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Abstract

Objective

This study aims to evaluate the sensitivity of machine learning models to input variables and
identify the most significant factors influencing the prediction of the Tehran Stock Exchange
index. Additionally, it compares the performance of different models in forecasting the stock
index, focusing on the impact of input parameters, and offers strategies for optimizing input
data and reducing model complexity. The key input variables considered include open, high,
low prices, and trading volume.

Methods
In this research, due to the presence of a target variable (closing price), a supervised learning

approach is employed. Furthermore, because the target variable is continuous, the problem is
defined as a regression task. Predictions from four powerful machine learning algorithms—
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Linear Model (LM), Support Vector Regression (SVR), Artificial Neural Network (ANN),
and Random Forest (RF)—were compared using performance evaluation metrics such as
Mean Absolute Error (MAE), Mean Squared Error (MSE), and the coefficient of
determination (R?). MAE represents the average magnitude of errors, while MSE indicates
the differences between the predicted and actual values. Lower values for both metrics
suggest greater accuracy of predictions. The R? statistic represents the percentage of variance
in the data that is explained by the model, with values close to one indicating a higher level
of accuracy. The dataset used in this study consists of six selected indices from various
sectors, including pharmaceutical, automotive, financial, food industries, basic metals, and
petroleum products, covering the period from 2020 to 2024 daily. Sensitivity analysis was
conducted to evaluate the importance of input variables such as open, high, low prices, and
trading volume on the predictions of each model.

Results

The sensitivity analysis results revealed that the linear regression, random forest, and
artificial neural network models exhibited no response to the trading volume input variable
across any of the six indices. However, support vector regression (SVR) demonstrated
negative sensitivity to the input parameters in the financial index. This may suggest selling
pressure, a weakening bullish trend, or a negative market sentiment favoring safer assets
such as bonds and bank deposits. In contrast, other models, including random forest,
artificial neural networks (ANN), and linear regression, displayed relatively similar
sensitivity to the input variables. These models rely more directly on input parameters and
provide a clearer representation of the relative importance of variables in predicting
outcomes.

Conclusion

This study identified the key variables influencing stock index fluctuations and demonstrated
that more complex models, such as random forest, neural networks, and support vector
regression, are more effective in accurately predicting stock indices in the pharmaceutical,
petroleum, and food sectors due to their higher sensitivity. These findings can contribute to
the enhancement of forecasting and decision-making models in the capital market.
Sensitivity analysis aids in identifying critical variables while eliminating redundant features,
thereby improving computational efficiency and reducing model complexity. The insights
from this research can be valuable for investors and economic policymakers in making more
informed decisions.
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