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Abstract: The improvement of hardware performance and the rapid development of AI 
technology have brought the possibility of using machine learning and big data models to 
predict markets and stocks. However, some models that only consider past trend and data of 
a stock has met some limit when facing real-time events which may cause market sentiment 
fluctuations. This paper introduced a model, trying to take real-time news as a factor to predict 
the stock price of a stock. It uses keyword extraction and word frequency analysis to obtain 
the sentiment from the news, which innovatively match the sentiment of words with the rate 
of return of a specific stock and its frequency. And the model combines it with past stock data 
to predict the stock price. The result shows that for some emerging industry that are sensitive 
with the news, such as the Internet industry and electronic based company, the accuracy of 
the model that considering news has improved. For traditional industries, the accuracy 
improvement of this model is not obvious.  
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1. Introduction 

Market expectations and stock forecasting are research topics in economics and marketing studies. In 
the field of quantitative training, a good method for stock forecasting, will significantly reduce market 
uncertainty and bring benefits. By reviewing past research, it’s found that most work of stock 
predicting was usually based on fundamental analysis and technical analysis [1]. It’s pointed out that 
three aspects should be considered in fundamental analysis: analyzing macroeconomics indicators 
such as GDP (Gross Domestic Product) and CPI (Consumer Price Index), analyzing the whole 
industry of the stock and analyzing the financial status and its operations of a company [2]. Another 
research for fundamental analysis shows that by using the rate of return, the accuracy of classifying 
companies into “good” and “poor” can be improved to 74.6%, which greatly reduces uncertainty for 
investors and helps them make better stock forecasts and profit from them [3]. 

In recent year, the advancement of computer hardware and AI has made it possible to build stock 
models based on a significant amount of historical transaction data. When machine learning is applied, 
an important factor to evaluate the model is that whether various factors and related effects that affect 
stock prices can be accurately discovered and learned by the model [4]. Some classic learning models, 
such as logistic regression and support vector machine, can be well used for stock forecasting [5]. In 
recent years, with the development of deep learning, some LSTM models based on past data can 
predict indicators of stocks and their volatility with considerable accuracy [6]. For the more 
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unpredictable Chinese stock market, the model using LSTM algorithm can even improve the accuracy 
of the return forecast from 14.3% to 27.2% [7]. Other algorithm based on deep learning like MLP 
(Multilayer Perceptron), RNN (Recurrent Neural Networks) and CNN (Convolutional Neural 
Network) can also be applied in it, and research find that some algorithm like CNN, it is even possible 
to adapt the model to different stocks with some common inner factors and dynamics [8-9]. In short, 
stock forecasting by machine learning and using data from past has great potential. 

But in addition to a significant amount of historical data on stock, the stock price is frequently 
significantly influenced by what is happening in the real world. Here is a clear illustration. Figure 1 
shows the stock price of Nvidia spanning 30 April to 7 July in 2023 [10]. 

 
Figure 1: Graph of Nvidia stock price from 2023.4.30 –2023. 7.7. 

According to an article reported by Consumer News and Business Channel (CNBC) in May 25, 
the first-quoter report was released by Nvidia, and the revenue was far above the general estimate and 
the prediction [11]. At the same day, the company also released their new graphic chip for the needs 
of AI computing. Compared with previous products, the performance of the new chip has been greatly 
improved, which will adapt to the high calculation demands for building large model of AI in the 
future, such as Chat GPT. These events finally sent its stock soaring 24% on that day [11]. It’s an 
obvious example for how the real-time news and information affected the market sentiment, and 
finally make a big difference to the trend of the stock price. In other words, models only based on 
previews data often perform unwell when market sentiment fluctuates [9], and looking back at 
previous studies, there are few models to predict stock that can combine past stock data with 
sentiments from real-time news, and research on the impact of current events on stocks is limited. 
Based on these facts and observations, the motivation and method of this research can be determined. 

2. Dataset 

This article introduced a model build for predicting stocks, which considers real-time news as a factor 
of impacting the market and stock price.  The research introduced by this article is based on two 
dataset, “S&P 500 Stock Data” and “All the News” from Kaggle, they respectively contain various 
stock price and index, and news in the time series [12-13]. The model uses TF-IDF algorithm and 
word frequency to extract keywords from past news, calculate word sentiment based on stock return 
and finally predict stock prices based on sentiment contains in words from news [14]. 

For evaluating the result, another model with same hyper-parameter was used, which is trained 
with the news sentiment removed. Since there’s only 1 variable “news sentiment” in two training sets, 
by comparing the Mean Squared Error (MSE) of the two models, it can be judged whether the 
accuracy of the model improves after considering real-time news, and finally evaluate the 
performance of the model. 
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3. Methodologies 

3.1. Assumptions 

Using news for stock price forecasting, is essentially measures the sentiment embedded in the news 
and establishes a relationship between stock returns and sentiments in news for the corresponding 
period [15]. First, some assumptions were made to support this research and build this relationship.  

As 1.  The news in a period contains the information of sentiments that can influence the price of 
a stock on that period, the sentiment from each article can be measured as a value 𝑆. 

As 2.  𝑆 is proportional to the return rate of the stock on that period, a high value of 𝑆 represents 
the high expectation from the market that the stock price will go up. 

As 3.  The sentiment of an article 𝑎 𝑆! is influenced by some of the words 𝑤1,𝑤2,…, 𝑤& from all the 
words in article 𝑊!	independently. 

 '𝑤1,𝑤2,…, 𝑤&(	𝜖	𝑊! (1) 

 𝑆! = 𝑓(𝑤',𝑤(,…, 𝑤&) (2) 

These assumptions are based on experience that how news and information affected the market, 
and these do not violate the logic and even intuition of economics and marketing [16]. Sentiment 
information is not emotions in the human sense, like happy angry or sad, it’s positive or negative 
information to influence the price contained in news or articles. And it’s noticed that for As 3., the 
only feature considered for each word in an article is the word frequency, which does not consider 
the contextual relationship between words and text, so some information in the article will be lost. 
This method is also called “Bag of Words”, and it will significantly improve the efficiency of text 
processing and reduce time cost [16-17]. 

3.2. Word Distribution 

According to assumptions, sensitive articles and sentiment words are different for each stock. In other 
words, after an information was released, it may have a great impact on the price of some stocks, but 
it will not affect other stocks. So, for a stock model being established, we need to filter out its related 
words. 

From two datasets, stock yield data combined with news from a long period can be obtained. 
According to As 2., the news from a period with high or low stock return, may contains more positive 
or negative sentiment information than news from the period that the stock price is smooth. By sorting 
the stock return of groups of days, a data frame contains price fluctuations with “word bags” from 
news can be obtained as shown in Figure 2. 
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Figure 2: Graph of sorted data frame with stock return and news. 

In this data frame, the label “trend” is calculated by the formula of the percentage of stock return, 
which reflets the fluctuate of the price on that period, and the label “bag” contains all the word 
appeared in news from that period.  By sorting these bags and divided them into 3 types as shown in 
Figure 2, it can be deduced that a word bag in “Positive Bags” may contains more positive information 
than bags in “Neutral Bags”, and so as bags in “Negative Bags”. By this inference, and As 3., it’s 
obvious that the frequency of related words in “Positive Bags” and “Negative Bags”, are higher than 
the frequency in “Neutral Bags”. Figure 3 shows an example of distributions of keyword “apple” for 
Apple stock, compared with words “banana”, which not has a strong correlation with Apple stock. 

 
Figure 3: Graph of distributions of word “apple” and “banana” in 3 types of bags. 
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3.3. Word Filter 

The comparation method mentioned above is not rigorous, since different words may naturally have 
different frequency, and it’s meaningless for comparing the variance of distributions of different 
words. To measure how close the word related to the stock, a value ∆ for each word was established. 

 ∆) 	= 	
*+,-())!"#$%$&'0*+,-())(')*%$&'1(*+,-())('+%,*-
*+,-())!"#$%$&'	0	*+,-())(')*%$&'0*+,-())('+%,*-

 (3) 

The value ∆) measures the difference of the frequency of word 𝑤 in 3 types of bags and divided 
by their addition. In short, ∆) shows the variance of the distribution of word 𝑤, and compared with 
its general frequency. ∆ will remain at a low value when a neutral word is considered, which has a 
smooth distribution both in Positive, Negative and Neutral bags. However, this formula can also get 
some extreme value, these values are mostly generated by words with very low frequency, and only 
appears in 1 type of bags. Table 1 shows some typical words and their  ∆, when the model of Apple 
stock has been established. 

Table 1: Comparison table of ∆ of related words and non-related words. 

irrelated word ∆ Related word ∆ 
“and” 0.001 “aapl” 0.704 
“are” 0.017 “macbook” 0.323 

“they” 0.021 “iphone” 0.352 
“maché” -2 “apple” 0.217 

Obviously, the value ∆	of some words that are more relevant to Apple stock, compared with values 
of some neutral rare words, are not in the same order of magnitudes. By setting a range to the ∆ of 
words, words that has a stronger association with the stock can be chosen:  

 𝑅 = {	𝑤	|	∆) 	∈ [𝛼', 𝛼(]	} (4) 

𝑅 is a set of words that relevant to the stock, chosen by 7𝛼1, 𝛼28, which are the lower and upper 
bound to limit ∆). 

3.4. TF-IDF Algorithm 

Although 80% of the useless words filtered out from news, there’s also many words remained, which 
will also bring some noise to the model. Another algorithm called TF-IDF was used to get keywords 
from a word set.  
𝑡𝑓, the term frequency of a word 𝑤 in article 𝑎	is given by: 

 𝑡𝑓	) = 𝑓𝑟𝑒𝑞(𝑤)	! (5) 

𝑖𝑑𝑓,	the inverse document frequency of a word 𝑤 in a corpus 𝐶 with 𝑛	documents 𝐴	1…𝐴3 is given 
by: 

 𝐶4536!&37	) = {	𝐴	&	|	𝑤	 ∈ 	𝐴	&		, 𝐴	&	 	 ∈ 𝐶	} (6) 

 𝑛8 = 	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠	𝑖𝑛	𝐶4536!&37	) (7) 
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 𝑖𝑑𝑓	) = 	log	(	 3
	3.
	) (8) 

And the formula of calculating the 𝑡𝑓 − 𝑖𝑑𝑓 value for the word 𝑤 is shown as: 

 𝑡𝑓 − 𝑖𝑑𝑓	) =	
6*	/
&9*	/

 (9) 

This algorithm shows that based on a corpus, each word from a text has a 𝑡𝑓 − 𝑖𝑑𝑓 value, which 
measures the importance of the word in this text [18]. For words with low frequency in a text, the 
importance of it is low, and this also occurs when a word with high frequency in all of texts from the 
corpus, such as prepositions and conjunctions. In other word, some keywords from the text may have 
high 𝑡𝑓 − 𝑖𝑑𝑓 values. By calculating and sorting each 𝑡𝑓 − 𝑖𝑑𝑓 values of each word from each bag 
in news dataset, and keeps top 𝑛 words remained for each bag, a word set 𝐾	with keywords from 
original news dataset can be obtained. 

3.5. Word Dictionary 

Finally, when dealing with a news dataset with fluctuate data of a particular stock, with methods 
introduced before, a dictionary 𝐷 can be given by: 

 𝐷 = {	𝑤	|	𝑤 ∈ 	𝑉 ∩ 𝐾	} (10) 

It is believed that words in 𝐷 contains sentiment information, and the stock price is sensitive when 
news with some words in 𝐷 released. 

3.6. Calculate Sentiment 

According to As 2 & 3., it can be deduced that the sentiment of words in 𝐷, appears in news in a 
period, is proportional to the yield of the stock. For instance, the word “rise” may more likely appears 
in news from days which has a high stock reward. Based on this and data of the stock “trend”, the 
sentiment 𝑠) of word 𝑤 in 𝐷 can be established as: 

 𝑇 = {𝑡	'	,𝑡(	…𝑡3	} (11) 

 𝑠) = 	Σ	𝑇 (12) 

Where 𝑡	1	,𝑡2	, … 𝑡3	 is the stock “trend” which reflects the percentage of the stock return on a period, 
some of them are positive, some are negative. For all 𝑡 in set 𝑇, it is chosen from periods when the 
word 𝑤 appears in news. In short, 𝑠) can be seen as an average return from stock when 𝑤 appears. 
For positive words, the addition of values in 𝑇 might be high, compared with negative words, which 
may contain more negative value in 𝑇. Finally, words in 𝐷 is divided into “Positive” and “Negative” 
classes, by comparing 𝑠) with 0. To get sentiment value 𝑆 for an article 𝑎, a credible formula is given 
as: 

 𝑆	! =	
:5713,;
:5703,;

 (13) 

Where 𝑝𝑜𝑠 is the number of positive words appears in news, and 𝑛𝑒𝑔 is the number of negative 
words. Combined with two words classes in dictionary 𝐷, this simple formula is taken to assign 
sentiment values to news in dataset [19].  
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3.7. Model Training and Evaluation 

The model was trained by the Random Forest, which takes “Open”, “High”, “Low”, “Close”, 
“Volume” from stock data as features. To improve the accuracy, these features use the value of the 
past three days. Additionally, another feature 𝑆 contains the sentiment of real-time news is considered. 
The right part of Figure 4 shows how it was built. 

For evaluating the model, another model with same hyper-parameter can be build, which does not 
read 𝑆 and only takes features from previous stock data from training set. By predicting from the 
same test set, two Mean Squared Error (MSE) can be obtained. Figure 4 visually shows the process 
of evaluating the model.  

 
Figure 4: The process of building the model and model evaluation. 

Obviously, A formula for computing the percentage difference of two number	𝑥 and 𝑦 can be 
given as: 

 𝑑𝑖𝑓𝑓(%) = (<1=)
=

	× 	100% (14) 

This formula can be used to compare two MSE obtained from two models, and evaluating how 
well the accuracy has improved when real-time news is considered. A value 𝐼 was created to measure 
its improvement. 

 𝐼 = (>?@'1>?@()
>?@(

	× 	100% (15) 

It’s obvious that a positive value of 𝐼 represents the model performs better when news and real-
time information are considered. Similarly, a negative value means that the accuracy of the model 
drops, and the news considered is more like noise. 

4. Result and Discussion 

The result is shown as Table 2, which illustrates how MSE of the model reduced when sentiment of 
real-time news was considered in 6 stocks. 

Table 2: Stocks and its corresponding 𝐼	from model evaluation. 

Stock MSFT AAPL NVDA DE NUE DHI 
I +6.29% +4.07% +2.21% -4.78% -5.47% +0.72% 

6 stocks are selected, and the above method is used to build the model. Companies of first 3 stocks 
are Microsoft, Apple and Nvidia, and all of them are based on Internet and high-tech industry. The 
remaining 3 stocks are also representative, and the companies corresponding to them are John Deere, 
Nucor Corporation and D.R. Horton. These companies are leading companies in agriculture, steel and 
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iron, and real estate industries. In short, the results of these three stocks reflects the performance of 
this model in traditional industries. 

According to the blank, the result shows that for some technology-based company, the model 
improves the accuracy in some stage. Especially for Microsoft and Apple, when the two models use 
the same number of decision trees in their forest, the parameter 𝑆 helps the advanced model reduces 
its MSE by about 6% and 4% respectively. 

But this model is not suitable for all stocks. Based on results from representative stocks, it can be 
found that the accuracy reduced in agriculture industry and steel and iron industry. The feature 𝑆 is 
more like a noise for building the model in these industries, which finally leads to its poor 
performance. For DHI stock, which is a proxy for the real estate sector, the accuracy of models 
incorporating 𝑆 improved marginally. 

From this result, it can be inferred that when the news is considered as a factor, the accuracy of 
this model has improved in the stock prediction related to the high-tech industry. However, in 
traditional industry, the news sentiment is useless when a model is built. What’s more, this result also 
proves that for Internet companies and high-tech based companies, their stock prices may be more 
susceptible to real-time events, and more sensitive to positive or negative information contained in 
the news. Compared with it, traditional and basic industries are more stable in the face of market 
sentiment and expectation. Interestingly, in people’s common sense, the real estate industry is also 
sensitive to news, so the accuracy of the model has also been slightly improved, which is a little 
different from other industries. To explain the underperformance of traditional industry models, it 
may also be possible that the sentiment information affecting traditional industries is more hidden in 
the news and cannot be well perceived by this model. 

5. Conclusion and Reflection 

5.1. Summary 

In conclusion, when predicting stock price with sentiments from real-time news, this model improves 
the accuracy when predicting stocks based on Internet and high-tech industry, but it has a poor 
performance when the stock is based on the traditional industry. This result is consistent with the 
example given at the beginning of the article about Nvidia stock being affected by real-time news. 
This can also prove the importance of real-time information for technology and their development. 

At the same time, this can also prove that the stock prices of technology industries such as the 
Internet industry are more sensitive to real-time news, while for information and sentiment from news 
to affect traditional industries, they may more implicit, and have more complex dynamic, so in the 
end, it shows that the stock prices of these traditional industries, such as agriculture and steel, are not 
sensitive to news. 

5.2. Reflection 

In fact, it is just a simple attempt for predicting future stock price with real-time news. Combining 
MSE with absolute value of stocks, it can be said that this model does not bring a significant 
improvement in the accuracy of stock price prediction. For processing news, “Bag of Words” and 
TF-IDF algorithm it used will lose information based on the relationship between words, and some 
better NLP methods like Word2Vec or BERT can be used. Instead of building corpus for each stock, 
it can also use some classical and complete corpus. Finally, some subjective factors above like 
assumptions and formulas, and limited calculation capacity, may also leads bias and non-
generalizable conclusion. 
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