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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.
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1. Rolling Window
2. Normalization
3. Labling



] D)lows gY 2,92 AR cdbu&@é‘ v

0 =0—aVyd;(0;xD,y®) (¥ b,

e 0ams OLsel 3l @ ygmdy 45 Cl 35000 slmodls I gie G x D,y D a1 ]
93500 Sboyjords @ o b aS sl (S5 0l Gan b slaales I pl 1 alos aiadLis J;(6; x D, y®)
il 55y i 551 g 0 o s 1y ol S b & (o oo bl S8 Sl 5185 3l 2y s o
2l 8 2w Cunl (S
JS dals a0 a Sl 9sd od Sl odly dcgammo | ol (ggae ddls a0 S (gilwedly
Ji 2 o Jn @i aa s e Sl jgra Sllas Gus 99800 (il (Bolal &jgod )b S5 edly de o
el g0l (claodld s gasme 03] Baimd LS T 4 34 e plo]
(slmodly caegoona guie S5 5l ool J sl Glinh Sldos Ygomn o)Ll sty 45 jobo lon
S o SosS s o) 4 4 25 00 plosl sl ) Sl (glde g5 gl g 3550 plsl g0l
42 9 (U Ojgodn dn b i I S g 03g (as &b la el Sope Lol a5l 2
oSt ol oS 5 5 S tadsss (g Asils e 85l o ] Jol (52 pad Syt
ol 3 s oo 4 399 51 8 48 jlilo 098 3 & sl (Bolas Jo35 (bal,S IS (sjloaiiag sl onae
Do o 03ldiu]

Jso (510 500l o 5 3lusine ) S



ol ol 5l5,5 s sk s 3950 glal 395 olits (Shhy (50 5l (Slo5 (Sla Siuls LSTM 52 53
B9l 0)l55 g 039 fUr ot loj )3 (63959 (Shy o0 45 (208 (2955 0il93 9 (Bgel B 0lay3 <5399 03l
D9 o olil & Al 51 ] dwlne (glp g 395 0 aB LS (6399 0519y g iy b Rp_g (LB Sloj p5 4
ip = sigmoid(Wis,fve + Wiphe_q + b;) (& dlaly
fe = sigmoid Wy s, fve + Wephe_q + by) (5,
o; = sigmoid(Wp, fvy + Wophi_q + by) (v dlayl,
Gk 5l asds aleMbl g 3)ls (63955 051550 3o,k lasas GleMbl &S cuwl Oygo (pas dadls 5,8
A ddal) SooSan wleMbl sl .l ous o3> Ui ¢poq b atsdS SleMbl g o ogel,d Sgalyd ojlg,
Do o dwlte
Ce = tanh(Wepy fve + Wephe—1 + be) (A by,

Dgds oo U;L.,))'a)d.g q §Ja.g|) )] odlawl b caladls »]9 3 0l o)¢55 SleMb

¢t = [tOc—1 + O (A b,

P9 g 03l (L Ve dlasly 090t LSTM (293 wcoles 5

h; = 0o,Otanh(c;) (Ve daly
90 03wl LSTM Jobos bawgs o gl sl (Sloj (sl S hag oxiales plgices g

)90 Sy (omas 8 I (S lyie LSTM asles 35 (gl gl (cnas dSud ol Al po
il (g et e B (iltingg BT S5 LS (sjlodinge 5 31 5 05 on 515 o3lisd
9125 4 2l )3 0l 5li 8 (6)glay S A (939 lgiedr o &Yl edd glsel (o Sy g e
Do oo a8 Cas yur i) 381 g dlal idlS o ¢y9y90 Sl ool b (6099 (sboodld

99 3)lg Y ol >gy5 g 0a oolatul " gl SilwJloy &Y 5LCNN LY a odls 0,8 5)lg 5
(s nly @b cate Leles (slaar¥ 51 plaS’ 1o (gl Jlb & 90 Juate (g 4 g 008 Juate plas &Y
RO R O R4

1. Stochastic Gradient Descent
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1. Map to Sequence
2. Kernel
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