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ABSTRACT

As the rapid spread of information through social media has increased and sentiment-driven market movements
have become more frequent, it’s necessary to understand how social media influences stock price prediction.
This paper presents a systematic literature review (SLR) of recent studies (2020—2024) focusing on stock price
prediction that incorporates social media sentiment. The review follows the PRISMA framework, involving the
selection and analysis of 22 peer-reviewed articles based on predefined criteria. The review examines the types
of social media platforms used, the sources of stock price data, the machine learning models applied, and
the limited evidence available on the effectiveness of incorporating social media sentiment into stock price
prediction. The findings reveal that X (formerly Twitter) is the most commonly used social media platform for
obtaining data, and historical stock prices were primarily retrieved from Yahoo Finance. Moreover, LSTM is
the most utilized model across studies, followed by RNN and other deep learning variants. However, only single
research directly compares prediction performance with and without the sentiment data, revealing a 2.2%
improvement. This review summarizes current trends, highlights methodological limitations, and proposes
directions for future studies, including the integration of transformer-based models and more intensive
evaluation frameworks for sentiment impact.

Keywords: Systematic Literature Review (SLR), Social Media Sentiment, Sentiment Analysis, Stock Price
Prediction.

1. INTRODUCTION

Stock markets play a crucial role in global economic advancement by enabling companies
to raise capital and investors to acquire ownership in the hope of generating financial returns
(Ashtiani & Raahemi, 2023; R. Kumar, 2014; Mishura, 2016). To explain stock market
behavior, two main theories have been proposed. According to EMH theory, the efficient
market price is fully mirrored by standard and available information that is so general that the
suggestion is not testable, and the term fully mirrored needs to be specified first (Fama, 1970).
Furthermore, this theory posits that market contributors are logical and reasoned economic
entities that act on their self-interest and participate in decisions based on how outstanding
they are, exchanging advantages and costs that are statistically accurate (Lo, 2005).
Meanwhile, the second theory, which became part of behavioural finance, set out to confront
this theory. AMH, or adaptive market hypothesis, explains that, unlike in EMH, where the
market contributor is perfectly logical and reasoned, errors can occur, and these mistakes
serve as learning points that can be improved upon in the future. As faulty happened, this
theory suggests that a stock might not always trade according to its asset value (Lo, 2005).
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There are many theories attempting to explain how a stock price moves; one of the most
popular is the random walk theory. This theory posits that stock prices follow a random
pattern; therefore, they cannot be predicted (Chitenderu, 2014). However, in recent years,
many researchers have acknowledged that the financial market is predictable. Nevertheless,
recent models and approaches still fail to satisfy the perfect stock market prediction, which
remains unresolved. These circumstances have presented a challenge for researchers to
develop new methods for predicting the stock market (Ashtiani & Raahemi, 2023).

To predict the stock market, researchers employ two approaches: technical modeling and
fundamental modeling. Technical modeling identifies statistical patterns by observing
phenomena that directly affect stock prices (Gerencsér et al., 2009). His approach utilizes the
changes and variations in the past stock price to create a prediction of its future value. They
use data that contains past historical stock prices and preprocess it, calculating specific
indicators such as the mean average convergence divergence and the directional movement
index, which are used as indicators. Then, they apply these indicators to the predictive models
(Saud & Shakya, 2024).

The fundamental modelling approach involves assessing the fair value of the stock based
on information about the business's present and future earnings, including the company's
financial ratios, such as the earnings multiplier model, price-to-sales ratio, and price-to-book
ratio (Wafi et al., 2015). Another essential factor in fundamental modelling is the
implementation of data extraction techniques using neural language processing (NLP). This
process involves ensuring that information from a text is fully extracted and interpreted
appropriately based on its context, which makes it challenging. The text sources range from
news and social media to financial reports (Ashtiani & Raahemi, 2023).

Text data from social media has been proven to be a suitable data source for stock price
prediction. This statement has been confirmed by numerous studies that have demonstrated
its capability to forecast stock market prices (Coyne et al., 2017; Derakhshan & Beigy, 2019).
To transform meaningful insights from textual social media data into predictions of a stock’s
price, we extract sentiment using text transformation and representation methods that convert
text into numeric variables as input for machine learning to create the prediction. Moreover,
advancements in NLP have led to more advanced and efficient methods that enhance the
performance of models (Ashtiani & Raahemi, 2023).

The process of identifying and classifying opinions in the form of text to understand the
author's stance on specific issues and categorizing their opinion as positive, negative, or
neutral is the definition of sentiment analysis (Tanaltay et al., 2021). Researchers commonly
employ two approaches when performing sentiment analysis: the machine-learning approach
and the lexicon-based approach. The machine learning approach focuses on classifying a text
based on specified linguistic features. In contrast, the lexicon-based method utilizes a list of
opinion words used to describe expressions or feelings (Hauthal et al., 2020). Sentiment
analysis has been applied in various ways, including the finance market, where it is used to
predict stock prices. For instance, the research (Tanaltay et al., 2021) proposes involving
Twitter data as a variable indicator for stock price prediction.

While several literature reviews exist on stock market prediction, few focus specifically
on the integration of social media sentiment and its measurable effectiveness. Past SLRs have
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either explored broader applications of NLP in finances (Khadjeh Nassirtoussi et al., 2014;
Pinto et al., 2021; Soni et al., 2022; Usmani & Shamsi, 2021), (Phillips et al., 2017) or
reviewed sentiment-based forecasting using traditional news sources (Ashtiani & Raahemi,
2023).

This review paper aims to address this gap by analyzing recently published studies from
2020 to 2024 that incorporate social media sentiment into stock price prediction models,
contributing fresh insights. In particular, we examine which social media platforms and stock
price data sources are most commonly utilized, which machine learning models are most
frequently applied, and what evidence exists regarding the effectiveness of incorporating
social media sentiment into stock price prediction models. By focusing on stock price
prediction that is driven by social media sentiment, this review provides summaries of current
trends in data sources and ML models and a critical analysis of the methodological gaps,
including direction for future research.

Overall, the paper's structure is as follows: Section 2 outlines the research methodology,
including database selection, search strategy, and screening criteria, all based on the PRISMA
framework. Section 3 presents the key findings related to each research question. Section 4
discusses the implications and identifies research gaps, while Section 5 concludes the review.

2. METHODS

The SLR, or systematic literature review, is defined as a process of analyzing, assessing,
and understanding the available studies that are relevant to a specific field of interest, research
question, or targeted topic (Kitchenham, 2004). This review was conducted using the
PRISMA framework to provide accurate and transparent research (Sarkis-Onofre et al., 2021).
Following the framework, the review process will consist of four main steps: defining the
research questions, conducting a literature search, screening the search results to retain only
the relevant studies, and extracting and analyzing the data.

2.1 Research Questions

Several factors influence the performance of the predictor model. These factors include
the social media platform being used, the source of stock price data, the machine learning
models employed, and a comparison of the effectiveness of prediction utilizing social media
versus not using it. Based on these factors, we define the research questions, including the
most common social media used for stock price prediction, and the primary stock exchange
sources that provide the stock price data for the prediction, the machine learning model that
the researchers mainly used to make the stock price prediction using social media sentiment
analysis, and stock price prediction effectiveness when incorporating social media sentiment
compared to not incorporating it.

2.2 Research Strategy

This review search process is based on the guidelines released by PRISMA, which follow
three steps: identifying relevant papers, screening papers, and the inclusion stage. Figure 1
visualizes the selection process.
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Figure 1. The PRISMA Diagram for The Study Selection Process.

During the identifying process, the review utilized research papers that are Scopus-
indexed as Scopus stands as the largest global database for abstract and citation of scientific
literature (Schotten et al., 2017) and has proven to be more comprehensive and data valid
compared to other publishing, such as World of Science (WoS) (Pranckute, 2021). The study
gathered was also published between 2020 and 2024, and the queries were performed using
keywords such as social media, sentiment analysis, and stock price prediction. To combine
the keywords, we implement the AND logical operator. The search is restricted to titles,
abstracts, and keywords.

2.3 Inclusion and Exclusion Criteria

Table 1. Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria

The paper was published between The study does not include specific

the year 2020 to 2025 keywords such as sentiment
analysis, forecasting, social media,
stock price, stock price prediction

The paper was written in English The paper was not written in English

The article type research article The research does not focus on the
use of social media sentiment
analysis to predict stock price

During the screening phase, to ensure that the studies gathered are relevant to our
objective, inclusion and exclusion criteria are appropriately implemented. The rule is that
papers that contain as little as one exclusion criterion must be excluded. Table 1 outlines the
criteria for inclusion and exclusion that are applied.

Considering the criteria, we examine the title and abstract to identify relevant articles. If
these points remain unclear, we will review the full text for further clarification. The results
show that 22 articles meet the criteria and proceed to the next stage of analysis.

2.4 Data Analysis

During this process, the key findings from the primary studies that met the inclusion
criteria were analyzed. Then, two types of data were extracted from each article. The first
section provides information about the author, title, publication year, the journal in which the
article was published, and a link to the article. The second one is the extraction of the key
finding that is relevant to the research question, such as the social media platform used, stock
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price source, the machine learning model being used, and the effectiveness compared to not
incorporating social media sentiment, which is considered a relevant and crucial element to
discuss in SLR.

2.5 Research Content

This review consists of three parts: data sources (including social media platforms and
stock exchange sources), machine learning models, and a comparison of effectiveness. In the
first part, we identify and categorize the data sources used for social media sentiment analysis
and historical stock prices. The second part reviews various machine learning models applied
during the sentiment analysis process for stock price prediction. The final section compares
the accuracy of sentiment-based prediction with that of non-sentiment-based prediction.
Additionally, in the conclusion, we highlight future exploration possibilities in the times to
come. The data sources, machine learning models, and effectiveness comparison are reviewed
in the subsequent sections.

3. RESULTS AND DISCUSSIONS
3.1 The Most Common Social Media and Main Stock Exchange Data Source

Social media is an internet-based platform that enables the creation and exchange of user-
generated content, grounded in the fundamental ideology and Web 2.0 technology (Kaplan &
Haenlein, 2010). The term “social media” was first used by a Tokyo-based online media
company called Matisse in 1944. It was the early age of internet commercialization when
social media started to show its growth. As time passed, the number of social media users
increased significantly, making it one of the most important aspects of the modern internet.
Now, social media users utilize the platform for various activities, such as social purposes,
romantic activity, business matters, job searching, and even building a professional network
(Aichner et al., 2021).

The majority of reviewed papers, or 65% of them, utilized X (formerly Twitter) to gather
the text data being used for social media sentiment (Abdelfattah et al., 2024; Asgarian et al.,
2023; Ho & Huang, 2021; Jin et al., 2023; S. K. Kumar et al., 2022; Ray et al., 2024; Tanaltay
et al., 2021). X is a microblogging site that allows users to write and share their thoughts
within the 140-character limit (Golbeck & Klavans, 2015). X data has been used numerous
times for sentiment analysis purposes, as it has a character limit and has been utilized globally,
representing opinions from diverse individuals across various demographics, including age,
race, culture, and gender (Sailunaz & Alhajj, 2019). To retrieve X's user tweets based on the
topic we want to explore in depth, an Application Programming Interface (API) is utilized.
For example, X has been used to gather data about Turkish soccer clubs during a specific time
(Tanaltay et al., 2021), collect Amazon company-related tweets (Peivandizadeh et al., 2024),
and retrieve tweets that mention certain brands, such as Apple and Tesla, from 2021 to 2022
(Albahli & Nazir, 2024).

Moreover, the reviewed papers also utilize another social media platform as a source of
data for sentiment analysis. These social media including Stocktwits (Abdelfattah et al., 2024;
J. X. Liu et al., 2023), Weibo (Jiang et al., 2020), PTT Taiwan (J. Y. Huang et al., 2023),
LinkedIn (Abdelfattah et al., 2024), Yahoo Message Board (Asgarian et al., 2023), Facebook
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(Abdelfattah et al., 2024), Guba East Money (Zhou et al., 2021), and Dongfang Fortune Stock
Bar (Q. Liu et al., 2023).

Aside from the social media sentiment data gathered from various platforms, historical
data on the stock price is also needed to understand the stock's movement. To retrieve the
historical data of the stock, this review found that Yahoo Finance (Abdelfattah et al., 2024;
Asgarian et al., 2023; Ho & Huang, 2021; Jin et al., 2023; S. K. Kumar et al., 2022; Ray et
al., 2024; Tanaltay et al., 2021), followed by NSE of India (Agrawal et al., 2024; Ahmed et
al., 2022; Peivandizadeh et al., 2024), and Google Finance (Albahli et al., 2022; Albahli &
Nazir, 2024) became most used stock exchange platform to do the job. These platforms are
chosen as they have comprehensive data and are easy to access.

Moreover, the reviewed paper also use other stock exchange platform that put more
attention towards the regional market such as Taiwan Stock Market (J. Y. Huang et al., 2023),
Shanghai Stock Exchange (J. X. Liu et al., 2023), Chinese Stock Market (Zhou et al., 2021),
cnYES (J. X. Liu et al., 2023), Guba (X. Huang & Song, 2021), and Xueqiu (X. Huang &
Song, 2021). These regional stock exchanges are typically chosen to analyze a country's
specific economic conditions, allowing for an understanding of local investor behavior and
unique trading patterns on those markets.

3.2 The Most Common Machine Learning Model Used

Natural language processing, widely known as NLP, is an activity that involves a
computer processing text or speech (Geman & Johnson, 2015). NLP, also referred to as
computational linguistics, encompasses a range of learning processes and computational
models used to address practical issues in the automatic analysis and understanding of human
language, including both speech and text (Huynh-The et al., 2023). Sentiment analysis is an
example of NLP implementation (Fang & Zhan, 2015).

This systematic literature review identified the machine learning models that are being
applied during sentiment analysis as part of the stock price prediction process. The machine
learning model that is frequently being used is the Long Short-Term Memory (LSTM)
network, which was identified in 7 reviewed papers (Abdelfattah et al., 2024; Agrawal et al.,
2024; J. Y. Huang et al., 2023; X. Huang & Song, 2021; Li & Zhang, 2023; Peivandizadeh et
al., 2024; Swathi et al., 2022). This reflects the recent trend, as LSTM has been frequently
applied to text classification activities due to its ability to comprehend long-term
dependencies, commonly referred to as feedback connections (Singh et al., 2022).

Recurrent Neural Networks (RNNs) were the second most frequently used approach
identified in three reviewed papers (Ahmed et al., 2022; Albahli & Nazir, 2024; Guo & Xie,
2024). RNNs were particularly popular in the context of text classification and language
understanding. This model is shaped by the hidden state, which facilitates feedback loops
during data processing while simultaneously producing the final output. The ability of
sequential data processing that RNNs possess is the reason why many researchers prefer this
model for handling complex data processing activities (Das et al., 2023).

The review also identified some other models that were being used less frequently. These
models include Naive Bayes (Tanaltay et al., 2021), Logistic Regression (Tanaltay et al.,
2021), Extreme Learning Machine (ELM) (Albahli et al., 2022), as well as more advanced
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such as Convolutional Neural Networks (CNNs) (Ho & Huang, 2021), Generative Adversarial
Networks (GANs) (Asgarian et al., 2023), Multivariate Bayesian Structural Time Series
(MBSTS) (Ray et al., 2024), Multi-Scale Temporal Convolutional Networks (M-TCN) (Ray
et al., 2024), and finBERT (J. X. Liu et al., 2023).

3.3 Evidence on the Effectiveness of Incorporating Social Media Sentiment into Stock
Price Prediction.

Researchers have found that combining historical stock prices with information gathered
from social media can enhance the model's ability to create predictions, specifically in the
case of stock prices (Nguyen et al., 2015). However, among the 22 reviewed papers, only one
study (J. Y. Huang et al., 2023) directly held a comparative analysis between stock price
prediction with and without the incorporation of social media sentiment.

The study by J. Y. Huang et al. (2023) finds that stock price prediction incorporating
social media sentiment has a positive effect, leading to an enhancement in accuracy compared
to one that does not integrate social media sentiment. It shows that stock price predictions that
incorporate social media sentiment achieve 62.2% accuracy, a 2.2% increase compared to
60% accuracy without incorporating social media sentiment. This finding offers a glimpse of,
yet limited, proof that supports the effectiveness of incorporating sentiment.

However, it is essential to keep in mind that this finding is based solely on one study,
which suggests a significant gap in the literature. Many studies have assumed the effectiveness
of social media sentiment when it was incorporated into the model, rather than empirically
testing the assumption at its baseline. Future studies should examine this approach by
implementing a controlled experiment to gain a better understanding of the actual value of
social media sentiment in stock prediction tasks.

4. CONCLUSION

This systematic literature review was conducted to gain insight into various studies on
the topic of using social media sentiment in stock price prediction. This review contributes to
three main things. First, we will attempt to showcase which social media platform is most
used for sentiment analysis and which stock exchange is the most frequently used as a data
source for stock price projections. The researcher used data from various social media
platforms as input for the sentiment analysis. X, formerly known as Twitter, has become the
most widely used social media platform for researchers to gain insight into user sentiment.
This is tied to the fact that data from X originated from global users, produced by various
individuals with diverse backgrounds. X also proved to be a good sentiment due to its content
availability and accessibility. Subsequently, historical data on a stock's past prices is also
needed to forecast its future price. This review found that most researchers use Yahoo Finance
to retrieve historical stock prices. Yahoo Finance was mainly used because it offers easy
access and comprehensive data results.

Second, we identify the most commonly used machine learning models in sentiment
analysis as part of the stock price prediction process. It has been discovered that the trend
shows researchers mostly use Long Short-Term Memory (LSTM) for the sentiment analysis
process. LSTM is frequently applied in text classification activities, given its ability to
comprehend long-term dependencies, often referred to as feedback connections. However, the
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researchers also employed other machine learning models, such as Recurrent Neural
Networks and Naive Bayes, among others.

Third, we show evidence on whether incorporating social media sentiment enhances the
effectiveness of stock price prediction. Several factors influence the stock price, including the
state of the economy, the company's financial condition, and others. While many researchers
have claimed that sentiment from social media is a suitable aspect for forecasting stock prices,
we found that most of the reviewed studies did not empirically test this claim. Only one study
conducted a direct comparison of a model that incorporates corporate sentiment integration.
The study found that the model accuracy increases by 2.2%. While this finding may seem to
support the potential value of sentiment, it is insufficient to conclude the claim based on a
single study. Therefore, rather than interpreting the finding as evidence of effectiveness, it
highlights a notable gap that should be explored in future studies. Hence, future
recommendations include implementing a direct evaluation of sentiment-influenced models
against traditional baselines using standardized datasets to visualize the effect of social media
sentiment on stock price prediction.
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