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Abstract 

Stock market predictions have been prominent among scholars. Sentiment analysis 
applying financial news articles for predicting stock has also grown in popularity over 
the past few decades. Our research indicates the impact of sentiment analysis of financial 
news on forecasting asset prices. In this research, sentiment is culled from financial news 
of companies over the past three years.  Subsequently the asset prices can be predicted 
using stock market data, alongside sentiment analysis data with several machine 
learning algorithms. The results show a more convincing level of precision in the 
aggregation of both stock market data and sentiment analysis data. 
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1. Introduction 

1.1. Stock Market Predictions 

Stock market prediction has always been the subject of emphasis in the financial world. Due to 
the growing interest in investing in stock markets and the objective of maximizing returns on 
investments in asset markets and minimizing risk, researches of stock predictions become 
highly prominent for the recent decades [1-5]. 

Early in the 1960s, economists had diverse perceptions about stock market predictions. 
Efficient Markets Hypothesis [6] and Random Walk Theory [7] both pointed out that stock 
market prediction is complicated and almost impossible.  Nevertheless, other researchers have 
proved them obsolete by performing various forms of predictions [3, 5, 8-10].  

Two main schools of thought in predicting stock markets include fundamental and technical 
analysis. Fundamental analysis is based on unstructured data, for instance, financial status of a 
company, climatic circumstances such as natural disasters [2,3,11]. Technical analysts attempt 
to predict asset prices through the use of historical and time series data [4,11,12]. It was used 
by Mills in 1997 in a study on the predictable power of several simple technical trading rules in 
London.  

Furthermore, with the development of machine learning and Natural Language Processing 
(NLP), increasing number of machine learning algorithms are used for predicting the stock 
markets, such as Latent Dirichlet Allocation (LDA) based topic extraction mechanism, Support 
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Vector Machine (SVM), Neural Networks, Random Forest, Regression Trees and so on [13-17]. 
Among these, neural networks and SVM were discovered to be especially popular for predicting 
the stock market [4, 14, 17-19]. Examples such as Yao and his team’s paper that presented a 
study of artificial neural nets for use in stock index forecasting in 1999 [4], the 2017 study of 
Nelson et al on the use of LSTM networks for predicting future pattern in stock prices on the 
basis of price history [19] and the study of Shen et al. (2012) using the temporary correlation 
among world stock markets, as well as various financial products for predicting the next-day 
stock trend with the aid of SVM [16]. 

1.2. Financial News Sentiment Analysis  

Text sentiment analysis is extensively applied in a range of business applications and has been 
an effective tool used in financial research [1, 20-22]. Due to the advancement of 
communication technologies, large new data sources on our information consumption are 
produced from our interactions on the Internet, and decisions to purchase or sell stocks are 
influenced through various sources of information in the environment of trading [23-25]. 

Financial news is among the most essential information sources influencing the investors’ 
decisions. Researches have evaluated the impact of sentiments extracted from financial news 
on stock predictions. For example, the study of Kim et al., (2014) revealed that news tends to 
be used for both upward and downward movements in stock prices [26]. Over the past few 
decades, there has been more research on the use of financial news to predict asset prices. 
[1,17,27,28]. In 2005, Yoo et al., showed in their work that integrating event information from 
news with prediction model played an extremely important roles for more precise prediction 
[25]. Tetlock (2007) reveals the impact of high media pessimism in daily content from a popular 
Wall Street Journal column on financial market returns [29]. Garcia (2013) assesses financial 
market sentiment from New York Times financial columns [30]. 

Meanwhile, a plethora of NLP applications and the availability of high-performance computing 
systems add to the opportunities to extract effective information from news articles [26-28]. In 
2007, Zhai et al. proposed a system that integrated the information from both related news 
releases and technical indicators for enhancing the predictability of the daily stock price trends. 
The performance indicated that this system is capable of achieving higher accuracy and return 
than a single source system [5]. Mahajan et al. (2008) introduced a text mining system that 
analyzed news from the Indian stock market [31]. Another study of 9,211 news articles and 
10,259,042 stock quotes over a five-week period was conducted in 2009 by Schumaker and 
Chen. They introduced the AZF in text system and reached a directional precision of 57.1% [3]. 

Text sentiment analysis is extensively applied in a range of business applications and has 
become an effective tool in economic and financial research [32]. Tetlock (2007) indicates the 
impact of high media pessimism in daily content from a popular Wall Street Journal column on 
financial market returns [29]. Bollen and Mao (2011) explored whether measurements of 
collective mood states derived from large-scale Twitter feeds share correlation with the value 
of the Dow Jones Industrial Average (DJIA) over time [33]. Garcia (2013) uses the New York 
Times financial column to evaluate the financial market sentiment [30]. Shapiro and Wilson 
(2019) assessed the objective function of the central bank on the basis of sentiment expressed 
in internal discussions of the Federal Open Market Committee [34]. Subsequently, Shapiro 
(2020) demonstrated state-of-the-art text sentiment analysis tools during the development of 
a new time-series measure of economic sentiment derived from economic and financial 
newspaper articles from January 1980 to April 2015 [32]. 

Certain scholars have already assessed the impact of sentiments extracted from financial news 
on the prediction of stock price. In Kim’s research in 2014, the researchers showed that news’ 
sentiment tends to be used in predicting stock price fluctuations, whether up or down [26]. 
Nguyen develops a model in 2015 to predict price movements of stock using sentiment on social 
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media. From the result it is shown that incorporating sentiment information from social media 
tends to assist in the improvement of stock forecasts [20]. Xu & Cohen (2018) presented a 
model for predicting stock price movement from tweets and historical stock prices with a new 
topic model TSLDA to capture the feature [22].  

Our research will assess if sentiment extracted from a leading news agency can be utilized as a 
proxy for short-term asset price movement and consequently used in an automated trading 
strategy. 

2. Data 

This work uses financial news to predict the price movement of the asset. The work uses a range 
of data from Kaggle.com consisting of over 100,000 financial news articles as well as stock 
market data based on stocks featured in Yahoo Finance articles, including daily highest and 
least price. These stock prices and computed AR, BR and MA5 (Moving Average Five) are also 
interpolated. All of those data are used for predicting asset prices.  

All the articles in the dataset are originally found on Reuters.com, prominent for breaking news 
concerning market and business. The articles run between March 2017 and May 2020 with 
3,538 stocks listed. Each stock comprised of 30 articles on the average. Table 1 provides more 
information on the distribution of these articles by warehouse. 

 

Table 1. Shows more details about the distribution of these articles for each stock. 
Features Num of Stock 

Count 3538 
Mean 30.77473 

Std 96.51833 
Min 1 
Max 2340 
25% 5 
50% 10 
75% 20 

 

Three stocks with the most articles are presented in Table2. The first three include Boeing Co, 
Apple Inc., Facebook Inc., insinuating that the articles contained in this dataset are inclusive of 
companies’ stocks from different aspects. 

 

Table 2. Presents statistics for three stocks that have the most frequent appearance in 
Reuters' full datasets. For each stock, it belongs to a company in a specific area. It equally 

shows the number of news articles whereby the stock was mentioned. 
Company Stock Num of News Articles 

Boeing BA 2340 
Apple AAPL 1879 

Facebook FB 1368 

 

In the same vein, through the organization of the news articles, the distribution for each month 
is depicted in Figure 1 below.  Among the 100,000+ articles, there are significantly more articles 
between June 2017 and June 2018. No considerable social changes have occurred during this 
period of time, thus the assumption is that the dataset contains less news articles for this time 
period. 

The main components of each article were also presented in this dataset. The headers of these 
news articles describe shorter information about the stock markets, and the entire article has 
more detailed information on stock sentiment, each with its own column. The dataset likewise 
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contains the VADER polarity score (compound score) of the news headers processed through 
the use of NLTK VADER Sentiment Intensity Analyzer.  Overall, the dataset includes the URL of 
the articles, the headers (both raw and processed header), the publication date and time, the 
full text of the news articles, as well as the VADER polarity scores of the news headers. 
Descriptions about each of these variables are presented in Table 3. 

 

 
Figure 1. Depicts the distribution of total numbers of news articles over the time period 

spanning from March 2017 to May 2020. 

 

Table 3. Presents the description of the columns of the dataset. 
Columns of the 

Dataset 
Descriptions 

Header (raw) The original headline of the news article, which captures the major idea of the article 
URL The address of the article on Reuters.com 

Stock The ticker of the stock this article is mentioned 
Article’s Publish Date The exact date and time of the publication to Reuters.com of this article 
Full Article Content The whole original news article 
Header (Processed) The headline of the news article without tags (such as ‘BRIEF’) 
Negative Sentiment VADER (composite value) polarity scores in titles of news is a metric that computes 

the sum of all ratings in the lexicon, which are already normalized between -1 (most 
extreme negative) and +1 (most extreme positive). Positive sentiment: compound 

score >= 0.05; Neutral sentiment:  -0.05 <= compound score < 0.05; Negative 
sentiment: compound score <= -0.05 

Neutral Sentiment 

Positive Sentiment 

 

 
Figure 2. Depicts the process of the sentiment analysis system of this work. 
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3. Methodology 

3.1. Sentiment Recognition  

The general outline of our sentiment analysis system is revealed in figure 2. The first approach, 
this job, conducts a pre-process of all the data and marks every object that identifies the 
company (s). Financial news from American companies including Boeing, Apple and Facebook 
are chosen over period of approximately 3 years and stored the data in a database. The next 
step comprises of natural language processing to extract sentiment from unstructured news 
articles. 

For the purpose of extracting the sentiment for each news article, VADER is applied in this work, 
which is a ready-made Python machine learning library for natural language processing, 
specifically suitable for reading the emotions expressed in media.  

For sentiment computation, VADER pays special attention to the recognition of capital letters, 
but equally recognizes slang, exclamation marks and the most common emojis. The range of 
emotional scores is from extreme negative (-1) to extreme positive (+1), and neutral is 
displayed as being close to 0. The composite score is a standardized, weighted composite score 
that is calculated from the sum of the score of valence for each word in the lexicon and adjusted 
in accordance with the rules. News data that are missing is substituted with the average value 
of the sentiment function. Through this approach, the data can be integrated with stock data. 
The sentiment features described above are presented in Table 4 and Figure 3. 

 

Table 4. News Sentiment Statistics. This table presents the percentile statistics of the useful 
metrics for sentiment measures in the data set provided by Reuters.com. 

Percentile Negative Neutral Positive Compound 
0% 0 0.726 0 -0.993 

25% 0.026 0.881 0.052 0.036 
75% 0.041 0.894 0.065 0.268 

100% 0.051 0.909 0.072 0.656 

 

 
Figure 3. Presents how the ‘Compound’ features are distributed. 

 

Figure 4 depicts stock data gathering and pre-processing. The historical stock price data 
obtained from Yahoo Finance is preprocessed for data interpolation. 

To ensure compatibility with daily news, inventory data is interpolated over weekends. 
Subsequently the relevant indices MA5 (Moving Average 5), AR and BR are computed and 
prepared for the prediction. 
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Figure 4. Presents data cleaning and pre-processing of the stock market data. 

 

3.2. Forecasting 

3.2.1. Machine Learning Models 

The prediction for our research is the majority vote of the subsequent machine learning models: 
Logistics Regression, Gaussian Naïve Bayes, as well as Random Forest Regression.  

Logistic Regression denotes a generalized linear regression model that fits a logistic function 
[35-38]. Unlike simple linear regressions, the generation of a linear equation is limited between 
0 and 1, which makes classification with logistic regression better than with linear regressions 
[38]. Logistic regression is adopted by several scholars. It’s not only a classification model, but 
also provides probabilities as outputs. Nevertheless, Logistic Regression tends to suffer from 
total separation. Assuming a feature exists that would perfectly separate the two classes, the 
logistic regression model can no longer be trained [35, 36, 38]. In this research, logistics 
regression is applied only once as it is a categorical algorithm.  

The Naive Bayes classifier is in accordance with the Bayes’ Theorem. It computes the class 
probabilities for each feature independently, which corresponds to a strong assumption of 
independence of the features [38-40]. Thus, it is crucial to perform a Principal Component 
Analysis (PCA) prior to applying Naive Bayes. PCA is a multivariate technology that assesses a 
table of data with significant proportion of inter-correlated quantitative dependent variables 
[41, 42]. It extracts essential information from a dataset and expresses using a set of new 
orthogonal variables known as principal components. Naive Bayes classifier works more 
suitably than other models when assumption of independent features holds true.  However, this 
assumption is likewise the main limitation. In actual forecasts, it is complicated to obtain 
functions that are completely independent of each other [38, 43]. In this study, the Naive 
Gaussian Bayesian model was chosen to predict the daily closing price of the stock.   

Random Forest denotes an ensemble learning method that constructs a collection of decision 
trees and subsequently aggregates the predictions of each tree for determining the final 
prediction [44]. Decision trees, simply defined according to its name, a tree branch of the 
random forest model that decides or classifies for the final prediction. Each individual tree will 
split a class prediction and the class with the highest vote will become the final prediction of 
the model [14, 45]. Overall the Random Forest model denotes “public wisdom”. Random forest 
is applied not only to solve classification problems, but also to solve regression problems [15, 
44]. It has been consistent and stable among scholars for a few decades. Nevertheless, it equally 
requires more computational powers due to its complexity and completeness [14, 45]. In this 
research, Random Forest Regression is applied for predicting short-term asset prices. 

3.2.2. Daily Closing Price Predictions 

Figure 5 depicts the overall outline of our prediction system. For more convincing clarification 
whether the sentiment features of the financial news shares correlation with the asset price, 
this work first completes the fitting and forecasting of time-series data on stock price data 
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without utilizing the sentiment data. The subsequent step consists of separate sentiment 
predictions. 

 
Figure 5. Shows the overall outline of our prediction system. 

 

The third step combines both market data analysis and sentiment forecasting, and 
subsequently draws comparisons for those forecasts. Hopefully a higher model performance 
will be displayed in the aggregated one. 

(1) Prediction from the Stock Market Data Analysis 

This work makes predictions on the daily closing price based on the daily highest and lowest 
price adopting the prominent Logistic Regression, Gaussian Naive Bayes and Random Forest 
Regression. MA5, AR and BR index are equally applied for predictions. AR and BR index is 
directly computed from the daily opening, highest, lowest, and closing prices of the stock in the 
last 26 days without the usage of sentiment data. 

(2) Prediction from the Sentiment Data 

To assess the impact of financial news analysis on the asset price forecast, use the positive, 
negative, and composite values in the VADER sentiment computation results as attributes for 
machine learning models trained to determine the prices of asset. This work evaluates the 
sentiments extracted from Reuters real time press-release filtered from the large set of stock 
news between May 18, 2017 and May 28, 2020. The negative, positive and compound scores 
along with the daily opening price have been applied for predicting the Daily Closing Price.  

(3) Combination of the Market Data Analysis and the Sentiment Prediction 

To aggregate both the separate market data analysis and financial news sentiment analytics for 
testifying whether the aggregated one displays more suitable model performance, this work 
used the positives, negatives and compounds included in the results of the VADER sentiment 
calculation, as well as the daily open, high and low price included in the stock analysis and Index 
for predicting the Closing Price. 

4. Results 

This work has identified various prediction methods as the data and algorithm applied in the 
prediction procedure. The well-known Naïve Bayes and Random Forest are utilized for stock 
market analysis, sentiment predictions, as well as the aggregated predictions. The fitting degree 
of logistic regression rate is considerably lower compare to the other two models because it is 
a logistic function and cannot predict continuous values. Work computed for each root Mean 
Square Error, a measure for determining the performance of a particular algorithm. The work 
has assessed the performance of prediction with Random Forest and Naïve Bayes as presented 
in tables 5, 6 and 7. 
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Table 5. Presents the results of MSE computations for Boeing Co. Datasets. 
Predictions Data Algorithm MSE 

Stock Market Data Analysis 

Daily Highest and Lowest Price 
Random Forest 19145.94771 

Naïve Bayes 9438.19608 

BRAR Index 
Random Forest 41193.95890 

Naïve Bayes 33394.19863 
MA5 Naïve Bayes 41674.45395 

Sentiment Sentiment Scores Random Forest 4635.09468 
Aggregated All Above Random Forest 542.07362 

 

Table 6. Presents the results of MSE calculations for Facebook Inc. Datasets. 
Predictions Data Algorithm MSE 

Stock Market Data Analysis 

Daily Highest and Lowest Price 
Random Forest 10965.11585 

Naïve Bayes 4025.43293 

BRAR Index 
Random Forest 72575.43949 

Naïve Bayes 59318.23567 
MA5 Naïve Bayes 29860.76687 

Sentiment Sentiment Scores Random Forest 7722.91975 
Aggregated All Above Random Forest 638.61783 

 

Table 7. Presents the results of MSE calculation for Apple Inc. 
Predictions Data Algorithm MSE 

Stock Market Data Analysis 

Daily Highest and Lowest Price 
Random Forest 180.22892 

Naïve Bayes 2659.40964 

BRAR Index 
Random Forest 50919.59748 

Naïve Bayes 55876.25876 
MA5 Naïve Bayes 12600.42424 

Sentiment Sentiment Scores Random Forest 2005.70122 
Aggregated All Above Random Forest 233.08805 

 

For stock market analysis, the precision level of prediction from Daily Highest and Lowest Price 
is unsatisfactory. The deficiencies of this prediction are as follows. The fitting method requires 
daily highest and lowest price which cannot be determined until the end of one day, thus the 
data can only reflect the recent situation. Moreover, it’s usually difficult to obtain the latest data. 

 

 
Figure 6. Shows the curve fitting using Daily Highest & Lowest Price for Boeing Co. Daily 

Closing Price predictions. This curve fitting is predicted through the application of Random 
Forest Regression. 

 

The closing price is fitted by using indicators including MA5, AR and BR.  
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Figure 7. Shows the curve fitting using BRAR Index for Boeing Co. Daily Closing Price 

prediction. This curve fitting is predicted through the application of the Random Forest 
Regression. 

 

The fitting degree appears low mainly due to the inefficiency of the index, implying this form of 
index is insufficient to indicate the rapid changes of the stock market.  Furthermore, a small 
error may cause a significantly different outcome in the prediction process and therefore 
destroy accuracy. 

As shown in the performance of the model, sentiment extracted from news articles is highly 
correlated with traders’ readiness for purchasing or selling, and thus sentiment affects the price 
of the asset. This work also showed that the degree of adjustment is more suitable when the 
deferred time is set to 0, 7 and 14 days. It can be surmised that sentiment extracted from 
financial news tend to be applied as a proxy for short-term asset price movement.  First, 
sentiment expressed in news may cause immediate action of the traders in an extremely brief 
period, for instance, in a single day.  Second, sentiment from news media influences the market 
movement in the subsequent weeks. Traders can consider a week to be a normal period of time 
to consider and not change their decisions. The sentiment prediction is dependable to certain 
extent, and the demand for stock data in this prediction is lower, which may enhance the time 
value of the prediction results. 

 

 
Figure 8. Depicts the curve fitting using Sentiment Scores for Boeing Co. Daily Closing Price 

prediction. This curve fitting is predicted through the application of the Random Forest 
Regression. 
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The aggregate method, which combines both market data analysis and sentiment prediction, 
displays more suitable performance of all the three models. It provides supportive evidence 
that stock market data and sentiment data separately are insufficient to illustrate the 
complexity of the stock market.  

 

 
Figure 9. Shows the curve fitting using Sentiment Scores along with the Daily Highest & 

Lowest Price and BRAR Index for Boeing Co. Daily Closing Price prediction. This curve fitting 
is predicted through the application of the Random Forest Regression. 

 

5. Conclusion 

This paper shows that a feasible approach of predicting short term asset price movement 
through the use of extracted sentiments from financial news is put forward. First, the financial 
news articles relevant for the study are already obtained from Kaggle.com. Then they have been 
subjected to analysis to extract sentiment around companies. To test efficient market 
hypothesis and clarify the reliability of sentiment data in prediction, the work draws 
comparison among predictions from stock market analysis, sentiment analysis, as well as a 
hybrid of both. By relating various indicators to stock prices and using MSE to measure the level 
of precision of stock price forecasts, the work shows that sentiment analysis increases the 
performance of the model and that the level of precision of the method forecast, which uses all 
the information gathered, has the highest satisfactory performance. It can be surmised that 
financial news sentiment proves to be effective for short-term stock price forecasting. 

The predictive model can subsequently be developed through the incorporation of more 
complex proxies and analysis techniques of machine learning or data mining. The future scope 
of this research tends to be varied. Feelings can be divided into diverse categories and the 
difference in predictive skills tends to be displayed. Furthermore, the sentiment around one 
business venture tends to affect another business venture over time. Utilizing the proposed 
method, several financial modeling and other modeling will be applied in automated trading 
strategies. 
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