiagent

Brooklyn, NY, USA., 2023. pp. 374-382.

Pf 2l ¥ okl 1FF Jlo

O


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

and Ndiaye, P.M., "Risklabs: Predicting
financial risk using large language model
based on multi-sources data". 2024.

[15] Xu, Y., Hao, J., Tang, K., Chen, J., Liu, A.,
Liu, P. and Zhang, G., "FinRipple: Aligning
Large Language Models with Financial
Market for Event Ripple Effect Awareness".
arXiv preprint arXiv:2505.23826, 2025.

[16] Farimani, S.A., Jahan, M.V. and Milani
Fard, A., "From Text Representation to
Financial Market Prediction: A Literature
Review". Information, vol. 13, 2022.

[17] Zhao, F., Li, X., Gao, Y., Li, Y., Feng, Z.
and Zhang, C., "Multi-layer features ablation
of BERT model and its application in stock
trend prediction". Expert Systems with
Applications, vol. 207, pp. 117958, 2022.

[18] Avramelou, L., Nousi, P., Passalis, N. and
Tefas, A., "Deep reinforcement learning for
financial  trading using  multi-modal
features". Expert Systems with Applications,
vol. 238, pp. 121849, 2024.

[19] Sanh, V., Debut, L., Chaumond, J. and
Wolf, T., "DistilBERT, a distilled version of
BERT: smaller, faster, cheaper and lighter".
arXiv preprint arXiv:1910.01108, 2019.

[20] Mo, K., Liu, W., Xu, X, Yu, C., Zou, Y. and
Xia, F., "Fine-tuning gemma-7b for enhanced
sentiment analysis of financial news headlines".
In 2024 IEEE 4th International Conference on
Electronic  Technology, Communication and
Information (ICETCI), IEEE, 2024, pp. 130-135.

[21] Araci, D., "Finbert: Financial sentiment
analysis with pre-trained language models".
arXiv preprint arXiv:1908.10063, 2019.

[22] Jeong, C., "Domain-specialized LLM:
Financial fine-tuning and utilization method
using Mistral 7B". Journal of Intelligence
and Information Systems, vol. 30(1), pp. 93-
120, 2024.

[23] Cutler, D.M., Poterba, J.M. and Summers,
L.H., "What moves stock prices?". 1988.
[24] Shiller, R.J., "From efficient markets
theory to behavioral finance". Journal of
Economic Perspectives, vol. 17(1), pp. 83—

104, 2003.

[25] Davies, P.L. and Canes, M., "Stock prices
and the publication of second-hand
information". Journal of Business, pp. 43—
56, 1978.

[26] Wuthrich, B., Cho, V., Leung, S,
Permunetilleke, D., Sankaran, K. and Zhang,
J., "Daily stock market forecast from textual
web  data". InSMC'98  Conference
Proceedings. 1998 IEEE International
Conference on  Systems, Man, and
Cybernetics (Cat. No. 98CH36218), IEEE,
1998. vol. 3, pp. 2720-2725.

[27] Barber, B.M. and Loeffler, D., "The “Dart
board” column: Secondhand information
and price pressure". Journal of Financial
and  Quantitative  Analysis, vol.  28(2),
pp-273-284, 1993.

[28] Fama, E.F., "The behavior of stock-market
prices". The Journal of Business, vol. 38(1)
pp- 34-105, 1965.

[29] Nassirtoussi, A.K., Aghabozorgi, S., Wah,
T.Y. and Ngo, D.C.L., "Text Mining for
Market Prediction: A Systematic Review".
Expert Systems with Applications, vol.
41(16), pp. 7653-7670, 2014.

[2] Nie, Y., Kong, Y., Dong, X., Mulvey, J.M.,
Poor, H.V., Wen, Q. and Zohren, S., "A
survey of large language models for
financial applications: Progress, prospects
and challenges". arXiv preprint
arXiv:2406.11903, 2024.

[3] Brown, T., Mann, B., Ryder, N., Subbiah, M.,
Kaplan, J.D., Dhariwal, P., Neelakantan, A.,
Shyam, P., Sastry, G., Askell, A. and Agarwal,
S., "Language models are few-shot learners"
Advances in neural information processing
systems, vol. 33, pp.1877-1901, 2020.

2 B i e waljiled @i Ls LB [4]

Gslael 05 S eslial b jloley Glysl s S5k
Sles VY 8,90 loools g pidle 550, dolilad K it
AV NF-Y o

[4] Kazemitabar S. J., Shahbazzadeh M., "Stock
Market Fraud Detection, A Probabilistic
Approach". Signal and Data
Processing, vol. 17(1), pp. 3-14, 2020.

[5] Ashish, V., "Attention is all you need".
Advances in neural information processing
systems, vol. 30, pp. I, 2017.

Sl b Shy gliad w26y [6]

«elol ol 5 Jelod St 5 55eelS sla

oo F 5l AY 5,90 cloools 5 oD 50, dolilald
AYA0 FYoSY

[6] VAFAEI, J.M., "Feature Extraction of
Computer Files Structure by Statistical
Analysis". Signal and Data Processing,
vol. 13(4), pp. 43-62, 2017.

[7] Farimani, S.A., M.V. Jahan, and A.M. Fard,
"An Adaptive Multimodal Learning Model
for Financial Market Price Prediction". /EEE
Access, vol. 12, pp. 121846-121863, 2024.

[8] Farimani, S.A., Jahan, M.V., Fard, A.M. and
Tabbakh, S.R.K., "Investigating the
informativeness of technical indicators and
news sentiment in financial market price
prediction". Knowledge-Based Systems, vol.
247, pp. 108742, 2022.

[9] Farimani, S.A., Jahan, M.V, Fard, A.M. and
Haffari, G., "Leveraging Latent Economic
Concepts and Sentiments in the News for
Market Prediction". In 2021 IEEE &8th
International Conference on Data Science
and Advanced Analytics. Porto, Portugal.,
DSAA. IEEE,ACM. 2021. pp. 1-10.

[10] Delgadillo, J., Kinyua, J. and Mutigwe, C.,
"FinSoSent: Advancing Financial Market
Sentiment Analysis through Pretrained Large
Language Models". Big Data and Cognitive
Computing, vol. 8(8), pp. 87, 2024.

[11] Du, K., Xing, F., Mao, R. and Cambria, E.,
"Financial Sentiment Analysis: Techniques
and  Applications". ACM  Computing
Surveys, vol. 56(9), pp. 1-42, 2024.

[12] Shen, Y. and Zhang, P.K., "Financial
sentiment analysis on news and reports
using large language models and finbert". /n
2024 IEEE 6th International Conference on
Power, Intelligent Computing and Systems
(ICPICS), 2024. pp. 717-721.

[13] Park, T., "Enhancing anomaly detection in
financial markets with an llm-based multi-
agent framework". arXiv  preprint
arXiv:2403.19735, 2024.

[14] Cao, Y., Chen, Z., Pei, Q., Dimino, F.,
Ausiello, L., Kumar, P., Subbalakshmi, K.P.

¥ 2l ¥V o,lbVFeF Jlo



http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

.
S
X
Y
A
>
3
3
k|
2
5
2
D
A
2
!
2
3
]
9
3
D
A
N
3
7
3
a3
2
:
)
9
3
S

Movements with News". In Proceedings of
the 27th ACM International Conference on
Information and Knowledge Management,
ACM: Torino, Italy, 2018, pp. 1603-1606.

[44] Li, K., "Reaction to news in the Chinese stock
market: A study on Xiong’an New Area
Strategy".  Journal of Behavioral —and
Experimental Finance, vol. 19, pp. 36-38, 2018.

[45] Gupta, K. and Banerjee, R., "Does OPEC
news sentiment influence stock returns of
energy firms in the United States?" Energy
Economics, vol. 77, pp. 34-45, 2019.

[46] Shi, Y., Ho, K.Y. and Liu, W.M., "Public
information arrival and stock return
volatility: Evidence from news sentiment
and Markov Regime-Switching Approach".
International Review of Economics &
Finance, vol. 42, pp. 291-312, 2016.

[47] Bollen, J., Mao, H. and Zeng, X., "Twitter
mood predicts the stock market". Journal of
Computational Science, vol. 2, pp. 1-8,2011.

[48] Zhang, X., Fuehres, H. and Gloor, P.A.,
"Predicting  Stock Market Indicators
Through Twitter “I hope it is not as bad as I
fear”". Procedia-Social and Behavioral
Sciences, vol. 26, pp.55-62, 2011.

[49] Sun, A., Lachanski, M. and Fabozzi, F.J.,
"Trade the tweet: Social media text mining and
sparse matrix factorization for stock market
prediction”. International Review of Financial
Analysis, vol. 48: pp. 272-281, 2016.

[50] Atzeni, M., Dridi, A. and Reforgiato
Recupero, D., "Using frame-based resources
for sentiment analysis within the financial
domain". Progress in Artificial Intelligence,
vol. 7(4), pp. 273-294, 2018.

[51] Ho, C.S., Damien, P., Gu, B. and Konana,
P., "The time-varying nature of social media
sentiments in modeling stock returns".
Decision Support Systems, vol. 101, pp. 69-
81,2017.

[52] Zou, Y. and Herremans, D., "PreBit—A
multimodal model with Twitter FInBERT
embeddings for extreme price movement
prediction of Bitcoin". Expert Systems with
Applications, vol. 233, pp. 120838, 2023.

[53] Wang, H., Lu, S. and Zhao, ],
"Aggregating multiple types of complex
data in stock market prediction: A model-
independent framework". Knowledge-Based
Systems, vol. 164, pp. 193-204, 2019.

[54] Chen, X., Ma, X., Wang, H., Li, X. and
Zhang, C., "A hierarchical attention network
for stock prediction based on attentive multi-
view news learning". Neurocomputing, vol.
504, pp. 1-15, 2022.

[55] Ma, Y., Mao, R., Lin, Q., Wu, P. and
Cambria, E., "Multi-source aggregated
classification for stock price movement
prediction". Information Fusion, vol. 91, pp.
515-528, 2023.

[56] Xu, H., Cao, D. and Li, S., "A self-
regulated generative adversarial network for
stock price movement prediction based on
the historical price and tweets". Knowledge-
Based Systems, vol. 247, pp. 108712, 2022.

[57] Zeng, P., Hu, G., Zhou, X., Li, S., Liu, P.
and Liu, S., "Muformer: A long sequence
time-series forecasting model based on
modified multi-head attention". Knowledge-
Based Systems, vol. 254, pp. 109584, 2022.

Pf 2l ¥ okl 1FF Jlo

[30] Weng, B., Ahmed, M.A. and Megahed,
F.M., "Stock Market One-Day Ahead
Movement Prediction Using Disparate Data
Sources". Expert systems with applications,
vol. 79, 2017.

[31] Zhang, G., Xu, L. and Xue, Y., "Model and
forecast stock market behavior integrating
investor sentiment analysis and transaction
data". Cluster Computing, vol. 20(1), pp.
789-803, 2017.

[32] Kaushal, A. and Chaudhary, P., "News and
events aware stock price forecasting
technique". In 2017 International
Conference on Big Data, lIoT and Data
Science (BID), IEEE, 2017. pp. 8-13.

[33] Hajek, P. and Barushka, A., "Integrating
Sentiment Analysis and Topic Detection in
Financial News for Stock Movement
Prediction". In Proceedings of the 2nd
International Conference on Business and
Information Management 2018, ACM:
Barcelona, Spain, 2018. pp. 158-162.

[34] Othan, D., Kilimeci, Z.H. and Uysal, M.,
"Financial sentiment analysis for predicting
direction of stocks using bidirectional encoder
representations from transformers (BERT) and
deep learning models". In Proc. int. conf. innov.
intell. technol, 2019. pp. 30-35.

[35] Cheng, W. and Chen, S., "Sentiment
analysis of financial texts based on attention
mechanism of FinBERT and BiLSTM".
In 2021  International  Conference on
Computer Engineering and Application
(ICCEA), IEEE, 2021. pp. 73-78).

[36] Hiew, J.Z.G., Huang, X., Mou, H., Li, D,
Wu, Q. and Xu, Y., "Bert-based financial
sentiment index and Istm-based stock return
predictability". arXiv 2019. arXiv preprint
arXiv:1906.09024, 2019.

[37] Li, X., Xie, H., Chen, L., Wang, J. and
Deng, X., "News impact on stock price
return via sentiment analysis". Knowledge-
Based Systems, vol. 69, pp. 14-23, 2014.

[38] Nizer, P.S. and Nievola, J.C., "Predicting
published news effect in the Brazilian stock
market". Expert Systems with Applications,
vol. 39(12), pp. 10674-10680, 2012.

[39] Van de Kauter, M., Breesch, D. and Hoste,
V., "Fine-grained analysis of explicit and
implicit sentiment in financial news
articles". Expert Systems with Applications,
vol. 42(11), pp. 4999-5010, 2015.

[40] Nassirtoussi, A.K., Aghabozorgi, S., Wah,
T.Y. and Ngo, D.C.L., "Text mining of
news-headlines for FOREX  market
prediction: A  Multi-layer Dimension
Reduction Algorithm with semantics and
sentiment". Expert Systems with
Applications, vol. 42(1), pp. 306-324, 2015.

[41] Krishnamoorthy, S., "Sentiment analysis of
financial news articles using performance
indicators". Knowledge and Information
Systems, vol. 56(2), pp. 373-394, 2018.

[42] Moreno-Ortiz, A. and Fernandez-Cruz, J.,
"Identifying Polarity in Financial Texts for
Sentiment  Analysis: A  Corpus-based
Approach". Procedia-Social and Behavioral
Sciences, vol. 198, pp. 330-338, 2015.

[43] Liu, Q., Cheng, X., Su, S. and Zhu, S,
"Hierarchical Complementary Attention
Network for Predicting Stock Price


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

sentiment in the Taiwan stock market". The
North American Journal of Economics and
Finance, vol. 39, pp. 158-181, 2017.

[71] Song, Q., Liu, A. and Yang, S.Y., "Stock
portfolio selection using learning-to-rank
algorithms ~ with  news sentiment".
Neurocomputing, vol. 264, pp. 20-28, 2017.

[72] Geva, T. and Zahavi, J., "Empirical
evaluation of an automated intraday stock
recommendation system incorporating both
market data and textual news". Decision
Support Systems, vol. 57, pp. 212-223, 2014.

[73] Feuerriegel, S. and Prendinger, H., "News-
based trading strategies". Decision Support
Systems, vol. 90(C), pp. 65-74, 2016.

[74] Yang, S.Y., Mo, S.Y.K., Liu, A. and
Kirilenko, A.A., "Genetic programming
optimization for a sentiment feedback
strength based trading strategy".
Neurocomputing, vol. 264, pp. 29-41, 2017.

[75] Sun, Y., Fang, M. and Wang, X., "A novel
stock recommendation system using Guba
sentiment  analysis".  Personal  and
Ubiquitous Computing, vol. 22(3), pp.575-
587, 2018.

[76] Ochiai, T. and Nacher, J.C., "A model for
the dynamic behavior of financial assets
affected by news: The case of Tohoku—
Kanto earthquake". Physics letters A, vol.
375(41), pp. 3552-3556, 2011.

[77] Hendershott, T., Livdan, D. and Schiirhoff,
N., "Are institutions informed about news?".
Journal of Financial Economics, vol.
117(2), pp. 249-287, 2015.

[78] Medovikov, 1., "When does the stock
market listen to economic news? New
evidence from copulas and news wires".
Journal of Banking & Finance, vol. 65, pp.
27-40, 2016.

[79] Kaushik, B., Hemani, H. and Ilavarasan, P.V.,
"Social media usage vs. stock prices: an analysis
of Indian firms". Procedia computer science,
vol. 122, pp. 323-330, 2017.

[80] Nisar, T.M. and Yeung, M., "Twitter as a
tool for forecasting stock market
movements: A short-window event study".
The Journal of Finance and Data Science,
vol. 4(2), pp. 101-119, 2018.

[81] Xiao, Y., Liu, B., Ventre, C. and Li, H., "A
measure of climate change in financial news
and its impact on the stock market". Journal of
Digital Economy, vol. 3, pp.146-157, 2025.

[82] Birz, G., "Stale economic news, media and
the stock market". Journal of Economic
Psychology, vol. 61, pp. 87-102, 2017.

[83] Tetlock, P.C., "All the News That’s Fit to
Reprint: Do Investors React to Stale
Information?" The Review of Financial
Studies, vol. 24(5), pp. 1481-1512, 2011.

[84] Zhang, W., Wang, P., Li, X. and Shen, D.,
"Quantifying the cross-correlations between
online searches and Bitcoin market".
Physica A: Statistical Mechanics and its
Applications, vol. 509, pp. 657-672, 2018.

[85] Fang, L., Yu, H. and Huang, Y., "The role of
investor sentiment in the long-term correlation
between U.S. stock and bond markets".
International Review of Economics & Finance,
vol. 58, pp. 127-139, 2018.

[86] Femandez Vilas, A., Diaz Redondo, R.P.,
Crockett, K., Owda, M. and Evans, L., "Twitter

[58] Lee, T.W., Teisseyre, P. and Lee, J., "Effective
exploitation of macroeconomic indicators for
stock direction classification using the
multimodal fusion transformer". IEEE Access,
vol. 11, pp. 10275-10287, 2023.

[59] Wang, G., Ma, J. and Chen, G., "Attentive
statement fraud detection: Distinguishing
multimodal financial data with fine-grained
attention". Decision Support Systems, vol.
167, pp. 113913, 2023.

[60] Li, X., Xie, H., Wang, R., Cai, Y., Cao, J.,
Wang, F., Min, H. and Deng, X., "Empirical
analysis: stock market prediction via
extreme learning machine".  Neural
Computing and Applications, vol. 27(1), pp.
67-78, 2016.

[61] Vargas, M.R., Dos Anjos, C.E., Bichara,
G.L. and Evsukoff, A.G., "Deep Leaming
for Stock Market Prediction Using
Technical Indicators and Financial News
Articles". In 2018 international joint
conference on neural networks (IJCNN),
IEEE, 2018. pp. 1-8.

[62] Huynh, H.D., Dang, L.M. and Duong, D.,
"A New Model for Stock Price Movements
Prediction Using Deep Neural Network".
In Proceedings of the &8th international
symposium on information and
communication technology, ACM: Nha
Trang City, Viet Nam, 2017, pp. 57-62.

[63] Lee, C.Y. and Soo, V.W., "Predict Stock
Price with Financial News Based on
Recurrent Convolutional Neural Networks".
In 2017 conference on technologies and
applications of artificial intelligence (TAAI),
IEEE, 2017, pp. 160-165.

[64] Verma, I, Dey, L. and Meisheri, H.,
"Detecting, quantifying and accessing
impact of news events on Indian stock
indices". In Proceedings of the international
conference on web intelligence, ACM:
Leipzig, Germany, 2017, pp. 550-557.

[65] Gurin, Y., Szymanski, T. and Keane, M.T.,
"Discovering news events that move
markets". In 2017 Intelligent Systems
Conference (IntelliSys), IEEE, 2017, pp.
452-461.

[66] Hochreiter, S. and Schmidhuber, J., "Long
short-term memory". Neural computation,
vol. 9(8), pp. 1735-1780, 1997.

[67] Romanov, V.P.,, Naletova, O.A.,
Panteleeva, E.A. and Federyakov, A.S.,
"Fractal Model of Estimating News and
Insider Influence on Market Volatility".
Automatic Documentation and
Mathematical Linguistics, vol. 41(4), pp.
141-149, 2007.

[68] Shynkevich, Y., McGinnity, T.M,,
Coleman, S.A. and Belatreche, A,
"Forecasting movements of health-care
stock prices based on different categories of
news articles wusing multiple kernel
learning". Decision Support Systems, vol.
85, pp. 74-83, 2016.

[69] Checkley, M.S., Higoén, D.A. and Alles, H.,
"The hasty wisdom of the mob: How market
sentiment predicts stock market behavior".
Expert Systems with Applications, vol. 77,
pp- 256-263, 2017.

[70] Wei, Y.C., Lu, Y.C., Chen, J.N. and Hsu,
Y.J., "Informativeness of the market news

¥ 2l ¥V o,lbVFeF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

.
S
X
Y
A
>
3
3
k|
2
5
2
D
A
2
!
2
3
]
9
3
D
A
N
3
7
3
a3
2
:
)
9
3
S

Technology  and  Natural — Language
Processing, the 5th Knowledge Discovery
from Unstructured Data in Financial
Services, and the 4th Workshop on
Economics  and  Natural  Language
Processing@ LREC-COLING 2024,
2024, pp. 34-39.

[99] Wang, L., Du, C., Zhao, P., Luo, C., Zhu,
Z., Qiao, B., Zhang, W., Lin, Q., Rajmohan,
S., Zhang, D. and Zhang, Q., "Contrastive
Learning  with  Negative  Sampling
Correction". arXiv preprint
arXiv:2401.08690, 2024.

[100] Nie, Y., Nguyen, N.H., Sinthong, P. and
Kalagnanam, J., "A time series is worth 64
words:  Long-term  forecasting  with
transformers". arXiv preprint
arXiv:2211.14730, 2022.

[101] Ericson, L., Zhu, X., Han, X., Fu, R., Li, S.,
Guo, S. and Hu, P., "Deep Generative Modeling
for Financial Time Series with Application in
VaR: A Comparative Review". arXiv preprint
arXiv:2401.10370, 2024.

[102] Liu, Y., Wu, H., Wang, J. and Long, M.,
"Non-stationary transformers: Exploring the
stationarity in time series forecasting".
Advances in Neural Information Processing
Systems, vol. 35, pp. 9881-9893, 2022.

[103] Kim, T., Kim, J., Tae, Y., Park, C., Choi,
JH. and Choo, J., "Reversible instance
normalization for accurate time-series
forecasting  against distribution  shift".
In International conference on learning
representations, 2021.

[104] Huang, H., Chen, M. and Qiao, X,
"Generative Learning for Financial Time Series
with Irregular and Scale-Invariant Patterns".
In The Twelfth International Conference on
Learning Representations, 2023.

[105] Ansari, A.F., Stella, L., Turkmen, C.,
Zhang, X., Mercado, P., Shen, H., Shchur,
0., Rangapuram, S.S., Arango, S.P.,
Kapoor, S. and Zschiegner, J., "Chronos:
Learning the Language of Time Series".
arXiv preprint arXiv:2403.07815, 2024.

[106] Raffel, C., Shazeer, N., Roberts, A., Lee,
K., Narang, S., Matena, M., Zhou, Y., Li,
W. and Liu, P.J., "Exploring the limits of
transfer learning with a unified text-to-text
transformer". Journal of machine learning
research, vol. 21(140), pp. 1-67, 2020.

[107] Chang, C., Wang, W.Y., Peng, W.C. and
Chen, T.F., "Llm4ts: Aligning pre-trained
llms as data-efficient time-series
forecasters". ACM  Tramsactions  on
Intelligent Systems and Technology, vol.
16(3), pp-1-20, 2025.

[108] Zhou, T., Niu, P., Sun, L. and Jin, R,,
"One fits all: Power general time series
analysis by pretrained Im". Advances in
neural information processing systems, vol.
36, pp.43322-43355, 2024.

Sy (Plos B Sl oo S

@ (e ALy 0 1) 993 cwlil)l8

w9358 oBLils Sl Seals ldle

Pf 2l ¥ okl 1FF Jlo

permeability to financial events: an experiment
towards a model for sensing irregularities".
Multimedia Tools and Applications, vol. 78(7),
pp. 9217-9245, 2019.

[87] Wong, C. and Ko, 1.Y., "Predictive Power
of Public Emotions as Extracted from Daily
News Articles on the Movements of Stock
Market Indices". In 2016 IEEE/WIC/ACM
International ~ Conference  on Web
Intelligence (WI), IEEE, 2016, pp. 705-708.

[88] Li, X. and Li, J., "AoE: Angle-optimized
embeddings for semantic textual similarity.
In Proceedings of the 62nd Annual Meeting
of the Association for Computational
Linguistics, vol. 1, Long Papers, 2024 pp.
1825-1839.

[89] Jin, M., Wang, S., Ma, L., Chu, Z., Zhang,
J.Y., Shi, X., Chen, P.Y., Liang, Y., Li,
Y.F., Pan, S. and Wen, Q., "Time-LLM:
Time Series Forecasting by Reprogramming
Large Language Models". arXiv preprint
arXiv:2310.01728, 2023.

[90] Salton, G., "Automatic text processing: the
transformation, analysis, and retrieval of
information by computer". Reading:
Addison-Wesley, vol.169, 1989.

[91] Hagenau, M., Liebmann, M. and Neumann,
D., "Automated news reading: Stock price
prediction based on financial news using
context-capturing features". Decision Support
Systems, vol. 55(3), pp. 685-697, 2013.

[92] Seifollahi, S. and Shajari, M., "Word sense
disambiguation application in sentiment
analysis of news headlines: an applied
approach to FOREX market prediction".
Journal of Intelligent Information Systems,
vol. 52(1), pp. 57-83, 2019.

[93] Rao, Y., Zhong, X. and Lu, S., "Research
on News Topic-Driven Market Flucatuation
and Predication". In 2016 International
Conference on Identification, Information
and Knowledge in the Internet of Things
(IIK1), IEEE, 2016, pp. 559-562.

[94] Yang, L., Xu, Y., Ng, T.L.J. and Dong, R.,
"Leveraging BERT to Improve the FEARS
Index for Stock Forecasting". In The First
Workshop on Financial Technology and
Natural Language Processing in
conjunction with IJCAI, Macao, China,
2019, p. 54.

[95] Chen, D., Harimoto, K., Bao, R., Su, Q.
and Sun, X., "Group, Extract and Aggregate:
Summarizing a Large Amount of Finance
News for Forex Movement Prediction".
arXiv preprint arXiv:1910.05032, 2019.

[96] Reimers, N. and Gurevych, 1., "Sentence-
BERT: Sentence Embeddings using Siamese
BERT-Networks". arXiv preprint
arXiv:1908.10084, 2019.

[97] Soon, P.C., Tan, T.P., Chan, H.Y. and Gan,
K.H., "Stock Trend Prediction Using Multi-
Attention Network on Domain-specific and
Domain-general  Features in  News
Headline". Pertanika Journal of Science &
Technology, vol. 33(2), 2025.

[98] Wibisono, O., Septiandri, A.A. and
Najogie, R.D., "Assessing the Impact of
ESG-Related News on Stock Trading in the
Indonesian Market: A Text Similarity
Framework Approach". In Proceedings of
the Joint Workshop of the 7th Financial


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-01 ]

[ DOI: 10.61882/jsdp.22.2.109 ]

OISl 5l g agite Dl Sl5T olRasls Lozl
Q‘)ﬁ—‘ﬁj 9 )‘}5‘){4:‘ Ls;-y‘ sbaslls ul*‘-’u“b oS
S (5,59l zge

Sl el Sl Glal &L, Slas

vafaeijahan@mshdiau.ac.ir

1ot slSe g abl el Szl g st
skl S3T oy 5 SanalS l58le 5 cwadige &,
o ol b e gl cales ST Bl agie oy
cdlad wols areils flgreas o oDl ol5T oKl
39l (e g (SBBgR Ly 0)ls (Lhagh g (Sabe
Jobs g (NLP) (ool b5 (33lon slaais;
oaly wieiils lgie o g el e slajl sleosls
By iledse g Sl e Jd e
obmgily slacs i b Jb sla)lib ol laS el e
b Ol S A B350 plinl ols (gl (5 S
8 by sl 31 i 4o i 45, )0
IEEE asle e sl jols lgreay gl ol aslg>
¢ Expert Systems with Applications TNNLS

Electronic Commerce Research and Applications
Cawlos 5 clled

) el Ojlee il &L, SLes

anbaece(@mshdiau.ac.ir

Ligsly olysd alaly 53

o ol )5 A gal il
Sgeien ol31 o8l l58le i 5 gunalS

e bl bl Y)Y
ST olKisls egian o9 5 gunals
TPyl pwdige paaS IS VAT s
J 50 HeSTen o VF ) apin olsl oRails l38le 3
oBzils (Sij Sileygail glaSoluy 6,90 (yuil 38
s S sy olyiear ol sgie Sij sk
5 Cawlod S (6o ladl dng IS oSiils b ools

Materials ~ Today dlxe L el laccas
G 3g0 Hlagl .culos S (5, Ko Communications
S35 b e Gl e 3 jin sy S
Al dilg>

5l cwl @ ile lagl deLl, glas

rghoochannejad@yahoo.com

ok 2l wame SO
FoalS  wdige  &iSgel il
St owsdd oEails l5dle s
Cyyh e olKasls OYVA
2 ol Slidadgegle 9 VWA
dels lagl gl Ay aies WYAA L

09STen Ll el (Syiae SBsp 5 e slaools J’

¥ 2l ¥V o,lbVFeF Jlo


http://dx.doi.org/10.61882/jsdp.22.2.109
http://jsdp.rcisp.ac.ir/article-1-1252-fa.html
http://www.tcpdf.org

