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Introduction

Forecasting stock market prices, particularly in highly volatile markets such as the
Tehran Stock Exchange (TSE), presents formidable challenges. The complexity
of financial time series, characterized by non-linear trends, irregular patterns and
noise, often renders traditional predictive models inadequate. The TSE, influenced
by political, economic and behavioral factors, demands robust and adaptive
techniques that not only capture historical dependencies but also generalize well
under turbulent conditions. This study aims to address these challenges by
designing a deep learning framework combining one-dimensional Convolutional
Neural Networks (1D CNNs) and Long Short-Term Memory networks (LSTMS)
to forecast next-day closing prices in the TSE. By emphasizing symbol-level
analysis and testing against noisy and incomplete data, the framework offers
strategic value to researchers and investors navigating emerging markets.

Literature Review

The limitations of classical econometric models in capturing the intricacies of
financial time series have led to the rising adoption of machine learning (ML) and
deep learning (DL) approaches. Early studies using Support Vector Machines
(SVM) and Genetic Algorithms (GA) demonstrated reasonable success in
structured environments but fell short in handling volatile behavior and long-term
temporal dependencies (Ebadati et al., 2022 and Shen et al., 2012).

Deep learning architectures, such as LSTM and CNN, introduced transformative
capabilities in this domain. LSTM networks, with their ability to retain long-term
dependencies via gated mechanisms, have outperformed conventional Recurrent
Neural Networks (RNNs), particularly in modeling price trends in indexes like
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S&P500 (Fischer and Krauss, 2018). Similarly, CNNs, which excel at capturing
local patterns, were shown to enhance the predictive accuracy when fused with
RNNs or LSTM units (Bao et al., 2017 and Eapen et al., 2019).

Deep learning—based forecasting in Iran is still in its early stages. While recent
studies, such as those by Mohamadi et al. (2024) and Toraby Pour and Siadat
(2023) have explored hybrid models, their focus has primarily been on aggregate
market indices rather than individual stock-level analysis (Gholami and Shams
Gharne, 2024). enhanced predictive accuracy by incorporating optimization
techniques like particle swarm optimization (PSO) and Heidarzadeh et al. (2024)
applied CNN-LSTM to the Tehran Stock Exchange. However, these approaches
often lacked scenario variation and did not address challenges related to missing
data.

This study positions itself within this evolving context by addressing the
shortcomings in local research, introducing a hybrid CNN-LSTM model tailored
for symbol-level prediction, equipped to handle real-world data irregularities
across various industrial sectors of the TSE.

Research Methodology

This study employs a quantitative, data-centric design to develop a deep learning
framework for next-day closing price prediction of stocks listed on the Tehran
Stock Exchange (TSE). The framework aims to evaluate the performance and
adaptability of a hybrid CNN-LSTM architecture under volatile market
conditions, with particular attention to symbol-level forecasting and tolerance for
incomplete or noisy data.

Historical trading data spanning from 2008 to 2021, encompassing 3014 trading
days, were collected from the TSE’s official repository. Symbols were selected
based on liquidity, activity level and data completeness to ensure diverse
representation. After extensive data cleaning to remove anomalies and trading
irregularities, all features were standardized using the StandardScaler algorithm
to enhance learning stability and minimize computational artifacts. Time series
sequences were reconstructed using a sliding window approach, where five prior
days’ data were used to predict the subsequent closing price. This preprocessing
structure supports the temporal modeling capacity of recurrent neural networks.
The architecture integrates a one-dimensional convolutional layer with 256 filters
and causal padding to capture short-term dynamics, followed by two stacked
LSTM layers that extract long-range dependencies from sequential inputs. Dense
layers refine the learned representations and lead into a final linear output neuron,
which generates the forecasted price. The model was implemented in Python using
TensorFlow and Keras within a Jupyter Notebook environment and trained on an
Intel Core i9 platform using the Adam optimizer and MSE loss.

Various training scenarios were explored to test generalizability: these included
analyses of full versus trimmed datasets (e.g., excluding post-COVID periods),
evaluations of feature configurations, differing train—validation splits and
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symbolic cross-validation between Iranian and non-Iranian stocks. Additionally,
multi-step recursive forecasting simulated extended prediction horizons.
Performance was measured using MAE and MAPE metrics to facilitate
comparative benchmarking.

Results

The hybrid CNN-LSTM architecture demonstrated reliable performance across
diverse experimental conditions. Trained on daily stock price data from the Tehran
Stock Exchange spanning 3014 trading days, the model consistently produced
accurate next-day forecasts. Quantitative results showed a Mean Absolute Error
(MAE) between 0.56 and 0.63 and a Mean Absolute Percentage Error (MAPE)
ranging from 1.26% to 1.46%, outperforming conventional models such as GA-
SVM and standard RNNs.

The model's success was closely tied to rigorous data preprocessing, particularly
the use of Standard Scaler normalization. This transformation enhanced feature
stability, enabling CNN layers to extract short-term price patterns and LSTM units
to capture temporal dependencies even under incomplete or noisy conditions.
Among the input features tested, closing prices emerged as the most predictive,
outperforming open price, trading volume and derived metrics like percentage
changes.

Architectural experiments revealed that increasing the number of convolutional
filters (especially to 256) enhanced the model’s ability to detect complex temporal
signals, thereby improving prediction accuracy. Cross-domain evaluations
confirmed the framework’s generalizability, as it maintained stability across
Iranian symbols and international datasets such as AAPL and NASDAQ), despite
a slight drop in precision at very high-frequency intervals.

Multi-step forecasting further showed the model’s potential in extended prediction
horizons. Even when predicting up to 60 days ahead using its own previous
outputs, the framework sustained realistic trend continuity. Additionally,
robustness tests (including data trimming and exclusion of volatile periods)
demonstrated its adaptability and resilience to structural shifts common in
emerging markets.

When deployed across a range of industrial and technology stocks, the model
maintained narrow error margins and aligned well with sector-specific behaviors,
reinforcing its utility in both targeted forecasting and broader portfolio
management. Collectively, these findings affirm the CNN-LSTM model’s
versatility and practical effectiveness in financial time series prediction within
complex and fluctuating environments like the Tehran Stock Exchange.

Discussion and Conclusion

This research presents a robust deep learning framework tailored to the nuanced
volatility of emerging financial markets. The hybrid CNN-LSTM model not only
addresses the limitations of traditional algorithms but also enhances forecast
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accuracy in daily symbol-level predictions across diverse sectors in Iran’s
economy.

Findings emphasize the impact of normalization, feature selection and
architectural depth on prediction stability. Increasing convolutional complexity
improves pattern recognition, while choosing closing price data as the primary
input feature consistently yields better results. Sensitivity to dataset configurations
further confirms the importance of realistic training conditions that reflect actual
market irregularities.

The developed framework lays the groundwork for deploying Al-driven
forecasting systems in the Tehran Stock Exchange and similar markets. Future
research may benefit from integrating macroeconomic indicators to capture
broader financial signals, as well as from experimenting with ensemble models
and attention mechanisms for improved interpretability and scalability. By
modeling real-world market behavior in an adaptable and data-resilient manner,
this study offers a valuable tool for analysts, investors and academics exploring
next-generation financial prediction systems.
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Figure (6) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM to
compare with and without standardized data in a 1 min timeframe
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Figure (7) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM to
compare with and without standardised data in a 5 min timeframe
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Figure (8) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM to
compare with and without standardised data in a 15 min timeframe
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Figure (9) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM to
compare with and without standardised data in a 1 hr timeframe
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Figure (10) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM
without standardised data in a 1 day timeframe
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Figure (12) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM with
standardized data in 1 day timeframe with omitting last data

sl osls Sl (ot poe g A5 02 halS (o liel glaosly Cond g (s92)l )
5 A8 by Bl slosls Jlsbo 1 gyt S Jae Ab s 3,50, ol 2Bl polats] (b0l
M 331 o b & el 3 sl 355

2 bl g Gisel ol glite s b oud Loy sosls I eslazal (V) S
slodls Liolidl g srwoyloel glaosly poe Lials oS cul odb i 1) AAPL S i
ol 02 o (295 ) e (sladi) yite Bl g (bjgel

AAPL_1d_CNN_LSTM_with_standard_scaler

%0 ‘ \ L\ ) ,‘V :
50 J) 1"4 ‘Mw ‘(‘I N V
‘,” W v

—— Real Price

a0 My Predicted Price
200 W

sho moes  mHU mAu mie  mie  mio  wae  min
LLSTM 41D CNN ;) o3zl L NASDAQ 5 s o AAPL (slp (bl cund (i (V) JSC5
slmodld 4y 1y ol g 03,8 oaliiunl (i lize] gl (6 yieS sloodls j1aS 19,V Sloj o5l 55 o, luiliusl (slaosls
ol 03l olazd] bjgel
Figure (13) Closing price prediction for AAPL listed in NASDAQ with 1D CNN and LSTM with

standardized data in 1 day timeframe which used fewer data to validate and dedicated them to
training
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Figure (14) Prediction for AAPL listed NASDAQ in with 1D CNN and LSTM without
standardized data in a 1 day timeframe using Close price, Open price, Differences and Percentage
of Differences to compare different features
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Figure (15) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in a 1 day timeframe for all days in the dataset
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Figure (16) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and

without standardised data in a 1 day timeframe with omitting a year and a half from the end of the
training dataset
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Figure (17) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in 1 day timeframe with omitting the latest two years of the training
dataset
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Figure (18) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in a 1 day timeframe with omitting one year from the first and last of the
training dataset
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Figure (19) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and

without standardised data in a 1 day timeframe with omitting a year and a half from the first and
end of the training dataset
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Figure (20) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in a 1 day timeframe with omitting the first and last two years from the
training dataset
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Figure (21) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in a 1 day timeframe with the year 2010 to 2015 from the training

dataset
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Figure (22) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
without standardised data in a 1 day timeframe with the year 2012 to 2015 from the training
dataset
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Figure (23) Closing price prediction for Bama and Qadir Co. with 1D CNN and LSTM with and
dataset without standardised data in a 1 day timeframe from mid-2015 to mid-2016, the training
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Figure (24) Opening price prediction for Bama and Qadir Co. with 1D CNN and LSTM with
standardised data in 1 day timeframe with omitting last year and a half from the training dataset
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Figure (25) Closing changes prediction for Bama and Qadir Co. with 1D CNN and LSTM with

and without standardised data in 1 day timeframe with omitting last year and a half from the
training dataset
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Figure (26) Compare various 1D Convolution layer filters for close price prediction for Bama Co.
with standardised data in 1 day timeframe with omitting last year and a half from the training
dataset
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Figure (27) Close price prediction for Bama, 1IDIC, Iran Transfo, Ghadir, MWMCo, IRISL,
Shargh Cement and Rayan Saipa symbols with standardised data in 1 day timeframe with omitting
last year and a half from the training dataset
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Table (2) MAE and MAPE for Close price prediction for Bama, IIDIC, Iran Transfo, Ghadir,
MWMCo, IRISL, Shargh Cement and Rayan Saipa symbols
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Figure (28) Close price prediction for Bama Co. with standardized data for 60day in the future i.e.,
All 60 days are predicted prices
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Table (3) Empirical Evaluation of Deep Learning Architectures in Forecasting Tehran Stock

Exchange Trends
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