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Abstract

The onset of social media venues, online news media, and digital content allowed a vast volume of text
and time series data to be generated which plays significant role in investors' decision-making and
financial market volatility. Data extracted from these platforms provide information on public
sentiments, immediate reactions to news, and informal analyses, which, if processed appropriately, can
be very useful indicators in forecasting financial market trends. Billions of dollars are invested and lost,
depending on correct forecasting. However, advances in deep learning, especially in large language
models (LLMs) and novel time series analysis algorithms, have opened new windows to processing and
d Jﬂ’ analyzing this complex data. The advanced language models identify hidden patterns and nonlinear
0 dependencies, always taking into account the context and semantic details of the text between news,
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market sentiments, and price fluctuations, as well as utilizing them via intelligent market analysis
systems. This review analyzes the existing research trends on the relationship of text data available on
websites and social networks with the behavior of financial markets, having reviewed more than 200
scientific papers published between 2006 and 2024 in a systematic manner. This study focuses on
identifying advanced methods within text representation, sentiment analysis, predictive modeling, and
language model applications for analyzing real-time and unstructured data. More than one information
source has to be taken into consideration: (Twitter, news agencies, blogs, and specialized forums) from a
perspective of credibility, data structure, and influence-on market decisions. Given the complexity of
financial markets, such as stocks and forex, there is an ever-increasing demand for hybrid models
capable of carrying out analyses across time-series and text data simultaneously. This paper aims to
analyze the current research accomplishments, identify gaps in the research, and ultimately put forward
future directions for the fields of text mining, Al, and deep learning. These directions can open up the
path for the next generation of real-time and adaptive recommender, predictor, and correlation
analyzer systems in the financial markets.

Keywords: Large Language Models, Text Mining, Sentiment Analysis, Financial Market Prediction,
News, Social Media.
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