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Abstract

Objective

Predicting the future trends in financial markets stands as a critical task for both investors
and researchers, given its pivotal role in enabling well-informed decision-making processes
and effective risk management strategies. Nevertheless, the realm of stock market dynamics
is fraught with inherent complexities and uncertainties, posing a formidable challenge when
it comes to achieving accurate predictions. A wide array of predictive modeling techniques
have been meticulously investigated, spanning from conventional statistical methodologies
to more sophisticated machine learning algorithms. The primary focus of this research
endeavor revolves around the predictive analysis of the Tehran Stock Exchange (TSE)
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Composite Index, wherein a novel hybrid neural network framework is employed. This
approach seamlessly integrates multiscale temporal features, with the ultimate objective of
bolstering prediction precision and offering profound insights into prevailing market trends
and dynamics.

Methods
The hybrid neural network architecture that has been put forward integrates the unique

capabilities of convolutional neural networks (CNNS) in the realm of feature extraction with
the effectiveness of long short-term memory (LSTM) networks in capturing temporal
dependencies. The dataset used in this study consists of daily historical data pertaining to the
TSE Composite Index, covering a substantial period from the year 1998 to 2022, which has
been meticulously gathered, preprocessed, and subsequently partitioned into distinct sets for
training and validation purposes. Within the framework of this hybrid neural network model,
a sophisticated approach is adopted to harness multiscale temporal features derived from the
input data, enabling the generation of highly accurate predictions regarding the future trends
of the index. Moreover, to further enhance the performance and resilience of the model,
sophisticated feature engineering methodologies are implemented to optimize its overall
functionality.

Results

The results of the study reveal that while the hybrid neural network model, integrating CNN
and LSTM components, demonstrates promising capabilities in predicting the TSE
Composite Index, its accuracy falls short compared to competing models, particularly at
weekly and monthly time scales. Conversely, the standalone CNN model exhibits superior
performance, yielding more accurate predictions of the index's movements. These findings
challenge the prevailing notion regarding the efficacy of hybrid neural network models in
financial market prediction, highlighting the importance of evaluating alternative modeling
approaches based on their specific strengths and limitations.

Conclusion

Despite the potential of hybrid neural network models, as demonstrated in previous research,
the findings of this study suggest that simpler neural network architectures, such as CNNs,
may offer better prediction performance in certain scenarios. To address the limitations
identified, future research endeavors could explore alternative model configurations,
ensemble methods, or hybrid architectures that combine the strengths of different predictive
models. Additionally, incorporating additional market indicators and exploring intraday data
sources could further enhance prediction accuracy and robustness. This abstract encapsulates
the key findings and implications of the research, providing valuable insights for investors,
researchers, and practitioners in the field of financial market prediction.

Keywords: Neural network, Convolution, Long-term memory, Modeling.



PYE-MAY el Ll

YEYT-ATVY Syl Ll

T1 56wl 3 35 903 b (s g (s SLAS 1 0oLl b JS ol Wig y (i i
a6 510le @1yl v y9r 30 AW (Slo) wlie (T 39

FoWao! dosxo
a0l ol el it o i S oSl (g )l g Co e 0aSUD w5 (Jlo Cu e 09,5 ybdkiwl ¢ Jotune oliuws o

m_osoolian@sbu.ac.ir

PlrSs e
14 obLy ol ol o iy b oSy gyl g oo 0SSl ¢ Sl o i 09, S )l Ll i,lS

nik maram@mail.sbu.ac.ir

S SR
14 sbLy ol ol ¢ iy b oKD gyl g o e 0 ¢ Sl oy 09, S )l Ll iyl

mahdi.karimi2@mail.sbu.ac.ir

oS>

- 4

g 38 35T (¢ yiag (slapaona B 1S o S8 )5l o 45 15 )05 (63L5 Casen] (IS ko ps B )3 0] s i 1DAR
Leadl cowd )il )0 (oyine s il 4 les oo ¢ du i (slo Jde a8 D b Liwly (pl pd e el ] 0es sl
S plow &8 2 385 ot oIS psbods el () A2aEd walaBpie g icued (lug Jddes el L gt (JB
Ol ader Sl oo (gt ) plae €8 > Caa Lai &S Wil 0 2l sz 4 SRR S| Gilea g Sl g
0SS oty ity oy Gdle Wile g ir glasBey 55 )il crY g Cangn Blal CuiS & e b,
sl Gl glaylil 9 (npies Sopenl Clody lond (Bpmo ol (i S Sl ssian (ras IS4 5 (Siluen
e 85d S jleslinal b gl bl gl (o JS 0SS Ny, (e B b gk ol (IS ale e 5 (i Kiimg}
P9y (ot O (gl ool Gl Ban sl ol pldl S nix Sloj wlie (S gl el 2 3505 b g e

sl ) slo by b o] Auglio g 00 (B yno

S aw g Lo Sig glyzcul olp (CNN) Ooglgls cuas &S ol &S (g pud (as A Sl Gimgh ol 5o 3035)
ﬁ)LZi.a 0dodleiw! L;Lbo.)l.) Cawl 005 o3l ! u;LA) L;Ltzau.imuls d)af.)b dl)’. (LSTM) C)..\.abli'sf - u.:\f9.|o alasls mas
5 Uhjgel isu 93 4 il g yglamen | e 45 39 VFV BAYYY Jlo 5l ol slolee gl eyer IS el &l
I (B (Pt S (o W alBnin Sloj oo (Shy il 60500 b s (oras A0S (pl A e (o L]

L s (g (510 5] oo b S (3L S5, sy (VF0F) (52 S 5 e ol tann ol 20!

VYV el o b N A . ao ) o)l FY 0)93 VF-F ¢ o Cligios
VY FIYD : il g o)l Ol oKy g e 58Kl £yiL
VY VY s ol )b il sole idllie g
VEFNYIYA Ll o s Sy ©

doi: https://doi.org/10.22059/FRJ.2024.377816.1007611



M OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

S 5l el )l oS ol olaiw] bnaSds cpl CB5 daup (gl gliinl awdige s ybsy il (Cpired A &) sl X,
el 8D G o Galisee as glaaSl

ol LSTM 3 CNN ae (¢lnaSis 5l oS 5 a8 (ool (0 pud (omas 48 Jdo &5 ol s idgh ol gols sbaidly
S wlale 5 (Sutn Sloj slagpelibe 3 Jao cpl > o)y (S Ul s bl Ghsl poygt IS a3l e
Sl g Cubly (g piag 3o b () iy S e Sl (S plgiedr & ONN e 388 Jio (e 13 391 )y sl Juo
ot > S sl i cibge 4 (S Cllhae b gl cpl e Ll ) JS (a3l e 0 6P ES @l

ool 35 )d wdgy edby ol 1) calisee slaylsh

o 38 it ey s e sl g IS (a3 cudlys ity e (snas D S (6 S A
5 Cl 1 Sae CNN 1l (p 500l amas (lodSs a8 s o oL badly oyl ol &) 6 ol skis 4 CNN i &
lodly ske) (g5950m0 (slmodly 4 ailjg, (slmodly s b 3gud oo dlaitins ¢ ST slbidg (gly bl atsly (i 5 Shas (63,150
sbapad i jlodliul ciozan 298 oy 03 )b absiz Sloj (Shy &)l p (e (s ymd (omas 880 Jhe (sledSd
) ot o Jde ©83 3900 Bl oo i ©)08 (a3l 5 S oo (Sle e ¢ JBli o (LT alio Ao (gt

sl 4l ol yors &y

Sl Jde «iie (Yol Alabls gl glS ( as &S 1l lgaulS



\D)chVB)sbc\i’i c‘;‘l‘euw M

EVRVTS
2 o S8 S ke s 2 00yl haahy ol e sl (S 9090 0] ity )5 ale s B> 3
ot (YO Jgalign g ulgl pagl) S 351 6yt slomaanad Sy (281 g )l ale s (ogas
G b 4 aSilyn oo by (ooyn & (KBRSl Solew g Sl b Sl whew S > 355 Bl
WS (oo G |y plaw &S >

Plocs (5 gy (g Sl oS W olaBg) ksl (Eghanign o re pib Jls
5 3590k Loodly B 3jlo o ;35 |y by & coul ogimn Lsn jl gladls | iile 6,53k Wi o o3liul
}‘ u—g" S y—an (mas 8 '(Y'YY’ ‘f&—sj 9 95l—’) A8 3B esls OT u*’l“" » |) L;’L"’rb*“*‘” 9 L“’w‘-’w“-’
o s gl Sluslre sl Jao ogias mas b cusl (dlo (6,550 degero i glaes )5S o ke
5 Caal «lyes) Casl jie (60 (slacbld jl ad ] Ban 5 wlosd 48 S plal sl o 5Slas 5 5L
(V7Y Cegl

ol €85 Ll sl 03)S o (gian (as aaSid Big> 3 |) lRingh g & Slegose I (S
oS ol gl e sdine (sl ,Sys, 3l o3kl e gian omas (sladSLd CB deny (sl b, il Sy el Jao
ditee LB03Sag) 5l (S35 (o Celicd il g sl gilwding ln 1) il slasiglgie
la Jie ol (Y VF ) Son g 5d050) Caul gols 85 Sy > @glite omas aSid oS 5 ]Sl
G A (09 ol €85 (ol jal i it ecilisen Slidod ) (Doglite (s (pbbaSud jl odd JoSUis) (o5
XYY a3 5 ) esb lg) anl 005 S 5 ms slaeS

o (Egman her g (adle (0L p (e (S (ng Slagby) o Cunlord o3l (L Jle Bjg>
3 JSite dypuad s 850 S (VoVY  (Sgaing 5 )5S 595 b (st €5 gt slasBg) S
2 sle; oS gl sy (LSTM) aaslss (Voo dibls 5 "(CNN) (glgls| ume 35
o g S (S5 Sil) 2l ey g (VY T B gails) ctS 1 paskis (e ki slaojss

Sy By dayiagh opl & Caol onds edlatwl Y4V ¢W9§|j 9 $l) plow 5L slanis, b i o (VoYY

. Umar, Awais & Muzammul

. Artificial Intelligence Algorithms
. Machine Learning

. Yao & Zheng

. Thorat, Pandit & Balote

. Extraction engineering approaches
. Harandi

. Wan, Bai, Lu & Ding

9. Gotze, Girtler & Witowski

10. Convolutional Neural Network
11. Long Short-Term Memory

12. Shanmugapriya

13. Jiang, Zhang, Geng & Liu

14. Hao & Gao

0NN AW~



A OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

doylbasa (e B (uizmen 3 oe (L5 |y CaeolisS (Vsb Aibls g aglgil I JSiie e (s
(Sln) 355 ol 3,Skes ial3l el b S o oS 3 1) T(RNN) (2255l as 35 5 (g5l (o 85
(OBPPIS as Id 2 s by cnl 4 Wodls (L3 la g3 Al & s b (Y-Y (g5 g S5 S5
Joslaal b Bajls wald (iagdy cpl o)l 650 3Sdas (o 4 (iSL (ovas 850D 5 GdeolisS (Vs dadl
o3l Wg) (ol o lojed psba Alan Sloj (S el e ol 5 e sla e

Dilsye ol ke 3lygl ooy

SR H (5 Kl
ol ale Lo g,y 3oub 5 oty oanl K9y glicul gy Jxb g (Su)b claodly ;I oslitnl uuld o yiw
gt il o] €8 Jlo i 3 ey pogad 3 e Slegdge Sl (S (VY Iagh g ibliguile cil)
O9le (23 gusgll) 8,5 oo )18 duglio 3)90 (b)) €8S 5 b CBY olul p e el &
(V7Y SeMudlie 5 Sora 3 dgsT

Placs L L8 (g sl 5 (VoYY s 5 )5103) agslogs (52 delse uboa plas STl (ot
ot |y il sosSl asess SRS (slaglug 5 5255 Sy Sl (YoVY (o0l 5 (6l ol o)
" gl & sl len S o 1Sl 50 (635 |y e (it SBCST 3)lge ] S s
5290 o=l &S w3 5l 0ol Sl (o3l e ey eplew Sk i S Jida S e 0)LaI (Y4YY)
LM gl el gl ras 65l 5 sidle (658l il db iy B SST 5 ool Coponl Baind Lis
ool plow Cead 355 St sy i

Ale janae (leoySag) JUS 50 (JBSS o g (ool elod wile eplows il (st (i slo )
Lo Candy b Jals (ool o (VYF ¢ (5) conl 48,5 )15 adllan 350 0355 joboty il (5,53
LS o JLSSS o 48" Jlo o il Jlo slacsjgo Sl o0kl b ol (515 (o)) e sl €858 K
e (s lagbyy Jl ol boyls 38505 0] )3 lncasd Nig) i (sl ©Malas poes g Cod (S0l

TV S g Jlpd) gz lacudgizn b plies syl g 5 by Cunle

. Multifilter Neural Network

. Recurrent Neural Networks

Huang, Zeng, Zhang & Xu

. Sato, Matsubayashi & Toda

. Owusu-Adjei, Hayfron-Acquah, Frimpong & Abdul-Salaam
. Dhakar & Shiwani

. Ali, Khan, Alshanbari & El-Bagoury
. Stamos

9. Deep Learning

10. Xie

11. Deswal & Kumar

[ I R Y N N



\D)Loas‘YVB)sbc\i’i ‘g‘l‘euliabd 9

Yol dladls 0 Sle udle (6500 STl aalanl 15l Wl )l plows 5L dw i (pe o)
Ll 5 sloj sbasSIl ololid 13 b Jdo ol Y VY Lol )lo g Biw) iS5l oas 4SS (6,50l 5 kaolisS
2 =8ly (sLos j3 plow 415U slaedly Jdosgay j56 b (6 )18 dlo js (6 1S paoucl d5ud0 5 ploaw 5L (slaodly jo
(YVY e losST o (e lidis g ygm0) 355 (s glasby) b dnalie

1 9 6500k Lo Jlte 51 B djl o 3B 1) Ladilly & cunl o gian (Ben 5l slassecne 5 (dndle 50k
5 i <8 il b bl (6,.8b (YA ‘YOL:») Uy ,0 Las glacasdge o ) b e 5lond cus
u_,l a bgye sla yimgiy ) ..\45@ S ook s Jlo sbaylib oy yd il ol &le Sy
slaalo, l clolus! Jdodiga sox 5l u“"'{)" dsgene p (Siwe sl e 5l oslal L U cowl ouds oW <0 o>
S il e 8 5 CteolisS  SYeb Al (YT  latadl g olany JI) Jlo cloodly I odlil b slozs]
LS o YIEBT) loj sy codls Josioas jo5 (sl TARIMA Jas g (Y+YY &g ysm35ls o babis )l «cg))
Db Giali8l o5l (sla oy < VYV

Sl SaST ((oolaidl pw i 0js> ) Gl jaguiio Hlows (dudlo (650 (sl ;o) I (S mas 4SS
) oras soaSid iy o 255 0 435 )54 (o3batl slagl o (63 9 b Gln (ras el
Cwgne i (slno,S jl baSus ol (Yo0Y My pn) aed oo 5lis o 5 (S 55 el p8 gyl lsisay
Yol 3o,k 5l g Bed e o3l Gledbl as ls 6,5 o 8 aliswe a5 aS sloas LS
Ul 2l L e (slaeSs (V1) & B39 8) b on JEs) vl b ey sl 008 (23059
Mo g 03y Ly S A iilgs o omas (slodSus (ol pogdle (Y VY < Loyl o ,S93) 0,05 (o3bj (g5
it sl 330 SleMbl (3513, Colls &) i ¢ gilos 5 00 g7 (Sloged 4 baodls (Bj3p b1y ke

A2 . e . ..

(VB g 9 1S 98 (029 (IS o Stiwgn) WS

A as 0dd 3)ly (slosly imd o ST dlasl ) glasgeze oy odld |y as & sl 649

(o 8l o 0 Lag)es digdige his (295 (o b) iy 4 uwld 5l laws pbsl il an uas

. Singh & Markande

. Saboor, Hussain, Agbley, Li & Kumar
Hahn

. Al Ridhawi & Al Osman

. Rout, Bar, Saha & Chaudhuri

. Autoregressive Integrated Moving Average
. Addagalla

. Chirita

9. Nodes

10. Crowley

11. Devkar & Sharma

12. Distributed and parallel manner

13. Yosinski, Clune, Nguyen, Fuchs & Lipson

®© NN L AW~



ay OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

o] )3 (295 9 Olais <3909 Sloig)s o )b Y du (e A5 s ST 3l a5 ly 0 5SS
3909 SLaiigye 4Y )3 5 395 e plonl LMl (21l (293 5 ez gy &Y 9 ) 055 (o0 )15
P aS 5 g g 0 4Ved uas glaass (VY- g\9J 5 1255 5y8l (Kg) Dm0 Eo8gey leMbl cdlyys
ol pho Hhus 03 (sla g S g ololid (gl ¢ mas caSd )3 (63959 (codld 4y (B 59 Mg o (B8
Y P> .

Jbe dLaosls u”?" 5 La’?_i” g Wy Sl as cwl Souan (omas ASud (£o o GuliS 3l uas s
A4S WS o o Oygo ol dn (SiS L (amas A Canl 0id b Sl g e (LS ¢ Jloj (sla g
¢Lrj19) ¢O_w)L,o|Jg,%l§3L§) Lguh oo 48,5 e $p50b e (L8 sy sl g9 al)o.aa a L slagdg)s
oS0 4 g o 0303 LBigel BPTT pliay g il ool b (28 ih omas (sbodSd (Y¥) & 3T, 5 a5l
5 09 o9 ) 99 008S” Gille 0 ° Lol A8 M L NI e alb cnl 42 ST S o 3 ol Jsb 2 )
L dlie gl s sl onlisS 5V sb dlabls (gladSs wlo o iS il owas (sladSs glgsl (YO ya)S
XN palSan 5 Lawls) Sl gy Sota SVsbo (sla Sy st S sl oS g3l o 5

9 Sloj sla s ilw Jas (glyn a8 il iS5l e A5 | oo CaoolisS SV dladls
5yl o)l i cdy Jgeme uiSHL uas sladSid & Cans g Cunl 00 @l)JoAa).;”J sl Suwly
pld Sl ol JSiie B 05,8 (5,20 VAV Jlo 53 bt |y deslisS Vs dlabls (' ygmia]
Iy 25 obly i3k e laasSls .(VAAY (poaiadl g 5o le) A0S &8y 1) tuw S5l as e
A g { PR COW | ALY ‘\.U"?fl) Slooly Hlis o o3> 10 Sloj (g (i Aile alisee (slaojes )
Shei slasS iy x5l ulr % ol saY (1 )13 or 55y 5 Cenily dadls Lais )3 LUl L4
(YR U BT 5 s YT g giwMis dingo) sl 50 oty slagSII b g5 6,655k > 5YL adaws

S 3b pmas A5 g GdaolisS (Y sh Al ¢ puas aaSd jloslatal b (Jle slaylil i diej

. Young, Andrews, Cooper & Lu

. Shu, Yuan, Meng & Xu

. Kanagachidambaresan, Ruwali, Banerjee & Prakash
. Backpropagation through time

. Gradient

. Marhon, Cameron & Kremer

. Cabessa & Siegelmann

. Long-range dependencies

. Hochreiter & Schmidhuber

10. Ogus

11. Mojica, Villasefior, Alanis & Arana-Daniel

0 NN kW~

Nel



\D)Loas‘YVB)sbc\i’i ‘g‘l‘euliabd Yy

Al dled did by ogad cpl )0 ol plodl ClisT oy p 4 GiSw cpl 0 Cul 48)F O e Al Clidss
2 it glie 2 gy Lo 51 () TPFA plow Cod ity & (Y+7T) iS5 blituosS (552
ilwdiary i 48 a3 00 (L5 JigRy (nl il e DaeolinS SV b dladle oy )oSUl S osliial L (s 539
L T(SGD) aslas (b8 (gildings 4 s 5 (o> QAFY) 03550 camdey |y €83 (0 WL 0j9 Voo L plal
Loy AY/+¥) ol atisls Ty €8> 1 iaS 050 YO

Cand S o g (sl ©danlisS SVsbo adle e (slned jl odlial (s 42 (V+YY) *pg alond
Oibgh opl 0 S e odlitwl Sloj (g (slrodld (gly aniiS SleMbl cuS 5 el o] (2bles 51 g 355 0 plow
2 Blsl talS g o €83 3900 ¢l Silge 5 St SoolisS SV b dladle (laaSid Sl (slas gooro Sl
S5 48 A oo Ui gy (nl gl S (oo 35 pe3 plaSiiel (el gl cpl sl 0l odlitul gl
s gL 0djl dr Sy S 4 & a3 o (L5 395 I (6358 slaglogs «seolisS (SVgb dadls (ke
Dgs

e g (slneud | odlatal b plows il st 4 (VYY) slenal] g St s> I35 sy
"RSME) a_iy, clasye 5655se (sl wile (c0lS (clajloms 1 o0l L g 3551550 o oaolisS 5Yobo dlals
Qo )d MY okl 3)50 S i CB3 oS M3 o LS igh copl ols S o byl ]y eolaiwl 550 Je
A3 o ol plows I3l (st 3 1y ol 88l (i Bl &S

G55l as 8 5 StaslisS Vs bl eslizel L (Y+YY) "(ooluy 5 55U corbln ¢S
ol Gamod AV/OF by | St e opl s 50 Jbo 0jg> 4 bgsye HL31 3 Slulus! Julovgas 155 4
A o s 1y Jbo slaylas 5 ladigy Syd 0 Jae cpl (wisu il & cul

sLnssly 5 CoroolisS Vg Liblo 2S5l pnae sWoeed J odlizal L (V-TY) " o 09) 5 bz 55
L bsyo 5l adla g5 i 5 plas JljL a5l catin bl slocid (awisi ¢ (GRU) 23 jb ol
oty sl oisir (Sl ojly lainly (sla Jus o amd o (L5 Simgly cal gl 3l 0 S0l
S @ e o Sk padld sl diges Sl )5 opestodia (it 9 5l £ Gln Wges Sl D) 0 piteSS
S e &),

. Enriko, Gustiyana & Krishna

. Japfa Comfeed

. Adam

. Stochastic Gradient Descent

. Fjellstrom

. Patil, Shankar, Devi, Singh & Upadhyay
. Root Mean Squared Error

. Kohsasih, Hayadi, Juliandy & Pribadi

. Sako, Mpinda & Rodrigues

0. Gate Recurrent Unit

— O 00 3O L bW —



A¢ OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

EaolisS Vs il LUls s B ISty adi el (WAA) ol g 03l5msls eyl o35 s
ool (SYsb dadls 3,505, jl e Sloj dlpo wiz 3 056 25 Sl S iy 4 dr g iliske slaar > polaid] )
S L3938 jbany a8 a0y odlatul o puie dix Sloj lagsyw (moin Sl oIS 425 2 (e Bres
oo ol @l bl b Sk 4 g (g 5 DaeclsS Sk dadl (gla el plie Sl S 5 cp ke
el oy 1 5 3,Shae ] sl slo e gl bl > 50l i pp S oS amn i

S odlail Ly plows dow (gilodinge Sz (o5 5 (o oy p 4 (W) plid g oljsent 0,8 0313l e se
b o)l iz (55 28 flacargine SaSay sooliss g Asbls 5 LISl e IS
099y o) b el Ol sy (5L By Lis la )l imgd 4o 550 e Ve 23,5 B AYAD sl ,5 09
ol it 5l gy b o A5G b o 4

sl ONN o2 )9 Sl cikisen (slagjlone (2Ulg5 (V2 )) s 238 5 (SUly () ¢ Slye Wb )i b
99 3l odlisal L 5 glito gl ol g (g)lome b o2 )oS J1S5 51 OF b ol 3087 oy 0 ) plas Cand oy
o3> €5 15 pla sl SIS e bl 03 5 pla gy (ot DBl Jali (53919 csloosly (o e
boS 45 305 o> VA/Y Bjlml 4 B et pledl Y b ol yors CNN 5l odliiul 48 wimd oo o5 lodeal 2l
ol RNN (sloypy 5501 g g slone ol o Cons o iz 3, Sdos

3ol Pl Gyl oag 3 0abatdy S5 8,5 V0 glaodly (gyglaez Sl mp (VF0Y) (el 5 65
9 plow Codd gy (b 4 eplow I Su o sl dle (350b (Sl gy (383 walaB L AYAR T IYAL Lo
Bl (as (adSid g (Bolad K tendgd ladie (ot sl Jie oy, Sl S (oriecons
A9 b 3 9 2B Ol 053 Sl gyt 3Sdes laae plu 4 G e (650L (e sl e
GAYL CBd BaspS (6050L sl s (piomad )05 1 do 3 Ar BV Dgas 8 5l eploas Cuand doolisS
i3 o (S (8 yie 3Nes plopw (ite SBLg) (it 5 B de yidi (S5 sl sl

03] jg) Cuadd (it o B9y oz 4 (VF0Y) plale) 5 0 phie Sl (Bl bl S Al e
L] i w5 (38 glopadls | lasgare «uad (sloodls jl odlitnl b ras (omas 350 L3l bl 5 plaw
odlil oy JUIS (b claodly g Bomols (asli claodly 5 imgh ol ,d oyl il o e (63959 oloicas
Jie 45 amd e 3l o tmgdy gl S oo 5y ooy Voo dlabls aSud 4y |y la ey lapy] xS e
9 4o D FOIEY L sy (clmodld o 05 1) oy CBY i o pd £V CEd b deolisST SV gl dladls
D yS oo 58 eam slads, 5 By do > VAL ooae slaodls

sy S Sl e a0l o pinpg Sl aslizal L (1F-Y) 55,0 i) 5 s e
Slacws 93 oy 000 )8 il Sloj (sla gy (duwim G (Jio @isdS GleMb] b ol 4 4595 LLSTM

as B LJL‘“" u,...zaa)., L)"‘ Cawl 00 oalewl stacked-LSTM d)l‘**" )l €0 yaxlodi> 9 o).u...o«_i; u"L") dl.bd).w



\D)chVB)sbc\i’i c‘;‘l‘euw 0

OSe S L 1) (Stned oy (S o2 (ined 9 Sladd 5 VI (sloy ol )] Cad b Caoid
sl kel Cawddy 3 ) slacds b ola o e «odlasl claadls ! claosls | eslatul b .aslazsls
9305 il 553 5 g Gisen ol b (VFoF) bly oy 5 (vl iy 503 el
oSy Jie ol (2oy3 Niled)S 359l b asd g9 e 0 |y Sl ol b ailjg, (cladlisy g el
ibgi ol 50 )l dew 95 opl > )l 0,83 5 (STl dle 1 e (i wdlgs DS loj g Dl
35 w6V U155 31 myeS ) ol o o3lial (LSTM) iy otelsos dladle ppuae s ot ysS
B3 e LS |y ISl s g i S ol el )55 5 (Sloj lags e
w3y 3981 3,505) b (S eMewd (5580 iliie] Sy oy & (V1) (o) 5 s (L
b colisl o aiary S 5 Mg )] 3 L slacudgiome o gy (mas 3Sd 5 ool b
(Sloa s gxio jisu ¥ (NS giide YA 4 SOL olleel Mg ol oolainl 390 diges 10338 pound
O (gl 6598 Jao 5l edlatul oS dad o i kg dond Cuwl 0390 VAT Jlw o el g (5y9liS
Sy e e LSL o)lisl (658 (sjlwdinge dgme 4 emas 8 jlosliiel b (siluding 5 ylie] S
D950 Tolae pj S Gimgh bl 0ad golae cole 4 i L
oo > e Slej elshe (S gl il 2 (e hpmd Gros $xSO (s eSS LT )
B0 mpia @588 oled bl 3l
P asBas Slej pwlbide (S gl p die ohyud Gros 5L s clbaSis jl ool LT Y
mn 33t sl (LSTM 5 ONN losko (61500 (as (5lneicd) gmas (sl ol b duslie

8395 o0 (i CE

93 wliihg )

bl (oae AS0d g (ASL emas B8b 3)500) 93 Jold (o (onae A8l edlatul b Glaggy ol 5
D8 Pt Bl o JS ol sy riter & WISz Sloj Shs il g (sian olisS Vo
sl wlis 3 Shs 90 zlociwl a4 piglglss uas &S pod 5 Jol slaasY dlawlgdy lanl j3 sl onds aisly
90 loj sla Siwly olwlid 4y «broolisS SYob dladls 5l odlaiwl b doldl 3 09 oo ainly y cglaie Sl
S50 a0 Lo ya LS (gaayY jl oslicl b coleg 53 0 anlgs axslay pls Sy o 5 00 glysinl (S
gk onl Pl gl b amled bl olped bl Blsl ()9 paSLE B9y e Cae S e (la Shy
sladlo (b ol bl 3hgl oy pa3ls 4 bgrpe (a8 03]l g Cuaid (a3l 4 by (g )lel (slaodls |l
ol oads odlatwl el Hl58le 5 daosly Juloo (gl 9 VF) B AYVY

1. Simplistic Model



a1 OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

b dnlgd 03l 7y Al po 03l 53 (VoV+) S 5 fla Ghaghs o i b Gimge Sy
o= U5 el Al YO &ljg)y (cbaodly imgh cpl j0) 29 oo didly y odly glysuiwl 4y Jol dsyo )

wLw‘)J 4390.3 .)l?ul d‘){ c.)yi':ua o.ktaolﬁ \ULJ; E)Dw il>),o LY £9d :\l>/~o 5 (wl ol odlésiwl U‘)‘ef’ )I-)L?d L',fl)91

ol odds 031> 18 IS adls Jlgio 03l ¥ cdiged ya 0 S jadls SLL Jlads
Xi = {Xi41, Xi2s ooor Xigts ooos Xiao) (V bl

al pli+t 59, 0 JS (el SLb jlde Xjpp ol o &
aljgy polie U opdy o ploal ¥ dlaly 5l edlatel b kedly (g5le Jlo p .Cavlosls Yd)'L.»JLO)J A o pouw dl> yo

.JJ).S)‘)B ['c\]o}l.g ).) JSU@LM

X—X,;
X' = min (Y :\Ja.g‘)

Xmax - Xmin
0adld Sbb hie X g (adls ailjy) jlade oy ieS X a3l ailjg) ylade op 3 VL Xipgy bl ol )
. . . s R S .
L ol oo Jo5 s 5 5 ) 330 b digy cnl ik (35 $35m0 Sz 3 358 g0 gy olo y3 (SDele g,V
Dgd o odlatwl ¥ dlayly 1,18 pl plosl (gly g o 00l L+ dae

1 x; < x; .
Vi = { i+40 i+40+n (\A« 4]a.g|)
0 Xiy40 < Xita04n

}9) ) ua&Lw Lng_JL )‘A_Qo Xit+40+n 9 i+40 )5) ) ua&Lw Lng_:L\ )lA_O.A Xita0 44_10{1) u_)l ) LY
Gl olo jd (Molre joy Vo b atan 0 SMoleo 59,0 Hlean .cwli+40+n

sla Sy gl Glp (Sloj Sl pogad ) Sl ras bdSud (Jiagh Ay 4 2 L
D oo odlatwl Sk cpl 28y (gl LSTM 3l L ek a4 g o ]S )l b i 0l jlas conenils

2 Dgd e oliiwl Bolad Joi a3 IS silwdine pU jl as &S (gilwdigs (ol oy Ao g
0 ol air b slayol)l plod Jolis (g)lop oS 1) b yialyly jlop lawl ¢ 8obas Jo35 5Lol,S IS (g5lwoly
sloosls asgorne Sl gae S oy ol (Slwiorr )b s (sl s 23555 50 518 el > o 2l O eselin
0 510 alass > auja ol LoLS 5l ol sy 9398 0 wpd & Fp b g odd Gl Bolas &gy ¢ b jgal

Do so oS

1. Rolling Window
2. Normalization
3. Labling



] D)lowz gY 2,92 AR c‘jl‘euliﬁbé' v

0=6—aVyJ;(6;xD,y1) (¥ dl,

ol ams OLsel 3l g mdy 45 Cl 3500 clmodls I gie G x D,y D a1 ]
93550 Slwyioyn 0 L aS ol 55 0 canl Bun @l sladles 5l pl 1 dles sl J;(0; D, y©)
il 55y i S g 0 o s Ty ol S b & o oo bl S8 Sl 5185 3l 2 s o
Ao 8 2SSl (S
JS dals a0 a Sl s od Sl oy acgammo | 8olal (gaac ddls a3 S (gilwedly
JuJz oo Jn S ao e Sleyjgrt Slles s D98 c0 (suzib (Bolal ©)jgod )b G lodly dsgocre
el g0l (claodld s gasme 03] Baimd LS T 4 34 e plo]
(sLmodly caegoona guie S5 K 5l ool J sl it Sldos Ygomn o)Ll sty 45 jobo loa
S o SosS s ol 4 4 2500 plol modls ) Sl (glhe g5 gl g 3550 plosl g0l
42 9 (S Opgodn dn b i I S g 0dg (as &b la e Sl Sopa Lol lial Sl 26
oSt ool oS 5 5 S radlssS (g Asils e 150l o ] Jol (52 Syt
O 3 s ol 4 3 31 U6 45 5 355 55 o ok 5 ol S IS sjlutizte (s e
Do o 03]

Output Target Y.
. Fully Connected
Output Target Y,
R | Fully Connected |
Output Target Y, Fully Connected

Fully Connected I

Fully Connected I

i

Map to Sequence
MaxPooling ID

I Fully Connected I

Map to Sequence
MaxPooling 1D

#

P00 00000 - 0000

Input X, ={x,.,, X0, X0 X |

(]

o000 O0OONOOS 000

Input X, = {x.; %00 Xt Xao}
000 0OOCORPRNO - SO0O0DS

Input X, ={x,1.X2, X0 X}

Jso (510 500l o 5 3lusine ) S



A OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

ol ol 5ls,5 e sk ya 3950 glal 395 lits (Shhy (5w 5l (Slo5 (Sla Siuls LSTM 52 53
B9l 0)l55 g 039 fUr ot loj )3 (639)9 (Shy Jop W (128 (2955 0il9> 5 (Deel B 0layd (6399 ol
Do o olil & Al 5l ] dwlne (glp g 395 0 A LS (6399 0519y g iy bRy (LB oy p5 5
ip = sigmoid(Wi,fve + Wiphi_q + b;) (& daly
fe = sigmoid Wy sy fve + Wephe_q + by) (5
D95 o 03lizl V ) 51 ol dwle (glys g Conl (29)5 05l 0
0; = sigmoid(Wr, fvy + Wophi_q + by) (v dlayl,
Gk 5l asds aleMbl g 3)ls (63955 051550 3o bl asas GleMbl &S cuwl &g (s dadls 5,8
A ddaly SeoSan oleMbl 31 .l ous o3> Ui ¢pmq b atsdS SleMbl g o yogel,d Sgal,d 0lg,
Do o dwlte
Ce = tanh(Wepy fve + Wephe—1 + be) (A bl

Dgds oo @L”)59)49 a §Ja.g|) )] odlawl b caladls »19 3 0 o)¢55 SleMb

¢t = ftOC—1 + 1O (A
Dgd o 03l LS Ve daly Gyaods LSTM (59,5 culyd o
h; = 0;Otanh(c;) (Ve dayl,
D9 o 03wl LSTM Johw bawgi oais zlyseiwl Sloj sla S g odisled (lgisay Ay

)90 S (omas 8 I (S lyie LSTM asles 35 (gl gls (cnas 45 ol Al po
2] (£ p e B (3Lt S B3l o5 bal)S (siluinge @b J) 5 05 on J),B eolit
S92, 4 al )3 )l 1y 8 (6)gla, S A (039 lgtedr e &Yl esd glsel (o Sy g e
Do oo a8 Cus yus i) 381 g dlal idlS o ¢y9y90 Sl ookl b (60959 (sboodld

53 3yl d¥ il e g 00 oolinul | glaiws (gilo Loy 4Y 5 CNN &Y & Wosls (53,8 3 )5 5l e
(s 5y @b cate Lles slaarY 51 plaS’ 1o (g3l Jlb & 9o Juate (g 4 g 0ad | st plas &Y
R R NOWE R R4

1. Stochastic Gradient Descent
2. Batch Normalization

3. Fully Connected Layers

4. Leaky ReLU



\D)Loas‘YVB)sbc\i’i c‘;‘l‘eu&g}aﬁ a4

LSTM 4 CNN alis g 3,5 0 )48 oolaiwl 5y50 CNN-LSTM ool (g yuds (cmas a8 it dl> yo )0
45 Gl ©ygmo (i dlo o cpl 29 o odlitul (Bolal Jgi (LalS &b Sl (sl dime ca s A e cnl
Y ool 2o g Lagnyide (650, 5 Y o)ly Yl (295 CNN Y & laodl (3,8 3)lg 51 ey
LSTM 45Y g5 culis 15 5 0k LSTM LY 3l 00 sl (gla S5 . d9 oo cudlSs Jlste (sla o
cblize (957 L5 b Jua plas 3 ozl 390 550 & 9 on Jog (2955 2 9 005 st Loles &Y 43 3
el ik

5,518 g aalgy dinl plas g o 03wl CNN-CNN-LSTM oolws (64 jusd (mas &0 qoiid dlsyo )
CNN LY S oS glawl 4y o8 @glas oyl b ecawl CNN-LSTM o0l (g yud onnas 80 ailiiio oS )
5 ossS 55 ONN-CNN-LSTM 03l (65 yoats gmuas 4 _yoy ol 05 abL3] Ly s (65915,8 &0Y <S5
el 6yl abolize g5l ol I e pls )3 o0litsl 3,50 )y @5 il LSTM &S (S 5 CNN S 0

sy s 8505 9 CNN-LSTM 03l (s o opnas 850 LSTM _joams 4545 dus o Al yo
dw cyidgi ol > aBuis Sley S gl gy s o S 5 5505 L CNN-CNN-LSTM ool
S plan g 0392 JS yalid dlljg) polie o (Fy) deoliss” Jloj (polide 205 (0 )3 (o) 3)90 (Sloj lie
> ol 00l ool Limgis ol o 30 (F3) caeaids o (Fp) cse e Sloj (wlie 43 .cuwwl LSTM
Col (g aslale o Sian) wglate Jloj sla whie jo IS jadlis yolie (g yw samd i CNN calises (slaayY
CNN-LSTM 03l (6 yusts guuas 8y ;3 45 ol j1 amd oo ol |y i Sloj (slapolide (slo Sy &5
oS ol 5 (803 sgm 31 2,8 glytl |y oo iloj Lolie 532 ls¥ e sl o o3lizsl CNN &Y S, |
oolie (Shg et oo «Cunl 0 03laiwl CNN Y g3 5| CNN-CNN-LSTM ool (g pudd (uuaas 45 )
2,8 gyl 1y wasads Slej

A )b 3929 (Fy o Fp Fp) calisee Lo plide 3 o8 o (Shy & dagi b pa3ld W) (Snoia Gl
polie Sl 01 glsitl (sla Shy sy Fr & bl jlo o 5o I Sy ol (sl sl Gloj (slopolio oy
oSl s S L aS Fy 9 Fy sla Shy sl Sloj sloolide 1l kaid cowl JS a8l pls 4l
5 S plo by o 025,5 ol puloly Fy 5 Fy loj sl obibo 39 (s el 0313 390! (CNN)
WSS o Jos (g o oy CNN Gllas g maxpooling slapls

SS9y it Sl el Sl )00 e Sloj slagwlide (8L slp CNN &Y 93 )5 ol qudais
(ol sl 0 9V i 5ay CNN g 5 sl sl Y )5 o o Molno g, ) il atim 5 IS a3
sl lide 3 J5)5 52 a8 lne (ol 4 209 (o0 el (Holae j9)MA 5 A cosias F3 o Fp (Sloj slo ol

ool (Holre slajgy > JSHadls (SbL Hlade YA g A ol s Fy g Fy (Sl

1. Map to Sequence
2. Kernel



Yoo OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

Vg4 ONN g g Sl slo Y IS ol ((obao jg, ¥+) odial ooy JS jaslis g, (e iey s
P45 Lo cpl 4 S0 o olal (Malao o) ¥ 5V i Fa g Fp Sloj sl lie s gl ool V
&b el (SMelo slajg) 3 JSpadli (SLL Hlde VF 5 Ve ol cuiias Fy g By Sloj slapolide 1 S
el 6yl dblite ogy5l 0l gd o odlitul b s (oled )3 &S (g,

e b dw jlwalisee Slej sla whie o b S 5l Sboj (Sl zlyociwl (gly qopd ds o )
4 Flattening 40 5,b 5l bl ol o0 gl 5ol CNN 1 a8 gamgd (Shg (o ylo g o0 oolaiw]l LSTM
O LSTM & (53955 olyiets a Sy g 395 oLl LSTM (gl U395 o (g S5 o ile) (0 S
$imigd el Sl (S oy p sl sy )3 ool bl E g Lo (Shy (s 3 Shy b Ve Ngd oo
Sl ple plod 1ol 1 g Gl 5l e(Shg s (sin sl 0ad gl il (Sgie ©jgon sl & G 5l (Shg
Cawl 04 Juols (S

U0 sladlyl) bhug a5 45 o gl 5ol 395 ,blie Shg g jl ) Sloj sl Siuwlg LSTM 4y
Olamsdan by olas (295 3l She cbayby lawg Vo U gladaly 0ol oSS 5l Gy b 00 usgi V-
" Cl):x._..u‘ she; dl.b:;.‘.’“.fla L)"‘ Dgud o oslawl LSTM Jolw lawgs oads c‘w‘ Sl sl S il
Y Jg.w LY 4>9) l{ (e (0 ULMJ [ VooV Ls.lxjggﬁ LSLQ)I.))J LSAQ 4§D3 9D2 ch l{])LSTM d&.wu dw ]a.wy

2,8 samliie |y o dlpsiin (g yud uae &S Jdo (g o

Output Target \1"

Fully Connected

Feature Fusion and

Output Fully Connected | /| TITFA TT TP TTT 111 |
7 il I
Concatonatc :I T |D|?---| 1 |[|)q|--1 |:
— — e — ——— e ——————
Learning the LSTM2

Dependencies in
Multiple Time-scale
Features

I Map to Sequence | | Map to Sequence l

L ) F;‘T

Multiple Time-scale
Feature Learning

IPUL Y, = {3 oo )

oo (S pud omas &S Je Y S



\D)Loas‘YVB)sbc\i’i ‘g‘l‘euliabd V)

odla! Fav ) LY 5 LSTM s s dw jl o Cl).x.\.wl R{ERETYS plesl (gly qondjl Al yo o
(=2l y Oygody 3,8 aloul gy e U e oo hate MolS slaay¥ 3l dtwgn Sy ol ed uSois

Sy gl V) Ay ©jsods i (ras 3D Sngie

Yi = f(D1,Dy,D3) = (W (W1D; + WD, + W3D3) + b) (V) o,

(EVINEY b 9 w 9 JAM fnlo.: :\JY O"J9| L;Lﬁu)a Wi 9 w, Wi ;Singid d)L.qu:_% é-’l-’ 3&)&1.&;3 0} LY
Mt fate plad &Y (regd slad 5 )5

oala ) [adls pal Jlo YO 4 bgyye (adls ailjsy polis | jimgh cpl 0 aSul @ dogi b (oadjled p5 )
&y ool ons ookl bj9el (clp Waodly Jol daws 5l g (oxiwyliiel (gl Wmodls pg3 dos 5| iige] (slp ccanl o

i isl pgd Ao g (Bisel Jol dagi iyl o

tomwyliel 31 as)3Fe g iigel Jol o ypdFe tpgy clls @

f o liel BT 0o 0¥ g (bigel gl luoydVe tpgw cls @

TS e U IRV PSS PON S TN IV R PO TN | NS

cmyliel Bl as sV e g (iigel gl o yde fem s @
Gl e SelS” slaaY g (loj slo Staly 650k (Gl LSTM g 8 s ccilisn Gloj (slo ol
(s3ST CNN laailyd Jolis plaS™ 1o a8 ol Y 90 (glyls CNN &Sl .l YL o (sla S5 2] 5]
Laooly a Sl an asg Lol Ve 5 Ve i yid CNN slaaY (gl yilid dluws s pooling 5 (sjlo Jlad
ookl d)9—0 d)l_le_xB é’l—’ 9 Cwl u_wL.n d.\_sw_i_: CNN )‘ ool i d.\_u’g_g_; Sy O Hygods
o sly sy Db o pbl 9o Y |yl 5 93 3l Lmaxpooling g4 ;I pooling &lles .cusl LeakyReLU
Batch Y .cul \,—Fw oy g o lee) adgl (6153 F iy g o odliiwl pls] jLiaigy j aSii
5VLP).‘){LP.$.? leSsls lp il 00 L plpbatch b g oo odlaiwl (6,350 3900 4ly 55 Normalization
aBgie (6,500 Al 8 (8l dg e pLS Yer p0 jliel gy B (ST Sx 09 0 o0l ‘N,pli;.mw' LI

29 Jlabpd (Bolal oy laaoly @Sid o Slos 39:00 9 Ghjlute Sl S sl yslilods cmizman 250 00

1. Strides
2. Overfitting
3. Early Stopping



\Ra OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

Sibwdloy eI slaosly 5 635y 03 a8 e gl (2L sl (Sl Sllas Sl g 5 gdi o
Dgd oo 03ldiwl (glawd

(53500 Ban 5 (6050 g, daodly by 0 aae slaaSs s sla Jao slacuglas denq b
Jo o 2 4 @l cladae 5l (S omd)lag Ay 53 pskate ul (gl Cung gloslis S o] duylie
Al dunlie BB onpud ae A5 Jae b U 39 0 plsl bl (69, p3Y @Masd g bl aigd o o3l
Az LSTM g CNN ool (g jud (muas loaSiis Jolis )5S ol sla Joo

g 4,5 53 (i alis Sy olsieas IS s5bas oblae Fosl oase JS S g, o
ot iy Caawyd (gladigad dlunl Cannd BB i B L3gud oo 03liuo] 8D Hlixe I o iy CutS Sbj)l sy
Aoy 5l oolaiwl b cds g daled yins (g yias Jde 3)Sdas bl yide B do p Culadiged S e &y ol

Do oo duwle VY

NCOT’TECt

céy = — % 100% (VY dlal,
Nay

J_§ Sl BA_..EJULmJ Nall 9 03¢ ul—m&) @3‘9 .L;9) lJ J-\A u.u)w.’ aS Cuwl u.’l!bduyu Sl Ncorrect
Cawlddi gol
S Jre & G559el syt e 9 300 sl il Sl g oodls cstimgy sl Sl a2 Gesly sl
Pl ot lizel g (Bisel (gl st b b e g dslre (Bigel 21 0 ye (gl > duil )3 g e
Ve anp b oyt > (i litel slaodls (e liel 5 (Bigel sl st e S ] ey 9 0
NS ;2 9y (omilisl ool g €83 Jlne g oo i JS a3l p3lie sy a5 bl 2 S0
Sy Slos doni g (wyp CE Hlme 1 oolaiol b Jao > Colps 50 dgul oo duwlore py8 o yins )0 b yidu oy
sas SaSed €83 Jlae b (ooleiiliy iy (s 3D CBY jlne (gl pod Sl 4 gl jslated;
G yud aas AS) as s SO S Jloj (ibod oyl 50 090 oo dwslio LSTM 4 CNN wdlw (g yun
Coin g S Oyguody cudy sl Jio by adls U oyl ad Singds 9 1)l 3959 cudy (sl o 5 (oo
Syl ()l (la g, 51 45 355 oo o3kl acaede a5y 5SSl gl 5l dnd JL8 duslis 5y50 s
d9s g0y 2 6 2988 g0 ol IS (as s Wigel (g, focedle 4y (ypuSTShy Sl (5)lel (58 g0l .l

1. Pairwise
2. Wilcoxon Signed Rank



\D)Loas‘YVB)sbc\i’i ‘g‘l‘euliabd VoY

WA o s 1y cudy (gl Jae cBd Uy g Cunl (g3lpiuig (3 pud

Hy =py <

(OF i,
Hy=wm >

e 35 g9 93 o (sl 00 gl sl slacds Lzl Ghedle ag) (guSly Sig) B 058 0igedl
CB3 (i ke GOS8 (o0 S Iz 3 1) (ol e (sras 86 g b SlaaSid)
5 S Spe i L sl (ol oS o dlore |y by laae €85 5 (oloidiy gy (ras 4D
5 b (oh b onas IS CBd o Hbline VS buimsLis a5 o lacglis | s audd o0 45, bl @
oS 5olol (St b S oo 000kl sl By (sl e

A o 3l ity (sladigas (sl bl taigd oo g yivo (58 (g3l sl ool Sl o8 sladiged sl
gl 31 oalisiul ;o 2948 0 dslome (il g 5 (25l deol igesl ol (sl 5l Jloy Ly )8 TT i
Dgd 0 duolbe il )ls g p-value yolie o duoles

E(TY) =n(n+1)/4 (VF dlal,

V(T =n(n+ 1)@2n+ 1)/24 (V0 dal,

Tt — E(T*
Z=Z (T") (VF dla,

JV(TT)

ol € osalie 45, ggeme Sl N TT &

g sbadl
BAYYY Jlo 51 ol ke gl (woge JS padls ailig) polie 51 (6399 (slmodls dmodly anogs )lel plosl (sl
S b ol aodly slass bloss dumloee o3l (833l iyt Wodls (] lors (6955 (Jlo YO Cote ) V<
gign Jloel odl (5 ila (555 2 Ygane (53la] (slapasls g ol la o)l

o3l lbodly aogi (sl 0 5 lne Byl (:Slio Al (il (g el lis I wiil oo i ]
s il 8 Uil g5 5 osls (sloS5s 51 c6yiag 5 b S (S Lo &y siliso ledbol 3] oS

1. Long, Lu & Cui



Vo€ dl,lﬁ»&a,&&yﬂ...lgddgmwdlbw}lb:%lgﬁ@uﬁs)&jﬁ

ke Lg)l_a] dhbua.&u: dlos> )'1 odly ailw 9 u.:ob)'l.g )l,;.o g_él):xﬂ @l YO 093 Fl.os d‘)’. u.:ob)‘l.g wi;[..o ‘JL.A
WG5S 65l Wosly iy Syo 0 1) o wilgs e 4 Wit
K oy ol ;0 0,8 ;b )3 (as (S ©33 ) g

Lodld Il Sl
A AL

POV VPSS JU | ] PP I K S-S W |

Sois (N oSl

¥/50 YAV | LOIY | LY | ToeleY | = NS | J-olay ARIAA VAN £o¥Y Jade

A o LS a5 Canl o yd +IVA ] Slire Glysal g aoyd /N oy pSike o 1)) SleMbl 4y angi b
ol Jloy i | i (SS9 o (Soz 2929 izmed WloaiS]y (ke Sl (3L ) Conns &y Waodly
a5 50 0l Laodly jwdi g Jdod (gl &S i oo OleMb] pl i bloie cunly 45 aodld a5 e o
WLigd 418 ,S

o lse] (elmodld g 5igel (clnodls m ¢ iSu 93 4w e (slp (6399 slodls gy a0l 4 angi b
o Sl iiee Mo glate pl (sl ouiS S |y oo ol (6 (orlie Connd L 295 s0 oS
5 ol 1 S 5B (sl 85 Jlns s 398 g0 8,8 55 5 (Lo lie] 5 bipl) il ik 9 4 Lnasl
sl prd i U 2,8 (o0 58 (o) 0590 (059 Ve 909y 8) wilale 5 (St (Sloj (polide 13 9 e (6
P9 g dpmolone WV Alal) S8 &y 55 83 098 (g nodly (i iy

Sl sl g Ghjgel cidie slacsanicn elsly (Saie (e <8 Jg li 4 w2g b
ol pyd (S (e 53 48 A o0 (LS @l cpl il 0dd (g (oas ASd Sl Jue don
5 Obigel St A prd it ol sl (STl Sty (650l B oy (gl oY

ol (o390l Mo p3 Vo g (o )liel Mo > Yo ) o e oy ¢ Sshn i (6l (ot

N (Floj wlide j3 08 B 3 omas SASw €Y Joua

Sy sl )
ARS

. IYOVER - IYYAFY - [DSYYY -I£VVED -[EAYSY gty oo
- [5SVOF - JSYEVD - [0S \OF -Jasaxs - [FASAR CNN-CNN-LSTM
JEVAYE - [FAAD SJEYSVY <JEAVEY - [favas CNN-LSTM
NIRRYA) < YFAF - [DAVED - [EAAFY IS CNN
NIZEVA - [YSAYE -[£B\YVY - [FARY <[f-AQY LSTM
- [EY DOV .[FE5 -9 <DVAYY - [£AY SIEVY -5 P b 5 il




\D,W(YVB),)(\i’i c‘jl‘ou&.ﬁaé' y+0

5 Ubieel calisie lasiin ity elulp alale o i €8 & Joia 53 oad saalie ol & a5 b
pyd dslale o 0 &S a0 o Ui il cpl sl 0l oy p amas &S sl Jde den (gl i lic]
Caps (ghoyisu) pid op o oplplo sl 1Sle ygods (6550L B3 i (gl do > Ve ol

ol (B590] o pd Ar g omioyliisl oyd Vo) do 3 Ve o8 ilale o i sy (oo jlisl g 50l

Al Gloj (whie pd kiwiny omas aSwd Cdd .Y Joua

Yy < [YOAVD </¥AaYA JFYA - [BVVF iy Jo
</523AD <IEARYY SJEY NISCUN; JEVY CNN-CNN-LSTM
<JFYADY -I¥\avs -[FYavs <[FAADY < [FFANY CNN-LSTM

< IVEYDY SIPYYAY JEFY Y < I¥ARVE IS CNN
YA <IFVAVY NARVCE < [¥A3AY CIYAS¥Y LSTM
<[FAFYY NASSVS <[FOVAY <[¥05 0 <[F0AA- po 3y pSile

S 50 Joo 225 gty Gimogy Jol Jlow 4 Gl sl

Ao Yo omwliel g Laodly ol aoyd Ve ijgal) doyd Yo pyd o lsasl b o Saan ol 4
(HSen § SV 398 e iS5 T 4y (odly (olegsl o) Vv ) (oxiuw el 3)90 (i (losly (ot
Olgmedn bodly (ol 2o)d Ve o8 395 00 Joe ©jgo cpl 4 baisunj ol 1 Sy 8 b)) (6l (V404
ol sty €85 Jlme ol g 485 )15 b5 3050 oxtas el A5 lsiea G e (i5up; Y g Shjael
e Cunddy (St Gloj ulido 0 (nas 38 sla e I Sopn gl cE T w0

2l Ao Ve o lsel g laodly ol aoyd Qe iigel) doyd Ve pyd s Ol b ilale ol 4
(YN o) lSan 5 SUY) 294 o0 pannnds i5u 5 Ve (odly ool doys Vo) (o ylie] 3)50 iy o Wodl>
5 il plgieas ooly glunl hoyd Ae &S 35 0 Jas &ygo cnl 4 s cnl ) Sopm e85 Dbl
Vooad ol yidey €85 lme (olulyy g 485 )18 2L5)] 5)50 (oxiw)lisl i5u (lyisas Ko o pisupn Y
e sty lale loj wlie ) (uars s a1 1 Sopm (ol B

(11 > H2) ool ooy SaeSid e (elpidin 45 3 Slas o5 sl ol Giag s ol slel

g S e 5 el oylel jlate ST sl 00 48,8 LA 55 oy3 A0 liebsl e 3 | lyoxy i

Dgd 0 dob Lo slesl g 395 o 5y Hy il

1. Critical Value



KN ol)5e» 9 (Wawo! Ibd"'ﬂ)‘&“u‘“’"duw 3l oaliwl b S ad i Wgy (i

S s lol 1558 903l £ S

LSTM CNN-LSTM CNN-CNN-LSTM CNN

VIYay VIvay -\ —\/0AAY odloity Jae

VIvos VIVOF V/vay CNN

VIYay VIYay CNN-CNN-LSTM
-\ CNN-LSTM

Wa,lol 31 (1/10) Flyo slade Juolis

LSTM CNN-LSTM CNN-CNN-LSTM CNN

AL —/yoy -Y/50 -Y/Y¥AY oy Jao
ARy 4 ARy —+/Yoy CNN

AL - /Yoy CNN-CNN-LSTM
—v/50 CNN-LSTM

slooylol daolol Jga )3 lmo)lel 51 o ke JuSlis Jgao g looylel Jgao sl (25 93 Jols ¥ Jgu
5 [y olgssdn Lacidy 10 9390 (sla Jhe g s odnlie jlacweMe ady auS g (15,8 905l 5l odel Cawday
L iy 3 35290 sladde (65 dumlie ¢ Jgia ol Ban lodd (Do y lpicds lagygiw )3 39290 sla e
Cal g )3 39290 sla e

025 {Cunl o1 4B )5l 3150 bl )3 48) Wil Gl ke 51 i Jghe o 3 (igejl o)lel 457 Sloj
505 b g 3 3290 308 8 G50 4 dmoylol I Gl e Jolis Jgu bl el iy 290 35 Ho
OFie 3 90 S Jde Sl i eyl Jh8 Cdy 3 & by Je 3 e 35800 ) Ho 58 il yio |
S5 e ) ladde il Gl e b golue b 5SasS Joho 12 53 39290 235 &S ()90 5> iy
I gt sl Jde d Cod

4 o |y (o 385 Gilise (sl S (5 gt §30 ©ygots b A8 o S8 o 4y o) lel Jibow
o= IS 0l (Hnpie 5 e 3)Sdes b e pluS & 1S Lol (lsebl g S (0L 00
it 5 )bl @l

2 Lol domo Lol 51 sl jladio Jolds Joaz g Wooylol Jguo il iy 93 Jold oF Jgio il & o
Lacing, )3 39290 S Jde (65 dulis 35 Jodo cpl Ban F Jodo 4 by je Oludgi ilon ailale ulids

ol g j3 D90 sl Jde 4y Cund



\D,W(YVB),)(\i’i c‘jl‘ou&.ﬁaé' VoV

Sl g)bl 5,5 g3l -0 Jgr

LSTM CNN-LSTM CNN-CNN-LSTM CNN

-\ -\/vay AR —-Y/¥5A &g Joo
Y/¥AN Y/YAA <[085 CNN
Y/YAQ y/hay CNN-CNN-LSTM
V/aa- CNN-LSTM

Wa,lol 31 (1/10) Flyo slade Juolis

LSTM CNN-LSTM CNN-CNN-LSTM CNN
~Y/50 Y/PEY ¥/VaY “O/VA ol Jta
VAYY Vv -V/-0¥ CNN
Vv < [O¥Y CNN-CNN-LSTM
<IY¥. CNN-LSTM

OPjel chlizee ol ;3 (oleiy (S b (s IS €B> (il V g 0 gy (sl i ol
5 s el (slp 203 Ve p)3 )3 (axtuyluisl (iSu i Ye 53 Jde (pl €83 (g A5 b (xiuliel
el Cundds dilale ol (glp o yd Vo oy

Feoyliiel g Ghjgel chlisee (gl 3 (solotiy Sy (oras A8 0B ¢ hagh ¥ Jlgw 4 Gl sl
Sble polde sl 203 Ve py g (Suin ulide lp do)d Yo p) )3 (eiuylitel (35055 T ) 5 A dplons
duslio ol plogl jgtaied s .0 duslie (LSTM g CNN il (uS'y wae (sodSis) by sla Jao céo b
A o3l acede ag) (S8l el by jles)le]

olgnin 9 & 5 400
9y (ot sl BN Slej (e (Shy gl g (e s (vas 3D So GRagh cnl
(rmas 8 (o8 0,095 99 Jold (G (oas A b Sl 5 ke Bl s JS el
A4S 05 il Al (pl 4 Cpizmen a5 o3litel bl 51 b pued gy 45 35 LSTM a8 s CNN
slmodls g9y Gimgin ol oyt b |y Goyer IS 5asls ity U1 (dlidig iy (onas A3 L
la ) ol (Y+VA) Yalfxl{)'ﬁ‘ 9 550 5 (Vo) oh)Ken 5 SOV Oldllas b olay jd dons cpl S i 1) olyes

1. Hybrid
2. Sezer & Ozbayoglu



VoA OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

lodls @ly) Bgls asli 5 CSIB00 plyws Cansd <8 > imisis sl |y g (slo e

Shyp ras 805 S gl el (VoV1) 5 5 gl Gimgly gl Sy 5l (il donds ppien
asllas (pl 3> 004 00Dy Bl)I S&P500 (ol Koy (dw i )y wlBas Sl wlis Shg gl p i
sy Lo Jie 1 ol Slale 5 (Siin pliin 39 8 53 5ol csed om0 S50 o5 13 s
L

055 Jme il 13 ol 5 5 g ey sla i 3] e ity 45 ONN ns 355 Joo
CNN (s 8805 & dmd oo (i aaidly cpl oy (lis (g yie 3 )Sboe (3l iy (s 85d & Cod
Sl e b wlale 5 (Sin Sloj loulie )3 ofagd (g ke sl osg 5 03U a2
ol 03,8

o=l sleodly (gl cudsa e e bl slysl wysr slaadls CleMbl 4y ogas awyiwd 4 dgi b
sleodly Jlio gl) gj9r0m sloodls & diliy) (soosly yoii b (lgf o gim gl imgly )3 205 929 img
Ol cizmon 93,5 oy o3 o |y Az Sloj (Sh gl p e sy (ras 8b Juo (a3
S8 e yoSl OMelee (gly (oline Iy

L oy sbadise jl olasioe ST slagingss 53 ol ond odlil (adls b Hlade 51 tags opl
Ol asLs oS yoxie (Sibe glgl Sl (il oo helan il el e 3T e (5395 slaosls
IF e S slbiingy ) lpogde 2,8 eslial 03ypl (sl gl 1 (onS 5 5 o 028 paSls ¢ (S
L 5 53359 b et i Sloj (Sig el 2 sien e 8 oy slo e 5 s (o5 sl 2o
23,5 ool jeS'de odds il

sl jlodliil gam sloimgsy ) gadge Slodl 3 (g pup ae s de plo juln cdy 4 gL
Sl ity Jae jlodliil copizmen 5 1S (a3 LS (it Gl (pRRoR Anda 0 e slahs)
Dediee Mty (Y 5 (5] Censd eyl 3 (a3 ld g a3 Ls) Jbo sbolil g lepadls plo i

L3 slasline (65,50 o donis )3 9 (o3l Jde (639)9 ol b ol Sgew Sy Ja j olizul
Sloidiy u_ﬂ slaiagin ploul (gl ¢ mwe ) colus 9 F1 Recall Precision dlas glgl aisle Syl )y

g 5o

&b
S 3 6)39—?,‘51 3)5\;.5) )‘I oalaiwl b eSSl d)Lg;.cl L9y d}b% .(\\°~\“) |)L.u sy 9 S ¢)%C)@ EAVE cOM?L}

1. MFI
2. RSI



Y 0 lons YV 5,93 V€ £ ( Jlo Ooligioes 1.4

c—wtigo (LSTM B sle chieolisS dladls o3 568l 5,50s,) (e g (s3de SleMbl 1 adlatol b ploaws 5L o i

Ay y e Gres GeolisS SYgb dladls &S G (W) ige lols) g dese 0dljpmld faps po ¢l oalj Sl

YASND (NN g pookigee 2 (Flowlmo yign . Sloj s o (b 1y (SOl

o9 pliw Caosd N9y (Smiler 3 (Sghas Gher p (e S de &35 (V) Lo phen (el 5 s )
Y5 (F)YF o o cliniod o8 oleg (3l

Ui o ys- S 3l ealawl U S Cand o iu (V0 Y) (g deze ((ggpp ikl o e Sloho ¢ (o0

2 Bes 650k lag)lore 3,) 8 (Vo)) (b yie uadd 2 g (ool ¢ SUlg (oud) o0 p0 ((Blye (LB €ynal 8k 1
YooV VNV e o ol 2l Sy ppde (CNN iomy (smas 3505 3)S59)) plows Casd (i sy

L aow lacsS, i ST cligss (gt (V) el o Sbly (ounsdy 9 dumw o ol Ly Jaely 155 ¢ oo Sl
AV —AOY (F)VF (o cliioe anolieS — so aidy dladls Juo 5l ol

oobaly plew i (gilwding (S 5 Jde &)1 (VFe+) 2000 plid 5 e 0dljten] € sigo 2,8 00153] o fdopus (e
S sS paomai gl gy 9 (oo )5 slacudgi s oS dy LSTM uiSih e 48005 b Cuosd oy
AFY=WA (YENY o o Co o il ()05 0k Glygl g2 (8990 adlllas) o)lresi>

References

Abdi, N., Moradzadeh Fard, N., Ahmadzadeh, K. & Mahmoud, M. (2021). Presenting an
optimal portfolio optimization model based on price prediction with LSTM recurrent
neural network using cardinality constraints and multi-criteria decision-making methods
(case study: Tehran Stock Exchange). Financial Management Perspective, 11(36), 119-
143. doi: 10.52547/JFMP.11.36.119 (in Persian)

Addagalla, S., Koppuravuri, S., Krosuri, R., Kunapareddy, M. S., Mallu, S. R. & Rashmi, M.
(2023). Stock Market Price Prediction Using Machine Learning Techniques. Paper
presented at the 2023 4th International Conference for Emerging Technology (INCET),
2023.

Al Ridhawi, M. & Al Osman, H. (2023). Stock Market Prediction from Sentiment and Financial
Stock Data Using Machine Learning. In Canadian Al.

Ali, M., Khan, D. M., Alshanbari, H. M. & El-Bagoury, A. A. H. (2023). Prediction of Complex
Stock Market Data Using an Improved Hybrid Emd-Lstm Model. Applied Sciences,
13(3), 1429.



. OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

Bajalan, S., Fallahpour, S. & Raeesi, S. (2024). Bank’s Credit Portfolio Optimization Using
Actuarial Approach and Artificial Neural Networks. Financial Research Journal, 26(3),
710-733. doi: 10.22059/11j.2021.311064.1007074 (in Persian)

Beheshti-e-Masale-goo, S.M., Afshar-Kazemi, M.A., Haghighat Monfared, J. & Rezaian, A.
(2013). Deep learning for stock market forecasting using numerical and textual
information (LSTM long-term memory algorithm approach). Financial Engineering and
Securities Management, 14(55), 65-87. (in Persian)

Cabessa, J. & Siegelmann, H. T. (2011). Evolving Recurrent Neural Networks Are Super-
Turing. Paper presented at the 2011 International Joint Conference on Neural Networks.

Chirita, M. (2012). Usefulness of Artificial Neural Networks for Predicting Financial and
Economic Crisis. Econ. Appl. Inform, 2, 61-66.

Crowley, J. L. (2021). Machine Learning with Neural Networks. In Eccai Advanced Course on
Artificial Intelligence (pp. 39-54). Springer.

Deswal, V. & Kumar, D. (2023). Stock Market Price Prediction Using Machine Learning
Techniques: A Review. Paper presented at the 2023 International Conference on
Computational Intelligence and Sustainable Engineering Solutions (CISES).

Devkar, C. & Sharma, S. (2023). A Study on Aspect of Artificial Neural Networks for Machine
Learning. International Journal of Advanced Research in Science, Communication and
Technology, 3(1).

Dhakar, D. S. & Shiwani, S. (2023). Stock Market Prediction Employing Discrete Wavelet
Transform and Moving Average Gradient Descent. Paper presented at the Proceedings of
the International Conference on Cognitive and Intelligent Computing: ICCIC 2021,
Volume 2.

Enriko, I. K., Gustiyana, F. & Krishna, H. (2023). Forecasting Jpfa Share Price Using Long
Short Term Memory Neural Network. JAICT, 8, 157.

Fjellstrom, C. (2022). Long Short-Term Memory Neural Network for Financial Time Series.
Paper presented at the 2022 | EEE International Conference on Big Data (Big Data).

Gotze, T., Gurtler, M. & Witowski, E. (2023). Forecasting Accuracy of Machine Learning and
Linear Regression: Evidence from the Secondary Cat Bond Market. Journal of Business
Economics, 93(9), 1629-1660.

Hahn, P. (2019). [Artificial Intelligence and Machine Learning]. Handchir Mikrochir Plast
Chir, 51(1), 62-67.

Hao, Y. & Gao, Q. (2020). Predicting the Trend of Stock Market Index Using the Hybrid Neural
Network Based on Multiple Time Scale Feature Learning. Applied Sciences, 10(11),
3961.

Hajizadeh Tahan, M., Ghasemzadeh, M. & Rezaeian, M. (2020). An evolutionary attention-
based deep long short-term memory for time series prediction. Computational
Intelligence in Electrical Engineering, 11(4), 15-28. doi:
10.22108/isee.2020.121597.1334 (in Persian)



\D)chVD)sbc\i'i chuM AR

Harandi, A., Moeineddin, A., Kaliske, M., Reese, S. & Rezaei, S. (2024). Mixed Formulation of
Physics-Informed Neural Networks for Thermo-Mechanically Coupled Systems and
Heterogeneous Domains. International Journal for Numerical Methods in Engineering,
125(4), e7388.

Heidari, M. & Amiri, H. (2022). Inspecting the Predictive Power of Artificial Intelligence
Models in Predicting the Stock Price Trend in Tehran Stock Exchange. Financial
Research Journal, 24(4), 602-623. doi: 10.22059/11j.2022.320064.1007149 (in Persian)

Hochreiter, S. & Schmidhuber, J. (1997). Long Short-Term Memory. Neural Computation, 9(8),
1735-1780.

Huang, F., Zeng, J., Zhang, Y. & Xu, W. (2020). Convolutional Recurrent Neural Networks
with Multi-Sized Convolution Filters for Sound-Event Recognition. Modern Physics
Letters B, 34(23), 2050235.

Jiang, X., Zhang, L., Geng, H. & Liu, X. (2023). A Temporal Convolution Memory Network
Model for Short-Term Wind Speed Forecasting. Paper presented at the 2023 8th Asia
Conference on Power and Electrical Engineering (ACPEE).

Kanagachidambaresan, G. R., Ruwali, A., Banerjee, D. & Prakash, K. B. (2021). Recurrent
Neural Network. In Programming with TensorFlow: Solution for Edge Computing
Applications (pp. 53-61).

Kohsasih, K. L., Hayadi, B. H., Juliandy, C. & Pribadi, O. (2022). Sentiment Analysis for
Financial News Using RNN-LSTM Network. Paper presented at the 2022 4th
International Conference on Cybernetics and Intelligent System (ICORIS).

Long, W., Lu, Z. & Cui, L. (2019). Deep Learning-Based Feature Engineering for Stock Price
Movement Prediction. Knowledge-Based Systems, 164, 163-173.

Marhon, S. A., Cameron, C. J. F. & Kremer, S. C. (2013). Recurrent Neural Networks. In
Handbook on Neural Information Processing (pp. 29-65).

Mojica, F., Villasefior, C., Alanis, A. Y. & Arana-Daniel, N. (2019). Long Short-Term Memory
with Smooth Adaptation. Paper presented at the 2019 IEEE International Autumn
Meeting on Power, Electronics and Computing (ROPEC).

Ogus, D. (2019, August). Long Short-Term Memory: Can Artificial Neural Networks beat
Econometric Models? Business Economics. Retrieved from:
http://hdl.handle.net/2105/47961

Owusu-Adjei, M., Hayfron-Acquah, J. B., Frimpong, T. & Abdul-Salaam, G. (2023). A
Systematic Review of Prediction Accuracy as an Evaluation Measure for Determining

Machine Learning Model Performance in Healthcare Systems. medRxiv,
2023.06.01.23290837.

Patil, S., Shankar, V. G., Devi, B., Singh, A. & Upadhyay, N. (2023). Long Short-Term
Memory-Driven Recurrent Neural Network for Real-Time Stock Monitoring and
Prediction. In Machine Intelligence Techniques for Data Analysis and Sgnal Processing:
Proceedings of the 4th International Conference MISP 2022, Volume 1 (pp. 813-823).
Singapore: Springer Nature Singapore.



Y OS2 g GWgo! | b (s pd oras (slaaSiud 51 oaliiw] b JS' (ad Ll Wiy (v

Rout, A., Bar, A. K., Saha, S. P. & Chaudhuri, A. (2022). Stock Market Prediction Using
Machine Learning Algorithm. IJARCCE, 11, 97-116.

Saboor, A., Hussain, A., Agbley, B. L. Y., Li, J. P. & Kumar, R. (2023). Stock Market Index
Prediction Using Machine Learning and Deep Learning Techniques. Intelligent
Automation & Soft Computing, 37(2).

Sako, K., Mpinda, B. N. & Rodrigues, P. C. (2022). Neural Networks for Financial Time Series
Forecasting. Entropy, 24(5), 657.

Sato, D., Matsubayashi, T. & Toda, H. (2022). Prediction Device, Prediction Method, and
Prediction Program. Google Patents.

Sezer, O. B. & Ozbayoglu, A. M. (2018). Algorithmic Financial Trading with Deep
Convolutional Neural Networks: Time Series to Image Conversion Approach. Applied
Soft Computing, 70, 525-538.

Shanmugapriya, D. (2023). A Hybrid Model for Fingerprint Recognition Via LSTM and CNN.
Paper presented at the 2023 10th Inter national Conference on Computing for Sustainable
Global Development (INDIACom).

Sharif far, A., Khaliliaraghi, M., Raeesi Vanani, I. & Fallahshams, M. (2022). Application of
Deep Learning Architectures in Stock Price Forecasting: A Convolutional Neural
Network Approach. Journal of Asset Management and Financing, 10(3), 1-20. doi:
10.22108/amf.2022.129205.1673 (in Persian)

Shu, J., Yuan, X., Meng, D. & Xu, Z. (2023). CMW-Net: Learning a Class-Aware Sample
Weighting Mapping for Robust Deep Learning. IEEE Transactions on Pattern Analysis
and Machine Intelligence.

Singh, A. & Markande, L. (2023). Stock Market Forecasting Using LSTM Neural Network.
International Journal of Scientific Research in Computer Science, Engineering and
Information Technology, 544-554.

Stamos, M. (2022). Forecasting Stock Market Volatility. The Journal of Portfolio Management,
49,

Tehraniyazdi, N., Vaezi, R., Setayeshi, S. & Raeesi Vanani, I. (2024). Forecasting Insurance
Company Commitments with Long Short-Term Memory Models. Financial Research
Journal, 26(4), 854-879. doi: 10.22059/11j.2024.367421.1007532 (in Persian)

Thorat, M., Pandit, S. & Balote, S. (2022). Artificial Neural Network: A Brief Study. Asian
Journal For Convergence In Technology (AJCT), 8(3), 12-16.

Umer, M., Awais, M. & Muzammul, M. (2019). Stock Market Prediction Using Machine
Learning (ML) Algorithms. ADCAIJ: Advances in Distributed Computing and Artificial
Intelligence Journal, 8, 97-116.

Wan, W. D,, Bai, Y. L., Lu, Y. N. & Ding, L. (2022). A Hybrid Model Combining a Gated
Recurrent Unit Network Based on Variational Mode Decomposition with Error
Correction for Stock Price Prediction. Cybernetics and Systems, 1-25.



\D)chVD)sbc\i'i chuM VY

Xie, Y. (2023). Stock Price Forecasting: Traditional Statistical Methods and Deep Learning
Methods. Highlights in Business, Economics and Management, 21, 740-745.

Yao, K. & Zheng, Y. (2023). Fundamentals of Machine Learning. In Nanophotonics and
Machine Learning: Concepts, Fundamentals, and Applications (pp. 77-112). Springer.

Yosinski, J., Clune, J., Nguyen, A., Fuchs, T. & Lipson, H. (2015). Understanding Neural
Networks through Deep Visualization. arXiv preprint arXiv:1506.06579.

Young, J. D., Andrews, B., Cooper, G. F. & Lu, X. (2020). Learning Latent Causal Structures
with a Redundant Input Neural Network. Paper presented at the Proceedings of the 2020
KDD Workshop on Causal Discovery.

Ziyadi, H., Salavati, E. & Lotfi Heravi, M. M. (2023). Housing Price Forecasting Using Al
(LSTM). Financial Research Journal, 25(4), 557-576. doi:
10.22059/11j.2023.349924.1007398 (in Persian)



