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ABSTRACT:  
 
This research investigates the influence of social media sentiment on stock price and stock 
trading volume, recognising the increasing role of online information dissemination in stock 
markets. The advent of social media like Twitter (X), Reddit and online financial news and opinion 
sites has led to an increase in the influence of real-time information on investor sentiment. This 
research is based on the theories of behavioral finance and the Efficient Market Hypothesis 
(EMH), which explore the impact of social media sentiment on stock price and stock trading 
volume. 
 
The study uses a quantitative research approach, with sentiment data from various social media 
and news websites, and stock price and trading volume data of a list of listed companies over a 
certain time period. Sentiment analysis is applied to categorize the sentiment polarity of the text 
data, and statistical linear and nonlinear machine learning models such as Artificial Neural 
Networks (ANNs) and random forests are used to examine the relationships and predictability of 
the data. 
 
The findings show that the relationship between social media sentiment and stock prices is 
statistically weak but positive using linear methods. But the predictive value of sentiment is 
greatly enhanced by the nonlinear model, revealing the high explanatory power of machine 
learning models. This study also concludes that sentiment polarity has a greater impact than the 
number of mentions, i.e., the message's tone is more important than its volume. On the other 
hand, this study found no correlation between social media sentiment and trading volume and 
volatility. 
 
The research suggests that social media sentiment is a complementary variable in financial 
prediction, rather than a standalone variable. It suggests that investors and financial institutions 
should use social media sentiment in conjunction with traditional financial data and apply 
sophisticated analytical methods for better predictions. Future studies should increase sample 
sizes, apply more sophisticated sentiment analysis models and study inter-market interactions 
to improve the validity and generalizability of the results. 
 
 
 
 
 
 
 

KEYWORDS: social media, Stock Prices, Stock Trading Volume, Stock Volatility, Sentiment 
Analysis, Behavioral Finance, Efficient Market Hypothesis (EMH). 
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1 Introduction 

 

1.1 Background of the study 

The digitalisation of information and the arrival of social media have changed the way 

investors access, process and consume market‑related information (Sul et al., 2017). 

Traditional financial theories, like the Efficient Market Hypothesis (EMH), assume that all 

publicly available information is reflected in security prices. However, empirical studies 

suggest that investor sentiment, and in particular the sentiment expressed in social 

media, play a significant role in stock market activity, stock-price volatility and volume 

(Bollen et al., 2011).  

 

Historically, the quantitative analysis of investment and stock-market forecasting has 

relied on the analysis of price-volume data, fundamental data and traditional economic 

indicators. However, the world of financial forecasting has changed with the recent 

emergence and evolution of communication platforms. Today, social media platforms 

such as Twitter (X), Reddit, and even websites dedicated to investment, such as Stock 

Twits, are huge real-time aggregators of public opinion, investor sentiment, and 

economic activity (Agrawal et al., 2025; Zhou et al., 2026). These sites have changed the 

nature of information flow, allowing retail investors to connect with each other, to 

exchange emotional cues and to have an impact on the market in a new way. This has 

given rise to the field of behavioural finance and computational linguistics to study the 

importance of emotional sentiments in investment decisions and, ultimately, the stock 

returns. 

 

Early research recognised the potential of social media and message boards as a source 

of investor sentiment and actions. Research on message boards (Raging Bull and Yahoo 

Finance) showed that investor sentiment can help predict stock returns and volatility 

(Antweiler & Frank, 2004; Tumarkin & Whitelaw, 2001). More recent studies found that 

negative sentiment in financial newspaper columns can lead to stock price drops (Tetlock, 
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2007) and that microblog sentiment, especially from the service Sina Microblog (Weibo) 

has statistically significant associations with short term stock price movements (Pang et 

al., 2012; Cheng & Lin, 2013). This research has paved the way for the current sentiment 

analysis, which measures sentiment cues in large volumes of text data. 

 

Meanwhile, the study of leadership has also demonstrated that the sentiment of 

influential leaders (such as CEOs) affect the market. Online communication by CEOs, 

through platforms such as Twitter and Weibo is now a powerful medium for 

communication of corporate messages and sentiment signals to investors. The research 

on CEO posts demonstrates that CEO sentiment, key topic and virality significantly 

enhance volatility predictions and even affect market expectations (Zou et al., 2026). The 

high dimensional semantic features extracted by BERT and other deep learning semantic 

models suggest that the CEO's leadership style (transactional or transformational) 

affects the stability of the sentiment signals as well as their price generating power. For 

instance, stable and pragmatic styles of communication are in low entropy environments, 

whereas highly emotive or disruptive styles of communication create noise, instability 

and greater extremes in volatility (Zou et al., 2026). In conclusion, investor sentiment 

analysis needs to consider not just the text but also the patterns, styles and impacts of 

the generators. 

 

There's evidence that markets are not purely rational or efficient; they are driven by a 

range of behavioural factors, biases and sentiment. The recent stock market anomalies 

(e.g. GameStop short squeeze) driven by retail investor sentiment on social media (e.g. 

Reddit) have demonstrated that the sentiment of the crowd on social media can 

influence markets; causing stocks to experience extreme price movements and spikes in 

the volume (Tarsi et al, 2024; Zhou et al, 2026). Such events show us that social media 

are no longer just a reaction to stock markets, but can influence them. There is now a 

trend for institutional investors and trading firms to incorporate social media information 

in their algorithmic trading strategies to capture such information (Zhou et al., 2026). 
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This development highlights the need to further explore the role of sentiment in social 

media content on investment and trading. 

 

Although there have been some methodological advances in this area, there remains a 

need to better understand the effects of social media sentiment on stock returns and 

volume. First, although many studies have used microblogs (e.g. Sina Weibo), few have 

investigated the predictive ability of the combined sentiment, attention (e.g. discussion 

volume, portfolio sharing) and social factors. Some open source social data (e.g., stock 

attention and transaction sharing) may be more important than public sentiment in 

predicting the next day stock volatility (Wu et al., 2017), which challenges the traditional 

sentiment only models. Second, little is known about the longevity of sentiment effects. 

The impact of social media sentiment can last for three days, but quickly decays (Wu et 

al., 2017). Lastly, the growing sophistication of online communication stresses the 

importance of leadership driven sentiment signals and channels of transmission that 

impact the way that online narratives are transmitted into market sentiment (Zou et al., 

2026). 

 

For these reasons, I am motivated to conduct this study for both practical and theoretical 

purposes. Pragmatically, an increasing number of investors rely on social media (e.g. 

Twitter, Reddit) to support their investment decisions. I hope to be able to provide 

insights into the effects of sentiment in online media on investment decisions to better 

equip investors, analysts and financial firms to deal with market uncertainty and to 

recognise shifts in investor behaviour. Theoretically, the integration of knowledge in the 

field of behavioral finance, machine learning and information diffusion theory will 

provide a multifaceted view of the evolution of emotions in online media and their 

influence on stock prices. This research is thus important as it will critically examines the 

impact of social media sentiment on the stock market and the importance of sentiment 

signals. 
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1.2 Problem Statement 

Investor‑generated information has taken on a new life in the world of social media, with 

its unprecedented volume, velocity and accessibility. However, there remains a lack of 

clarity in this area of social media sentiment and its impact on market dynamics. While 

previous studies have shown that social media sentiment and attention measures affect 

short‑term stock prices, we're not yet clear about the extent and nature of the 

relationship. For instance, although research has demonstrated that emotional polarity 

is related to stock price volatility, other evidence has found that social data such as the 

frequency of discussion, stock attention and sharing of transactions are more significant 

than sentiment (Wu et al., 2017). This calls for a better understanding of the roles of 

sentiment and social-interaction factors in the market. 

 

Additionally, there is an unresolved question about the time frame of sentiment 

influence. The effects of public mood do not play out the same way across assets; highly 

speculative securities may have instantaneous price shocks from online sentiment but 

large diverse firms may have a lagged response (Tarsi et al., 2024). While spikes in 

negative sentiment have been linked to short term price fluctuations in technology stock 

and the financial sector (Khalil, 2025), there is a lack of evidence on the persistence and 

decay of sentiment signals. Sentiment signals may only have influence for one to three 

days and their predictive ability may decay quickly over longer time frames (Wu et al., 

2017).  

 

The lack of a unified approach to simultaneously filter noise in social media, extract 

signals from experts, account for different time lags and integrate "emotional" sentiment 

with technical indicators is a significant gap in the current set of predictive models in 

finance and a question of temporal persistence and tradability of sentiment signals. 

These issues result in an incomplete picture of the impact of social media sentiment on 

investment prices and volume. As such, a systematic, empirical study is needed to 

establish the role of social media sentiment signals in investment and market activities. 
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1.3 Research Aim and Research Questions  

This study seeks to examine the effects of social media sentiments on stock prices and 

trading volumes by studying the role of social emotions, opinions, topics and online 

behavioral metrics in affecting investor behaviour and short‑term price fluctuations. It 

aims to combine sentiment signals with social data indicators to assess their predictive 

capabilities and impact on stock price and trading volumes. 

 

 

Based on this, the Key research question are as follows: 

1. How much do sentiments, topics, news, economic and financial information from 

social media impact stock price forecasts and trading volumes? 

2. How do investors' sentiments influence stock prices and trading volumes? 

 

To achieve the research aim and research questions of this study, this current research 

will fulfil the following objectives 

1. To investigate and examine the predictive values of users’ sentiments on social media 

platforms in predicting stock prices and trading volumes using machine learning 

techniques. 

2. To explore and study the predictive power of social media sentiments on stock prices 

and trading volumes. 

 

 

1.4 Significance of the Study 

This research has theoretical and practical importance, by adding to the body of 

knowledge in the disciplines of behavioral finance, computational linguistics and 

algorithmic trading. From a theoretical perspective, this research makes a number of 

important academic, methodological and practical contributions to the field of 

behavioral finance. First, it adds to the body of knowledge of behavioral finance by 

investigating the effect of social media sentiment in terms of emotional tone, discussion 
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clusters and user generated commentary, and online herd behaviour on investor 

behaviour and the momentum of the market (Zhou et al., 2026). While other research 

has identified links between internet sentiment and stock price volatility (Pang et al., 

2012; Cheng & Lin, 2013), this research goes beyond to also include factors such as 

attention measures, transaction sharing behaviour and leadership sentiments.  

 

Pragmatically, the research has important implications for investors, portfolio managers 

and regulators. Online information is becoming a key source of market information for 

investors, but the veracity of sentiment signals is questionable given potential noise, 

manipulation and biases of online platforms. The research enhances the transparency of 

sentiment signals, thus helping to manage risks, allocate resources and monitor markets. 

For policymakers, findings relating CEO driven volatility (Zou et al., 2026) in sentiment-

based signals can guide future policy in the areas of digital communication and market 

integrity. 

 

 

1.5 Research Structure 

This study comprises six chapters. Chapter 1 provides an overview of the research, 

including the motivation, questions and importance. Chapter 2 provides a literature 

review of sentiment analysis, social media and financial markets. Chapter 3 describes 

the methodology, including sources of financial and social media data, processes of 

sentiment extraction and analysis techniques. Chapter 4 discusses empirical findings. 

Chapter 5 provides a discussion of these findings from a theoretical and practical 

perspective. Chapter 6 provides a conclusion and suggestions for future research. 

 

 

1.6 Chapter Summary 

This chapter of the present study has laid the foundation for the study. It discusses firstly, 

the background of the study and secondly, the problem statement, research question 
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and objectives for the study. Then, the justification for the study and the significance of 

the study are explained in this chapter. 
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2 Literature Review 

This chapter presents a review of the literature about the effects of social media 

sentiment on stock prices and volume. The review revisits three major themes pertinent 

to the current study: sentiment analysis in financial markets, social media activities 

related to financial markets, and the links between sentiment signals and financial 

markets. The chapter starts with a review of theoretical background, including the 

Efficient Market Hypothesis (EMH) and behavioral finance that offer competing views on 

the impact of information on stock prices. The chapter then examines the influence of 

social media on the information structure of financial markets and reviews research that 

examines the forecasting ability of sentiment derived from social media. Finally, the 

chapter proposes a conceptual framework and hypotheses for the current research. 

 

2.1 Sentiment Analysis in Financial Markets 

2.1.1 Concept of Sentiment Analysis  

Sentiment analysis is the computational approach for determining the emotional tone 

of textual information. It is commonly applied in natural language processing and 

machine learning and used to detect positive, negative or neutral opinions expressed in 

online media. Within the domain of financial markets, sentiment analysis aims to 

categorise textual data, from formal news reports to informal tweets, into various 

emotional categories, usually divided into bullish (positive), bearish (negative) and 

neutral. The idea is that these codified sentiment indicators are a proxy for investor 

sentiment and can be used to predict market movements (Agrawal et al., 2025). 

 

Sentiment analysis has been conducted using various techniques, including lexicon-

based and machine learning. These methods involve the use of dictionaries of words 

with positive and negative sentiment, while machine learning approaches train models 

to predict sentiment based on labelled data. Dictionary-based methods, such as the 

Valence Aware Dictionary and sentiment Reasoner (VADER) and Text Blob, use a list of 
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words that are given a certain polarity value. These methods are very effective in 

analysing the informal, short text often used on social media platforms, such as Twitter 

and Reddit. For example, Surulivel et al. (2025) successfully used VADER and TextBlob to 

assess public sentiment towards Tesla and found that VADER is especially effective to 

assess the nuanced emotional states and different levels of intensity that are common 

in informal social media messages. 

 

On the other hand, Machine learning approaches (such as neural networks and deep 

learning) enable researchers to analyze large quantities of unstructured data and detect 

complex sentiment patterns. Machine learning approaches are extensively applied in 

financial sentiment analysis because they are able to classify large volumes of social 

media data (Skuza & Romanowski, 2013). But they also need significant data pre-

processing and computational power. 

 

Machine learning techniques seek to capture the meaning of words in a sentence. 

Derakhshan and Beigy (2019) contributed to this area by developing a part-of-speech 

(POS) graphical model, called LDA-POS. Their method uses Latent Dirichlet Allocation 

(LDA) topic models and the POS tags to separate words into different parts of speech 

(verbs, adjectives, nouns, prepositions) and then infer the topic distributions. The LDA-

POS approach was tested using English and Persian language datasets to better predict 

stock movements than baseline approaches using exclusively human labeled sentiment, 

highlighting the importance of syntactic information in computational sentiment 

analysis (Derakhshan & Beigy, 2019). 

 

2.1.2 Previous Studies on Sentiment and Financial Market 

The impact of sentiment on the stock market has been the subject of research for 

decades. The initial studies mainly relied on traditional media outlets like newspapers 

and financial reports. 

An early study in the area was Tetlock (2007), which analysed the mood of financial news 

stories and found a negative media sentiment led to downward pressure on stock prices. 
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This study showed that the emotional cues in words can affect market participants and 

market performance. 

 

Other research suggests that the research into sentiment in financial markets began as 

a reaction to the Efficient Market Hypothesis (EMH). EMH is a theory proposed by Fama 

(1970) that says prices reflect all existing information and hence, forecasting is close to 

impossible (Piñeiro-Chousa et al., 2017). But the emergence of the field of behavioral 

finance suggests that the concept of "bounded rationality" suggests that human 

cognitive constraints and biases produce irrational market activity (Ren et al., 2020).  

 

The first empirical research into online sentiment examined traditional message boards. 

Researchers who analysed internet message boards such as Yahoo! Finance and 

RagingBull.com produced a wide range of conclusions about their effectiveness. While 

some early studies, such as Wysocki (1998), reported that the volume of messages could 

explain the change in stock returns for the following day, Antweiler and Frank (2004) 

examined internet stock message boards and found that internet discussions were 

related to increased trading volume and volatility, some others, including Tumarkin and 

Whitelaw (2001), concluded that such internet postings were predominantly cheap talk 

and represented market noise rather than information (Piñeiro-Chousa et al., 2017). 

Notwithstanding these conflicting results, these early studies did underline the 

theoretical need to consider electronic communication as a potential source of market 

instability and investor herding, thus opening the way to the modern, high frequency 

social media analysis (Piñeiro-Chousa et al., 2017). 

 

 

2.2 Social media and Investor Behavior  

2.2.1 The Emergence of Social Media as an Information Source 

The last ten years have seen social media platforms replace the mass media as the main 

vehicle for the rapid information and rumour sharing. Websites like Twitter, Reddit, 
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StockTwits and Sina Weibo have empowered the individual to broadcast financial 

information, discuss corporate earnings, and collectively move prices (Teti et al., 2019). 

The real-time nature and scale of this communication have transformed information 

flows. 

 

Social media platforms have been shown to be "nowcasting" public mood. Through the 

analysis of millions of online messages, researchers can detect patterns in social mood 

that can affect the markets. Bollen et al. (2011), who used Twitter data to gauge social 

mood using mood tracking utilities and neural networks, found that some emotional 

states were very successful at predicting stock market fluctuations. This suggests that 

social media activity may capture the social mood that can affect economic activity. 

Guo et al. (2017) show investor sentiment rapidly spreads through social networks to 

affect the market when attention is high. Their findings using the Thermal Optimal Path 

analysis shows that sentiment is not always a leading indicator of price with some cases 

the lagging indicator suggesting a dynamic relationship. Likewise, Ferraro and Sperlì 

(2024) note that sentiment, memes and group dynamics during GameStop short squeeze 

were amplified through Reddit and Twitter interactions, which were examples of real 

time collective coordination. 

 

Finally, existing research shows that social media do not operate in isolation. It is not 

isolated but works in conjunction with the mass media. Ren et al. (2020) examined this 

phenomenon in the Chinese stock market, by analysing a large pool of 60 million Weibo 

posts and 6.2 million news articles from Sina Finance. They discovered the presence of 

a demand-driven media bias, where mass media outlets tilt the sentiment of their stock 

market news to align with the demand and sentiment of retail investors expressed on 

social media. Following the psychological concept of cognitive dissonance that people 

tend to consume information that supports their existing views, mass media outlets 

boost sentiment persistence to maximise viewership (Ren et al., 2020). As such, social 

media serves as a sentiment filter. The stability of mass media sentiment is greatly 

reinforced when social media responses are consistent with the news. 
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2.2.2 Social Media Sentiments and Market Predictions 

A number of empirical studies have looked at the predictive power of social media 

sentiment. Studies using data from Twitter (X) have shown that sentiment derived from 

tweets enhances stock market forecasting models. For example, research has 

demonstrated that including social media sentiment in prediction models leads to better 

predictions than models based on historical stock prices alone (Hai et al., 2015). Likewise, 

Pagolu et al. (2016) found a significant relationship between social media sentiment and 

stock index returns. This research showed that positive sentiment expressed on Twitter 

indicates stock price rises. 

Bollen et al. (2011) pioneered a model which demonstrated that certain mood 

dimensions derived from Twitter predict Dow Jones Industrial Average (DJIA) returns. 

Pang et al. (2012) and Cheng and Lin (2013) found predictive sentiment in Weibo for 

short-term stock price predictions in China. Ferraro and Sperlì (2024) demonstrate that 

herding by investors on Reddit and the associated Twitter commentary have led to price 

increases of more than 1700%. Their deep learning model shows that combining Reddit 

and Twitter sentiment enhances the understanding of stock price movements during 

such events, albeit to varying degrees as noisy, emotive data is involved. Therefore, social 

media sentiment can go beyond passively reflecting stock markets to driving speculation 

and herds. 

But this positive outlook is heavily challenged by others who emphasise the noisiness of 

open social media platforms. Zhou et al. (2026) pointed out that most social media 

content is speculation, based on cognitive biases, or created by bots and spammers. 

Through empirical studies they showed that directly aggregating public opinion results 

in a prediction accuracy of around 47%, which is worse than chance. To fully leverage 

social media for prediction, Zhou et al. (2026) proposed a dynamic expert tracing 

algorithm to clean noise and discover market experts. Notably, their algorithm also 

uncovered inverse experts that are users who consistently provide the wrong predictions 

as a result of common decision-making biases. By using the forecasts of inverse experts 

as reliable negative signals and a Dynamic Graph Attention Network (DualGAT) to diffuse 

these sparse "expert" signals among correlated stocks, Zhou et al. (2026) were able to 
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increase the prediction accuracy to 72.8%. This research suggests that while social media 

can represent investors' actions, its effectiveness in predicting stock price movements is 

dependent on using sophisticated algorithms to filter unreliable information and 

evaluate source quality. 

 

 

2.3 Social Media Sentiment and Stock Price Movement 

The link between social media sentiment and stock prices is a common theme in both 

behavioral finance and computational stock market prediction studies. Existing research 

consistently demonstrates that investor sentiment expressed by online investors, be it 

on Twitter, forums, financial news websites, or search engines, contains valuable 

information, which has implications for expected returns, volatility, and volume. 

However, the magnitude, timing and direction of the impact vary across social media 

platforms, financial markets, and research methodologies. 

 

Research consistently shows that online sentiment is positively associated with price 

momentum, and negatively associated with price decline. Teti et al. (2019) studied this 

phenomenon in the U.S. tech market, using Bloomberg's in-house Twitter sentiment 

index. Using Ordinary Least Squares (OLS) and Fixed Effects models, they demonstrated 

that the Twitter sentiment is a significant predictor of returns for a sample of 69 

technology firms. Significantly, their findings also pointed to the time lag: while using a 

neutral sentiment index, the highest predictive power was found with a one-day time 

lag, suggesting that the irrational, sentiment-based response to the stock price is in the 

short term before the fundamentals take over again (Teti et al., 2019). Surulivel et al. 

(2025) also illustrated the differences in sentiment sources by comparing data from 

traditional news outlets and social media (Reddit) for Tesla (TSLA). Their polarity 

distribution analysis showed that while financial news articles are strictly neutral to avoid 

influencing the market, social media is highly polarised: overwhelmingly positive or 

negative with a quick reaction to short-term events. This suggests that the instantaneous 

nature of social media and its easy accessibility directly affect retail investors' attention 
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and investment decisions more so than news media, which in turn leads to swift price 

fluctuations in highly visible or popular stocks (Surulivel et al., 2025). 

 

Nti et al. (2020) offer some of the most compelling evidence that social media 

sentiments positively impact future stock prices. Their research on the Ghana Stock 

Exchange shows that sentiment data from Twitter, Google Trends, forums and financial 

web news play a pivotal role in enhancing the accuracy of predictions, particularly when 

these multiple data sources are combined into a single sentiment-based input model. 

The artificial neural network model they developed, which delivered up to 77% accuracy 

for 90‑day‑ahead forecasts, suggests that the fusion of multi-platform sentiment signals 

improves the quality of the signal and noise reduction compared to single-source signals. 

A major takeaway is the strong correlation (0.9681) between public sentiment and 

volume, suggesting that investor conversations in social networks may impact price and 

volume. 

 

On the other hand, Smith and O’Hare (2022) challenge the causal effect that social media, 

particularly Twitter, has on daily stock price changes. The research, which examined the 

sentiment of CEO tweets, regular news and financial news across large US companies, 

reveals only a weak or intermittent correlation between the sentiment of CEO tweets 

and stock price fluctuations, with most meaningful correlations occurring only in 

extreme market conditions (e.g., the COVID‑19 pandemic). In their study, short‑term 

sentiment‑price correlations were weak, sometimes negative, and inconsistent across 

firms, industries and time frames, implying that social media sentiment may not be a 

good predictor of stock prices in normal market conditions. Moreover, their time‑lag 

analysis shows that, in most cases, market prices seem to influence sentiment, 

particularly in the case of CEO tweets and news stories. This is in contrast to Nti et al. 

(2020) who found sentiment enhances predictive accuracy in an emerging market. 
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2.4 Social Media Sentiment and Trading Volume  

Investor sentiment also affects an important measure of market activity - trading volume. 

When trading volumes are high, this can be indicative of increased market participation. 

When investors talk about a stock on social media, it can generate trading volume. 

Research has demonstrated that trading volume spikes occur in response to social media 

activity. The increased visibility the stock receives may prompt investors to view the stock 

as an investment opportunity (Teti et al., 2019). 

 

There is a large body of empirical evidence on the direct effects of social media 

sentiment on stock prices and trading volumes. The earlier results were somewhat mixed. 

For example, while some studies found the volume of messages on Yahoo! Finance were 

associated with next-day returns, others did not find such an association, concluding that 

social media comments were primarily cheap talk (Piñeiro-Chousa et al., 2017). But with 

the evolution of Natural Language Processing (NLP) techniques, it has become possible 

to extract fine-grained sentiment polarity (optimism or pessimism), giving more 

consistent results. 

 

Tarsi et al. (2024) examined the links between Twitter activities (volume, likes, and 

polarity) and next-day returns of large firms such as Tesla and Amazon. Their results show 

that the effect of social media sentiment varies across assets. Unstable and innovative 

firms such as Tesla demonstrated a sentiment-induced quick response. Tarsi et al. (2024) 

found that predictive models performed best for Tesla with a time lag of one or two days. 

In contrast, less volatile and well-diversified corporations, such as Amazon, showed a 

slower market reaction, with predictive models performing best with a four-day lag. This 

implies that although investor sentiment is affected by public sentiment, the persistence 

of these effects varies greatly and is dependent on the characteristics and market 

capitalisation of the company. 
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2.5 Theoretical Underpinnings 

2.5.1 Efficient Market Hypothesis (EMH) 

The Efficient Market Hypothesis (EMH), introduced by Eugene Fama in 1965, is the 

foundation for explaining stock market behaviour. The main idea behind the EMH is that 

markets are efficient with respect to information, in the sense that the stock prices at 

any time incorporate all available information (Malkiel, 2003; Sprenger & Welpe, 2010). 

Fama defined three versions of efficiency: weak, semi-strong and strong. The weak 

version of the efficient market hypothesis (EMH) holds that the price of traded securities 

reflects all publicly available information about the market. It holds that the past price 

and volume of the security are independent and do not forecast the future price of the 

security. The semi-strong form is the more popular notion as it adds to this by 

incorporating all publicly available information (including past and present information) 

and incorporating new public information into the current price of securities 

instantaneously (Malkiel, 2003; Sprenger & Welpe, 2010). For research purposes, the 

semi-strong version is the most important because it assumes that prices incorporate all 

publicly available information (economic news, social media) and that prices instantly 

adjust to new information (Sprenger & Welpe, 2010). As a result, the EMH suggests 

neither fundamental nor technical analysis can be used consistently to generate returns 

in excess of the risk-adjusted returns of the market (Malkiel, 2003). 

 

The efficient market hypothesis (EMH) is strongly associated with random walk theory 

(RWT), which assumes that stock price fluctuations are random deviations from 

historical prices. An efficient market prices news immediately and, as news is 

unpredictable, the resulting stock price will be unpredictable (Malkiel, 2003). Saeedi et 

al. (2014) highlight if a daily return follows the random walk, the market is regarded as 

weak-form efficient, which means that prices and trends are not useful for predicting 

future returns. This study uses RWT to examine if social media sentiment creates a 

predictable pattern that would contradict the price independency assumption. 
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While the Efficient Market Hypothesis (EMH) has dominated research in financial 

markets for a long time, recent studies have shown mixed evidence for its validity. Some 

argue that while the market may not be efficient in the short term (such as during the 

1987 stock market crash or the dot-com bubble in the 1990s), it is efficient in the long 

term (Malkiel, 2003). Also, Sprenger and Welpe (2010) argue that while news may be 

incorporated in prices, non-quantifiable data may not be fully or instantaneously 

incorporated into prices. This means that social media can be an important database, 

contradicting a semi-strong form of the EMH (Sprenger and Welpe, 2010). 

 

Criticisms of the efficient market hypothesis (EMH) may be found in the field of 

behavioral finance, which focuses on psychological aspects of price setting. 

Behavioralists claim investors are prone to herd behavior and overreaction to 

information, which results in mean reversion or momentum (Malkiel, 2003). In emerging 

markets, empirical studies have rejected the random walk hypothesis and demonstrated 

that technical skills can lead to excess returns (Saeedi et al., 2014). These are used to 

interpret the social media data in this study 

 

2.5.2 Behavioral Finance Theory 

The main theoretical perspective that can be applied to understand the impact of social 

media sentiments on stock prices and trading volume is Behavioral Finance theory. In 

contrast to the Efficient Markets Hypothesis, Behavioral Finance asserts that investors 

exhibit irrational behaviour; cognitive biases, heuristics, emotions and social influences 

combine to distort investor decision making and behaviour (Baker & Nofsinger, 2010). 

Fundamental psychological processes like representativeness, availability, 

overconfidence and loss aversion affect investor judgement and decision-making 

processes, leading to systematic market anomalies such as underreaction, overreaction 

and excessive volatility (Schwartz, 2010; López Cabarcos et al., 2019). 

 

Sentiment (the optimism or pessimism reflected in investors' beliefs) is an important 

variable within the Behavioral Finance theory. López Cabarcos et al. (2019) highlight that 
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sentiment, especially as expressed through microblogging sites, is a key behavioral force 

in stock markets, impacting on pricing, noise trading and market mispricing. The 

behavioral view also emphasises the impact of emotions, crowd and contagion effects 

on aggregate market behaviour. 

 

Li et al. (2019) build on this work in showing how social media moods amplified by social 

influence forces on social networks like Tencent Weibo create behavioral feedback 

effects that can explain short term variations in high-frequency stock markets. Their 

research findings directly verify Behavioral Finance theories that investors' emotions and 

socially amplified opinions have an effect on return patterns, volatility and volume. 

 

Following these insights, the current study assumes social media sentiment is a 

behavioral signal of cognitive biases and emotions. This approach therefore informs our 

investigation of how social opinions, debates and financial news collected from social 

media affect investor behaviour and impacts stock returns and volume. 

 

2.6 Conceptual Framework 

 

The theoretical framework of this research combines Efficient Market Hypothesis and 

Behavioral Finance theory with empirical evidence on social media mood to understand 

how online sentiment, moods and social interactions impact stock price and volume. 

Behavioral Finance theory argues that investors rely on cognitive biases, heuristics, 

emotions and social factors in their decision‑making, rather than rational analysis (Baker 

& Nofsinger, 2010). These psychological factors create the basis for understanding the 

market‑level implications of information expressed on social media. 

 

Our model includes social influence factors, as investors’ social media interactions create 

herd effects and contagion. Li et al. (2019) show that moods posted on Tencent Weibo 

can spread among users via retweets, comments, and social networks, resulting in 
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feedback loops that mirror herd effects. This has a direct implication for the 

high‑frequency trading environment, where investors have less time to make decisions 

based on more heuristic‑based processing. 

 

In this current study, social media mood is viewed as the independent variable, with 

stock prices and trading volume as the dependent variables. This approach therefore 

conceptualises social media as an information environment impacting investors' 

psychology and, in turn, stock market activity. 

 

 

2.7 Hypothesis Development 

Drawing from the theoretical underpinnings of behavioral finance and the empirical 

evidence from the existing literature, the following hypotheses have been formulated to 

answer the key research questions of this study. 

 

Social media is an information marketplace where investors share their views. The 

theory of behavioral finance posits that people are affected by emotional information 

(Teti et al., 2019). Previous research has demonstrated that investors are more likely to 

buy shares when there is positive sentiment in the market, and to sell shares when there 

is negative sentiment. This study, therefore, proposes that 

 

 

H1: Changes in social media sentiment have an impact on stock market investment.  

 

Li et al. (2019) show social influence on Tencent Weibo leads to the diffusion of mood, herd 

behaviour and mood contagion which in turn has an impact on short term stock indices. The 

study supports claims of a relationship between social media and the stock market. 

Therefore, positive sentiment cues can increase optimism, decrease risk perception and 

encourage speculations, causing price increases. In contrast, negative sentiment might 

increase pessimism and fear. Thus this study hypothesises that 
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H2: Changes in social media sentiment correlates positively stock price. 

 

Sentiment can also impact trading volume by drawing investors' attention. There is evidence 

that negative sentiment is linked to higher trading volume and volatility as a result of panic 

selling and hedging (Teti et al., 2019). Thus, the third hypothesis is developed: 

 

H3: Negative change in social media sentiment has a positive effect on trading volume. 

 

Previous research shows that social media does not simply report news, but also creates and 

shapes market sentiments significantly impacting retail investors' sentiments. Ren et al. 

(2020) demonstrated that, because of the strong need for mass media to retain viewer 

interest, mass media often follows the trend of social media sentiment, known as demand-

driven media bias. This results in a feedback loop that amplifies first impressions which 

influence group investment behaviour. Moreover, Piñeiro-Chousa et al. (2017) showed that 

the characteristics of the user and previous experience play a significant role in other market 

participants' responses, and ultimately affect market risk. As such, this research 

hypothesises that 

 

H4: Negative social media sentiment increases stock market volatility 

 

 

2.8 Chapter Summary 

Literature review is a chapter that briefly outlined the literature on sentiment analysis, 

social media sentiments and stock market predictions. This chapter develops a critical 

review of the earlier studies which have dealt with some of the issues of this present 

research and a summary of the theoretical framework used in this research and the 

limitations of the models based on the research findings of previous studies. 
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3 Research Methodology 

This chapter on research methodology provides an overview of the methods used for 

data gathering and hypothesis testing. The study was a deductive and causal quantitative 

descriptive study that detailed the correlation between social media sentiment, stock 

prices and stock volume. The time frame for the study is between January and December 

2025. We downloaded secondary data for the three variables from public sources. The 

data seemed to be fairly reliable, as raw data was obtained. The text was then processed 

to enable quantitative analyses. 

 

 

3.1 Research Paradigm 

A research paradigm involves a system of beliefs, emotions and expectations about some 

aspects of the world and how it might be understood and studied (Collis & Hussey, 2021) 

in this instance, how scientific research is undertaken (Orlikowski & Baroudi, 1991). 

Myers & Klein (2011) notes that researchers can differ in their beliefs and values, and all 

research is based on initial assumptions about the nature of good research and what is 

deemed appropriate with regards to research methods. Researchers' field work is 

informed by a research paradigm which in turn has three interrelated main beliefs: 

ontology, epistemology, and methodology. Pozzebon (2004) adds that research 

paradigms assist researchers to discover their true selves and to provide them with a 

pathway for reaching the values they desire. 

There are two distinct ways of determining research methods; one is positivism (Hussey 

& Hussey, 1997) and the other interpretivism (Mingers, 2001). The scientific method 

(also known as positivist methods) has tended to be based on quantitative methods; and 

interpretivist methods on qualitative methods. The philosophical underpinning of either 

approach can be beneficial or detrimental to research projects (depending on the 

situation) but is goal oriented (Bryman, 2016). 

In the positivist approach, research is seen as value-free and researchers are neutral and 

impartial, or more accurately, neutral and objective (Collis & Hussey, 2013). Collis and 
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Hussey (2013) describe positivism, which is based on natural science methods, as 

derived from realist philosophy, which assumes reality exists independently from our 

knowledge of it. It seeks to inductively develop theories from empirical data through 

observation and experimentation. 

The positivist paradigm is deductive from a philosophical point of view: it starts with a 

theory, develops hypotheses and then conducts data collection. Positivist research 

focuses on empirical verifiability of theories to explore the universal principles or laws 

that govern the natural and social world, and to strengthen our ability to predict events 

or phenomena (Orlikowski & Baroudi, 1991). For positivists, the question is how to use 

random sampling to measure the outcomes and build causal models with obvious and 

significant predictive variables (Myers & Avison, 2002). 

The interpretivist paradigm is rooted in an ontological assumption that reality is socially 

constructed and interpreted by humans as social actors, based on their beliefs and values 

(Andrade, 2009; Saunders et al., 2011). interpretivists reject any research that assumes 

an objective perspective and stress human understanding and interpretation as part of 

valid knowledge (Gray, 2013; Saunders et al., 2011). The purpose of interpretivist 

research is not to test a hypothesis, but to understand, describe and explain the 

relationships and inter-relationships between all factors in a social context (Oates, 2006). 

 

 

3.2 Research Approach 

Research can be done in two ways: quantitative or qualitative. The roots of quantitative 

research can be found in the study of natural phenomena in the natural sciences 

(Saunders et al., 2011). The aim of this type of research is to quantify objects and their 

relationships. Also, quantitative research methods are not often concerned with the 

context of the data; they focus on large volumes of data without context, and look for 

statistical significance (David & Sutton, 2004; Neuman, 1994). Quantitative research 

methods include such techniques as questionnaires, laboratory experiments, 

simulations, mathematical models and econometrics (Myers, 2013; Neuman, 2005; 

Myers & Avison, 2002).  



29 

 

   

 

 

Unlike quantitative research, qualitative data uses words or pictures (Johnson & Harris, 

2002; Miles & Huberman, 1994). The aim of qualitative research is to understand human 

behaviour, with an emphasis on defining the data collection methods. Qualitative 

methods are described as phenomenological, subjective or non-positivist. They can be 

applied when the problem or issue is not well defined. Qualitative researchers tend to 

study the meaning that people derive from their experiences with certain problems. 

Qualitative researchers usually have small sample sizes and perform in-depth analyses 

of the status quo (Berg, 2014). Interviewing respondents face-to-face will allow 

researchers to examine the behavior and responses of research subjects in their own 

environment (Creswell, 2012). 

 

 

3.2.1 Choice of Methodology 

This research adopts a quantitative research approach using positive methodology. This 

study aims to explore how sentiments on social media can impact stock prices and stock 

trading volumes. This study will generate quantitative evidence by assessing the gaps in 

the finance discipline by using some theories and models, and also to test some 

hypotheses that will be specified by using appropriate deductive reasoning. Furthermore, 

this current research will adopt data mining technologies in gathering secondary data 

such as historical financial data of chosen organisations, financial news and comments 

and tweets. For these reasons, a quantitative positivism paradigm is considered as the 

most suitable approach for this study.  

 

 

3.3 Population 

The primary factors in this study are the availability of social media posts and comments 

for each company between the period of January to December 2025, and availability of 

stock price and trading volume from January to December 2025. The target of the study 
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is considered as all companies worldwide with available social media posts and 

comments about their stocks' value from January to December 2025. 

 

The population was restricted to the following. First, the companies to be included in the 

study must have been listed on an approved stock exchange for a certain period (January 

to December 2025). This enables the downloading of daily stock prices. We excluded 

companies that merged, or changed their stock symbol during this period to avoid any 

abnormal events that may affect their stock value, volume or social media sentiment. 

Second, it must be mentioned on Twitter between January and December 2025. Finally, 

the companies in the sample must have global sentiment data for at least 50% of the 

days. This means that they should have global sentiment data on social media for at least 

183 days from a total of 365 days. This is to ensure the validity and reliability of the 

results. 

 

 

3.3.1 Unit of Analysis 

The unit of analysis of this study is companies. The choice of companies as unit of 

analysis is because it enables us to study the dependent and independent variables 

within the company. For instance, the sentiment of a company's social media can be 

used to predict its stock price, and stock trading volume. 

 

 

3.4 Sampling Method and Sampling Size 

This study uses purposive sampling. The reason for this is that following the inclusion 

criteria, it was impossible to obtain a full list of the population, to analyse and statistically 

register it to form a sampling frame. In this study, research subjects are selected based 

on whether the companies satisfy the selection criteria. 
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The automatic extraction and data processing capabilities of social media platforms, as 

well as the wealth of secondary data on stock prices and volume of stock trading, allowed 

purposive sampling. Based on the selection criteria, 10 publicly listed companies were 

selected. The research automatically gathered and transformed daily sentiment, stock 

prices and stock trading scores from January to December 2025. 

 

 

3.5 Data Collection 

The study started with the data collection in 2025 from different sources to achieve a 

complete picture of both the market and sentiment. The research examined the 

following ten prominent firms: Amazon (AMZN), Google (GOOG), Tesla (TSLA), J.P. 

Morgan (JPM), BAC, Netflix (NFLX), NVIDIA (NVDA), Apple (AAPL), MRK and Microsoft 

(MSFT). 

 

Data from the stock market was collected to provide daily stock prices (open, close and 

previous close) and shares traded. This data was used to calculate stock returns and 

volume. 

 

For sentiment data, we used three primary sources of text data. X (formerly Twitter) data 

gave short, live reactions from a wide variety of users. Reddit data provided more 

conversational forms of data, typically more in-depth and analytical content from a 

community perspective. Market news data (from FinnHub) was also used to provide 

more professional written commentary on what was happening in the market. 

 

Further, Google Trends data was used to capture the interest of the public. This offered 

an alternative view, capturing the search volume for particular companies. 

 

Each dataset was acquired using Python and stored in a structured format (CSV). Data 

from X, Reddit and financial news were analysed using natural language processing to 
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extract sentiment scores (polarity and subjectivity) by using Python libraries like TextBlob. 

Each data set had a date and ticker code which allowed them to be combined. 

 

 

3.6 Data Analysis 

After data collection, it was time to prepare the data for analysis. Given the data sets 

came from a variety of sources and in different formats, it was necessary to preprocess 

the data. 

 

 

3.6.1 Data Preprocessing 

The first step involved cleaning the data. We converted the date columns in all the 

datasets into a datetime format. The data sets were also ordered by ticker and date to 

ensure the proper chronological sequence. This involved training and testing. Training is 

a crucial step in data mining and machine learning. This research aims to automatically 

classify sentiments of social media content using different machine learning algorithms. 

These applications come from different algorithms that were trained with learning 

patterns to fulfil the main requirements of this research. Training and testing is done to 

understand if the classifier can be used to make predictions in real life and if it can predict 

new data. It's important to note that the size of the training corpus should be carefully 

limited to avoid "overfitting", a problem with text mining algorithms. 

 

For the text-based data sets (X, Reddit, news), there were several references for each 

day and each company. To overcome this issue, the data were aggregated daily. The 

mean of sentiment polarity and subjectivity were calculated, and the number of 

mentions was summed to represent the volume of discussion. 
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3.6.2 Sentiment Analysis 

 

To measure the sentiment of the discussions around the companies, we carried out 

sentiment analysis on the textual data. This study employs the following sentiment 

scores: polarity and subjectivity. 

 

Polarity is a score between -1 and 1 that indicates the positivity, negativity or neutrality 

of the text. Subjectivity measures how subjective the text is, i.e. how objective or not it 

is. 

 

Sentiment indicators were computed for each data source and then daily indicators were 

calculated for each company. This yielded a series of daily sentiment measures from X, 

Reddit and financial news. 

 

For convenience, a composite sentiment score was calculated by taking the average of 

the polarity scores. This gave us a single sentiment score for each day for each company. 

 

We also preserved the mention counts to capture the level of online attention. This 

enabled the investigation of differences between the nature of sentiment (polarity) and 

the volume of discussion (mentions). 

 

The retention of both sentiment scores and mention counts allowed us to investigate 

the sentiments towards a company, as well as the discussion volume. 
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3.6.3 Research Model 

The standard market model is applied to estimate abnormal returns (AR):  

ARᵢₜ = Rᵢₜ – (αᵢ + βᵢRₘₜ) (1)  

Where:  

• ARᵢₜ = Abnormal return of firm i on day t  

• Rᵢₜ = Actual return of firm i on day t  

• Rₘₜ = Return of the market index on day t  

• αᵢ, βᵢ = Parameters estimated from the estimation window  

• Estimation Window: [–120, –20] trading days before the event date, used to 

estimate αᵢ and βᵢ.  

• Event Windows: [–3, +3], [–5, +5], and [–10, +10] to capture short-term  

• sentiment effects.  

Cumulative measures are computed as follows:  

CARᵢ(T₁,T₂) = Σₜ₌ₜ₁^ₜ₂ ARᵢₜ      (2) 

AARₜ = (1/N) Σᵢ₌₁^N ARᵢₜ       (3) 

CAAR(T₁,T₂) = Σₜ₌ₜ₁^ₜ₂ AARₜ   (4) 

This paper adopts an event studies approach to study the impact of social media 

sentiment on stock market. Event studies are only applicable in sentiment analysis when 

it is in the predominant form of abnormal returns, which is not suitable in an event. A 

Cumulative Average Abnormal Returns (CAAR) will determine short term returns of 

investors (Ren et al. 2024). Python NLP methods will be used to collect financial news 

from the social media financial news feeds and financial news of financial feeds and 

financial news of stock feeds and then the financial news will be analysed by sentiment 

indices. The different reactions in the market will also be tested for reactivity by 

measuring the crisis event periods and the firm specific variables that will control the 

different market reactions. 
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Regression Models and Variable Design  

The regression framework links stock price and trading volume to sentiment indices and 

moderating factors.  

Model A – Effect of Social Media Sentiment on Stock Prices  

CAARᵢ = γ₀ + γ₁Sentimentᵢ + γ₂Controlsᵢ + εᵢ (5) 

Sentimentᵢ: Daily sentiment score for firm i based on financial news and social media   

Controlsᵢ: Firm size (log of market capitalization), trading volume, and sectoral fixed  

effects. 

Model B – Social Media Sentiment Effects on Trading Volume  

CAARᵢ = δ₀ + δ₁Online Discourseᵢ + δ₂Sentimentᵢ + δ₃(Online Discourse × Sentimentᵢ) + 

δ₄Controlsᵢ + εᵢ (6) 

Crisisᵢ: Dummy = 1 if the Investors exposed to emotionally charged online discourse, 0 

otherwise.  

Sentimentᵢ: Firm-level sentiment score on the event date.  

Online Discourse × Sentimentᵢ: Interaction capturing whether sentiment effects intensify 

under mood contagion conditions. 

Volatility Model  

To analyze the impact of negative sentiment on volatility, a GARCH(1,1) specification will  

be used:  

Where:  

σ²ₜ = ω + αε²ₜ₋₁ + βσ²ₜ₋₁ (7)  

• σ²ₜ = Conditional variance of performance at time t  

• ε²ₜ₋₁ = Lagged squared error term  

• α, β = GARCH parameters 

This model tests whether periods of negative sentiment correspond to heightened 

volatility clustering, consistent with behavioral theories of over-reaction. 
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3.7 Chapter Summary 

The research methodology chapter discussed the data collection and analysis to test the 

research hypotheses. This chapter discusses several research methodologies in 

information systems and finance, and chooses the most appropriate to guide and 

present this study. Special attention is given to the selection of the most appropriate 

techniques to obtain and retain the richness of data during the research. This chapter 

introduces and illustrates the notion that positivism and quantitative methods are most 

appropriate for this research, and sets the stage for the presentation, reporting and 

discussion of the main findings and results of empirical tests of textual analysis and 

different statistical and econometric modeling approaches. The next chapter presents 

the findings of the statistical analysis of the data. 
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4 Results and Findings 

The Results section provides a description of the sample, descriptive statistics, and the 

results of the hypothesis testing. This chapter seeks to present the main findings of data 

analysis of sentiments on social media, as well as detailed analysis of the manual and 

automatic classification of social media data using different machine learning algorithms. 

 

 

4.1 Description of Sample 

We have a sample of 10 global listed companies. This study gathered and computed the 

daily data from January 1, 2025 to December 31, 2025 as stock price, stock trading 

volume, global social media sentiment (Twitter (X) and Google Trends), social media 

sentiment (Twitter and Reddit) and financial news. Moreover, the companies were 

classified as either a non-utility or utility company. This study also computed the daily 

percentage change of stock price, stock trading volume, global social media sentiment 

data (Twitter and Google Trends), customer-oriented social media sentiment data 

(Twitter and Reddit), and financial-oriented social media sentiment data (FinnHub). 

Stock prices do not change during the weekends and holidays, so we used the previous 

day to compute the daily percentage change. 

 

Table 1: Summary of Data Sources and Key Variables 

 

 

Data Source Description Key Variables 
Purpose in the 

Study 

Stock 

market 

data 

Yahoo 

Finance 

Daily stock 

performance data 

for selected firms 

obtained from 

Date, Ticker, Previous 

Closing Price, 

Opening Price, 

Used to 

calculate stock 

returns, price 

direction, and 
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financial data 

providers 

Closing Price, Total 

Shares Traded 

trading volume 

changes 

Tweets 

X 

(formerly 

Twitter) 

Social media posts 

reflecting real-

time public 

sentiment and 

reactions 

Date, Ticker, Polarity, 

Subjectivity, Mention 

Count 

Captures 

immediate 

public 

sentiment and 

market 

reactions 

Reddit 

Data 
Reddit 

Forum-based 

discussions 

providing more 

detailed and 

opinion-driven 

sentiment 

Date, Ticker, Polarity, 

Subjectivity, Mention 

Count, Reddit Score 

Reflects deeper 

investor 

discussions and 

community-

driven 

sentiment 

Financial 

news 
FinnHub 

Structured 

financial news 

articles and 

headlines 

Date, Ticker, 

Headline, Polarity, 

Subjectivity 

Represents 

formal and 

professionally 

curated 

sentiment 

Trends 
Google 

Trends 

Search interest 

data reflecting 

public attention 

towards specific 

firms 

Date, Ticker, Trend 

Score 

Measures level 

of public 

interest and 

attention over 

time 

 

 

Using data from tweets in the Twitter application, sentiment for the stock market is 

typically positive but very variable. The polarity value for all stock codes is on average 

slightly positive, ranging between 0.05 and 0.25. But certain events led to strong biases. 

For instance, on January 30, 2025, there was a significant amount of social media activity 
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for some stock codes, with Nvidia (NVDA) being mentioned 83 times and Apple (AAPL) 

being mentioned 70 times. At this time, Apple's polarity was 0.0614 and Microsoft (MSFT) 

0.0851. In February and March, Tesla (TSLA) (-0.1188 on February 7, 2025) and Nvidia 

(NVDA) (-0.0262 on March 1, 2025) had very low sentiment values. The subjectivity 

scores on the network are in the range of 0.25 to 0.50, suggesting that the data contains 

both objective and subjective information about the stock. 

 

Reddit data demonstrates a greater level of sentiment growth than other sites. There 

was a significant increase in activity for Nvidia (NVDA), especially on January 7, 2025, 

with 15 mentions on Reddit with a score of 26.594 leading to a polarity of 0.1601. 

Likewise, there was a significant increase in engagement with Netflix (NFLX) on January 

22, 2025, with a score of 31.697 and a polarity of 0.1372. These surges suggest that 

Reddit played a key role in coordinating retail investors and sharing information during 

periods of market interest. The subjectivity of Reddit is still relatively high (above 0.40 

on average), implying that the information is highly affected by opinions and speculation. 

 

FinnHub news provides a comparison between the sentiment of professionals and 

institutions. The analysis indicates that the polarity of news headlines are more stable 

than social media sentiment, but that news headlines are sensitive to regulatory and 

financial news. According to the analysis, up to April 30, 2025, the news headlines of 

Amazon (AMZN) presented a combination of a positive "buy" sentiment (polarity: 0.50) 

and a negative response to tariff news (polarity: -0.125). In late October 2025, news that 

Nvidia (NVDA) became the first company to reach a $5 trillion market capitalization 

caused the polarity to spike to 0.50, signalling institutional acceptance of the AI boom in 

the market. News headline subjectivity can be polarised: objective earnings 

announcements score 0.0, with analyst opinions scoring between 0.70 and 1.0. 

 

An indicator of public attention and "research-before-you-buy" mentality of retail 

traders can be measured by public interest in stocks using Google Trends. These show 

that this interest is seasonal, with peaks during the quarterly earnings release periods 
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(January, April, July, October). Tesla (TSLA) and Nvidia (NVDA) have high base trend 

scores, hitting 100 points on news days (Tesla on April 7 and October 22; Nvidia on 

January 27 and October 29). More erratic interest is found with stocks like Merck (MRK), 

scoring 100 points only on regulatory approvals or clinical trial results (on January 10 and 

March 13, 2025). 

 

4.2 Sentiment Behavior and Market Relationships 

The second step of the analysis involved exploring sentiment's relationship with stock 

prices and trading. 

 

 

4.2.1 Correlation Analysis 

The correlation matrix below gives a summary of the correlation among the sentiment 

variables, stock return and trading volume change. 

 

We observe a positive but very weak relationship between overall sentiment and stock 

returns (close to zero). This implies that sentiment does not have a strong explanatory 

power for stock returns. 
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Figure 1: Correlation matrix heatmap 

 

The lagged sentiment also displays a weak correlation with returns, suggesting that the 

explanatory power of sentiment does not increase by lagging it by one day. 

 

On the other hand, Google Trends exhibits stronger correlation with its lagged values, 

suggesting that public interest in a topic persists. 

 

Generally, this correlation study indicates that there is no strong linear relationship 

between sentiment and stock market returns. 
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4.2.2 Sentiments and Stock Return 

The plot shows that the points are largely scattered and do not show a trend. We 

observed that returns are centred around zero for all sentiment levels, which implies 

that positive and negative returns are spread across all levels of sentiments. This 

confirms the earlier finding that sentiment does not have a significant impact on stock 

price changes directly. 

 

Figure 2: Sentiment vs stock return 

  

 

 

4.2.3 Lagged Sentiments Effect 

No pattern or trend was discernible from this plot which implies that sentiment from the 

previous day has little impact on stock returns. It has been suggested that the lagging 

effect of sentiment is weak over the time period of this study. 
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Figure 3: Lagged sentiment vs return 

 

 

4.2.4 Distribution of Stock Returns 

The distribution of stock return is concentrated around zero, with the majority of the 

observations within a small range. However, there were some outliers. This is a common 

feature of financial data, where there are daily small changes in price, but occasionally 
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Figure 4: Distribution of stock returns 

 

4.2.5 Sentiments and Price Direction 

Our analysis of the data revealed that the distributions of price direction were almost 

identical, and had similar medians and spreads. It is proposed that sentiment does not 

clearly separate up and down movements in stock prices, which supports the use of the non-

linear techniques in the following sections. 

 



45 

 

   

 

 

Figure 5: Sentiment vs price direction 

 

 

 

4.3 Evaluation of Linear and Non-Linear Models 

The use of various advanced modeling methods were employed in order to move beyond 

the obvious and establish the predictive power of sentiment. First, a linear regression 

model was used to check for linear relationships between sentiment and stock returns. 

This revealed that sentiment does not have a linear relationship, as adding sentiment 

variables did not enhance this simple model. 

 

A non-linear Random Forest model was then used to account for complex interactions. 

This immediately produced better results, verifying that sentiment is a catalyst that 

needs to be modelled in this way. 
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4.3.1 Performance of Artificial Neural Network (ANN) 

The predictive analysis was based on a Multi-Layer Perceptron (ANN). This model was fit 

using 80% of the integrated 2025 data with the remaining 20% used for validation. These 

performance metrics were generated: 

• R-Squared (Accuracy Score): 0.5537 - This score shows that 55.37% of the variance 

in stock prices is explained by the integrated model. 

• Mean Absolute Error (MAE): $114.17 - This is the average difference between the 

predicted and market prices. 

 

 

 

Figure 6: ANN impact analysis: Actual vs. Predicted prices 
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As can be seen in the Impact Analysis chart, the ANN forecast (red dashed line) 

effectively captures the overall trend and increasing movement of the stock prices (blue 

solid line) over the 2025 test period. 

 

4.3.2 Variable Importance Analysis 

The Random Forest algorithm was also used to determine the variables that had the 

greatest impact on the model's decision making process. "Sentiment_Lag1" and 

"Overall_Sentiment" were found to be the best predictors, over other common financial 

factors. The results showed that the polarity of sentiment greatly outperformed the 

mere counts of mentions, demonstrating that the nature of the sentiment is more 

informative than the amount of activity. The study also found that adding sentiment to 

the model actually decreased the model's ability to accurately predict trading volume, 

implying that sentiment may be noise in the context of trading volume. 

 

 

Figure 7: Feature importance chart 
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The study also shows that while a direct but weak relationship with returns was 

demonstrated through the linear analysis, the small increased R-Squared of non-linear 

models shows that the impact of sentiment is not direct. There was no evidence to 

support that sentiment can improve the market direction prediction, with the sentiment 

distributions for both market increases and decreases being almost identical. The R-

Squared value of 0.5537 indicates that more than 50% of the market variance can be 

explained when sentiment is added to the market data 

 

 

4.4 Hypothesis Testing 

4.4.1 H1: Changes in social media sentiment have an impact on stock market 

investment 

The dependent variable for this hypothesis is stock market investment and the 

independent variables are changes in social media sentiment. This hypothesis was 

checked with lags and ANN. The results from the Artificial Neural Network (ANN) model 

suggests that the sentiment variables explain 55.37% of stock returns. This finding 

implies that sentiment provides valuable information in non-linear models. But previous 

research, such as correlation and linear modelling, showed only weak links between 

sentiment and stock returns. This suggests the influence of sentiment is present but not 

direct and linear. Hence, the hypothesis is partly supported. 

 

4.4.2 H2: Change in sentiment correlates positively with stock prices 

The dependent variable is the stock prices of the 10 stocks and the independent variable 

is the change in sentiment. It was found that the stock prices and sentiment are 

positively correlated but very weakly. However, it is very weak and not strong enough to 

be substantial. It was also observed in the scatter plots and the ANN, that sentiment is 

more of a marker of market size than being a linear predictor of price growth. 
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4.4.3 H3: Negative change in sentiment has a positive effect on trading volume 

Our results did not find any significant association between sentiment and trading 

volume. Sentiment and negative sentiment did not account for changes in trading 

volume. Hence it is concluded that trading volume is explained by other fundamental 

market factors, beyond the social media conversation studied here. 

 

 

4.4.4 H4: Negative social media sentiment increases stock market volatility 

While there were fluctuations in stock returns, no model for volatility was examined. 

Additionally, there was no discernible relationship between negative sentiment and 

variability in returns. Hence, there is no empirical evidence to support this hypothesis. 

 

Table 2: Hypothesis Test 

 

 Hypothesis Status 

H1 Changes in social media sentiment have an 

impact on stock market investment 

Partially Supported 

H2 Change in sentiment correlates positively with 

stock prices 

Supported 

H3 Negative change in sentiment has a positive 

effect on trading volume 

Not Supported 

H4 Negative social media sentiment increases 

stock market volatility 

Not Supported 
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5 Discussion 

This chapter will discuss the results in the previous chapter. The discussion will be done 

in accordance with the literature review, critical review and research objectives of this 

study, which are provided in Chapter 2. The data on social media sentiment, stock prices 

and trading volume are from publicly available sources. The data has been pre-processed 

for quantitative analysis. The main goal of this study was to understand the interactions 

between social media sentiments and stock prices and trading volumes.  

 

 

5.1 Discussion of Research Questions 

This study used a quantitative positivist approach and sophisticated machine learning 

(ML) models such as artificial neural networks (ANNs) and random forest to address two 

key research questions. 

 

The first question was about the influence of social media sentiment on stock price and 

volume. The results demonstrated that although the linear association between 

sentiment and returns appeared very weak (close to zero), using nonlinear models 

exposed stronger association. The R-squared of the artificial neural network (ANN) 

model was 0.5537, which suggests that by using sentiment in conjunction with other 

market indicators, its model could account for 55.37% of the stock price changes. 

Additionally, the random forest variable importance analysis placed "Sentiment_Lag1" 

and "Overall_sentiment" as the top two predictors, ahead of a few of the traditional 

financial variables.  

 

This finding is important for this study's RQ1 because it shows that sentiment is not a 

simple, linear predictor of stock prices (a "buy" tweet will not trigger a $1 price rise), but 

a complex, nonlinear catalyst for predicting stock prices. Thus, this is consistent with the 

primary conclusion of Bollen et al. (2011), which stated that the particular aspects of 

public sentiment, properly modeled, can accurately predict the stock market. It is also in 
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line with the findings of Nti et al. (2020) whose research on the Ghana Stock Exchange 

indicated that sentiment fusion across multiple social media platforms with a neural 

network framework is able to enhance prediction. Indeed, the ability of the artificial 

neural networks (ANNs) in this study to capture the overall trend and upward movement 

in sentiment for stocks (such as Nvidia and Tesla) to 2025 supports the hypothesis that 

sentiment offers a behavioral information environment which influences investor 

sentiment, as discussed in the conceptual framework of this current study. 

 

The second research question which was the degree of influence of different forms of 

information (opinions, topics, news) on stock prices and volume, the findings of the 

study shows that sentiment is more important than volume of mentions. This implies 

that the content of the discussion is more informative than its volume. This finding is 

consistent with Tetlock (2007) who concluded that reactions to news are specific to its 

"negative tone". That Tesla and Nvidia also scored highly (up to 100) on Google Trends 

in the earnings season suggests that "research before buying" is indeed seasonal. This is 

in line with Teti et al. (2019) observations about the social media sentiment as a real-

time measure of attention. 

 

5.2 Discussion of Research Hypothesis Findings 

The findings of this study are in line with the literature in many ways, particularly in the 

prediction accuracy of the nonlinear model and the direction of the relationship 

between sentiment and stock price. 

This study provides some evidence to support hypothesis H1: social media sentiment 

affects stock market investment. The primary evidence for this hypothesis comes from 

the coefficient of determination (R-squared) of the artificial neural network (ANN) model 

(0.5537). This suggests that the combined model that includes sentiment can explain 

around 55.37% of the stock prices. This provides some evidence of the hypothesis that 

sentiments expressed through social media can affect stock market investments, in line 

with previous studies that have demonstrated the predictive value of sentiment analysis 

from social media such as Twitter and Reddit (Bollen et al., 2011; Pang et al., 2012; Cheng 
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and Lin, 2013; Nti et al., 2020). The study built an empirical model based on integrated 

sentiment from financial news and established a significant relationship between 

sentiment and market's volatility with a prediction accuracy of almost 66%. Similarly, Sun 

et al. (2017) also confirmed that sentiment from Chinese microblogs and chat rooms can 

predict stock returns with 57.3% accuracy, much higher than random prediction. The 

results of this present study are consistent with other studies confirming that while 

sentiment is a noisy variable, it also contains "hidden information" (Seng and Yang, 2017), 

which, when processed using machine learning, can be used in investment decision-

making. 

 

 

This study's sentiment analysis supports hypothesis H2: There is a positive relationship 

between change in sentiment and stock prices, but that the linear correlation is very 

weak. This study's findings are in line with previous studies. Seng and Yang (2017) clearly 

demonstrated positive news has a positive association with stock returns, while negative 

news has a negative association. Sun et al. (2017) noted a strong correlation and Granger 

causality between chat forum sentiment and stock price volatility. Lastly, Liu (2015) 

found that with increasing market liquidity, a stock price response to the sentiment index. 

The coherence in the direction of causality: the positive sentiment can facilitate the 

upward trend, although the linear relationship is affected by market factors and other 

fundamentals. 

 

 

Finally, this study found that hypothesis H3 is not supported and concluded that trading 

is based on fundamental factors other than those discussed by social media. What's 

more, the findings revealed that trading activity predictions decline with the inclusion of 

sentiment factors. This is potentially because of its "aggregate" sentiment analysis. Liu 

(2015) separated institutional and individual sentiment, and explained their effects on 

liquidity. This research combined sentiment information from X, Reddit and FinnHub, 

which may have removed the specific impact of "trading noise" on volume. Also, Sun et 
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al. (2017) highlighted that chat rooms (such as Reddit) were much more correlated with 

trading volume than microblogs (such as X). This study combined these, so the smaller 

correlation of X may have cancelled the larger correlation of Reddit. Similarly, this study 

showed that hypothesis H4: Negative social media sentiment increases stock market 

volatility was rejected. 

 

 

5.3 Discussion of Theoretical Framework 

Our analysis of the data shows that there is a positive but very weak relationship 

between social media sentiments and stock price, and linear regression was not able to 

explain more variance. This finding is consistent with Malkiel's (2003) advocacy of the 

efficient market hypothesis (EMH), which explains markets as highly efficient 

instruments that quickly incorporate the available information. That social media 

sentiment lagged by one day did not add to the explanatory power of the model suggests 

that markets may have incorporated social media sentiment almost instantaneously, 

which is consistent with the semi-strong efficient market hypothesis. Also, the failure to 

support hypotheses H3 (trading volume) and H4 (volatility) suggests that social media 

noise did not dominate the market in the January - December 2005 data. The EMH view 

is that the statistical dependence is, in general, not large enough to produce excessively 

high returns, in risk adjusted terms, after transaction costs. 

 

On the other hand, the success of the nonlinear models contradicts the strict rationality 

of the efficient market hypothesis (EMH). The R-squared of the artificial neural network 

(ANN) model was 0.5537, which means that more than 50% of stock price variations 

were explained. This suggests that although the relationship between stock prices and 

trading volume is not linear, there is information embedded in the emotions expressed 

in social media data. This finding is consistent with the behavioral finance view that 

cognitive biases and herd behaviour explain market dynamics. 
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6 Conclusion and Recommendation 

6.1 Summary of Findings 

This study aims to understand the effects of social media sentiment on stock prices and 

trading volumes, which is an inevitable result of the digitalisation of financial markets 

and the rise of retail investors. This research uses a quantitative empirical research 

design, incorporating data on sentiment (from Twitter/X, Reddit, financial news and 

Google Trends) and stock prices and trading volumes (from ten listed companies) from 

the time period up to 2025. The study employs sophisticated modelling techniques, such 

as artificial neural networks (ANNs) and random forest models, to explore linear as well 

as non-linear relationships. 

 

The results suggest that the relationship between social media sentiment and stock 

returns is non-linear, multidimensional and variable. At the descriptive level and at the 

linear level, the findings demonstrate that there is a direct but weak relationship 

between sentiment and stock returns. The correlation analysis shows that sentiment and 

stock price volatility are positively correlated, but the correlation is very weak, implying 

that sentiment analysis per se does not offer much explanatory power. Equally, in the 

linear framework, the adjustment of lagged sentiment variables has little impact on 

improving the predictive power, suggesting that the sentiment effect cannot be captured 

by simple time adjustment mechanisms. 

 

And the sentiment factors are more pronounced in a nonlinear model. The R-squared 

value for the artificial neural network is 0.5537, meaning that 55.37% of stock price 

movements are explained when sentiment variables are added to traditional financial 

factors. This finding demonstrates that sentiment variables provide valuable information 

for prediction, but the effect of sentiment is nonlinear. This finding is further supported 

by the results of random forest analysis, which shows that sentiment variables 

(especially lagged sentiment and overall sentiment) are key variables in the prediction 

model. 
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To address the first research question: what is the role of investor sentiment in the 

prediction of stock prices and trading volume? the study finds that sentiment is a catalyst 

for action, rather than a direct cause. It sets the broader market context, affecting 

investor expectations, risk assessment and market development. But it can be used to 

predict stock prices and trading volumes through the use of advanced modelling 

techniques that capture the nonlinear effects. 

 

For the second research question: how opinions, subjects and information on social 

media impact on stock price predictions and trading volumes, it shows that qualitative 

measures of sentiment (polarity) play a more important role than quantitative measures 

such as mentions. This implies that the nature of the discussion is a more informative 

indicator than the size of the online buzz. In addition, the research shows that different 

data sources have different traits: social media (such as Reddit) were more subjective 

and emotional, while financial news sources were more objective and robust. This 

observation suggests the need for incorporating multiple sources of data in sentiment 

analysis. 

 

This study's hypothesis testing offers further insights. Hypothesis 1 (H1), which suggests 

sentiment on social media affects stock market investment, is confirmed. Sentiment 

does influence the market, but not directly. Hypothesis 2 (H2), which suggests that 

sentiment and stock prices have a positive relationship, is confirmed, but not strongly. 

Hypothesis 3 (H3), which predicts an increase in stock trading volume following negative 

sentiment, is not supported, suggesting that other factors, such as institutional trading 

and macroeconomic events, may be more important in determining stock trading 

volumes. Finally, Hypothesis 4 (H4) proposing that negative sentiment increases volatility 

is also rejected. In conclusion, the results confirm that social media sentiment has an 

important but nuanced impact in the market. It is not a standalone predictor of market 

dynamics such as stock price and trading volume, but part of a complete network of 

behavioral and informational factors. 



56 

 

   

 

6.2 Theoretical Contribution 

This research has a number of theoretical implications for the fields of behavioral finance 

and financial market sentiments. First, it empirically shows that the nature of social 

media sentiments' effect on the market does not conform to the Efficient Market 

Hypothesis (EMH), and so provides empirical evidence for the behavioral finance theory. 

The EMH suggests that all publicly available information is instantly incorporated into 

stock prices, but this research shows that sentiment information is not instantaneously 

or linearly incorporated in prices. Rather, it has non-linear and lagged effects, which 

provides evidence for the theories of bounded rationality and the influence of emotions. 

 

 

Secondly, this research extends the literature by showing the effectiveness of nonlinear 

models in modelling sentiment. Existing research has largely been based on linear 

regression models, which could potentially underestimate sentiment effects. This study 

demonstrates that machine learning models outperforming traditional models, and 

therefore contributing to the methodology, a shift towards more complex models and a 

deeper understanding of the world. Finally, this research crosses the borders of various 

research fields such as behavioral finance, computational linguistics and data science, to 

provide a more holistic view of the modern financial markets. It highlights the need to 

understand markets as a complex adaptive system that can be influenced by both 

rational and irrational factors. 

 

 

6.3 Managerial Implications 

The study's results have important implications for investors, portfolio managers, 

financial institutions and regulators. For investors, the study suggests the need to 

consider sentiment analysis in the investment process. But the study also advises 

investors to be wary of using sentiment as a stand-alone measure. Investors need to use 

sentiment in conjunction with other financial data and leverage sophisticated analytics 
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to understand its effects. The findings suggest that portfolio managers and institutional 

investors should incorporate sentiment-based trading strategies into algorithmic trading 

models to enhance prediction performance. Sentiment was found to be a significant 

predictor in nonlinear models suggesting that using sentiment analysis techniques in 

high-frequency settings can be advantageous.  

 

 

For financial analysts, the results of this study suggest the importance of quality over 

quantity. Keeping track of the sentiment and authenticity of the information on social 

media is more important than tracking the stock market or the most popular topics. For 

regulators, the findings suggest the impact of social media on markets. The absence of a 

high correlation between sentiment and trading volume implies that markets are not 

entirely driven by retail investor sentiment, but there is still sentiment-driven volatility. 

They may need to focus on developing mechanisms to track misinformation, 

manipulation and social media influencers. 

 

 

6.4 Limitations of the Study 

This study has limitations that need to be recognised. First, the use of purposive sampling 

due to time and resource restrictions resulted in a sample of ten listed companies. 

Although purposive sampling was justified by the feasibility and availability of data, it 

restrains the generalisability of the findings beyond the sample companies and the 

timeframe of the study. While these companies were selected based on data availability 

and relevance, a more representative sample would enhance the ability to generalise 

the findings. Also, the criteria for inclusion in the population required that companies 

had social sentiment data for at least 50% of the days, which enhances the internal 

validity of the study but may skew the sample towards companies that are more visible 

on social media. Second, the study is conducted over a single time frame (January-

December 2025). The conditions of the market over this period may not be typical of 

other periods, particularly during turbulence or crises. Finally, this research equates all 
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sources of sentiment with equal weight, which may not always be true. Variations in user 

experience, credibility and influence were not explicitly addressed, which may impact 

the results. 

 

 

6.5 Recommendations 

6.5.1 Recommendations for Future Research 

In the future, researchers should apply their analysis to a larger sample of companies 

from various industries and regions. This will increase the external validity of the results 

and enable market comparisons. Longer time frames and multiple market cycles should 

also be included in future research to understand how the impact of sentiment evolves 

over time. 

 

State-of-the-art sentiment analysis methods, including BERT and other deep learning 

models are suggested to enhance sentiment classification. In addition, user-level data 

can distinguish between expert and non-expert users. We also recommend future 

studies to consider the interplay with other behavioral measures, investor attention, 

herding and information diffusion. 

 

Lastly, better modeling of volatility using econometric techniques is required to better 

understand the link between sentiment and market volatility and risk. 

 

 

6.5.2 Managerial Recommendation 

Drawing on the results of this study, we suggest that managers and investors should use 

a combination of sentiment analysis and conventional financial measures. Sentiment is 

highly volatile, and relying only on sentiment analysis may provide misleading insights. 

Managers should invest in new analytics and machine learning technologies to manage 

and analyse large volumes of unstructured data. Moreover, financial institutions should 
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also plan for real-time sentiment monitoring to facilitate timely decision-making and risk 

mitigation. Investors should concentrate on the quality of sentiment data by considering 

credible sources and discarding unreliable or prejudiced sources of information. 

 

 

6.6 Concluding Statement 

In conclusion, this research successfully exhibits that social media sentiment is a crucial 

element of today's stock market activity, but with sophisticated effects. Although the 

effect of sentiment on stock price does not follow naïve linear expectations, thus 

supporting the efficient market hypothesis (EMH) in part, the patterns identified using 

nonlinear artificial neural networks show that sentiment is still a significant factor in 

stock prices and valuation. This research fully examines the effects of social media 

sentiment on stock prices and trading volume, and confirms sentiment as a significant 

and complex element in today's stock markets. Although sentiment does not directly 

generate a strong linear relationship, it becomes evident using complex nonlinear 

models. This research confirms the crucial role of behavioral finance in market analysis 

and the increasing significance of the digital media environment. 

 

In an ever-changing digital financial environment, the need to include sentiment analysis 

as part of investment strategies is evident. But this analysis must be interpreted with 

caution, employing advanced techniques, and acknowledging its limitations. In 

conclusion, this research highlights that markets are not only driven by fundamentals 

and numbers but also by social sentiment, thinking and investor behaviour in the 

interconnected digital environment. 
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Appendics 
 
 

Appendix 1 : Reddit Sentiment Sample (January 2025) 
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Appendix 2 : Financial News Sentiment Sample (FinnHub) 

 

 

 

Appendix 3 : Correlation summary 

Variable Pair Correlation Coefficient Interpretation 

Overall_Sentiment vs Return ~0.03 Very weak positive 

relationship 

Sentiment_Lag1 vs Return ~0.03 No meaningful lag effect 
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Trend_Score vs Lagged 

Trend 

~0.69 Strong persistence over 

time 

Volume_Change vs Return ~ -0.11 Slight negative relationship 

 

 

Appendix 4 : ANN model performance 

Metric Value Interpretation 

R-Squared (R²) 0.5537 Model explains ~55% of variance 

Mean Absolute Error 

(MAE) 

114.17 Average prediction deviation 

 

Appendix 5 : Model comparison (stock returns) 

Model Features Used Performance Observation 

Linear Regression Financial Only RMSE: 0.01658 Baseline 

Linear Regression + Sentiment RMSE: 0.01663 No improvement 

Random Forest Financial Only RMSE: 0.01980 Baseline 

Random Forest + Sentiment RMSE: 0.01951 Slight improvement 

ANN Financial + Sentiment R²: 0.5537 Captures non-linear 

relationships 

 

Appendix 6 : Trading volume model returns 

Model Features Used Performance Observation 

Random Forest Financial Only RMSE: 0.4359 Baseline 

Random Forest + Sentiment RMSE: 0.4449 Performance declined 
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Appendix 7 : Summary of key findings 

Area Finding 

Sentiment vs Returns Weak linear relationship 

Non-linear Modeling Slight improvement with random forest and 

ANN 

Price Direction No predictive distinction 

Trading Volume No meaningful relationship 

Sentiment Signal Content more useful than volume 
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