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Figure 1- Training and Validation Loss Curves of the LSTM Model for Predicting
the Original Variable Values
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Figure 2- Training and Validation Loss Curves of the LSTM Model for Predicting
Variable Volatility
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Table 1- Model Error Metrics for Predicting Values and Volatility
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Figure 4- Correlation Matrix of Variable Volatilities
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Extended Abstract
Introduction
The food industry is one of the key sectors of the Iranian economy and plays a vital role
in food security, employment, foreign exchange earnings, and sustainable economic
development. Due to its extensive linkages with agriculture, production, trade, and
exports, the performance of this industry can be affected by developments in financial
and macroeconomic markets. In particular, changes in the overall stock market,
exchange rate, and gold coin prices may influence the behavior and risk structure of
food-industry firms. Therefore, identifying the interactions between the Food Industry
Index and major financial markets can provide useful information for investors,
policymakers, and economic analysts.
Traditional econometric approaches have been widely used to investigate financial
market relationships; however, their ability to capture nonlinear relationships and
complex temporal dependencies may be limited. In recent years, machine-learning and
deep-learning approaches have provided new opportunities for modeling complex
financial time series. Among these methods, the Long Short-Term Memory (LSTM)
neural network is particularly suitable for sequential data because of its ability to retain
long-term information and identify nonlinear temporal patterns. Accordingly, this study
aims to analyze the dynamic relationships among the Food Industry Index, the overall
stock market index, the exchange rate, and gold coin prices in Iran using an LSTM neural
network. The study considers both the original values of the variables and their volatility
to provide a more comprehensive assessment of inter-market relationships.
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Methodology

This study employs a Long Short-Term Memory (LSTM) neural network to analyze the
dynamic behavior and interrelationships among selected Iranian financial markets. The
dataset consists of daily observations of the Food Industry Index (excluding sugar and
sugarcane), the overall stock market index, the free-market exchange rate (US dollar),
and gold coin prices over the period from Farvardin 1396 to Esfand 1402 (approximately
March 2017 to March 2024). The stock market indicators were obtained from the Tehran
Stock Exchange, while exchange-rate and gold coin price data were collected from
reliable sources. Data processing and analysis were conducted using Python and its
specialized libraries.

The LSTM architecture, as an advanced form of recurrent neural network, was employed
because of its ability to retain and utilize long-term temporal information through its
memory cell and input, forget, and output gates. The model was applied to both the
original values and the volatility of the variables. Model performance was evaluated
using three statistical error measures: Mean Squared Error (MSE), Mean Absolute Error
(MAE), and Residual Sum of Squares (RSS). In addition, correlation matrices were used
to examine the relationships among the variables at both the price-level and volatility
levels. Training and validation loss curves, as well as boxplots of actual and predicted
observations, were used to assess the learning process, generalization capability, and
consistency between actual and predicted values.

Results and Discussion

The results indicate that the LSTM model was able to learn the underlying patterns of
both the original values and the volatility of the financial variables. The training and
validation loss curves showed a declining pattern and converged at relatively low levels,
suggesting satisfactory model learning and relatively stable generalization performance.
The model also demonstrated an acceptable ability to reproduce the observed patterns in
both the original series and their volatility.

The error measures further confirmed the predictive performance of the model. For the
original values, the MSE, MAE, and RSS were 0.004467708, 0.035744590, and
6.344145745, respectively. For volatility, the corresponding values were 0.000461437,
0.038773810, and 6.552409129. The considerably lower MSE obtained for volatility
indicates the model's ability to capture variations in the series, while the relatively
similar MAE values in the two cases suggest a comparatively stable average prediction
erTor.

The correlation analysis revealed important differences between relationships at the
price level and at the volatility level. At the price level, the Food Industry Index had its
strongest correlation with the overall stock market index, with a correlation coefficient
of 0.76, indicating considerable comovement between the two stock-market indicators.



In contrast, the correlations between the overall stock market index and the exchange
rate (0.077), the overall stock market index and gold coin prices (0.046), and gold coin
prices and the exchange rate (-0.039) were weak.

At the volatility level, the correlation between food-industry volatility and overall stock-
market volatility remained relatively high at 0.76. Moreover, the correlation between
gold coin price volatility and exchange-rate volatility increased substantially to 0.68,
while the correlation between overall stock-market volatility and exchange-rate
volatility reached 0.12. These findings indicate that inter-market relationships can differ
considerably depending on whether price levels or short-term fluctuations are
considered. In particular, some relationships become more pronounced when volatility
rather than price levels is considered.

The comparison of actual and predicted distributions also showed considerable
similarity between the two series. Although a slight contraction in the predicted range
was observed, particularly in the presence of extreme observations, the proximity of the
medians and central distributions indicated that the LSTM model was able to reproduce
the general behavior of the variables. Similar patterns were observed for volatility, where
the model successfully captured the central range and distribution of fluctuations.
Overall, the findings suggest that the Food Industry Index is more closely associated
with the overall stock market than with the exchange-rate and gold coin markets. This
result highlights the important role of domestic stock-market conditions in shaping the
behavior of the Food Industry Index during the study period. The findings also differ to
some extent from studies focusing on the overall Iranian stock market that reported
significant effects from exchange-rate and gold-market volatility, suggesting that inter-
market relationships may vary across specific sectors.

Suggestion

Based on the findings, several practical and research-oriented suggestions can be
proposed. First, given the relatively strong association between the Food Industry Index
and the overall stock market, policymakers and market authorities should pay particular
attention to mechanisms that can reduce the rapid transmission of broad stock-market
fluctuations to food-industry firms. Measures such as strengthening market-making
mechanisms, developing stabilization funds, and improving market-stabilization
instruments may contribute to greater resilience of the sector.

Second, greater attention should be given to domestic factors affecting the food industry,
including the improvement of raw-material supply chains, management of production
costs, and the development of export incentives. Such measures can strengthen the
industry's resilience to financial and economic fluctuations.



Third, the development of early-warning systems based on predictive models such as
LSTM can assist policymakers, investors, and other market participants in identifying
emerging fluctuations and responding more rapidly.

Finally, future studies are encouraged to apply similar approaches to other sectoral stock
indices and incorporate complementary variables such as global market indicators, news
shocks, and macroeconomic factors. Combining these additional information sources
with deep-learning models may improve predictive performance and provide a more
comprehensive understanding of inter-market volatility relationships.
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