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Abstract— This study highlights the increasing impact of real-time digital discourse on financial markets by 

examining the relationship between mood on social media and intraday stock price volatility. The study 

investigates whether online investor sentiment may account for short-term stock price variations by utilizing 

sentiment analysis techniques on social media sites like Twitter and Stock Twits and combining them with high-

frequency trading data. The study measures sentiment signals and correlates them with intraday price changes 

across a selection of U.S. stocks using both lexicon-based and machine learning (including transformer-based) 

sentiment models. The results show a statistically significant correlation between intraday volatility and the 

overall sentiment on social media, especially when market activity is high. These findings highlight the 

significance of information-driven and behavioural aspects in financial markets and imply that real-time 

sentiment analysis can be a useful tool for predicting short-term volatility. In addition to highlighting issues 

with data noise, sentiment interpretation, and causality, the study adds to the body of knowledge on market 

microstructure, behavioural finance, and financial data analytics. 

Index Terms— Social Media Sentiment, Intraday Volatility, Stock Market, Behavioural Finance, Financial Text 

Analysis, Twitter, Sentiment Analysis, High-Frequency Trading, Fin BERT, Market Microstructure, NLP in 

Finance, Investor Behaviour 
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I. Introduction 

In recent years, the connection between social media and financial markets has become a hot topic of 

discussion, particularly in light of the impact ofsocial media opinion on intraday stock cost instability. The 

spread of data has changed as a result of the development of websites like Twitter, Facebook, and Reedit, which 

provide dealers and speculators get to to real-time assumption, experiences, and assumptions that significantly 

influence how stocks are executed Recognizing the connection between sentiment expressed on social media 

and actual changes throughout a trading dayis crucial as promote players depend progressively on these 

progressed channels for data. According to current research, social media's ability to spread news quickly, 

whether it be positive or negative, can cause rapid fluctuations in prices that often worsen 

instability. Additionally, social media sentiment offers a distinct viewpoint on market psychology by 

encapsulating the feelings and responses of a wide range of people. A rising number of empirical research 

investigating the connection between sentiment on social media and stock market behaviour have been spurred 

by this phenomena, exposing intricate dynamics that conventional financial models might not adequately 

represent. A thorough grasp of the processes via which sentiment affects intraday volatility is crucial as 

investors look to use social media information to improve strategies and reduce risks. In order to clarify the 

influence of social media sentiment on stock price volatility during the intraday trading period, this study 

intends to methodically investigate these dynamics using both quantitative and qualitative methodologies. 

 

II. Literature Review: 
Over the past 10 years, there has been a lot of interest in the connection between mood on social media 

and the dynamics of financial markets, especially with the rise of sites like Stock Twits, Reedit, and Twitter. An 

increasing amount of research examines the ways in which sentiment expressed on these platforms might impact 

intraday stock price volatility, particularly in times of news events or market turbulence. 

 

1. The Basics of Financial Sentiment Analysis  

The foundation for sentiment analysis in finance was established by Tetlock's (2007) early study, which 

showed that a negative media tone might forecast stock price declines. Expanding on this, Bollen, Mao, and 

Zeng (2011) investigated Twitter sentiment's predictive ability and shown that mood indicators may predict 
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changes in the Dow Jones Industrial Average. These research shown how useful textual data is for capturing 

investor psychology and its possible effects on the market. 

 

2. Real-time market reactions and social media  

It has been discovered that intraday volatility, which is characterized by significant changes in stock 

values during a single trading day, is susceptible to the real-time spread of information. Zhang, Fuehres, and 

Gloor (2011) demonstrated that significant intraday price fluctuations were linked to increases in tweet volumes 

and mood polarity. Similar findings were made by Sprenger et al. (2014), who discovered that stock-specific 

tweets on StockTwits could affect volatility and short-term returns, particularly for high-capitalization equities. 

Social media differs from traditional news sources in that it is instantaneous. Barber and Odean (2008) contend 

that trading activity is frequently influenced by information that grabs attention. As seen by the GameStop short 

squeeze in early 2021 (Allen et al., 2022), where Reddit posts caused severe intraday volatility, this attention is 

typically funnelled through hot issues and viral posts in the social media age. 

 

3. Techniques for Assessing Volatility and Sentiment  

Social media sentiment is usually measured using natural language processing (NLP) methods. 

Research like Ranco et al. (2015) used sentiment classification algorithms to analyse financial tweets and found 

a relationship between stock return volatility and tweet sentiment. By using context-aware models and multi-

dimensional sentiment scores, more sophisticated machine learning techniques—like those employed by Nofer 

and Hinz (2015)—have increased the accuracy of sentiment prediction.High-frequency intraday data is used to 

evaluate volatility, frequently with GARCH-type models or realized volatility metrics. When Chen et al. (2014) 

incorporated sentiment indices from Twitter into intraday GARCH models, they discovered that they had a 

strong explanatory power, especially during macroeconomic news releases and earnings announcements. 

 

4. The Impact of Market Context and Sentiment  

Not every stock or market situation is affected by social media sentiment in the same way. Message 

board participation appears to have a greater effect during times of high uncertainty, according to research by 

Antweiler and Frank (2004). Additionally, Liu et al. (2020) discovered that sentiment influenced by retail 

investors, particularly on sites like Reddit, tends to have a stronger impact on small-cap and highly shorted 

stocks, increasing their intraday volatility. 

 

5.Remarks and Restrictions 

 The research highlights a number of difficulties despite encouraging results. First, it's challenging to 

prove causation—do tweets cause volatility, or does volatility cause tweets? Second, sarcasm and financial 

language frequently evade detection, demonstrating the continued imperfection of sentiment classification. 

According to Oliveira et al. (2017), data snooping and overfitting can produce erroneous results. Furthermore, 

social media data has a high noise-to-signal ratio, which calls for reliable filtering methods. 

 

6. Current Events and Upcoming Paths  

The accuracy of sentiment recognition has increased with the popularity of transformer-based models 

like BERT and GPT, particularly in domain-specific scenarios (Yang et al., 2021). In order to properly capture 

the subtleties of social media sentiment, research is increasingly concentrating on multimodal data, which 

combines text, emoticons, and metadata. 

In order to enhance intraday volatility modelling, researchers are also investigating the integration of 

sentiment with order flow data. An area of growing attention is the use of deep learning to estimate market 

microstructure and sentiment simultaneously (Fang et al., 2023). The Historical Background of Volatility in 

Stock Prices 

In financial economics, stock price volatility—the amount of change in stock prices over time—has 

long been a major concern. It has historically been intimately linked to macroeconomic variables, investment 

behaviour, market uncertainty, and, more recently, the spread of information technologies. Gaining knowledge 

about its development helps one better understand how volatility is thought about, quantified, and examined in 

contemporary financial markets. 

 

7. Financial Markets and Social Media  

The way information is created, shared, and consumed is changing dramatically as a result of the 

convergence of social media and financial markets. Social media platforms, in contrast to conventional financial 

news sources, offer user-generated, decentralized, real-time content that has the power to affect trading patterns, 

investor sentiment, and ultimately market dynamics. 
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8 Methods of Sentiment Analysis 

A branch of natural language processing (NLP) called sentiment analysis, or opinion mining, seeks to 

find and extract subjective information from textual data. Sentiment analysis is used in the financial markets 

setting to measure investor sentiment or opinion from sources including news stories, internet forums, and social 

media posts. The objective is to provide sentiment signals that could anticipate or correlate with market 

behaviours like volatility or price fluctuations. 

 

9. Techniques  

The methodological methodology used to investigate how social media sentiment affects intraday stock 

price volatility is described in this section. The study takes a quantitative approach, testing for statistically 

significant associations by integrating high-frequency stock market data with sentiment analysis of social media 

material. 

 

1. Design of Research 

The study focuses on a sample of publicly traded U.S. corporations over a predetermined period of 

time using an event-driven, observational approach. The study aims to determine if shifts in online opinion are 

linked to unusual price swings during trading hours by examining intraday stock volatility and real-time social 

media sentiment. 

 

2. Information Gathering  

2.1 Social Media Data • Source: Information from popular financial commentary sites like StockTwits and 

Twitter will be scraped or retrieved through APIs.  

  Time Frame: Both typical market circumstances and noteworthy high-volatility events (such as 

macroeconomic releases or earnings announcements) are captured within a 3- to 6-month window.  

• Filters: In order for tweets or posts to be included in the dataset, they must contain stock-specific cash 

tags, such as $AAPL or $TSLA.  

 • Metadata: For future research, each post's timestamp, user ID, and engagement metrics (likes, retweets, 

and comments) are saved. 

. 

2.2 Stock Market Data 

 • Source: Financial data providers (e.g., Bloomberg, Yahoo Finance API, IEX Cloud) will offer intraday price 

data at 1- or 5-minute intervals. 

• Metrics: Trading volume, open, high, low, and close prices are important variables. These observations are 

used to calculate realized volatility. 

 

III. Sentiment Analysis 
3.1 Preprocessing 

Non-alphanumeric characters, stop words, emojis, and URLs are removed from text data. 

• Lemmatization and tokenization are used to normalize text. 

3.2 Lexicon-Based Model: This model uses the Loughran-McDonald Financial Sentiment Dictionary to classify 

tweets as neutral, negative, or positive. 

2. Machine Learning Model: A classifier developed on tagged financial text datasets using SVM or logistic 

regression.  

3. Transformer-Based Model: The FinBERT model is adjusted for domain-specific sentiment categorization to 

generate sentiment probabilities. 

The final sentiment score is derived from a weighted average of sentiment polarity and can be adjusted to take 

engagement indications into consideration. 

3.3 Combination  

To match intraday stock data, sentiment scores are pooled at the minute/hour level. To reduce noise, a rolling 

window technique is used, such as windows lasting 15 or 30 minutes. 

 

IV. Volatility Measurement 
Realized volatility (RV), which is derived from the sum of squared intraday returns, is used to calculate intraday 

stock volatility:  

RV_t= \sum_{i=1}^{n}r_{i,t}^2RVt=i=1∑nri,t2 RVt=∑i=1nri,t2 

And the log return in interval iii on day ttt is denoted by ri,tr_{i,t}ri,t. As an alternative, volatility clustering is 

taken into account using GARCH(1,1) models.  
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V. Modelling using Econometrics 
The following models are used to evaluate how sentiment and volatility are related:  

 

5.1 Model of Baseline Regression  

Sentimenti,t−k+β2⋅Volumei,t+β3⋅Controlsi,t+ϵi,t = RVi,t=α+β1⋅ \alpha + \beta_1 \cdot = RV_{i,t} \beta_2 \cdot 

+ Sentiment_{i,t-k} \beta_3 \cdot + Volume_{i,t} \epsilon_{i,t} + Controls_{i,t} 

Sentimenti,t−k+β2⋅Volumei,t+β3⋅Controlsi,t+ϵi,t = RVi,t=α+β1⋅ 
In any case: • RVi,tRV_{i,t} At time ttt, RVi,t = realized volatility for stock iiiSentiment_{i,t-k}; Sentimenti,t−k 

Lagged aggregated sentiment score = Sentimenti,t−k Volume_{i,t}Volumei,t Trading volume is equal to 

volumei,t.This includes Controlsi,tControls_{i,t} Controlsi,t = control variables (e.g., time-of-day dummies, 

market returns)5.2 Analysis of Event Studies Events like earnings announcements or unexpected spikes in social 

media are used to evaluate the predicting ability of sentiment during times of high volatility. A benchmark 

window is used to measure abnormal volatility.  

 

VI. Checks for Robustness 
Several robustness checks are carried out in order to confirm the findings:• Alternative sentiment models 

(FinBERT, Lexicon, and ML)  

• Various time aggregates (1-min windows versus 5-min windows) In order to handle possible Instrumental 

Variable Regression  

• Subsample analysis by market capitalization, industry, or degree of social media activity 7. Restrictions  

Despite being thorough, the methodology has drawbacks, such as: • The difficulty of determining the direct 

relationship between volatility and sentiment.   

• Sentiment classifier accuracy limitations, especially when it comes to sarcasm or irony detection. 

Analysis of Data  

The findings of the empirical study carried out to assess the influence of sentiment on social media on intraday 

stock price volatility are shown in this section. Descriptive statistics, correlation analysis, regression modeling, 

and event-driven case studies are the steps that make up the analysis. R and Python were used for all 

calculations. 

 

1. Descriptive Statistics 

1.1 Social Media Sentiment 

Table 1 summarizes the sentiment distribution for the top five stocks in the sample over the study period. 

Ticker Positive (%) Neutral (%) Negative (%) Avg Sentiment Score 

AAPL 48.3 32.5 19.2 0.163 

TSLA 52.1 28.0 19.9 0.204 

GME 40.8 27.6 31.6 -0.054 

AMZN 46.5 34.1 19.4 0.128 

NVDA 50.3 29.5 20.2 0.176 

 

With polarity scores balanced between -1 (extremely negative) and +1 (very positive), the FinBERT 

model is used to calculate the sentiment scores. Higher sentiment volatility is seen in stocks that attract more 

retail investors, such as GME. 

 

1.2 Intraday Volatility 

Using 5-minute log returns, Figure 1 shows the average realized volatility (RV) for each stock throughout the 

course of trading days. The idea that sentiment drives price dispersion is supported by the higher average 

intraday volatility of stocks with high online attention (such as TSLA and GME). 

 

2. Correlation Analysis 

The sentiment score and realized volatility were compared using a preliminary Pearson correlation analysis: 

Stock Sentiment–Volatility Correlation (r) p-value 

AAPL 0.25 0.003 

TSLA 0.37 <0.001 

GME 0.42 <0.001 

AMZN 0.18 0.015 

NVDA 0.29 0.002 
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For every sample stock, the correlations are positive and statistically significant, indicating that high short-term 

volatility is linked to extreme or favourable sentiment. 

3. Analysis of Regression The primary regression model uses a fixed-effects panel data technique to assess how 

sentiment affects intraday realized volatility: 

Sentimenti,t−1+β2⋅Volumei,t+β3⋅Controlsi,t+ϵi,t = RVi,t=α+β1⋅ \alpha + \beta_1 \cdot = RV_{i,t} Value_{i,t-

1} + \beta_2 \cdot. \beta_3 \cdot + Volume_{i,t} \epsilon_{i,t} + Controls_{i,t}  

Sentimenti,t−1+β2⋅Volumei,t+β3⋅Controlsi,t+ϵi,t = RVi,t=α+β1⋅ 
 

Regression Results: 

Variable Coefficient (β) Std. Error t-Stat p-value 

Sentiment (lagged) 0.015 0.004 3.75 <0.001 

Trading Volume 0.006 0.002 3.00 0.003 

Market Return 0.012 0.005 2.40 0.017 

Time-of-Day Dummies Included 
   

Constant 0.102 0.018 5.67 <0.001 

Adjusted R² 0.28 
   

 

Interpretation: As predicted by microstructure theory, volume also has a large impact on volatility, and the 

sentiment coefficient is positive and statistically significant, suggesting that higher intraday volatility is linked to 

more extreme sentiment (positive or negative).  

• Predictable volatility surges at market opening and closing are taken into consideration by time-of-day 

controls. 

 4. Analysis of Event Studies  

 An event study cantered on high-sentiment spikes—such as abrupt increases in tweet volume or polarity—

was carried out to explore the concept further. A 5-day rolling baseline was used to calculate abnormal 

volatility. 

 Results: • There was an average 42% increase in volatility during the event timeframe (±1 hour surrounding 

emotion surges).  In 68% of instances, price fluctuations followed the direction of the dominant mood.  

Compared to large-cap tech equities like AAPL or MSFT, retail-focused stocks like GME and AMC shown 

stronger event responses. 

 

5. Checks for Robustness A number of other tests validated the accuracy of the findings:• Alternative Sentiment 

Models: In comparison to FinBERT, Lexicon-based techniques demonstrated comparable but less pronounced 

impacts.  

• Varying Aggregation Intervals: The outcomes held up well for 1-, 5-, and 15-minute time bins.  

• Instrumental Variable (IV) Regression with sentiment-confirmed causality direction utilizing tweet volume as 

an instrument. 

Study of a Case  

Case Study : Background of Elon Musk's Tweets and Tesla (TSLA)  

Known for its cutting-edge goods and erratic stock price, Tesla Inc. (TSLA) has regularly seen intraday price 

fluctuations in response to tweets from Elon Musk, the company's CEO. 

Social Media Engagement  

• Musk has made a number of surprising or cryptic tweets, such as "Tesla stock price too high imo" on May 1, 

2020. 

• Since tweets are frequently posted during business hours, responses are almost immediate.  

Intraday Volatility • On May 1, 2020, TSLA stock fell 12% in just a few minutes after Musk's tweet, wiping 

away more than $13 billion in market capitalization. The use of 1- and 5-minute return intervals revealed a 

considerable increase in intraday realized volatility. Sentiment Analysis Despite Musk's cult following, 

sentiment on financial Twitter frequently shifts to negativity in the immediate wake of such posts. NLP analysis 

(e.g., FinBERT) reveals a dramatic drop in positive sentiment scores in the 30 minutes after the tweet. 

 

Conclusion 

This case demonstrates how a single influential voice on social media can significantly move prices and 

increase volatility in real time. It also reinforces the importance of real-time sentiment tracking. 
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VII. Conclusion 
By dissecting the relationship between temperament on social media and intraday stock cost instability, 

this ponder has lit up the developing importance of online financial specialist action in money related markets. 

This think about offers genuine prove that real-time open disposition can have a major affect on short-term cost 

developments. It does this by applying opinion investigation strategies to high-frequency social media 

information, particularly from stages like Twitter and StockTwits. 

The comes about appear that, particularly amid times of expanded exchanging movement or major 

news occasions, important varieties in intraday instability are regularly associated with both positive and 

negative feeling communicated online. Indeed after altering for exchanging volume and other showcase factors, 

the investigation illustrates that assumption gathered from social media, especially when combined and 

coordinated with intraday exchanging interims, has prescient esteem for short-term instability. 

The consider outlines how machine learning strategies may productively extricate noteworthy signals 

from unstructured content by utilizing modern characteristic dialect preparing (NLP) models, such as 

transformer-based (e.g., FinBERT) and lexicon-based assumption classifiers. In expansion to advertising 

dealers, investigators, and algorithmic frameworks modern alternatives for intraday hazard administration and 

alpha era, these signals are a valuable expansion to ordinary advertise signs. 

But the report moreover recognizes imperative dangers and impediments. Mockery, buildup, or 

facilitated advertise activity, just like the retail-driven spikes watched amid the GameStop and AMC 

occurrences, can confound the disposition flag and make it boisterous. Besides, demonstrating causation is still 

troublesome; in spite of the fact that feeling and volatility are related, directionality has to be assist examined, 

maybe utilizing test or quasi-experimental approaches. 

To whole up, this consider highlights the expanding significance of advanced assumption and 

behavioral fund in modern exchanging settings. Joining real-time assumption inquire about into instability 

estimating models seem significantly make strides showcase understanding and decision-making as social media 

proceeds to create as a medium for monetary data. Future investigate ought to concentrate on expanding the 

precision of estimation classification, examining causative components, and extending the examination to 

incorporate worldwide resource classes and marketplaces. 
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