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Abstract: The combination of the processes of widespread digitalization and globalization of the
world economy has led to a significant expansion of the global information environment. The modern
information environment is dynamically active, and changes in it are indicators of changes in the
material world. This specificity can be used for investment analysis purposes. However, at the
time of this research, a universal methodology for analyzing the information environment has not
yet been formed. The purpose of this study is to develop tools for quantifying the information
environment and testing them as investment predictors. The key result of this study is a stock
price forecasting model based on information environment quantifiers and its critical analysis. The
results obtained will be useful both for investors of different skill levels and for researchers of the
information environment.
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1. Introduction

The number of Russian investors is expected to multiply soon. The reason for this
assumption is that due to the economic downturn in 2020 caused by the COVID-19 pan-
demic, the Central Bank reduced its key rate, which also means lower interest on bank
deposits (in 2020). In addition, bank deposit tax was introduced on 1 January 2021, which
significantly influenced the investors’ desire to move to the stock market, shifting a signif-
icant share of capital from banks to the stock market, which has an additional benefit of
being able to use tax benefits through an individual investment account. It is important to
note that over 4.2 million Russian investors have opened brokerage accounts since 2020.
This trend has led to increased investor interest in investing in the most profitable and least
risky assets as popular and in-demand income sources. This is why the need to develop
new tools for determining the profitability and riskiness of investing in assets, as well as
for forecasting changes in the main indicators in the stock markets, has increased.

Thus, this topic is drawing people’s attention, which leads to the need to consider
various factors affecting a company’s stock prices. This paper considers the possible
influences of social media and analyses certain words and statements in them that can
influence stock prices (and, consequently, their profitability). It goes without saying that the
internet does not show influence on stock markets. It is necessary to consider the behavior
of investors in the market; said behavior indicates their potential reactions to different
situations, such as panic selling, holding, or buying more when a stock’s price is crashing.
However, the fall or rise of securities prices is not the only characteristic indicator for an
investors’ actions. They are significantly influenced by data streams, such as mass media,
communication with other traders, and insider information leakage, etc. It is important to
understand what kind of “news” prompts investors to do this or that in the stock market,
which is the main focus of this research. Investor behavior and the existing methods of
their analysis are presented in the literature review.
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Thus, it can be assumed that a companies’ prices change in different directions over a
certain period, and these changes are caused by a number of factors (Ho and Huang 2021).
The development of information channels and the growing number of non-professional
investors make it necessary to study the impact of the investors’ behavior expressed in
quantitative characteristics on stock prices. In other words, a sudden increase in the number
of people who want to invest in stocks but cannot do it independently and professionally
due to lack of experience and sufficient knowledge in this area; the emergence of numerous
websites and social media where both professional and non-professional investors can
share their opinions; and news sources publishing both reliable and unreliable information,
necessitates studying the impact of the investors’ behavior on stock prices in order to
evaluate whether a stock price change is justified or caused by falsified opinions and
news. Thus, investors, having unique personalities and psychological characteristics,
tend to react one way or another to stock market changes, and are an important element
influencing stocks prices (Liapis et al. 2021). Taking recent events into account, investors
are increasingly interested in alternative investment options, which require the skill of
analyzing stock market trends and predicting the most likely changes. Additionally, the
market is full of inexperienced inventors acting irrationally, which is why it is especially
important to understand the psychology of investors and anticipate their actions in response
to market events. Emotions and individual character traits can lead to significant losses and
market changes, which brings in the need to develop tools that would be able to forecast the
probability of stock quote changes (Sevumyan 2021). Besides, rational restrain artificially
induced price movements by following subjective estimations uninfluenced by websites,
but the discussion in social media provoking non-professional investors to act in one way
or another promotes strong movements of stock quotes, which cannot be corrected by the
behavior of rational investors (Xiong et al. 2020).

Despite this, most investors analyze market and company information before buying
stocks. Market information is available on social media as well as in the news, blogs, and
customer reviews of companies (Mndawe et al. 2022). Investors look at company profiles,
historical trading data, news, analysts’ opinions, financial reports, and other reports, to
determine which company’s stock value has increased or decreased (Bostan et al. 2020).
Manual analysis of this information is prone to error, so machine learning techniques are
used to find relationships between parameters (investor sentiment and stock prices) and
predict the future values of dependent variables (stock prices). Javed Awan et al. (2021) uses
various machine learning techniques to confirm that there is a significant and meaningful
relationship between stock prices and data published in information sources and to justify
the need to use machine learning techniques to analyze dependencies and predict stock
prices. Jiao et al. (2016), as well as Li et al. (2020), and Zhang et al. (2018), address
regression analysis and models where the independent variable is investor sentiment, and
the dependent variable is stock price. Regression analysis of many studies has shown
that a high determination coefficient provides a large percentage of the explanation of
price changes under the influence of the information environment, represented by investor
sentiment (messages, news). It is important to note that the mentioning of companies’
names and the use of certain words (tokens) and expressions also carry a certain message,
which is sure to be reflected in investor sentiment. In other words, the number of references
to certain companies, securities, and stock market events, is also related to stock price
movements that are in some way related to a company, or an event, etc. from the news.
Thus Jiao et al. (2016) determined that a high discussion volume in social media predicts
higher future volatility, and this relationship is statistically significant. It is important to
note that a high volume of social media discussion causes higher volatility than a high
volume of mass media discussion. However, it is not only the mentions of a company
that affects their future stock prices, but also mentions of related companies, events, or
shareholders; works using related words have more accurate results in determining the
impact of investor sentiment on stock prices (Li et al. 2017; Mendoza Urdiales et al. 2021).
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Li et al. (2020) delve into the effect of investors’ comments on stock prices using
long short-term memory (LSTM), the support vector machine method, and Bayes naive
model, and conclude that daily investor sentiment contains predictive information for
opening prices only, while hourly sentiment has the most accurate prediction for closing
prices. In addition, there is also the idea that the more news is published, the more active
the buying/selling of assets in the stock market is; however, it is also noted that buying
is more active. Studies that divide investor sentiment into positive and negative have
concluded that pessimistic investor sentiment affects quotes more than optimistic, and
companies with optimistic investor sentiment have significantly higher stock returns in
the current month than firms with pessimistic sentiment (Fang et al. 2021). In addition,
there are also papers confirming that the relationship between publications on investor
communication websites and average weekly stock returns mainly refers to periods when
investor communication was inactive, and that higher stock returns do not follow investor
sentiment (Xiong et al. 2020).

An important question is, who exactly has a significant and meaningful impact on
investor behavior and, consequently, stock prices? For example, some investors believe that
statements by opinion leaders have a strong influence on the masses, causing new trends
in the stock market, which provides the following factors that determine the strength of the
message: (1) the recipient’s factors (the recipient’s personality traits that characterize the
degree of exposure to social media); and (2) properties of technology (to the technological
differences of social media) (Vladimirovna and Quentin 2016). In continuation of the ques-
tion of who, or what, has a greater influence on investor behavior and stock prices, there is
an assumption validated using machine learning techniques that publications from users
with more subscribers have a greater influence on same day returns, while publications
from users with few subscribers have a greater influence on future returns (Sul et al. 2016).
Authors of other works are of the opinion that it is not necessary to give people false
information to induce them to perform a certain action or examine the authority of sources,
the number of their subscribers, as the same can be achieved by simply finding accomplices
who will consciously act in a way that objectively should not be acted upon. This idea
is illustrated by an example when a Telegram channel posted a news story saying that it
was now recommended to buy stock of Raspadskaya Coal Company, causing the stock
price to grow and reach the highest value in the last 8 years, even though there were no
justifiable reasons to buy this company’s stock, other than the positive information given
to the channel’s subscribers. Such artificial interventions in the stock market most often
occurred due to the saturation of the stock market in 2020–2021 with non-professional
investors who cannot distinguish between “genuine” information and manipulation, due
to their inexperience (Zvyagintseva and Ovchinnikova 2021).

An important note is that the existing methodologies for analyzing the impact of
the information environment (used in the works described above), in particular investor
sentiment on social media and on stock prices, are mostly similar; however, recently (in
2020 and 2021), published studies have improved the tools used due to the growing interest
in this topic (Oliveira et al. 2021).

Many of the papers collected primary data in one way or another. Thus, investor
websites, news resources, and social networks (Twitter) were analyzed. Comments, tweets,
and news, are often parsed automatically using the Python 3 programming language and a
number of libraries. Machine learning (ML), a field of computer science by which computer
systems can make sense of data in the same way that humans do, is used to analyze
data, most commonly for predicting stock prices. Simply put, ML is a type of artificial
intelligence that extracts patterns from raw data using an algorithm or method. The most
common programming languages used to create ML programs are R, Python, Scala, and
Julia (Machine Learning 2021). The works mentioned above used such ML methods as:
decision tree (classifying objects using questions about their attributes and their answers,
moving along “branches” from each branch until the last question is answered); random
forest (creating a “committee” of decision trees with different sets of attributes, forming
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different classes, with the results of each tree, and selecting the most likely class); and
clustering (grouping data items that have similar characteristics with statistical algorithms).

Figure 1 presents one possible model for collecting and analyzing social media data
for market forecasting in most studies, evaluating the impact of investor sentiment on
stock prices.
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Figure 1. Conceptual model describing the impact of investor sentiment on stock prices.

Deep learning is a ML method that trains a neural network to predict outcomes from
an input dataframe (a structure in which data is stored in a table). Advanced deep learning
models such as long short-term memory networks (LSTM) are capable of capturing patterns
in time series data, hence it is possible to apply them to predict future data trend (Predicting
Time Series with LSTM in Python 2021). Recent research introduces a deep learning
model called long short-term memory (LSTM) to make stock return and commodity price
predictions (Yurtsever 2021; Alkhatib et al. 2022; Sako et al. 2022).

Almost all of the analyzed studies use a naive Bayesian algorithm (a classification
algorithm based on Bayes theorem with the assumption of independence of attributes) to
analyze investor sentiment (Gamal et al. 2018). Messages, news, and tweets are classified
into three categories: negative (about a stock decline); positive (about a rise); and neutral
(no change). Negative and positive tweets are applied to construct a sentiment index at
some time interval, then the correlation of the index and stock price changes is calculated. In
some works, as shown by Limongi Limongi Concetto and Ravazzolo (2019), this algorithm
is applied to classify messages into three categories: buy; hold and sell or bull; neutral
and bear.

Apart from directly highlighting expressions about the expectation of a stock quotes’
decrease or increase in the message, it is also necessary to highlight their emotional compo-
nent. Thus, the tone of the message is investigated by means of intellectual text analysis.
However, some studies either do not consider the tone or are analyzed by special financial
analysts (only the content component is considered, without the emotional component).
To analyze the tone, the authors of some research articles used Opinion Finder (a system
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that processes documents and automatically identifies subjective sentences, measuring
positive and negative mood) and Google Profile of Mood States (an algorithm that measures
mood and classifies it into six parameters: happiness, kindness, alertness, sureness, vitality,
and calmness).

Thus, most works that consider the relationship between the content of investors’ text
messages and stock price movements contain similar tools for estimating these parameters
and predicting future trends (Mendoza-Urdiales et al. 2022). It is also important to note
that all the ways to assess the impact of investor sentiment on asset prices, in one way
or another, come down to collecting data on price movements, message, publication, and
tweet texts, then analyzing their emotional and content component. It is the parameters
of prices and the tone or frequency of mentioning words and their correlation with prices
that are the main components of all studies, including this paper. Tone is a textual category,
which reflects the author’s emotional attitude in achieving a specific communicative goal,
and their psychological position in relation to the text presented, as well as to the addressee
and the circumstances of communication (Alekseeva et al. 2011). Tone analysis is a field
of computer linguistics, which deals with the study of opinions and emotions in textual
documents. Its purpose is to find emotionally colored words and word combinations in a
text and relate them to particular tone classes. The number of tone classes for a particular
text is determined by the researcher applying tone analysis. Often, the task of binary
tone classification is considered, i.e., there are only two classes: “positive” and “negative”.
As stated above, in the message we can analyze the author’s emotion or the theme of
the text itself. Thus, breaking down the text into individual words and working with
them can also help in determining the relationship between investor sentiment, expressed
in the use of certain words, and stock prices. For example, a direct mentioning of the
word “decline” in a message in the investor chat may indicate a decline in stock prices,
because some non-professional investors, trusting the information source and not having
the skills to analyze the stock market events, may sell their stocks, which would actually
contribute to the decline of stock prices (Zhang et al. 2022). However, it is necessary to
perform pre-processing before analyzing the text. The following steps for this stage must
be highlighted:

• Tokenization is the splitting of sentences into words;
• Removal of unnecessary punctuation, tags;
• Removing stop words (frequently occurring words that do not have definite semantics);
• Stemming—words are reduced to the root by removing the inflection and unnecessary

characters, usually the suffix;
• Lemmatization is another approach to eliminate inflection by identifying parts of

speech and using a detailed language database. Classical ML approaches (“Naive
Bayes” or “Support Vector Machine”) are suitable for further work (Pak 2012).

2. Methodology

After the above steps, the text will be suitable for conversion into a numeric format to
continue the extraction of features (quantification of the resulting list of words). Further, it
is possible to compile different indices, calculate the frequency of the presence of particular
words, and their correlation with the movement of stock prices (Gayakwad et al. 2022).

Based on the parameters described above, the conceptual model of the theme can look
as follows (Figure 2):
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Figure 2. Conceptual model describing the impact of investor sentiment on stock prices.

Thus, the feasibility of examining different stocks influenced by the information envi-
ronment has been analyzed. A literature review of existing studies on the topic of investor
sentiment impact on stock prices has confirmed the interconnection and impact of profes-
sional and non-professional stock market participants’ messages on stock prices. Existing
techniques are based on machine learning methods that allow us to significantly simplify
the processing of information. That is why the quantification of the information environ-
ment, namely the numerical evaluation of the emotional component of the environment
participants and individual tokens (the content component) is considered as the basis for
studying impact in the conceptual model. Thus, the conceptual model is based on the
consideration of the influence of both positive, negative, and neutral components of the
information message, as well as the mention of individual words and their frequency, on
stock prices, which, in turn, ensure the investment attractiveness of the company/asset.

In order to assess the presence of the topics of events on the market and the frequency
of references to certain securities, it is necessary to represent these content-thematic com-
ponents by a token array. Consequently, in parallel with the tokenization of arrays of text
information describing the information environment of financial markets, it is necessary to
tokenize an array of text information describing actual events and the dynamics of changes
on financial markets.

Within a consolidated news stream, a separate news stream of financial market events
must be identified, from which news containing tokens describing the nature of those
events, and the attitude of the news source/investor to that event, must be identified.

In one coefficient—financial market topics presence coefficient—it is proposed to
identify such tokens as “stocks”, “bonds”, “futures”, and “currency”. The full range of
tokens should be determined with the help of an associative algorithm, the use of which
will provide the search of relationships (associations) with the main (presented above)
tokens, which will help provide the most complete and clear picture formed in the news
flow aggregate. Using a predefined list of tokens and the researcher’s imperfect human
knowledge will lead to distorted results, while using an associative series will fill the
“gaps” in the predefined list of tokens that describe only a part of the information that the
researcher is interested in. Thus, the tokens used in this coefficient describe: the presence
of financial market topics in the information environment of the news flow that allows us
to determine the “discussion volume” of the suggested topic at a given moment; and to
trace the dynamics of the coefficient change by comparing its values with the key financial
market indicators, in order to find out whether the correlation between the ratio movement
and the main financial market parameters is present. Coefficient interpretation can be
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represented as follows: at a certain point of time t the presence of financial market topic in
the information environment of the news flow amounts to the received share (percentage).

To analyze the tone of the information environment it is necessary to consider the tone
base coefficient, which characterizes the ratio of negative and positive tone. Its method
of calculation suggests the following interpretation of the received value: the received
value of the tone base coefficient reflects the ratio of negative and positive tokens at a
certain moment of time (Koukaras et al. 2022). If the coefficient is greater than 1, we can say
that negative judgments, opinions, and forecasts about the dynamics of events prevail in
the information environment of the financial market, expressed by news units (opinions
of experts and investors) at a certain point of time. If the co-efficient is less than 1, the
information flow reflects the predominance of tokens characterized by positive tone. The
consideration of the tone coefficient in dynamics provides a researcher with an opportunity
to make a conclusion about the direction of the emotional state of the participants and the
authors of the information flow, which allows for making appropriate conclusions about
the changes in the prices of financial instruments and, consequently, their volatility. The
more the tone base coefficient fluctuates for a period, the more investors can be confident
about the unstable situation in the securities market, and, consequently, the number of
speculators increases. Thus, the coefficient approaching a zero value over time is a kind
of signal for investors about a stable positive information environment, which allows for
reducing the risk of losses.

The next indicator evaluating the tone of the information environment is the negative
tone class dispersion. In a general case, the dispersion characterizes the mean value of
the square of the deviation of a random variable from the mean. Adapting the concept
of dispersion to the ongoing study, the author suggests the following understanding of
this indicator: the mean value of the squared deviation of the information environment’s
negative tone from the mean value for the period under consideration (Kanavos et al. 2022).
The larger the value of the negative tone class dispersion, the larger the possible change of
“negativity” of the information environment both towards the increase of negative tone,
and towards the decrease. The high values of this indicator widen the zone of uncertainty
in making investment decisions, and, accordingly, with the reduction of the negative class
dispersion values the investor can judge about the reduction of uncertainty in future values
of the main indicators of financial instruments, which reduces the possible risk of financial
losses. The calculation methodology implies the following interpretation of the obtained
results: the obtained value reflects the average square of the deviation of the negative tonal
component of the information environment from the average value for the period under
consideration (Chun and Jang 2022).

Thus, three coefficients will be considered, two of which characterize the tonal content
of the information environment and one coefficient, fundamentally describing the entire
content component: the tone base coefficient; the dispersion of negative tone class; and the
coefficient of financial market topics presence. The set of such coefficients developed by
the author, assuming meaningful results and their interpretation, is presented in Table 1.

The described coefficients require extracting news flow from the information envi-
ronment of the financial market and tokenizing and quantifying news arrays of natural
information that characterize the information space of a potential investor. Calculation of
coefficients specified in Table 1, information environment state analysis, and its tonal and
content components, allows for designing a universal automated algorithm of their stage
calculation, using programming language Python 3.

In the author’s opinion, to identify the basic conclusions in the financial market infor-
mation environment quantification, it is necessary to study large companies represented in
the global market, mentions of which are often found in the news, i.e., they are most clearly
represented in the information environment. Firstly, these are the companies whose shares
are “known” to most people and are particularly attractive to unqualified novice investors.
Secondly, these are companies that regularly make changes to their operations and products
and announce it on the Internet. Third, these companies are online marketplaces. Thus,
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to analyze the impact of the proposed information environment indicators on the main
parameters of the financial market, the largest international companies whose presence
in the information environment of the global financial market is estimated to be high,
were selected as an example—Tesla Inc., Apple Inc., and Amazon Inc. These companies
were chosen because of their significant representation in the information environment,
which will ensure that there are not many null values of the information environment
indicators chosen by the author of the study, due to their significant presence in news
streams. In addition, it is important to consider how the information environment affects
the dynamically developing company Tesla Inc., opinions on which are polarized; the
stable company Apple Inc., which is an IT giant with a huge capitalization and arouses
significant interest for investment among “newcomers” to the financial market; and the
largest marketplace and global e-commerce giant—Amazon. com Inc., which has particular
appeal for investors, had phenomenal stock price growth in 2020, and the future prospects
of which are being discussed by hundreds of experts in the financial market.

Table 1. Set of information environment quantifiers.

Factor Name Description Formula

Tone base
coefficient

Characterizes the ratio of negative tokens to positive tokens.
The calculation methodology assumes the following

interpretation of the obtained value: the obtained value of
the tone base coefficient reflects the share of negative tokens

in the positive ones at a certain moment of time. The
consideration of the coefficient’s dynamics provides the

researcher with an opportunity to make a conclusion about
the direction of the emotional state of participants and the

authors of the information flow, which allows making
appropriate conclusions about the changes in the prices of

financial instruments and, consequently, their volatility.

KTBi =
Tneg i
Tpos i

Tpos—optimistic market evaluation.
Tneg—pessimistic market evaluation.

Negative tone class
dispersion

Shows the mean value of the squared deviation of the
information environment’s negative tone from the mean
value for the period under consideration. The greater the

value of negative tone class dispersion, the greater the
possible change of “negativity” of information environment

both in the direction of negative tone increase, and in the
direction of decrease.

KD =
∑n

i=1(Tneg i−Tneg)
2

n
KD—negative tone class dispersion.

n—number of tokens analyzed
Tnegi—pessimistic market evaluation.

Tneg—mean pessimistic market evaluation.

Financial market
topics presence

coefficient

By calculating the share of “stocks”, “bonds”, “futures”,
“currency” tokens in the total aggregate of tokens

representing the news flow of the information environment,
it describes the presence of financial market topics in the

information environment of the news flow, which allows to
determine the “discussion volume” of the proposed topic at

a particular point in time, trace the dynamics of the ratio
change, comparing its values with the key financial market

indicators in order to identify the presence of correlation
between the ratio movement and key financial market

parameters. Interpretation of the coefficient can be
represented as follows: at a certain point of time t the
presence of financial market topic in the information

environment of the news flow is the received
ratio (percentage).

KFMi =
m(TFMi∩ Ti)

m(Ti)

KFM—share of tokens related to financial
markets topics in the news stream.

m(TFMi )—array of tokens related to financial
markets topics in the news stream.

m(T)—array of all tokens in the news stream.

Stock prices (in dollars) of these companies were collected from the American stock
exchange, Nasdaq, and their volatility was calculated for the period of 1 April 2020 to
31 August 2020 according to the Formula (1):

V =
Pmax − Pmin

Pmin
∗ 100% (1)
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where Pmax is the maximum share price in 1 day, USD, and Pmin is the minimum share price
for 1 day, USD.

The reason for choosing the period of 1 April 2020 to 31 August 2020 is the special
influence of information flow in the financial environment during the pandemic period,
when the stock market was flooded with private, unqualified investors, the information
environment was characterized by the creation of a huge number of investor chats, and
people decided to find new ways to earn money.

The analysis of influence of information environment on financial market parameters is
carried out by means of regression analysis with application of Excel program possibilities,
namely the package of analysis tools—data analysis. Table 2 presents a summary table of
indicators.

Table 2. Summary table of indicators.

Indicator Name Unit
Designation

Unit of
Measure Type Source

Tonal base coefficient KTB %/ratio exogenous Google News

Negative tone class
dispersion KD %/ratio exogenous Google News

Financial market topics
presence coefficient KFM %/ratio exogenous Google News

Share price YP $ endogenous Nasdaq

Share price volatility YV %/ratio endogenous Nasdaq

For regression analysis with the help of an automated information environment
quantification algorithm, we will calculate the values of quantifiers from Table 1, clean
the obtained values of the coefficients characterizing the information environment from
outliers, and delete the data on the days with zero values of the coefficients. The reliability
level chosen for the model is 90%. It is important to note that the information environment
affects the company stock prices with a lag of 1 day. Optimization of regression equations
allows us to draw the following conclusions:

1. In case of Tesla Inc. when excluding variables with p-level greater than 10%, in the
stock price dependence on information environment indicators F-criterion significance
was 42.4%, which is more than 10%, which means that dependence of financial market
parameters on information environment indicators is insignificant. In addition, the
determination coefficient in the same dependence is only 6.85% (less than 40%), which
does not meet the above constraints, and the approximation error is 35.55%, which is
much higher than the permissible value (15%). When optimizing the volatility equation
of Tesla Inc. stock price volatility, the determination coefficient is 23.48% and the
approximation error is 54.30%, which is significantly higher than the proposed constraint.

2. In case of Apple Inc. when excluding variables with p-level greater than 10%, in the
stock price dependence on information environment indicators the determination
coefficient was 16.55% (less than 40%), which does not satisfy the above restrictions,
and the approximation error was 15.63%, which is significantly greater than the
permissible value (15%). When optimizing the volatility equation of Apple Inc.
stock price volatility, the F-criterion significance was 24.19%, which is more than
the permissible value (10%) the coefficient of determination was 20.44% (less than
40%) and the approximation error was 35.06%, which is significantly higher than the
proposed constraint.

3. In case of Amazon Inc., when optimizing the volatility equation of the share price
volatility of Amazon Inc. the determination coefficient was 22.4% and the approxi-
mation error was 31.19%, which is significantly higher than the proposed constraint.
The regression analysis of the stock price of Amazon Inc. proved the feasibility of
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researching the effect of information environment indicators on the stock prices of
Amazon Inc.

3. Results

Thus, it was decided to exclude from further analysis the regression equations of
information environment indicators’ influence on stock prices and their volatility for Tesla
Inc. and Apple Inc. and the influence of information environment indicators on volatility
of Amazon Inc. stock. The following study evaluates the accuracy and plot analysis of
the theoretical and actual values, residuals of the regression equation of the impact of
information environment quantifiers on the stock price of Amazon Inc.

The results of regression analysis and optimization of regression equations by p-level,
namely, determination coefficient, F significance and error of approximation are presented
in Table 3.

Table 3. Results of regression analysis after optimization of regression equations by p-level, %.

The Company Dependent Variable F Significance R2 A

Tesla Inc.
Share price 42.40 6.85 35.55

Share price volatility 0.58 23.48 54.30

Apple Inc. Share price 4.13 16.55 15.63
Share price volatility 24.19 20.44 35.06

Amazon Inc.
Share price 0.54 49.24 8.56

Share price volatility 6.83 22.4 31.19

Table 4 presents an equation describing the influence of information environment
quantifiers on financial market indicators.

Table 4. Equation describing influence of information environment quantifiers on financial market
indicators.

The Independent Variables in the Equation Coefficient

Constant 1879.75

KTB
2 2012.29

KTB
3 −2382.43

KTB
4 733.46

KTB
5 −0.40

KD
2 443.76

KD
3 −116.54

KD
3 1.32

KFM
3 −2,286,999,084.24

KFM
4 268,452,154,575.78

KFM
5 −10,660,324,751,915.70

KFM
6 141,229,550,932,683.00

Resulting Equation

YP = −0.40∗KTB
5 + 733.46∗KTB

4 − 2382.43∗KTB
3 + 2012.29∗KTB

2 + 1.32∗KD
5

−116.54∗KD
3 + 443.76∗KD

2 + 141, 229, 550, 932, 683∗KD
−141, 229, 550, 932, 683∗KFM

6 − 10, 660, 324, 751, 916∗KFM
5

+268, 452, 154, 576∗KFM
4 − 2, 286, 999, 084∗KFM

3 + 1879.75

Figure 3 shows a chart comparing actual and theoretical stock prices of Amazon Inc.,
while Figure 4 shows a residual plot.
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When first viewing the chart, our attention undoubtedly stops at the fact that the
actual share price value of Amazon Inc. is almost always below the theoretical value
until 8 June 2020. Consequently, the past systematically points to a potential increase in
the dependent variable. Obviously, there are systemic factors that exert a near-constant
understatement of the actual value over the theoretical value (prior to 8 June 2020). In other
words, the proposed equation less accurately describes the dynamics of prices in the period
from 7 April 2020 to 8 June 2020, which is most likely due to the presence of other factors
influencing the price movement of the company.

From 7 April 2020 to 16 April 2020 there was a significant increase in the company’s
share price, which was provided by the increased demand for Amazon services, which
represent several segments: Amazon Inc.’s own online sales; offline product retailing;
services that Amazon provides to companies selling goods through its platform (logistics
and marketplaces); company products operating on the subscription model; and the
company’s cloud business, etc. In particular, the increase in demand is due to the lack of
free movement during the period of coronavirus infection and the popularity of online
services, which is the main focus of Amazon. However, the growth of its stocks is provided
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by the fact that in early April 2020 it announced that it was hiring 75 thousand new
employees (the day before it had already hired 100 thousand people to its distribution
centers) (Kirichenko 2020). This is a positive signal for investors because the extensive
development of the company manifested in the hiring of new employees, indicating the
expansion of the company, and therefore the success of its operations, and, accordingly, the
volume of Amazon stock trading increased, subsequently raising the stock prices.

From 16 April 2020 to 1 May 2020 there is a slight decrease in the company’s stock
prices. If at the beginning of the above-mentioned period some value of quotations is
provided by the equalization of private investors’ demand for stocks of Amazon, Meta,
Facebook, etc., since 27 April 2020, a significant decline is provided by the fact that Amazon
had reported last quarter sales of $75.5 billion, up 26 percent from a year earlier, beating
analysts’ expectations. Profits fell 29 percent to $2.5 billion, worse than expected, because it
cost more to meet increased consumer demand. Amazon CEO, Jeff Bezos, made it clear
that profits could continue to fall in the near future. Such news may have demotivated
investors to buy Amazon stock (Weise 2020).

Then, from 5 June 2020 to 29 June 2020, there was a relatively steady rise in the
company’s share price with a bounce on 11 June 2020, which could be explained by the
announcement of the news that Amazon would hold the first Singapore Seller Summit
to help local businesses take advantage of growth opportunities online. The free online
event was designed to bring together the local seller community and enable them to
develop strategies and skills to expand their business and attract more customers locally
and globally. This news undoubtedly ensured an influx of Singapore investors and an
increase in Amazon’s share price.

From 29 June 2020 till 27 August 2020 there were some growth spurts, and from the
end of July 2020 growth was already stable. The growth spurt of 7 July 2020 to 17 July
2020 was due to the continued growth of online sales and their popularity, which increased
the market capitalization of the company and led to an influx of investors. In addition,
in July 2020, Amazon’s upcoming entry into the Russian market became known (creation
of a joint cloud platform (MCS) with Mail.ru) (Smirnov 2020). This prompted investors
to buy the company’s shares, as the company was expected to grow after entering the
Russian market. Moreover, in June–July 2020, Netflix raised prices for its subscribers, while
failing to increase their number, which struck a blow to Netflix’s performance and provided
an influx of new users of the Amazon Prime service. However, according to experts, it
was also a negative signal for Amazon, as Netflix was among the five largest and most
successful U.S. technology companies along with Facebook, Amazon, Apple, and Google.
A drop in Netflix shares could signal to market participants to sell stocks of the other four
companies. Perhaps that is why there was a decline after a growth spurt (Tsegoev 2019).
Further growth was provided by the stable position of the company in the market and the
popularity of all sectors represented in Amazon.

Let us consider the graph in Figure 3 in more detail. A sufficiently large number of
structural breaks and outliers are observed. Thus, structural outliers (outliers of actual
values beyond the lower and upper limits of the permissible range) are observed on 7 April
2020 to 9 April 2020, 6 May 2020 to 8 May 2020, 13 May 2020, 29 May 2020, 29 June 2020,
10 July 2020, 16 July 2020 to 17 July 2020, 3 August 2020, 12 August 2020, 20 August 2020,
and 27 August 2020. Structural outliers at the beginning of April 2020 are due to the stock
market crash in March 2020 on the back of the coronavirus pandemic that began, and
political and economic relations that the model for the impact of information environment
indicators on financial market performance does not take into account. Further outliers are
also mainly caused by factors not considered by the author of this study. Structural outliers
account for 32% of all events considered. Thus, during the pandemic, many companies
adapted to the new realities of the world, and there was government intervention in the
economy (subsidies to businesses). Developments in the financial market, and the U.S.
market in particular, also influenced the behavior of unqualified investors (e.g., fear of
contagion, falling markets at the beginning of the pandemic prompted unwarranted buying
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and selling of company shares), which also created structural outliers. It is important to
note that in the first half of the period under consideration, actual values were mainly
below the values of the lower bound of the allowable interval, while in the second half
Amazon share prices predominantly exceeded the upper bound. This is evidenced by the
residual chart in Figure 4. This may indicate that during the first half of the period Amazon
stock was underpriced, while during the second half it was overpriced. Importantly, these
events are not so vividly represented in the information environment. Thus, in the first half,
undervalues (negative residue) were caused by the financial market crash and by investors’
caution in further purchases of securities, while in the second half the positive residue was
caused by the popularity of online sales, the development of cloud technologies, and in
Amazon’s support to many small and medium businesses to enter online sector, which
contributed to investing in the company due to increased confidence and expectations
of growth of quotes, as well as the publication of positive financial statements on the
expansion of operations, capitalization, and profit growth.

Besides, we should pay attention to the structural breaks that were observed in 45% of
the considered events. However, it is incorrect to compare changes of quote values and
their prefix (+/−) to outliers, as some information is lost in this analysis and the structural
breaks with outliers may give wrong results due to false prefix changes.

The model can be called optimal as it takes into account all the constraints and in 68%
of cases lies in the acceptable interval. The presence of heteroscedasticity in the residuals
suggests the presence of other factors affecting the formation of Amazon stock prices, which
does not contradict the author’s hypothesis. Obviously, the presence of systemic factors
distorts the indicators of the information environment on Amazon stock prices in the graph,
but compliance with the other criteria gives us an opportunity to trust this model with 90%
probability.

4. Discussion

As a result of the analysis of the influence of indicators characterizing the information
environment of the financial market on the main parameters of the financial market, and
establishing the basic criteria that ensure sufficient validity of the model and validity of
financial market parameters to a sufficient extent, it was determined that the obtained
regression equation is suitable by all criteria for explaining the share price movements only
in the case of Amazon. In the author’s opinion, this result is caused by a wide representation
of Amazon in the online sphere, as the main services offered by this company are based
on online sales. Amazon is not only a giant online marketplace, but also a global provider
of cloud computing and artificial intelligence services. The wide range of services offered
online ensures that the company’s discussion is ubiquitous. According to a survey of
Amazon customers by Cowen Bank, the coronavirus “has caused a significant increase in
the share of online shopping due to the closure of physical stores and the need for social
distancing”. This fact increased the volume of discussion of the company in question, as
various companies began to discuss the successes and mistakes of the company; also at this
time, the company itself actively published news about its activities.

At the same time, it is important to note that despite the fact that Apple was also
performing well in the market at that time, its discussion volume reached a significant
level of impact on its stock quotes. Although the company did publish important news
about the migration of Apple computers to Apple’s own Apple Silicon processors, and
the announcement of the release of iOS 14, this did not significantly affect the information
background around it. Apple is rather a steadily developing company that has gained
enormous popularity, which is unlikely to ever decrease its turnover on the market due to
the innovations introduced in its products and the high quality of the goods produced. The
discussion in the information environment is rather cyclical and is not subjected to different
opinions of unqualified investors, but it is developing due to the growing popularity of
Apple Music, iCloud, and Apple Pay services, due to the increase in the amount of time
spent at home and the need to develop contactless payment.
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As for Tesla, its rapid growth and quote changes are mainly driven by changes
in the automotive sector’s commodity base, the actions of Elon Musk (selling/buying
the company’s stock), and the “Tesla financial complex”—“a phenomenon that many
investors, whether those are passive index funds, traditional mutual funds, hedge funds
or simple retail investors, cannot fight, given the unique strength it now has in the stock
market” (Bekmagambetova 2020). Despite it having a fairly high discussion volume in the
information environment due to its rapid growth and significant presence in the global
stock market, the indicators characterizing the information environment of the company
cannot provide an explanation for the fluctuations of the stock forces, because they occur
under the influence of other factors mentioned above. In other words, fluctuations of the
financial market information environment around Tesla do not explain fluctuations of the
stock quotes, as they are mainly provided by the “Tesla financial complex”.

5. Conclusions

This article has shown how investment decisions are taken on the basis of the infor-
mation environment passing through the consciousness of the investor. In particular, it
was proved that tools allowing us to assess the properties of the information environment
in the context of the investor’s consciousness make it possible to predict the vector of
decisions he makes, as well as for larger market players, to influence market changes
through information environment management.

Based on the obtained results, presented in the form of parameters of the regression
model, a specialist can determine the most effective decisions regarding the acquisition
of assets in the market, guided by the results of the quantification of the sentiment of
the information environment. In addition, subjects that are to some extent capable of
influencing the information environment (news aggregators, information portals (e.g.,
online newspapers), as well as authorities regulating their activities) can also be guided by
the resulting model in making their management decisions.

In general, it can be concluded which companies can be subject to analysis using
the algorithm proposed by the authors for calculating the system of quantifiers of the
information environment of the financial market, and further regression analysis with
a sufficient level of reliability and determinacy. In the authors’ opinion, these are the
companies that, in addition to sufficient discussion in the news, have online sales of daily
and non-daily demand, and have a wide representation in the online sphere. These may
be the following segments: e-commerce, cloud computing, artificial intelligence, online
entertainment services, global online stores, and marketplaces.

The limitation of this study is that its results are based on the quantification of the
information environment, limited to a single source (Google News). Also, the limitation
of the study is that its results were obtained on the assets of companies widely presented
in the media. This fact determines the presence of a large amount of related news in the
information environment and a significant number of non-professional investors who are
guided to a greater extent, or exclusively, by the information environment when making
their own investment decisions.

As a prospect of this study, the authors can name the expansion of the list of analyzed
assets (companies), which will allow us to classify the results by industries and types of
activity, or other necessary classification criteria. This study can also be developed in the
direction of including a content component of the information environment analysis in
addition to the tonal one, as well as using more variable statistical tools (for example, neural
networks), which can both improve the quality of the current model and expand its scope.
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