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Abstract: This study investigates the complex interplay between public sentiment, as captured through news 

titles and descriptions, and the stock prices of three major tech companies: Microsoft (MSFT), Tesla (TSLA), 

and Apple (AAPL). Leveraging advanced analytical methods including Pearson correlation, wavelet 

coherence, and regression analysis, this research probes the degree to which stock price fluctuations can be 

attributed to the polarity of media sentiment. The methodology combines statistical techniques to assess 

sentiment's predictive power on stock opening and closing prices, while wavelet coherence analysis unveils 

the temporal dynamics of these relationships. Results demonstrate a significant correlation between sentiment 

polarity and stock prices, with description polarity affecting Microsoft's opening prices, title polarity 

influencing Tesla's opening prices, and a positive impact of title polarity on Apple's closing prices. However, 

Tesla's stock showed no significant coherence, indicating a potential divergence in how sentiment affects stock 

behavior across companies. The study highlights the importance of sentiment analysis in forecasting stock 

market trends, revealing not only direct correlations but also lagged influences on stock prices. Despite its focus 

on large-cap tech firms, this research provides a foundational understanding of sentiment's financial 

implications, suggesting further investigation into smaller firms and other market sectors. 

Keywords: sentiment analysis; stock market prediction; wavelet coherence analysis; media 

influence on stocks 

 

1. Introduction 

Sentiment analysis, often referred to as opinion mining, is a computational study of people's 

opinions, sentiments, evaluations, attitudes, moods, and emotions expressed in textual content [1]. It 

encompasses natural language processing, computational linguistics and text analytics to classify the 

polarity of opinions and sentiments conveyed in text [2]. 

Sentiment analysis in finance involves the systematic evaluation of subjective information in 

financial texts, such as news articles, social media posts, and earnings reports, to understand market 

sentiments and predict financial market movements [3].  

Ref. [4], achieved improved accuracy in predicting stock market movements using a model that 

did not rely on explicit sentiment labels for comments. 

Ref. [5] showed that there exists a significant and positive relationship between sentiment scores 

and market returns. Moreover, in a study by Deveikyte et al. (2020) suggested that there is evidence 

of a correlation between sentiment and stock market movements. They proposed that sentiment 

extracted from news headlines could serve as a signal for predicting market returns.  

Ref. [6] developed a new investor sentiment index that outperformed existing indices and 

macroeconomic variables in predicting stock returns. Although Ref. [7] found that investor sentiment 

is generally not a good predictor of stock returns during a recession state, Ref. [8] found that investor 

sentiment has a positive and strongly significant effect on financial stock returns during crisis times. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.
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Ref. [9] reported that investor sentiment is positively associated with future stock price crash risk and 

poorer financial report quality 

Moreover, Ref. [10] shown that investor sentiment plays a significant role in explaining stock 

bubble probability and the expansion of such bubbles. This research underscores the importance of 

understanding the influence of sentiment on stock market dynamics, particularly concerning the 

occurrence and growth of stock bubbles. 

Similarly, Ref. [11] emphasized the substantial impact of investor sentiment on investment 

decisions and its potential implications for stock pricing. Their research highlights the interconnected 

nature of sentiment, investor behavior, and stock market outcomes, underscoring the need to 

consider sentiment as a crucial factor in financial analysis. 

Furthermore, the research conducted by Ref. [12] delves into the role of sentiment and its 

manifestation in the trading behavior of investors in the U.S. stock market. 

Historically, financial market predictions were heavily reliant on quantitative data, including 

price patterns and economic indicators. However, with the advent of the internet and the 

proliferation of online textual information, the role of qualitative data, especially sentiments 

expressed in texts, has gained prominence in financial analysis [13]. 

Financial news and social media platforms have become instrumental sources of data for 

sentiment analysis in finance. The sentiments expressed in financial news can significantly influence 

investor behavior and stock market movements [14]. Social media platforms, especially Twitter, 

provide real-time insights into public sentiment regarding specific stocks, sectors, or the overall 

market [15]. 

Various techniques are employed to analyze sentiments in finance. Machine learning models, 

including logistic regression and clustering-based approaches, have proven effective in analyzing 

large volumes of unstructured textual data [2]. Natural Language Processing (NLP) and Artificial 

Intelligence (AI) are also increasingly being used to extract and analyze sentiments from financial 

texts [1]. Ref. [16] showed that incorporating sentiment information from social media can improve 

stock prediction. Also, [17] designed a tool that considers public sentiment, opinions, news, and 

historical stock prices to forecast future stock prices, validating the methodology's success using 

machine-learning and deep-learning methods. 

Several studies have demonstrated the impact of sentiment analysis on stock markets. Positive 

news has been shown to improve stock market performance, while negative news can impede it [18]. 

Automated sentiment analysis of financial texts, including news documents and quarterly reports, 

has been productively used as part of trading strategies [3]. 

Despite its potential, sentiment analysis in finance faces several challenges, including data 

quality, the complexity of financial jargon, and the rapid evolution of online languages. Ref. [19] 

suggested that the role of predictions in financial news is not so much that of giving straightforward 

advice to investors, but rather providing sound argumentative reasoning that the investor-reader 

might apply in the uncertain context of financial markets However, advancements in AI and machine 

learning offer opportunities to overcome these challenges, enhancing the accuracy and reliability of 

sentiment analysis in finance. 

2. Literature Review 

In the realm of finance, the role of financial news as a cornerstone for sentiment analysis cannot 

be overstated. Ref. [20] revealed that the mass media effect leads to fluctuations in investor sentiment 

and significantly affects investors’ trading decisions. This suggests that the source or publisher of 

information can potentially influence investor sentiment Platforms like Bloomberg, Reuters, and 

CNBC are not just news outlets but pivotal sources of real-time insights, detailed market trends 

analysis, and evaluations of company performances. These platforms, along with financial blogs, 

offer a nuanced blend of factual reporting and expert analysis, making them integral in the sentiment 

analysis landscape [14]. Financial blogs, though less formal, are revered for their in-depth analysis 

and diverse opinions on market trends and individual stocks, serving as a pulse check on investor 

sentiment and market reactions. 
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The advent of social media has ushered in a new era of real-time public sentiment gauging. 

Platforms like Twitter have become synonymous with real-time news dissemination and public 

opinion expression. The brevity of tweets encapsulates concise sentiments, offering immediate 

insights into public opinion, a feature that is instrumental for real-time sentiment analysis [15]. On 

the other hand, Reddit has carved out its niche, especially in financial forums like r/wallstreetbets. 

These forums are not just discussion platforms but have evolved into influential spaces capable of 

swaying market movements and investor decisions. 

Beyond the immediacy of news and social media, the detailed and comprehensive nature of 

companies’ financial reports remains a pivotal data source for sentiment analysis. Earnings reports 
and annual reports are not mere statutory requirements but are rich data reservoirs offering insights 

into a company’s financial trajectory, health, and future prospects [3]. The sentiments, tones, and 

nuances embedded in these reports, especially earnings call transcripts, are invaluable for investors 

seeking to understand a company’s performance, challenges, and outlook from an insider’s 
perspective. 

Moreover, in the digital age, online forums and discussion boards have emerged as significant 

platforms for public opinion and sentiment expression. These platforms are characterized by detailed 

discussions, diverse viewpoints, and predictive analyses on a range of stocks and market trends. 

However, the vast and unregulated nature of these platforms presents challenges, including data 

reliability, potential manipulation, and the sheer volume of data. 

While these sources offer a wealth of data, challenges exist, including the reliability of the data, 

the potential for manipulation, and the volume of data to be analyzed. Ensuring data quality, 

relevance, and authenticity is crucial for accurate and reliable sentiment analysis. 

One of the foremost influencers of how news is received by the audience is the credibility and 

reputation of the news publisher. Renowned publishers are often seen as more reliable and 

authoritative, and their news content carries greater weight in shaping investor sentiment [13]. Trust 

and credibility are closely associated with news from reputable sources, significantly influencing 

investors' decisions and market reactions [14]. Additionally, the perceived bias or objectivity of a 

publisher can also sway the sentiment derived from the news content. 

In Ref. [13] it was observed that news articles specific to individual firms have the capacity to 

enrich investors' knowledge and exert an influence on their trading activities. This impact on 

investors is associated with the emotional fluctuations caused by public sentiments, which 

subsequently intervene in their decision-making processes. Importantly, the study highlighted that 

the extent of media impact on firms is subject to variation, contingent upon the unique characteristics 

of each firm and the specific content of the news articles.  

Ref. [21] suggested that uninformative news induces investor sentiment during the first day of 

trading, whereas informative news reduces the asymmetric information between issuing firms and 

outside investors. 

Similarly, [22] emphasized the significance of media attention, sentiment, and certain corporate 

topics in the context of managing media relations and securing an equitable evaluation of publicly 

listed companies. Their findings underscored the importance of considering these factors when 

navigating the complex terrain of media interactions within the corporate landscape. 

Furthermore, Ref. [23] conducted research that revealed a notable positive correlation between 

the daily mentions of a company in the Financial Times and the daily transaction volume of that 

company's stock. This correlation was found to hold true both on the day prior to the release of news 

and on the day of news release. These findings highlight the substantial influence of media mentions 

on stock transaction volumes, shedding light on the intricate relationship between media coverage 

and financial markets. 

Intriguingly, the length and clarity of news titles have a pivotal role in capturing readers' 

attention and succinctly conveying the core message. Short and clear titles tend to attract more 

attention and engagement, thus having a more significant impact on investor sentiment [24]. 

Moreover, the sentiment expressed in the title can set the tone for the reader's perception of the entire 

content. 
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Moving on to the content of the news itself, including its sentiment, tone, and subject matter, it 

plays a crucial role in shaping investor sentiment. The type of news, whether positive or negative, 

can have profound effects on sentiment and stock prices [18]. Additionally, the specificity and 

relevance of the content determine its impact on targeted stocks or the overall market [3]. 

The real-time nature of financial news dissemination, especially through online and social media 

platforms, further amplifies the influence of news attributes on investor sentiment. Investors and 

traders often react immediately to real-time news, leading to rapid market movements [15]. 

Automated trading systems also respond to real-time news sentiments, exacerbating market 

volatility. 

However, analyzing the influence of news attributes presents its own set of challenges and 

opportunities. The vast volume and variety of news content necessitate advanced analytical tools for 

effective sentiment analysis [1]. Additionally, developing models that can understand the context 

and nuances of financial news remains both a challenge and an opportunity for enhancing sentiment 

analysis. 

The effectiveness of sentiment analysis in the finance sector heavily hinges on the choice of 

models and algorithms utilized for processing and interpreting textual data. In this chapter, we 

embark on a comprehensive exploration of various sentiment analysis models and their applications 

within the financial domain. 

One notable player in the realm of sentiment analysis is TextBlob, a widely recognized Python 

library tailored for text data processing. TextBlob employs a lexicon-based approach, wherein words 

are assigned polarity scores, ultimately determining the overall sentiment of a given text. Its 

straightforward APIs and ease of use make TextBlob a favored tool for initial sentiment analysis tasks, 

rendering it a preferred choice for gauging sentiments in financial news and social media content. 

On the other end of the spectrum stands BERT (Bidirectional Encoder Representations from 

Transformers), a more advanced model engineered by Google. BERT has significantly reshaped the 

field of Natural Language Processing (NLP) through its deep learning techniques and remarkable 

ability to contextualize words within sentences. This contextual understanding extends to both left 

and right neighboring words, rendering BERT highly proficient in discerning the nuanced meanings 

of words across diverse contexts [25]. Ref. [26] highlighted the significant enhancement of applying 

BERT in sentiment analysis compared to existing models. Consequently, BERT's exceptional 

contextual grasp positions it as an ideal choice for intricate sentiment analysis endeavors, including 

the analysis of financial news, reports, and social media content for extracting nuanced sentiments. 

Beyond TextBlob and BERT, the landscape of sentiment analysis encompasses several other 

models and approaches that are frequently applied. Machine learning models such as logistic 

regression, support vector machines, and random forests are often enlisted for sentiment 

classification tasks [2]. These algorithms contribute to the toolbox of sentiment analysts, offering 

versatile solutions for various applications. 

Moreover, deep learning models, notably neural networks, including recurrent neural networks 

(RNNs) and convolutional neural networks (CNNs), have gained prominence in handling more 

intricate and large-scale sentiment analysis tasks [1]. These neural networks delve into the 

complexities of textual data, allowing for deeper insights and heightened accuracy in sentiment 

analysis within the financial sector. 

Each model possesses a unique set of strengths and weaknesses, necessitating a careful 

consideration of specific analysis requirements before making a selection. 

One crucial trade-off to weigh is accuracy versus complexity. Models like BERT excel in 

accuracy, but they come at the cost of increased complexity and computational demands [25]. In 

contrast, TextBlob offers simplicity and accessibility but may fall short in capturing nuanced 

sentiments as effectively as BERT [27]. The choice between these models depends on the priority 

placed on accuracy and the available computational resources. 

Furthermore, the customization and flexibility of sentiment analysis models are vital factors to 

consider. Advanced models like BERT offer the capability for fine-tuning and customization, 
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rendering them adaptable to specific domains, including finance. This adaptability can be a 

significant advantage when tailoring sentiment analysis to the unique nuances of financial data. 

However, the field of sentiment analysis faces ongoing challenges and is poised for future 

developments. Researchers are actively working to address issues such as enhancing models' 

contextual understanding, particularly in the context of financial jargon and terminologies. 

Additionally, the development of models capable of real-time sentiment analysis is a pressing 

concern, given the dynamic nature of financial markets. 

Thus, sentiment analysis models are instrumental in extracting and interpreting sentiments from 

textual data in the financial sector. The choice of model depends on various factors, including the 

complexity of the task, the volume of data, and the required accuracy. As advancements in AI and 

machine learning continue, we anticipate the emergence of more sophisticated models offering 

enhanced accuracy, speed, and contextual understanding. 

3. Materials and Methods 

Data was generated using the Polygon.io platform, which provides various news articles related 

to active stocks. To conduct sentiment analysis on the titles and descriptions of these news articles, 

we employed the TextBlob library, a straightforward yet effective lexical-based sentiment analysis 

tool. 

TextBlob is a Python library designed to process textual data, offering a simple API for common 

natural language processing (NLP) tasks such as tokenization, part-of-speech tagging, and sentiment 

analysis. For sentiment analysis, TextBlob classifies text into positive, neutral, or negative categories 

based on the polarity of the words used. The tool uses a lexical approach, where it evaluates the 

sentiment of a text by examining individual words and phrases against predefined lists or lexicons 

containing sentiment scores. This method, while less sophisticated than context-aware models like 

BERT, offers rapid analysis and is suitable for a broad range of applications, especially when 

processing large datasets or when a quicker sentiment assessment is desired [27]. 

In our methodology, for each news article obtained from the Polygon.io platform, we subjected 

both its title and description to sentiment analysis using TextBlob. We extracted the sentiment 

polarity—a continuous value ranging from -1 (most negative) to 1 (most positive)—and classified the 

sentiment into one of three categories: positive, neutral, or negative. This approach allowed us to 

capture the general sentiment trend present in the financial news related to specific stocks. 

After obtaining the sentiment scores, we utilized the Pandas library, a robust Python data 

analysis tool, to structure and store the results. We then visualized the sentiment polarity of both 

titles and descriptions over time to discern any patterns or trends that might be present in the data. 

The use of TextBlob in this context provides a preliminary insight into the prevailing sentiment 

in financial news articles. While more intricate models like BERT can capture nuanced relationships 

in phrases due to their context-aware capabilities, TextBlob's lexical approach offers a swift and 

effective way to gauge sentiment, especially when analyzing large volumes of text. 

In order to forecast the stock prices, we have obtained the daily closing and opening prices using 

finance.yahoo.com, historical data repository.  

Data was obtained for a period of 1 year, from 09/30/2022 to 09/30/2023.  

Results obtained using Textblob and the stock prices are explained in the next table. 

Table 1. Description and sources for each variable 

Variable Source Details Scale 

Title Polarity Polygon.io The sentiment score 
for the title provided 
for each analyzed 
news  

[-1;1] 

Title Length Polygon.io The character length 
for the title provided 

- 
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for each analyzed 
news 

Description Polarity Polygon.io The sentiment score 
for the description 
provided for each 
analyzed news  

[-1;1] 

Description Length Polygon.io The character length 
for the description 
provided for each 
analyzed news 

- 

Open finance.yahoo.com The opening stock 
prices for each day 
analyzed 

- 

Close finance.yahoo.com The closing stock 
prices for each day 
analyzed 

- 

After the sentiment scores and stock prices were obtained, the descriptive statistics were 

analyzed in the results section, along with the graphs for each results obtained. Descriptive statistics 

include Mean, Median, Maximum value, Minimum value, Std. Dev., Skewness, Jarque-Bera, 

Probability, Sum and Sum Sq. Dev.  

After the descriptive statistics interpretation, Dickey Fuller unit root tests were performed , in 

order to test the stationarity of each series [28]. 

Next, Pearson correlation was performed along the results variables in order to identify the 

causal relationships among different variables and to prepare the data for the modeling phase and 

wavelet coherence. Next heteroskedasticity test of the residuals were performed in order to identify 

which type of regression models can be applied on the data. The heteroskedasticity test applied was 

Glejser test and all of the analyzed variables were homoscedastic.  

Next, the wavelet coherence was computed and plotted and interpreted and linear and nonlinear 

regressions were applied, along with multiple nonlinear and linear autoregressions with exogenous 

factor, among which the most significant ones were presented in the paper. 

Linear, quadratic and cubic regressions were used in order to analyze the relation between the 

sentiment score and the stock-opening-price change. The relation for the linear, quadratic and cubic 

autoregressions are presented in Equations (1), Equation (2) and Equation (3), respectively: 𝑦 = 𝛽1 + 𝛽2𝑥 + 𝜀 (1) 𝑦 = 𝛽1 + 𝛽2𝑥 + 𝛽3𝑥2 + 𝜀 (2) 𝑦 = 𝛽1 + 𝛽2𝑥 + 𝛽3𝑥2 + 𝛽4𝑥3 + 𝜀 (3) 

where y is the stock price, 𝛽1, 𝛽2, 𝛽3 and 𝛽4  are the unknown parameters, x is the sentiment score 

variable and 𝜀 is the error term. Y is the stock price in time t. 

After running the linear, quadratic and cubic regressions, we ran two linear autoregression with 

an exogenous factor (ARX) as can be seen in Equations (4) and (5): 𝑦 = 𝛽1𝑦𝑡−1 + 𝛽2𝑥 + 𝜀 
(4) 

 

𝑦 = 𝛽1𝑦𝑡−1 + 𝛽2𝑦𝑡−2 + 𝛽3𝑥 + 𝜀 
(5) 

 

where y is the opening price in time t, x is the sentiment score and yt-1/2/3/4 are the price in time t-1, t-

2, t-3 and t-4. 
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In order to perform our regression, we used ordinary least squares.  

4. Results 

1. Descriptive statistics  

In Table 2, the descriptive statistics are exposed, for the Apple stocks. It can be observed that 

mean of closing prices is 160,79 dollars, while for opening prices is 160.43 dollars, on the analyzed 

period of September 2020 to September 2023. The mean for description polarity is 0.11, positive mean 

score, while for title polarity is 0.07, positive score. The maximum closing price, in the analyzed 

period was 196.45, while the minimum was 125.02.  

Table 2. Apple statistics 

 CLOSE DESCRIPT

ION_LEN

GTH 

DESCRIPT

ION_POL

ARITY 

OPEN TITLE_LE

NGTH 

TITLE_PO

LARITY 

 Mean  160.7906  282.9034  0.111185  160.4305  66.15405  0.070075 

 Median  158.9300  135.0000  0.075487  158.4000  63.00000  0.000000 

 Maximum  196.4500  1834.000  1.000000  196.2400  154.0000  1.000000 

 Minimum  125.0200  0.000000 -0.800000  126.0100  15.00000 -1.000000 

 Std. Dev.  18.96957  304.4415  0.200732  19.24047  25.43293  0.230306 

 Skewness  0.066746  1.576311  0.795938  0.092734  0.474789  0.705427 

       

 Jarque-Bera  47.07321  485.8930  527.9205  50.69124  29.04518  513.8268 

 Probability  0.000000  0.000000  0.000000  0.000000  0.000000  0.000000 

       

 Sum  123165.6  216704.0  85.16800  122889.8  50674.00  53.67779 

 Sum Sq. 

Dev. 

 275281.2  70903719  30.82450  283199.8  494827.8  40.57631 

       

 Observation

s 

 766  766  766  766  766  766 

In Table 3, the descriptive statistics are exposed for the Microsoft stock. The mean for the opening 

prices is 282.28 dollars, while for the closing prices is 282.3 dollars. The mean sentiment score for the 

title was, on the analyzed period, 0.069, while for the description, 0.11, positive mean scores. The 

minimum opening price was 219.85 dollars, while the maximum was 361,75 dollars.  

Table 3. Microsoft statistics 

 CLOSE DESCRIPT

ION_LEN

GTH 

DESCRIPT

ION_POL

ARITY 

OPEN TITLE_LE

NGTH 

TITLE_PO

LARITY 

 Mean  282.3065  263.4111  0.111952  282.2838  65.47778  0.069444 

 Median  275.4200  131.0000  0.080000  278.6100  64.00000  0.000000 

 Maximum  359.4900  1581.000  1.000000  361.7500  135.0000  1.000000 

 Minimum  214.2500  0.000000 -0.700000  219.8500  25.00000 -0.700000 
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 Std. Dev.  42.24372  292.9204  0.218545  42.55378  22.95010  0.220189 

 Skewness  0.179157  1.835858  0.452213  0.186627  0.424783  0.848019 

       

 Jarque-Bera  35.79734  342.3025  198.7494  36.77976  11.81845  126.4077 

 Probability  0.000000  0.000000  0.000000  0.000000  0.002714  0.000000 

       

 Sum  101630.4  94828.00  40.30264  101622.2  23572.00  24.99974 

 Sum Sq. 

Dev. 

 640646.9  30803055  17.14655  650086.0  189087.8  17.40554 

       

 Observation

s 

 360  360  360  360  360  360 

The descriptive statistics for Tesla stock are exposed in table for, where the mean of the opening 

prices for the analyzed period was 194.25 dollars and for the closing prices is 193.89 dollars. The mean 

for the title sentiment polarity is 0.064, while for the description polarity was 0.094. The minimum 

opening price was 103 dollars, while the maximum was 296.04 dollars, with a standard deviation of 

47.28.  

Table 4. Tesla statistics 

 DESCRIPT

ION_LEN

GTH 

DESCRIPT

ION_POL

ARITY 

OPEN CLOSE TITLE_LE

NGTH 

TITLE_PO

LARITY 

 Mean  355.3691  0.094744  194.2592  193.8915  72.22990  0.064005 

 Median  155.0000  0.066833  190.5200  190.7200  72.00000  0.000000 

 Maximum  1866.000  1.000000  296.0400  293.3400  157.0000  1.000000 

 Minimum  0.000000 -1.000000  103.0000  108.1000  20.00000 -1.000000 

 Std. Dev.  336.3253  0.191292  47.18739  46.80205  26.71722  0.229029 

 Skewness  1.074216  0.230695  0.178609  0.146580  0.253157  0.361534 

       

 Jarque-Bera  197.2607  920.0446  21.17389  20.83806  20.06870  825.3827 

 Probability  0.000000  0.000000  0.000025  0.000030  0.000044  0.000000 

       

 Sum  344708.0  91.90212  188431.4  188074.7  70063.00  62.08466 

 Sum Sq. 

Dev. 

 1.10E+08  35.45826  2157624.  2122529.  691681.7  50.82828 

       

 Observation

s 

 970  970  970  970  970  970 

In Figure 1, line graphics for all of the analyzed variables for the Apple stocks are presented, as 

follows: closing prices (1’st differenced), description length, description polarity, opening prices (1’st 
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differenced), title length and title polarity. There is a noticeable difference in the variance of the title’s 
sentiment score versus the description sentiment scores, as the title polarity presents higher variance.   
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Figure 1. Apple variable graphs 

In Figure 2, graphics for all of the analyzed variables for the Microsoft stocks, are exposed, as 

follows: closing prices (1’st differenced), the length of the description, the sentiment polarity of the 
description, the opening price (1’st differenced), the length of the title and the sentiment score of the 

title. It can be observed that the description polarity is more has a higher variance than the title 

polarity. While the stock prices register visible signals in the last part of the first quarter and the 

middle part of the last quarter.  
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Figure 2. Microsoft variable graphs 

In Figure 3, the line graphs for all of the analyzed variables for the Tesla stocks are presented, as 

follows: closing prices (1’st differences), description length, description polarity, opening prices (1’st 
differenced), title length and title polarity. It can be observed that the title polarity scores present a 

higher variance than the description polarity scores.  
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Figure 3. Tesla variable graphics 

2. Unit root test – test for the absence of nonstationary 

In Table 3, results computed under Dickey–Fuller test (ADF) procedure are presented. Tested 

hypotheses are: 

H0: A unit root is present in a time series sample. 

H1: The time-series sample has no unit root; thus, it is stationary.  

In Table 5 we can obverse that the p-values for the description polarity, description length, title 

polarity and title length series, for the Apple stocks, are less than the significance level of 0.5, with no 

difference, thus we can reject the null hypothesis and conclude that the time series are stationary. In 

case of the closing and opening prices, the p-values were significant after the first differentiation.  

Table 5. Apple Dickey Fuller test results 
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Variable tested Augmented Dickey-

Fuller test statistic 

p-value level 

Closing prices -27.22329 0.000 1’st difference 

Description length -26.23105 0.000 No difference 

Description polarity -29.44872 0.000 No difference 

Opening prices -28.13567 0.000 1’st difference 

Title length -26.09943 0.000 No difference 

Title polarity -26.84126 0.000 No difference 

In Table 6 we can obverse that the p-values for the description polarity, description length, title 

polarity and title length series, for the Microsoft stocks, are less than the significance level of 0.5, with 

no difference, thus we can reject the null hypothesis and conclude that the time series are stationary. 

In case of the closing and opening prices, the p-values were non-significant, thus we have once 

differentiated all the opening and closing prices series.  

Table 6. Microsoft Dickey Fuller test results 

Variable tested Augmented Dickey-

Fuller test statistic 

p-value level 

Description length -16.50101 0.000 No difference 

Closing prices -17.70365 0.000 1’st difference 

Description polarity -20.73954 0.000 No difference 

Opening prices -17.36869 0.000 1’st difference 

Title length -18.70511 0.000 No difference 

Title polarity -18.42411 0.000 No difference 

In Table 7 we can obverse that the p-values for the description polarity, description length, title 

polarity and title length series, for the Tesla stocks, are less than the significance level of 0.5, with no 

difference, thus we can reject the null hypothesis and conclude that the time series are stationary. In 

case of the closing and opening prices, the p-values were non-significant, thus we have once 

differentiated all the opening and closing prices series.  

Table 7. Tesla Dickey Fuller test results 

Variable tested Augmented Dickey-

Fuller test statistic 

p-value level 

Description length -35.15816 0.000 No difference 

Closing prices -28.99028 0.000 1’st difference 
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Description polarity -34.20196 0.000 No difference 

Opening prices -29.56049 0.000 1’st difference 

Title length -35.74526 0.000 No difference 

Title polarity -35.04870 0.000 No difference 

3. Correlation matrix 

In order to perform a model on our data we have computed the Pearson correlation, with the 

results exposed in Table 8, for the Apple variables. It can be observed that the title polarity series are 

significantly correlated with the closing prices (with a significance level of 0.1), having a positive 

relationship. 

Table 8. Apple variables Pearson correlation 

Variable:  

-Pearson Correl. 
-Sig. 
-N 

Open Close 

Title Polarity -.034 .080* 

.345 .027 

765 765 

Title Length -.001 .065 

.976 .073 

765 765 

Description 
Polarity 

-.024 .014 

.511 .709 

765 765 

Description 
Length 

.018 .052 

.612 .149 

765 765 

*. Correlation is significant at the 0.05 level (2-tailed). 
**. Correlation is significant at the 0.01 level (2-tailed). 

In Table 9, the Pearson correlation among the title and description variables and stock prices is 

presented. The only significant correlation was found between description polarity and opening 

prices, although the correlation has a negative sign.  

Table 9. Microsoft variables Pearson correlation 

Variable:  

-Pearson Correl. 
-Sig. 
-N 

Open Close 

Title Polarity .012 .030 

.833 .583 
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333 333 

Title Length .077 .061 

.161 .268 

333 333 

Description 
Polarity 

-.095 -.041 

.085 .457 

333 333 

Description 
Length 

.039 .037 

.476 .500 

333 333 

*. Correlation is significant at the 0.05 level (2-tailed). 

**. Correlation is significant at the 0.01 level (2-tailed). 

In Table 10, the Pearson correlating among the title and description variable and closing prices 

is exposed, with the only significant correlation among title polarity and opening prices, although on 

a negative sign.  

Table 10. Tesla variables Pearson correlation 

Variable:  

-Pearson Correl. 
-Sig. 
-N 

Open Close 

Title Polarity -.050 -.034 

.093 .304 

920 920 

Title Length .035 .027 

.289 .417 

920 920 

Description 
Polarity 

-.019 -.007 

.563 .826 

920 920 

Description 
Length 

-.015 .006 

.653 .859 

920 920 

**. Correlation is significant at the 0.01 level (2-tailed). 

We have further decided to test for heteroskedasticity, in order to perform a regression model 

on our data.  

Heteroskedasticity  

In Table 11, the results of the Glejser tests were exposed, while taking in consideration the 

hypothesis tested: 

H0: The residuals of the linear regression are homoscedastic.  

H1: The residuals of the linear regression are heteroscedastic. 
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Table 11. Glejser heteroskedasticity test for Apple title polarity and closing prices linear regressions 

residuals 

Heteroskedasticity Test: Glejser 

     
     F-statistic 1.813126     Prob. F(1,763) 0.1785 

Obs*R-squared 1.813569     Prob. Chi-Square(1) 0.1781 

Scaled explained SS 3.896071     Prob. Chi-Square(1) 0.0484 

     
          

Test Equation:   

Dependent Variable: ARESID  

Method: Least Squares  

Date: 10/17/23   Time: 10:36  

Sample: 2 766   

Included observations: 765  

     
     Variable Coefficient Std. Error t-Statistic Prob.   

     
     C 0.700303 0.048864 14.33181 0.0000 

TITLE_POLARITY -0.273302 0.202968 -1.346524 0.1785 

     
     R-squared 0.002371     Mean dependent var 0.681126 

Adjusted R-squared 0.001063     S.D. dependent var 1.293509 

S.E. of regression 1.292821     Akaike info criterion 3.354141 

Sum squared resid 1275.268     Schwarz criterion 3.366272 

Log likelihood -1280.959     Hannan-Quinn criter. 3.358811 

F-statistic 1.813126     Durbin-Watson stat 2.180885 

Prob(F-statistic) 0.178534    

     
     

Because the significance value for the title polarity variable effect on the residuals of the equation 

is higher than 0.05, we conclude that there is no evidence for the presence of heteroskedasticity.  

Table 12. Glejser heteroskedasticity test for Microsoft  description polarity and opening prices 

linear regressions residuals 

Heteroskedasticity Test: Glejser 

     
     F-statistic 0.598667     Prob. F(1,331) 0.4396 

Obs*R-squared 0.601196     Prob. Chi-Square(1) 0.4381 

Scaled explained SS 1.161268     Prob. Chi-Square(1) 0.2812 

     
          

Test Equation:   

Dependent Variable: ARESID  

Method: Least Squares  

Date: 10/17/23   Time: 10:44  

Sample: 3 399   
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Included observations: 333  

     
     Variable Coefficient Std. Error t-Statistic Prob.   

     
     C 2.026960 0.199382 10.16620 0.0000 

DESCRIPTION_POLARITY 0.627657 0.811204 0.773735 0.4396 

     
     R-squared 0.001805     Mean dependent var 2.095826 

Adjusted R-squared -0.001210     S.D. dependent var 3.253779 

S.E. of regression 3.255747     Akaike info criterion 5.204708 

Sum squared resid 3508.563     Schwarz criterion 5.227580 

Log likelihood -864.5840     Hannan-Quinn criter. 5.213829 

F-statistic 0.598667     Durbin-Watson stat 1.983603 

Prob(F-statistic) 0.439640    

     
     

Because the p-value for the description polarity variable effect on the residuals of the equation 

is higher than 0.05, we conclude that there is no evidence for the presence of heteroskedasticity.  

In Table 13, we can observe that the p-value for the description polarity variable effect on the 

residuals of the equation is higher than 0.05, we conclude that there is no evidence for the presence 

of heteroskedasticity.  

Table 13. Glejser heteroskedasticity test for Tesla title polarity and opening prices linear regressions 

residuals 

Heteroskedasticity Test: Glejser 

     
     F-statistic 0.036500     Prob. F(1,918) 0.8485 

Obs*R-squared 0.036578     Prob. Chi-Square(1) 0.8483 

Scaled explained SS 0.085498     Prob. Chi-Square(1) 0.7700 

     
          

Test Equation:   

Dependent Variable: ARESID  

Method: Least Squares  

Date: 10/17/23   Time: 10:45  

Sample: 4 1153   

Included observations: 920  

     
     Variable Coefficient Std. Error t-Statistic Prob.   

     
     C 1.338588 0.110216 12.14512 0.0000 

TITLE_POLARITY 0.087392 0.457429 0.191050 0.8485 

     
     R-squared 0.000040     Mean dependent var 1.344273 

Adjusted R-squared -0.001050     S.D. dependent var 3.217169 

S.E. of regression 3.218857     Akaike info criterion 5.178101 

Sum squared resid 9511.435     Schwarz criterion 5.188589 
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Log likelihood -2379.927     Hannan-Quinn criter. 5.182103 

F-statistic 0.036500     Durbin-Watson stat 2.253205 

Prob(F-statistic) 0.848529    

     
     

4. Wavelet coherence  

Because our closing and opening prices were not stationary, we have estimated and plotted the 

wavelet coherence for each of the analyzed stocks. As stated in [29], “continuous wavelet cross-

correlation provides a time–scale distribution of the correlation between two signals, whereas 

continuous wavelet coherence provides a qualitative estimator of the temporal evolution of the 

degree of linearity of the relationship between two signals on a given scale”.  

In Figure 4, the wavelet coherence for the closing prices and title polarity is plotted. It can be 

observed, in the cone of influence, that there that there are three regions of coherent oscillation 

behavior, firstly between 32 and 64 period coherence lags, in the first time period between the 100 to 

300 news titles. In the first significant coherence lag, mentioned before, the arrows direction points to 

a lagging A index, that means that in the first 100 to 300 news titles, the closing prices determined the 

general opinion on the media, that was exposed through the news title, with a lag of 32 to 64 periods, 

where periods mean 6 to 8 hours. Also, in the second coherence region, the closing prices are leading 

the media opinion, represented through the title polarity, with a lag of 4 to 16 periods. In the third 

significant coherence region, the variables are in phase, the news title sentiments are leading the 

closing prices of the Apple stocks, with a lag of 8 to 20 periods.  

 

Figure 4. Wavelet coherence of Apple stock title polarity (A) and closing prices (B). 

In Figure 5, the wavelet coherence between the description polarity and the opening prices is 

exposed. Three regions of coherence oscillation behavior can be observed in the cone of influence. In 

the first significant coherence regions, between the first 50-100 days, the variables are in phase, the 

description polarity score is leading the opening prices, with a lag of 4 to 16 periods (in this wavelet 

coherence analysis, a period is approximatively a day). In the second coherence region, the 

description polarity score is lagging, meaning that the opening prices influence the stock description 

score, with a lag of 4 periods (approx. 4 days). The second coherence period Is dated in the day 200 

to 220. The third coherence period, between the 250 day to 300, the description polarity score is 
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lagging, thus the opening prices is determining the description polarity score, with a lag of 4 to 16 

days.  

 

Figure 5. Wavelet coherence of Microsoft stock description polarity (A) and opening prices (B). 

In Figure 6, the wavelet coherence for the opening prices and title polarity is plotted. It can be 

observed, in the cone of influence, that there is no coherent oscillation behavior, except for a 

coherence region that generates from outside of the cone of influence, in the first time-period, with a 

direction that points out that the closing prices were leading the title polarity, with a lag of 8 to 16 

periods (a period = approx. 1 day, in this case).  

 

Figure 6. Wavelet coherence of Tesla stock title polarity (A) and opening prices (B). 

Regressions 
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Because the Glejser test provided evidence that the series residuals are homoscedastic in all of 

the three stick index cases analyses, different types of regression were computed, among which the 

most significant were exposed and analyzed.  

In Table 14, the results of the linear, quadratic and cubic regressions were exposed, with the 

closing prices transformed into stationary serios, by first differentiation. It can be observed that the 

cubic regression has the highest R Square value, of 0.13. In Figure 7, the three regressions are exposed.  

Table 14. Regressions results for Apple variables: closing prices and title polarity 

Model Summary and Parameter Estimates 

Dependent Variable: Close (Closing prices) 

Equatio
n 

Model Summary Parameter Estimates 

R 
Square 

F df1 df2 Sig. Constan
t 

b1 b2 b3 

Linear .006 4.942 1 764 .027 -.079 .510   

Quadrat
ic 

.012 4.478 2 763 .012 -.047 .773 -.868  

Cubic .013 3.446 3 762 .016 -.036 .466 -.978 .836 

The independent variable is Title polarity. 

The equation for the cubic regression is, as follows in Equation (6). 𝐶𝑙𝑜𝑠𝑒 =  −0.036 + 0.466 ∗  𝑇𝑖𝑡𝑙𝑒 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦 − 0.978 ∗ 𝑇𝑖𝑡𝑙𝑒 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦2 + 0.836 ∗  𝑇𝑖𝑡𝑙𝑒 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦3 (6) 
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Figure 7. Scatter plot of Apple closing prices and title polarity; linear, quadratic and cubic regressions 

Next, and autoregression with an exogenous factor is estimated, as follows from Equation (4).  

In Table 15, the parameters of the autoregressive model with exogenous factor are exposed. It 

can be observed that the parameter estimations are both positive, while the title polarity coefficient 

(0.41) is higher that the lagged closing prices coefficient (0.014). In Table 16, the goodness of fit is 

analyzed, while the R squared is 0.004. 

Table 15. Parameter estimation of the autoregression with exogenous factor, for the Apple closing 

prices and title polarity 

Parameter Estimates 

Parame
ter 

Estimat
e 

Std. 
Error 

95% Confidence Interval 

Lower 
Bound 

Upper 
Bound 𝛽1 .014 .036 -.057 .085 𝛽2 .414 .220 -.018 .846 

Table 16. Goodness of fit for the autoregression with exogenous factor, for the Apple closing prices 

and title polarity 

ANOVAa 

Source Sum of 

Squares 

df Mean Squares 

Regression 7.944 2 3.972 

Residual 1637.255 763 2.146 

Uncorrected 

Total 

1645.199 765  

Corrected Total 1643.774 764  

Dependent variable: Close 

a. R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of 

Squares) = .004. 

In Table 17, the results of the linear, quadratic and cubic regressions were exposed, with the 

closing prices transformed into stationary serios, by first differentiation. It can be observed that the 

cubic regression has the highest R Square value, of 0.23. In Figure 8, the three regressions are exposed.  

The equation for the cubic regression is, as follows in Equation (7). 

Table 17. Regressions results for Microsoft variables: opening prices and description polarity 

Model Summary and Parameter Estimates 

Dependent Variable: Open 

Equatio
n 

Model Summary Parameter Estimates 

R 
Square 

F df1 df2 Sig. Constan
t 

b1 b2 b3 

Linear .009 2.983 1 331 .085 .061 -1.669   

Quadrat
ic 

.014 2.260 2 330 .106 .119 -.924 -2.319  
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Cubic .023 2.606 3 329 .052 -.104 .561 1.067 -6.530 

The independent variable is Description_polarity. 

 𝑂𝑝𝑒𝑛 =  −0.105 + 0.561 ∗  𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦 + 1.067 ∗ 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦2 − 6.530 ∗  𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦3 (7) 

 

Figure 8. Scatter plot of Microsoft opening prices and description polarity; linear, quadratic and cubic 

regressions 

In Table 18, the results of the linear, quadratic and cubic regressions were exposed, with the 

closing prices transformed into stationary serios, by first differentiation. It can be observed that the 

cubic regression has the highest R Square value, of 0.05. In Figure 9, the three regressions are exposed.  

Table 18. Regressions results for Tesla variables: opening prices and title polarity 

Model Summary and Parameter Estimates 

Dependent Variable: Open 

Equatio
n 

Model Summary Parameter Estimates 

R 
Square 

F df1 df2 Sig. Constan
t 

b1 b2 b3 

Linear .002 2.290 1 919 .131 .086 -.750   

Quadrat
ic 

.003 1.274 2 918 .280 .105 -.654 -.439  

Cubic .005 1.499 3 917 .213 .078 .208 -.374 -2.070 
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The independent variable is Title_polarity. 

 

Figure 9. Scatter plot of Tesla variables: opening prices and title polarity; linear, quadratic and cubic 

regressions 

In Table 19, the parameters of the autoregressive model with exogenous factor are exposed. It 

can be observed that the parameter estimations are both positive, while the title polarity coefficient 

(16.99) is higher that the lagged closing prices coefficient (0.902). In Table 20, the goodness of fit is 

analyzed, while the R squared is 0.555. 

The result equation for the autoregressive model with exogenous factor is presented in equation 

8. 𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒𝑠𝑡 = 0.902 ∗ 𝑂𝑝𝑒𝑛𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒𝑠𝑡−1 + 0.038 ∗ 𝑂𝑝𝑒𝑛𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒𝑠𝑡−2 + 16.99 ∗ 𝑇𝑖𝑡𝑙𝑒 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦 + 𝜀 (8) 

Table 19. Parameter estimation of the autoregression with exogenous factor, for the Tesla opening 

prices and title polarity 

Parameter Estimates 

Paramete
r 

Estimat
e 

Std. Error 95% Confidence Interval 

Lower 
Bound 

Upper 
Bound 𝛽1 .902 .029 .846 .959 𝛽2 .038 .029 -.018 .094 𝛽3 16.999 7.182 2.909 31.089 
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Table 20. Goodness of fit for the autoregression with exogenous factor, for the Tesla opening prices 

and title polarity 

ANOVAa 

Source Sum of 
Squares 

df Mean Squares 

Regression 34496314.240 3 11498771.413 

Residual 4265830.600 1214 3513.864 

Uncorrected 
Total 

38762144.839 1217  

Corrected Total 9586807.822 1216  

Dependent variable: Open 

R squared = 1 - (Residual Sum of Squares) / (Corrected Sum of Squares) = .555. 

5. Discussion 

The application of sentiment analysis to major companies like Microsoft (MSFT), Tesla (TSLA), 

and Apple (AAPL) has become increasingly prevalent due to the significant influence of public 

sentiment on their stock prices. This chapter explores the specific applications and impacts of 

sentiment analysis on these tech giants, drawing insights from various studies and real-world 

scenarios. 

A study by Ref. [30] highlighted the differential impacts of Twitter sentiment on various 

companies. For instance, Microsoft showed a strong positive correlation between Twitter sentiment 

and stock prices. This underscores the importance of social media sentiment in influencing the stock 

performance of tech companies, including MSFT, TESLA, and AAPL. 

Ref. [31] constructed an individual stock sentiment index, revealing that sentiment has a more 

pronounced impact on small-firm stock prices. However, given the large market capitalization of 

MSFT, TESLA, and AAPL, understanding the nuanced effects of sentiment on these giants requires 

a more tailored approach. 

Ref. [32] integrated sentiment analysis into machine learning to forecast the SSE 50 Index's 

movement direction, achieving an accuracy of 89.93%. This highlights the potential of real-time 

sentiment analysis in predicting the stock movements of major companies like MSFT, TESLA, and 

AAPL. 

Ref. [33] found a significant positive relationship between firm-specific investor sentiment and 

stock price crash risk. This relationship is amplified for firms with worse liquidity, emphasizing the 

need to consider liquidity factors when analyzing the sentiment impacts on MSFT, TESLA, and 

AAPL. 

Ref. [34] underscored the importance of considering both investors' optimism and pessimism in 

analyzing individual stocks' effects. This comprehensive approach can offer nuanced insights into 

the sentiment impacts on companies like MSFT, TESLA, and AAPL. 

Results from the Pearson correlation show negative significant relationship description polarity 

and opening prices, in case of Microsoft stocks and title polarity and opening price, in case of Tesla 

stocks. Coefficients results of the linear, quadratic and cubic regressions show the same negative 

relationship among description polarity and opening prices, in case of Microsoft and title polarity 

and opening prices, in case of Tesla, while positive Pearson correlation was found between title 

polarity and closing prices, in case of Apple stocks, that are confirmed by the linear, quadratic and 

cubic regressions coefficients.  

Wavelets are tools that can be used even if we analyze identical objects or when we behave 

similarly, which actually tend to fluctuate to various degrees in the spatiotemporal behavior [35].  

The wavelet coherence shows analysis shows a lagged influence of the closing prices on the title 

polarity, in the first period of time, which means that the title polarity has positively influenced the 
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closing prices, with lags between 4 and 64 periods (a period was estimated at 6-8 hours), in case of 

Apple stocks. In case of Microsoft, the opening prices tend to influence the description polarity, in 

the first period of time. The wavelet analysis in case of Tesla variables provided no significant 

coherence behavior in the cone of influence.  

Similar as in Ref. [36], the wavelet analysis “confirm the validity of the proposed WLMC in 
detecting complex evolving correlation structures, both along time and across different 

frequencies/timescales, that may be present in the data”.  

Future research may focus on analyzing the Hurst parameter, as proposed in Ref. [37], where “ 
a method to investigate long range dependence, which is quantified by the Hurst parameter, in high 

frequency financial time series” was developed. 

6. Conclusions 

The primary aim of this study was to explore the intricate relationship between sentiment 

analysis and stock prices, with a specific focus on three major tech companies: Microsoft (MSFT), 

Tesla (TSLA), and Apple (AAPL). Utilizing various analytical techniques, including Pearson 

correlation, wavelet coherence, and regression models, the research sought to unveil the underlying 

patterns that tie public sentiment, as presented in news titles and descriptions, to the dynamic 

fluctuations observed in stock prices. 

The findings from the study are enlightening and hold substantial significance in the domain of 

finance and stock market analytics. Notably, there were discernible correlations between sentiment 

and stock prices, specifically in relation to description polarity and opening prices for Microsoft, and 

title polarity with opening prices for Tesla. Additionally, a positive correlation was identified 

between title polarity and closing prices for Apple stocks, further corroborating the influence of 

sentiment analysis on stock market dynamics. 

Furthermore, wavelet coherence analysis, a sophisticated method to discern patterns across 

multiple timescales, provided deeper insights. For Apple stocks, the analysis revealed a lagged 

influence of closing prices on title polarity, implying the potent impact of title sentiments on 

subsequent closing prices. In the case of Microsoft, the relationship was somewhat reversed, with 

opening prices influencing description polarity. However, for Tesla, the coherence analysis did not 

highlight any significant correlation within the cone of influence, suggesting the potential uniqueness 

of Tesla's stock behavior vis-a-vis sentiment influences or the influence of other unaccounted factors. 

These results not only align with some past studies but also add a novel dimension to the current 

literature. The fact that large corporations like Microsoft, Tesla, and Apple are susceptible to media 

sentiment, albeit in varying capacities and manners, underscores the profound impact of public 

sentiment in today's digitally-connected world. The study thus fills a critical gap, offering a more 

granular understanding of how sentiment, derived from news titles and descriptions, can influence 

stock trajectories for tech giants. 

Moreover, the application of wavelet coherence in this study provides a promising avenue for 

future research endeavors. This methodology reaffirms the observations made in Ref. [36], proving 

effective in decoding evolving correlation structures across diverse timescales. The findings also hint 

at the potential relevance of the Hurst parameter, an area of study suggested for future research 

endeavors, as a means to further deepen our understanding of long-range dependencies in financial 

time series. 

One of the key limitations was the focus on three tech giants: Microsoft, Tesla, and Apple. While 

these companies hold significant sway in the market and are representative of large-capitalization 

stocks, they might not entirely capture the diverse landscape of stock market reactions across varying 

sectors or smaller firms. As highlighted by Ref. [31], sentiment might have a more pronounced impact 

on small-firm stock prices. Thus, generalizing our findings to the broader market requires caution. 

Moreover, our analysis predominantly centered on news titles and descriptions as the primary 

sources of sentiment. While these are influential and widespread, they represent just a fraction of the 

sentiment-generating sources available. Social media platforms, investor forums, blogs, and expert 
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analyses contribute substantially to the sentiment landscape and could provide alternative or 

supplementary insights. 

Additionally, while our wavelet coherence analysis was comprehensive, it inherently carries the 

constraints of the technique. For instance, not finding significant coherence behavior for Tesla within 

the cone of influence doesn't necessarily indicate a lack of relationship but might allude to other 

intricate dynamics that the technique couldn't capture. 

Looking ahead, the richness of our findings and the observed limitations naturally pave the way 

for future research directions. A logical extension would be to diversify the study across different 

sectors and include both large-cap and small-cap stocks. This would provide a more holistic picture 

of the stock market's sentiment sensitivity. 

Furthermore, incorporating a broader range of sentiment sources could refine our 

understanding. Analyzing sentiment data from social media platforms, especially given their real-

time nature and vast user base, could reveal patterns that traditional news sources might overlook. 

Technological advancements also offer opportunities to integrate more sophisticated machine 

learning and artificial intelligence techniques, as suggested by Ref. [32]. Such methodologies might 

provide sharper predictive insights, enhancing the practical application of sentiment analysis in stock 

market forecasting. 

Lastly, the potential exploration of the Hurst parameter, as hinted in our conclusions, stands as 

a promising area of study. Delving into long-range dependencies in financial time series can reveal 

patterns that traditional analyses might miss, providing investors with deeper, more nuanced 

insights. 

In conclusion, this research not only sheds light on the intricate dance between sentiment 

analysis and stock market behavior but also paves the way for future studies. It emphasizes the 

importance of sentiment analytics as a valuable tool for investors, financial analysts, and stakeholders 

looking to decode stock market movements. As we continue to delve deeper into the age of 

information, understanding such dynamics will be paramount for making informed investment 

decisions and fostering financial growth. 
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