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ARTICLE INFO ABSTRACT

Avrticle history: Background and Objective: Predicting stock prices and valuing stocks have
Received:23/07/2025 consistently been major challenges for investors and researchers in the field of
Received in revised form:02/09/2025 finance. With advancements in artificial intelligence and data mining

technologies, novel approaches to modeling and forecasting stock value have
emerged. The aim of this research is to systematically review existing studies on
the application of data mining and machine learning methods in stock valuation
and, based on identified research gaps, to propose a hybrid framework for the
sustainability of equity funds in the Tehran Stock Exchange.

Method: This study employs a systematic review methodology following the
PRISMA approach. Domestic databases (Iranian Scientific-Research Databases,
Magiran, and SID) and international databases (ScienceDirect, Springer, IEEE,
and Google Scholar) were searched for the period 2000-2024; following a
screening process, 68 articles (28 domestic and 40 international) were selected for
final analysis.

Keywords: Findings: Data mining methods are categorized into five main groups: (1)
decision trees and rule-based models, (2) neural networks and deep learning, (3)
support vector machines, (4) Bayesian methods, and (5) hybrid and meta-heuristic
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methods. Decision tree models (C5, CART, and CHAID) and neural networks
have been the most widely used for stock value prediction, and the research trend
is shifting from traditional statistical models toward machine learning and deep
learning. Furthermore, cash-based indicators demonstrate higher prediction
accuracy compared to structural and expectation-based indicators. Based on

Conditional Value-at-Risk (CVaR ¢ @ : - -
( ) identified research gaps, a two-stage hybrid framework—comprising prediction

using a Bi-LSTM neural network with a Huber loss function and robust
optimization based on CVaR—was proposed and preliminarily evaluated.
Conclusion: Despite the expansion of research, gaps remain regarding the
comprehensive modeling of capital market indicators, the utilization of
macroeconomic data, the systematic comparison of methods, and the integration
of intelligent prediction with risk management. By presenting a comprehensive
classification framework and a proposed hybrid framework, this study outlines
the path for future research.
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