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Abstract

Stock market prediction is an active re-
search area. It can help investors eval-
uate the expected return on their in-
vestment and there is a great benefit
in automating this process. One of the
sources of information that can be used
for prediction is financial news which
covers various aspects of the market
and economic situation. The senti-
ment about the company in financial
news can be used as a predictor of its
stock price increase or decrease. In this
paper, we build a sentiment analysis
model and investigate whether there is
a correlation between historical news
sentiment classified by our model and
real stock price changes. A signifi-
cant correlation suggests using finan-
cial news sentiment as a factor in de-
termining trends for the stock market.

1 Introduction

The earliest function of the stock market dates
back to the Dutch East India Company in
the 1600s (Petram and others, 2011). With
the country heavily relying on ship trade (EH,
2023), merchants turned to citizens to acquire
more funding for their journeys in return for
sharing a portion of the profits. In the mod-
ern world, investors buy shares, or stocks,
from companies, essentially funding them in
exchange for a portion of their profits (Sincere
and others, 2014).

However, this process requires investors to
predict how successful a certain company will
be, and how much return they will be able to
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get for their investments in the form of prof-
its (Sincere and others, 2014). Because the
success of a company often relies on the pop-
ularity of their products, public opinion plays
an important role in this prediction (Mishev et
al., 2020). The basic premise is that as pop-
ularity grows, so does the stock value. Simi-
larly, if a company starts losing public interest,
the value of the stocks could start to decrease,
prompting the investors to sell their stocks to
profit from their initial buying price. Thus,
the trend in values is an additional factor for
investment decisions.

Such prediction can be performed intu-
itively, by following the news, discussions, and
trends in the current market prices. However,
one can also turn to statistics to follow the
trends in stock values. While there are rudi-
mentary ways of approaching this issue, such
as feature engineering (Pang et al., 2002; 7;
?), or lexicon-based approaches (Stone et al.,
1962; 7); it is also possible to do it with ma-
chine learning.

The practice of machine learning has spread
across our lives over the past decade. It has
found its use in genome studies (Yip et al.,
2013), in physical modeling (Willard et al.,
2020), in natural language processing (Olsson,
2009), in image processing (Sungheetha and
Sharma, 2021), and many other fields. With
its strong foundation in statistics and data
handling, it is no surprise that it has also found
its place in the analysis of economic practices
(Mishev et al., 2020).

(Mishev et al., 2020) have reviewed the use
of machine learning applications to analyze
news sentiments for future stock price pre-
diction. (Wang et al., 2015) employ Naive
Bayes, Decision Trees, and SVM models to
perform sentiment analysis on stock tweets.



Another study makes use of regression mod-
els and various feature extraction methods on
news (Atzeni et al., 2017).

As such, a use of machine learning relevant
to our project is its application in natural lan-
guage processing. While language is difficult
to define without reduction, one can think of
it as a way for humans to store, exchange, and
transfer information as it is a crucial factor in
these functions (Buckley et al., 2005). Today,
with the increasing popularity of the internet
(Hoffman et al., 2004), there is a vast amount
of textual data of people engaging in opinion
sharing. Considering this, automated methods
of collecting and analyzing this data could be
helpful for gaining insight into public opinion
and human-related events.

One way of assessing public opinion on a
topic is the use of sentiment analysis. Senti-
ment analysis, also sometimes called opinion
mining (Nanli et al., 2012), can be treated
as a supervised classification task. In the
most basic sense, the model is first trained
with data that is annotated with positive,
negative, or neutral labels, then, this model
can be used to label unseen data with the
same sentiments. (Chakraborty et al., 2022)
have employed classical machine learning algo-
rithms such as Naive Bayes (NB) (Hand and
Yu, 2001), Support Vector Machine (SVM)
(Cortes and Vapnik, 1995), Adaboost (Freund
et al., 1999), Decision Trees (DT) (Quinlan,
1986), and Random Forest (RF) (Breiman,
2001) for sentiment analysis in their work.
(Ain et al., 2017) mention the use of K-Nearest
Neighbours (KNN) (Peterson, 2009) in their
models review. In more recent years, trans-
formers such as BERT (Devlin et al., 2018)
have been adopted for the task (Habimana et
al., 2020), showing promising results.

This technology could be beneficial in the
context of trade. As discussed, stock prices
are influenced by public opinion (Mishev et al.,
2020); however, without this technology, in-
vestors have to follow trends based on their in-
tuition and conscious follow-through of news.
This takes considerable time and effort, fur-
thermore, intuition is prone to error and bias
(Kahneman and Tversky, 1977). Using senti-
ment analysis to gauge public opinion to pre-
dict stock market behavior could be a helpful

development to automate this process.
However, this idea would need to be tested.
There are many factors that can influence
stock market prices, such as order flow (Gerig,
2008), corporate policy-making, regulations,
and macroeconomic factors (Cutler et al.,
1988); public opinion and interest is only one
of them. In fact, (Cutler et al., 1988) argue
that news are not sufficient to explain share
price fluctuations. We aim to investigate the
extent to which public opinion correlates with
the changes in stock values by conducting sen-
timent analysis on news data and performing
correlation analysis between these expressed
sentiments and historical market prices.

2 Method

In this project, we train classical machine
learning models (as detailed in Section 2.3.1)
and transformers (Section 2.3.2) with a labeled
dataset from the Huggingface Hub to classify
the sentiment of stock market news between
the years of 2008-2020. Next, to investigate
whether our proposal is a viable approach, we
look at the correlation between the detected
sentiments of the news articles and the real
stock price percentage increase or decrease on
the corresponding dates. That is, if the news
sentiment and the stock market behavior are
correlated, models which predict future stock
prices based on similar news data can be built.
We approach the problem in three steps:

1. We train classical machine learning mod-
els as a baseline on an available dataset
to classify our news data.

2. We fine-tune pre-trained language models
on the same available dataset to classify
our news data.

3. We test if there is a significant correlation
between news sentiments and stock price
changes.

2.1 Data

Our task requires three different sets of
data. To represent the public sentiment of
the market, we use the US Equities News
Dataset! (USEN) which serves as an archive

Thttps://www.kaggle.com/datasets/gennadiyr /us-
equities-news-data?resource=download



of NYSE/NASDAQ stock exchange news be-
tween the years of 2008 and 2020. To find
correlations between the classified sentiment
of a given time duration and the actual stock
prices, we use the Yahoo! Finance API? (yfi-
nance) to pull market price data for the same
years. We also use a separate labeled dataset,
titled Sentiment Analysis Data3, for training
and analyzing the performance of the senti-
ment analysis models.

2.1.1 US Equities News

The USEN dataset is collected from invest-
ing.com, a financial news website. The dataset
includes a ticker for each article to identify
particular stocks, the news title, the news
body, the date of the article, the attribution
to the author, a link to the article, and the
article ID as collected from the website. It is
important to note that we do not have time of
the day information about publishing.

We filtered the given dataset to select the
top 10 companies (10 unique tickers) by news
number. The dataset used consists of a to-
tal of 35,467 headlines between the dates
of 2008.12.19 and 2020.01.23 (2856 trading
days). For our purposes, we only use the
ticker, headline, news body, and the date in-
formation. An overview of the corresponding
number of news and number of days the com-
pany is mentioned in news can be viewed in
Table 1.

2.1.2 Yahoo Finance

To prepare the Yahoo Finance (YF) dataset,
we pull the relevant data from Yahoo Finance
using the open-source yfinance library. The fi-
nal dataset consists of 28,124 entries of open-
ing and closing prices, as well as the highest
and lowest values, for the dates and the tickers
that are available to us in the USEN dataset.
Table 1 shows the total number of days where
pricing information is available for each ticker.

https:/ /pypi.org/project/yfinance/
https:/ /huggingface.co/datasets/nick-
muchi/financial-classification

#News #Prices #Days
AAPL 6626 2856 1353
BAC 4621 2856 1762
BA 4028 2856 1235
GOOGL 3567 2856 1176
MSFT 3361 2856 1185
GS 3158 2856 1132
AMZN 2972 2856 984
TSLA 2553 2420 915
TGT 2401 2856 661
INTC 2180 2856 948

Table 1: USEN-YF dataset statistics. Total
number of News articles (#News), Number of
Days with stock price data available (#Prices)
and Number of Days with News articles avail-
able (#Days) for 10 Tickers.

2.1.3 Sentiment Analysis Data

Since the USEN dataset does not contain sen-
timent labels, we need a separate dataset for
training our sentiment analysis models. For
this purpose, we chose an available dataset as
close to the domain as possible. The Sen-
timent Analysis Data? combines the Finan-
cial Phrasebank® dataset from the Hugging-
face Hub and a Financial TextS dataset from
Kaggle. The data is already split into train
and test sets of 4551 and 506 samples respec-
tively. Each news item contains a positive (2),
neutral (1), or negative (0) label.

2.2 Evaluation

Given the news sentiments for a certain com-
pany calculated using our sentiment analysis
model on a certain day and the corresponding
percentage increase in stock price, we aim to
find the correlation between the two over the
course of almost 12 years of data.

Correlation between two variables is a sta-
tistical measure that indicates the extent to
which two or more variables fluctuate in rela-
tion to each other (Wigmore, 2020). A posi-
tive correlation shows that when one variable
increases, the other also increases, and vice
versa. A correlation is negative if the increase

“https:/ /huggingface.co/datasets/nick-
muchi/financial-classification

Shttps://huggingface.co/datasets/finan-
cial__phrasebank

Shttps://www.kaggle.com/datasets/per-
cyzheng/sentiment-classification-selflabel-dataset



in one variable is accompanied by a decrease
in the other.

Here, we will find the strength of the cor-
relation between our two variables i.e.
sentiment and stock price change. A positive
relationship is desired in order for being able
to predict the stock market changes using the
news sentiment. Treating our sentiment data
as categorical and continuous, we find two dif-
ferent correlation values which are further dis-
cussed in experiments.

news

2.3 Sentiment Analysis Model

Since USEN dataset has no sentiment labels,
we need to train a separate model for labeling.
For this purpose, we used the Financial Clas-
sification dataset mentioned before. We con-
sidered two approaches: ‘Classical’ Machine
Learning models as a baseline to be compared
to the performance of the advanced Trans-
formers Neural Networks, described below.
LinearSVM showed the best performance as
a baseline model, although the experimented
transformer models performed better.

2.3.1 Classical Models

To select a baseline model to experiment with,
we first performed a rough model search, train-
ing some widely-used models against some
popular vectorization methods. All models
were trained with 4-fold cross-validation and
fl-macro out-of-fold evaluation.

The experiments were carried out using the
scikit-learn (Pedregosa et al., 2011) library.
Initial searches were conducted using default
parameters. The following classifiers were
employed: Logistic Regression, SVM, Ran-
dom Forest, Gradient Boosting, Naive Bayes,
and K-Nearest Neighbors, in conjunction with
Count Vectorizer, Tf-Idf Vectorizer, and Hash-
ing Vectorizer.

As indicated in Table 2, the best model and
vectorizer combination was LinearSVM with
Tf-Idf vectorizer, which was also one of the
fastest models. As a result, this combination
was chosen as the baseline model for further
hyperparameter tuning in subsequent experi-
ments.

Linear Support Vector Machines (Linear
SVM) (Cortes and Vapnik, 1995) and Term
Frequency-Inverse Document Frequency (Tf-
Idf) vectorization (Jones, 1972) are two popu-

lar algorithms used in natural language pro-
cessing for the classification tasks.
SVM operates by finding a hyperplane that
maximizes the distance between samples of
two classes. Mathematically, given a feature
space of text representation, SVM finds the
weight vector, w, and bias term, b, that sat-
isfies the constraint w’z; + b > 1 for the
first class samples and wlz; +b < —1 for
the second. For multi-class setup we used
One-vs-Rest approach, where, a separate SVM
model is trained for each class against all
other classes. During prediction, each sepa-
rate model is used, and the class with the high-
est predicted probability is selected as the fi-
nal prediction. Tf-Idf vectorization represents
each sample as a vector of term frequencies,
weighted by the inverse of the term’s docu-
ment frequency, so that terms that appear fre-
quently in many documents are given a lower
weight than terms that appear infrequently.
Mathematically, Tf-Idf for a term ¢ in docu-
ment d is given by T'f(t,d) x log(dfi(t)), where
Tf(t,d) is the term frequency of t in d, N is the
number of documents, and df () is the number
of documents that contain the term ¢.

Linear

Next, we optimized the hyperparameters
of the selected model. This was achieved
through the use of two libraries, BAYESIAN-
OPTIMIZATION (Fernando Nogueira, 2017) and
HYPEROPT (Bergstra et al., 2013), which em-
ploy two common approaches to hyperparame-
ter optimization. The first library implements
classical Bayesian Global Optimization with
Gaussian Processes (BGO-GP), as outlined in
(Schweidtmann et al., 2020). It combines the
strengths of Bayesian optimization and Gaus-
sian process regression. The algorithm uses
a Gaussian process model to approximate the
unknown function, where the prior distribu-
tion is updated with each new sample point,
resulting in a posterior distribution that pro-
vides a probabilistic estimate of the function.
The algorithm then uses an acquisition func-
tion to choose the next sample maximizing
the probability of finding the global optimum.
The second one uses Tree of Parzen Estima-
tors (TPE) algorithm (Bergstra et al., 2011)
- a Bayesian Optimization algorithm utilizing
decision trees. In the first step, it estimates the
underlying probability density function (pdf)



Count Tf-Idf Hash FastText
LogReg 0.688 0.638 0.622 0.444
SVM 0.590 0.603 0.598 0.620
LinearSVM 0.676 0.691 0.688 0.572
RandomForest 0.605  0.598 0.529 0.477
GradientBoosting 0.662  0.646 0.656 0.587
NaiveBayes 0.627  0.415  (not applicable)  (not applicable)
K-Neighbors 0.453  0.583 0.539 0.558

Table 2: 7 classical ML models against 4 popular vectorizers trained using default parameters
and basic preprocessing. Out-of-Fold fl-macro scores for 4-folds Cross Validation are reported.

Bold font indicates the best result.

Model Trials fl-macro
BAYESIAN 128 0.737
HyPEROPT 64 0.729

Table 3: Hyperparameters Optimization of the
Tf-Idf vectorizer with Linear SVM models us-
ing two different searching methods: Global
Bayesian Optimization and Tree Parzen Esti-
mator. The fl-macro scores on the test set are
reported. Bold font indicates the best result.

using Parzen Estimators method. Then, a de-
cision tree is built to split the search space
into regions with different levels of expected
improvement. At each iteration, the algo-
rithm samples a new point from the highest-
improvement region to update the model.

The models were trained and tuned with 4-
folds cross-validation on the train data. The
2 corresponding optimization methods result
are available in Table 3. The best model was
found using the Bayesian optimization library,
achieving an fl-macro score of 0.737 on the
test set.

2.3.2 Transformers
We used language models that are trained
based on the transformer architecture

(Vaswani et al., 2017). The Transformer
model is a State of the Art deep learning
architecture for natural language processing
(suitable for a wide range of tasks).
Transformers has an Encoder-Decoder ar-
chitecture, the encoder consists of multiple en-
coding layers that are fed the input to process
it consecutively to extract contextual informa-
tion and then outputs the extracted features

encodings. This output is then fed into the
decoder that consists of multiple decoder lay-
ers and gets processed using the contextual in-
formation to generate output sequence. This
architecture employs a self-attention mecha-
nism in each encoder and decoder layer. The
self-attention mechanism calculates a weighted
sum of all layer inputs generating each in-
put representation. Then these representa-
tions are passed through a feedforward neu-
ral network. The model is trained using
maximum likelihood estimation with a cross-
entropy loss function. This architecture allows
the model to capture long-range dependencies
and context-dependent representations of the
input tokens. Also, the Transformer models
are quite efficient, due to efficient parallel com-
putation. All this made it possible to create
large Language Models having a good ‘mem-
ory’, which are trained on large corpora of
texts, and later require only small finetuning
for a particular task.

We conducted experiments on some of the
state of the art language models:

o BERT (Devlin et al., 2018) - one of the
first Language Models based on a bidirec-
tional Transformer training. The model
was trained on Next Sentence Predic-
tion (NSP) and Masked Language Mod-
eling (MLM) tasks using 16 GB of text
data. Using Masked Language Model-
ing (MLM), 15% of each words sequence
fed into the model is replaced with the
[MASK] token, then based on the con-
text represented by the other non-masked
words the model attempts to predict the
masked words. In Next Sentence Pre-



Base Model Model on HF Params fl-macro
bert-base-uncased ML-ns-bert-base-uncased 109M 0.852
roberta-base ML-ns-roberta-base 124M 0.875
finbert ML-ns-finbert 124M 0.880
twitter-roberta-base-sentiment MUL-ns-twitter-roberta-base-sentiment 124M 0.885

Table 4: Fine-tuning Language Models. The first column shows the model being fine-tuned.The
second column shows the name of fine-tuned model uploaded to HuggingFace under sara-
nabhani/{Model on HF}. The third column shows the number of model parameters. Models
trained for 4 epochs with a learning rate of 5e-6 and weight decay of 0.01 and a batch size of
32. The fl-macro scores on the test set are reported. Bold font indicates the best result.

diction (NSP) training, the model is fed
pairs of sentences and attempts to predict
whether the second sentence in each pair
is a subsequent to the first sentence. The
model training aims at minimizing the
combined loss of Next Sentence Predic-
tion (NSP) and Masked Language Mod-
eling (MLM).

o RoBERTa (Liu et al., 2019) - a robustly
optimized version of BERT. Trained for a
longer time on larger batches and learn-
ing rate on the Masked Language Model-
ing, however, with the objective of Next
Sequence Prediction removed. This has
resulted in a better performance on the
Masked Language Modeling task as com-
pared to that of BERT. In addition,
it achieved high improvement on down-
stream tasks performance.

o FinBert (Liu et al., 2021) - a BERT base
model that was trained on a large finan-
cial corpus and fine-tuned for financial
sentiment classification.

e Twitter-roBERTa-base for Sentiment
Analysis (Barbieri et al., 2020) - a
RoBERTa base model that was trained
on bH8M tweets and fine-tuned for
sentiment analysis task as part of cre-
ating a wunified evaluation framework

TWEETEVAL.

We further trained the above-listed models
on our Sentiment Analysis data and fine-tuned
them to do the news sentiment classification
task.

All of the experimented models performed
well on the test data, with fl-macro score

greater than 0.85. The fl-macro scores per
model are available in Table 4. FinBert was
trained on a financial corpus and Twitter-
roBERTa-base models was trained and fine-
tuned to do sentiment analysis task, as a re-
sult they performed better than BERT and
RoBERTa. However, the highest score was
achieved by the Twitter-roBERTa-base model
with 0.885 fl-macro score. Thus, it is the one
we used to predict the sentiment of the US
Equities News data.

2.4 Experiments

Correlation tells us about the association be-
tween the two variables. The two variables
here are the sentiment of news articles and the
percentage change in the stock price on the
day. For each ticker, we only consider days
where we have both news data and stock price
data available and merge the two.

After we have trained a suitable model for
sentiment analysis, we use this model to an-
notate our US Equities news data with senti-
ments for 10 tickers. We use both the headline
of the news and the content to predict a single
sentiment value for the news i.e. either ‘pos-
itive’, ‘negative’, or ‘neutral’. It is important
to note that on a single day, a single company
can have multiple news articles hence multiple
sentiment values. To find a single sentiment
value for a certain day, we encode our senti-
ments as 0 for ‘neutral’; 1 for ‘positive’, and -1
for ‘negative’. Then, we take the mean across
all news for a single day and a single com-
pany. For example, if a company has 4 news
articles in a single day with sentiment scores
encoded as-1, 1, 0, and 1 the mean will be 0.25
which is slightly positive as we have two pos-
itive news articles. So the mean for each day



will be a value between -1 and 1 always with
all positive news articles being 1 and all nega-
tive news articles being -1. We can treat this
as a continuous variable representing the sen-
timent. We also created a categorical variable
using this mean score where anything above 0
gets a positive class, 0 is neutral, and below
zero is negative.

For the stock price changes, we use two ap-
proaches to calculate the percentage change
(increase or decrease). For a single day, firstly
we calculate the percentage change of the clos-
ing price of the day from the opening price of
the same day. Secondly, we calculate the per-
centage change of the high price from the high
price of the same company from the previous
day. The closing price of one day is not the
same as the starting price of the next day and
both approaches make sense. This is a contin-
uous variable.

2.4.1 Spearman’s Rho Correlation

In order to find the correlation between said
variables, we start by considering the senti-
ment mean as a continuous variable. The
method we will use here is Spearman’s Rho
correlation (Bhat, 2023). The difference be-
tween Pearson’s R and Spearman’s Rho is that
Pearson’s R looks for a linear relationship be-
tween the two variables with a specific slope
(rate of increase). In turn, Spearman’s Rho
looks for any monotonic relation. Since we do
not expect a constant rate of increase, we go
with Spearman’s correlation latter. The for-
mula is the following:

63 d?

1 =%
P n(n? —1)

where d is the pairwise distances of the
ranks of the variables and n is the number of
samples. For each of the 10 tickers, we find
Spearman’s Rho coefficient for the entire data.

A positive or negative (non-zero) Spear-
man’s Correlation would suggest that there
is a correlation between sentiment score and
daily stock price increase.

2.4.2 Kruskal-Wallis Test

The other method we used for checking cor-
relation is Kruskal-Wallis Test (or one-way
ANOVA on ranks or non-parametric ANOVA)
(Kruskal and Wallis, 1952). This method is

used to test if there is a significant difference
between the stock price changes among pos-
itive, negative, and neutral sentiments. The
sentiment here is the categorical variable we
created. This test is a non-parametric alterna-
tive to the one-way ANOVA test and is suit-
able when the data does not follow a normal
distribution for each category which after in-
spection turned out to be the case with our
data. The Kruskal-Wallis test statistic is cal-
culated using the following formula:

12 & n+1.,
H=—— iRi_
n(n+1);n( 2 )

where k is the number of groups, n is the
number of samples, n; is the number of sam-
ples in group i, and R; = the sum of the ranks
for group 1.

A significant result from the Kruskal-Wallis
test would suggest that there are differences in
the mean values of the daily stock price per-
centage change among negative, neutral, and
positive groups.

The results from Spearman’s Rho correla-
tion and the Kruskal-Wallis test will be dis-
cussed and interpreted in the next section to
determine the correlation between the senti-
ment scores and stock price changes.

3 Results

We conducted experiments using two ap-
proaches of stock price change calculation: the
changes between the Opening and the Closing
price (In-Day) and between the High price of
the current day and the previous day (With-
Prev). Each of these is calculated as a per-
centage. These values are compared to 1) the
mean sentiment of each day (if there are sev-
eral news, their sentiment labels are averaged).
The calculated final sentiments will take val-
ues [—1;+1], with -1 as purely negative, 0 as
neutral, and +1 purely positive 2) the categor-
ical variable created from mean sentiment with
anything above 0 being positive, 0 being neu-
tral and anything below zero being negative.
Each of the Tickers was considered indepen-
dently.

The results of the Spearman’s Rho corre-
lation and the Kruskal-Wallis test are shown
in Table 5 and Table 6 respectively. The



In-Day With-Prev

AAPL 0.134 0.218
AMZN 0.102 0.161
BA 0.070 0.124
BAC 0.125 0.283
GOOGL 0.064 0.095
GS 0.022 0.151
INTC 0.145 0.257
MSFT 0.156 0.196
TGT 0.012 0.108
TSLA 0.074 0.183
Table 5: Spearman’s correlation between

mean daily sentiment label (-1 negative, 0 neu-
tral, +1 positive) and stock price changes in
percentage. The increase is measured between
the open and close price of the same day (In-
Day) or the current and previous day’s highest
price (With-Prev).

Spearman’s Rho coefficient ranges from 0.012
to 0.283, indicating a weak, but stably posi-
tive correlation between the sentiment means
and stock price change. An interesting thing
to note is that the correlation is consistently
higher when we consider With-Prev stock
price changes as compared to In-Day price
changes.

Similarly, the Kruskal-Wallis test shows a
significant difference in stock price changes
across the sentiment groups (p<0.001) for the
majority of the tickers, particularly for the
With-Prev stock price change. This suggests
that there is a significant association between
news sentiment on a day and the stock price
change on the same day.

At the same time, we can see that 2 tickers
GOOGL and TGT are seemingly less corre-
lated with the news sentiment when consid-
ering Spearman’s Rho. Similarly, for these
stocks, the hypothesis of the dependence of
the mean stock price change on the news sen-
timent is not rejected, suggesting that there
is no significant difference among sentiment
groups.

4 Conclusion

The stock market is subject to fluctuations due
to diverce factors such as company growth,

In-Day With-Prev

AAPL <0.001 <0.001
AMZN 0.001 <0.001
BA 0.017 <0.001
BAC <0.001 <0.001
GOOGL 0.180 0.005

GS 0.505 <0.001
INTC <0.001 <0.001
MSFT <0.001 <0.001
TGT 0.964 0.013

TSLA 0.019 <0.001

Table 6: p-values of the Kruskal-Wallis Test
on mean stock value increase in percentage
between 3 groups: negative, neutral, positive
sentiment calculated from the mean sentiment
of the day. The increase is measured between
the open and close price (In-Day) or using the
current and previous day’s high price (With-
Prev). Italic font indicates a significant differ-
ence.

current events, social and political situations.
One aspect of these factors is the daily news
sentiment regarding a particular company. We
trained a transformer-based NLP model for
classifying the news about company into one
of three categories: positive, neutral, or nega-
tive. Using the average daily sentiment about
a company, we conducted a correlation analy-
sis between the sentiment and the stock price
changes. We found a significant correlation for
the majority of the tickers into consideration.
This implies that the tone of company news,
particularly its positive or negative connota-
tion, can serve as an additional predictor in
the stock price changes forecasting.
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