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Introduction

The importance of social media has risen
significantly in recent years. The use of social
media results in a competitive advantage for
companies, thanks to which they can strengthen
their relationship with customers (Vendemia
2017; Nacimento & Silveria, 2017; Eger, Micik,
& Rehot, 2018). Social media can be defined as
on-line applications that allow people to share
information and learn from others (Wilson,
2010).

Companies are very active on social media.
They manage their profiles, invest in advertising
and communicate with customers. However,
only a small part of online communication about
the company is in the hands of the particular
company (Huete-Alcocer, 2017). A large
percentage of online posts about companies
is created directly by users and spread by
electronic word of mouth — eWOM (Brown et
al., 2007). Such content is referred to as user-
generated content. The advantages of user-
generated content are pointed out by Geurin
and Burch (2017) as well as by Marine-Roig and
Clavé (2015), according to whom this type of
content is more effective (it will result in a more
long-term relationship with customers) than
content created by the company itself. Users
mention companies in their posts, share them
and add various comments to them. These can
either be positive or negative (Yang, 2017).

Part of the communication between users
on social media is private (conducted through
messages between users), but part can be found
on public profiles. This type of communication
on social media provides us with enough data
to analyze and evaluate its significance for the
companies. Very few research studies have
pointed out the major advantages of such
data analyses (Li et al., 2017; Ruan, Durresi,
& Alfantoukh, 2018; Nguyen et al., 2015). The
subject of this research article is the analysis

of public posts on social media sites. The
primary objective of our analysis is to evaluate
the significance of posts on social media for
the largest joint-stock companies in the world.
In case of positive results, the research could
be extended on other joint-stock companies
that use social media.

The paper is organized as follows: first part
presents the existing work in the area, second
part presents our proposed methods to address
the research questions and third part shows the
results of our research. Finally, the conclusions
are given.

1. Literature Review
Social media have changed the model of
communication between companies and their
customers. Their arrival has resulted in an
increase in the importance of so-called buzz
marketing, which Hughes (2005) defines as
causing excitement among customers and the
media with the aim of customers and the media
spreading the original advertising message
themselves. Carl (2006) identifies with this view
and points out that buzz marketing utilizes the
decades-old concept of word of mouth (WOM).
One of the first definitions of WOM was
put forth by Katz and Lazarsfeld (1966), who
define this term as the exchange of marketing
information among consumers in such a way
that it influences their behavior and attitude
to products and services. Kotler and Keller
(2013) define WOM as the verbal spreading
of information about a particular product
among friends, family and colleagues. Litvin
et al. (2008) further state that it is important for
those who spread the message to be viewed
as independent of the company the message
is about. Consumers generally trust other
consumers more than the actual seller (Nieto
et al., 2014). The advertising message is not
spread solely by the company, but primarily
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by customers. The company only creates the
message and gives the initial impulse for its
spread. This way companies can significantly
reduce their advertising costs and invest more
in further developing their brand.

The basic pre-requisite for successful WOM
is trust (Nieto et al., 2014; Choi & Lee, 2017).
Nieto et al. (2014) also noticed that in recent
years people’s trust has increasingly spread to
the online environment. While in the past people
trusted most their loved ones, nowadays they
also trust posts by strangers on the Internet.
Drucker (1992) notes that trust is the basis of
all commercial transactions and relationships.
The measure of trust between individuals is
defined mainly by benevolence, ability and
integrity (Colquitt, Scott, & LePine, 2007;
Mayer, Davis, & Schoorman, 1995). Integrity is
defined as being fair, just and honoring one’s
promises (whether the person does what they
say they will do). Benevolence is understood
as willingness to help others. Ability refers to
one’s skills and competence. An important
pre-requisite for WOM is independence from
the given company, which gives the person
spreading the message credibility (Brown et
al., 2007; Lee & Youn, 2009). If the influencer is
affiliated with the given company, itis impossible
to expect integrity from them and the level of
trust is lower. Subsequently, the more we trust
the messenger, the greater the impact of WOM
on users.

The degree to which people trust various
types of content on social media is the
focus of the research study by Choi and Lee
(2017). They divide online content into that
generated by users and that created directly
by companies. They also differentiate between
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cognitive and affective (emotional) trust.
Affective trust is based mainly on the emotional
bond, while cognitive trust is based primarily on
one’s confidence in the ability and integrity of
another person. The research results indicate
that user-generated content has a higher share
of cognitive trust compared to content created
directly by companies. In terms of affective
trust, it is exactly the opposite.

WOM is considered to be one of the most
important factors in deciding on whether to
purchase a particular product (Daugherty
& Hoffman, 2014; Litvin et al., 2008). Also
companies themselves are aware of the
importance of WOM, and thus have to focus
more on building a good name for themselves
and creating quality products (Hussain et al.,
2017).

The maijor differences between word of
mouth on the Internet and in real life are noted
by Brown et al. (2007) and Huete-Alcocer
(2017). While in the real world the quality of
the message relayed is judged by the person
we received the message from, the quality of
messages on social media sites is influenced
by a number of factors (mainly the particular
website and other people in the community).
Word of mouth in the digital environment is
also for that reason referred to as eWOM. The
main differences between WOM and eWOM
according to Huete-Alcocer (2017) are shown
in Tab. 1. The low level of privacy in eWOM can
be utilized in analyzing how users speak about
a selected company on social media.

Yang (2017) points out the potential
disadvantages of eWOM for companies. In
the case of negative opinions being spread,
companies have no way of controlling the spread

Differences between WOM and eWOM

WOM

eWOM

The recipient knows the messenger

Anonymity between the messenger and

Credibility I, - the recipient of the information (negative
(positive effect on credibility). effect on credibility).
T . The information shared is not private — it
. The conversation is private, interpersonal . . )
Privacy comes in written form and can be viewed

and takes place in real time.

or shown to another person at any time.

Transfer speed
shared.

The message spreads slowly. Users must
be present when the information is being

The message spreads very quickly
among users.

Source: Huete-Alcocer, 2017
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of negative eWOM, which can significantly
reduce the company’s revenue. To reduce this
risk, it is advisable that companies create their
own website through which users can submit
their grievances (Huete-Alcocer, 2017).

1.1 The Effect of Using Social Media on

the Business
In literature, the effect of social media on
companies is most frequently evaluated from
two points of view — in terms of the impact
on the company’s financial indicators and in
terms of the effect on customer satisfaction or
shopping behavior.

The Effect on Financial Indicators

Li et al. (2017) examined the possibility of
predicting the development of a particular
company’s stock prices based on the sentiment
of posts about the given company on Twitter.
They determined the sentiment of 200 million
posts mentioning companies listed on US stock
markets. Using these data, they were able to
predict the future development of their stock
prices with 70 % accuracy.

The correlation between the sentiment
of Twitter posts and the development of the
stock prices of eight American companies was
examined by Ruan, Durresi and Alfantoukh
(2018). They examined a total of more than
150,000 posts. In addition to evaluating the
sentiment of each post, in their model they also
included the assessment of the post’s credibility
based on its author. Their research study shows
that the stock prices of the given companies
can be better predicted using these data.
It also shows that taking into consideration the
authors’ credibility improves the final results.

The sentiment of online posts about
selected companies listed on the stock market
was the subject of a study by Nguyen et al.
(2015). They found that stock prices can be
better predicted according to what people
say about the company on the Internet rather
than based on their past development. Similar
results were confirmed in a research study
by Oliveira et al. (2017), who claim that data
obtained from social media are very beneficial
in predicting stock prices mainly because they
are available in real time and their acquisition is
not very costly.

Using various financial indicators, the
impact of using social media on a company’s
performance is evaluated by Kim et al.

(2015), who conducted their research among
restaurants in the USA. The financial indicators
used for the purpose of the study included,
for example, ROA, assets and Tobin's Q. Of
the KPIs examined, ROA exhibited the lowest
correlation. Their research results indicate that
the successful use of social media goes hand in
hand with the size of the company, its turnover
and Tobin’s Q indicator, which evaluates the
company’s market value on the stock market.
A study by Kaushik (2017) contradicts these
conclusions and considers the effect of social
media on a company’s value as insignificant.
However, in Kaushik's research the use of
social media is evaluated based mainly on the
number of followers of the given profile and
the number of posts uploaded to these profiles
per month. However, unlike in other research
studies, Kaushik’s research did not take into
account the quality of the posts.

The importance of social media in the
British hotel industry is the focus of a research
study by Tajvidi and Karami (2017), who
gathered data from a total of 384 hotels (with
up to 250 employees). Their research results
indicate a positive and significant correlation
between the use of social media and the
company’s performance (in terms of growth and
profitability).

The Effect on Customer Satisfaction

and Shopping Behavior

The actual advantages of word of mouth are
pointed out by Duan et al. (2008). Based on
analyses of users’ shopping behavior, they
found that word of mouth affects people’s
shopping behavior and positive word of mouth
leads to higher sales. Nieto et al. (2014) show
that there is a direct link between positive
reviews and the company’s performance.
Companies that are praised by users on social
media have a higher turnover. The factors that
influence successful spreading among users
are the subject of a study by Wang et al. (2016),
who found that people most frequently share
messages that they can identify with and that
are innovative.

Customers’ relationships with companies
based on social media are evaluated by
Vendemia (2017), whose research proves that
well-managed communication with customers
on social media increases their willingness to
make a purchase from the particular company.
The utilization of social media is also positively
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evaluated by Yadav and Rahman (2017), who
examined the effect of the use of social media
in online shopping. Their research proves that
utilizing social media raises people’s awareness
of the brand, increases customer satisfaction
and the willingness to make a purchase from
the particular company. Similar results were
also reached by Godey et al. (2016), whose
research focused on customers of luxury
fashion brands (Dior, Gucci, Louis Vuitton, etc.).

Grizane and Jurgelane (2017) deal with an
evaluation of the impact of using social media.
In their study, they assess the impact of social
media use by the five largest restaurants in the
Latvian city of Jelgava. The impact is examined
primarily based on a questionnaire survey
conducted among the restaurants’ owners and
employees. The study proves the positive effect
of social media on the restaurants’ business.
The correlation between the level of satisfaction
among small shop owners in Thailand with their
business results and their use of social media
was worked out by Charoensukmongkol and
Sasatanun (2017). They found a significant
correlation between the two and confirmed that
using social media does have a positive effect
on the business. They also note that the effect
of using social media on the business depends
on the target customer group. Social media are
important mainly in industries that target people
who are very active on social media (e.g.,
young people). Broeck et al., 2018 are also in
agreement with this statement.

The impact of social media on small and
medium-sized businesses is evaluated using
in-depth interviews by Wang et al. (2016). In
their study, they focus mainly on communication
in the B2C sector and based on interviews
with employees they arrived at the conclusion
that social media improve the effectiveness
of communication (it is faster, there is higher
employee satisfaction, and the results achieved
are better).

Most research studies agree that social
media do have an impact on companies’
performance and play a significant role in
communication with customers. However,
very few studies deal directly with evaluating
the significance of social media posts
generated by users themselves. The studies
listed often do not differentiate between
user-generated content and that created by
companies themselves, although the majority
of the content posted to social media sites is
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generated by their users. A number of studies
also emphasize that user-generated content
has a much greater effect on shopping behavior
than content created by companies (Brown et
al., 2007; Lee & Youn, 2009). In this research
study we try to take a slightly different approach.
Instead of determining significance that social
media have on company’s performance, we
are trying discover whether social media can
reflect company’s performance. There are
many factors that effect changes of stock
prices, in this paper we examine whether these
changes are reflected on social media. If the
relationship between social media posts and
change in stock prices exists, one look at social
media would suffice to determine a company’s
performance.

2. Methodology
In the paper we will be focusing on user-
generated content posted to social media
and spread by eWOM. The objective of our
analysis is to evaluate the significance of
these posts for companies and shareholders in
terms of marketing communication. To achieve
this objective, given existing knowledge, the
following research questions were formulated:

1. Can eWOM serve as an indicator of
companies’ performance, measured in
terms of stock-value change?

2. How much of companies’ website traffic
is routed through eWOM on social media
sites?

3. Through which social media sites does
eWOM attract the most traffic to companies’
websites?

To address the above-mentioned research
question 1, the two hypotheses were developed
and tested in this study. The hypotheses were
formulated as follows:

H1: B2C companies with a higher share of
positive posts have a higher average difference
in stock prices than B2C companies with
a lower share of positive posts.

H2: B2B companies with a higher share of
positive posts have a higher average difference
in stock prices than B2B companies with
a lower share of positive posts.

To answer these three research questions,
we used a quantitative approach. The research
included 30 global companies, some of the
largest in the world. These global companies
are those associated with the US30 stock
market index (aka Dow Jones Industrial
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Average), which includes the largest and most
traded companies in the USA (SPIndices.com,
2019). This index was established as early as in
1896 (it included 12 companies at the time) and
is calculated as a price-weighted average (with
more weight assigned to stocks with a higher
price). For the purpose of this research, we
focused on the companies that are components
of the US30 stock market index. These are
successful companies that employ millions of
people.

For purposes of finding the answer to RQ1,
we have monitored differences in the stock
prices and share of positive posts compared
to negative ones over one year, i.e. April 1,
2018 — March 30, 2019. The period was divided
into 4 quartiles (Q2 2018, Q3 2018, Q4 2018,
Q1 2019). To answer RQ2 and RQ3, we have
monitored website traffic in the same period, i.
e. April 1, 2018 — March 30, 2019.

It's crucial for these companies to have
a good image, which ensures a money supply
from shareholders as well as the sale of their
products. Our research deals with social media
posts about these companies spread by users
of social media sites through eWOM and the
effect of social media on the traffic on these
companies’ websites. A total of 1,420,000
Facebook and Twitter posts about these
companies acquired from April 1, 2018 to
March 30, 2019 was examined. The posts were
downloaded using the Unamo.com (2019) tool.
Tab. 2 contains a list of the companies, including
the aforementioned indicators. For the purpose
of our analysis, we divided the companies
based on which segment they mostly operate
in — B2B or B2C. The analysis shows that the
companies’ results as well as the industries in
which they operate differ, thus capturing well
the market development.

21 Analyses Conducted
To answer the research questions, we will
conduct the following analyses:

Analysis 1) Can eWOM serve as an
indicator of companies’ performance, measured
in terms of stock-value change? To answer this
question, we will examine whether any changes
in the value of stocks are correlated with the
positive-to-negative posts ratio on social
media. We will determine whether companies
with falling stock prices have a higher share of
negative posts on social media sites, and on
the other hand, whether companies with rising

stock prices in the given period have a higher
share of positive posts.

The evaluation of the posts’ sentiment will
be done based on words appearing in them.
Based on this analysis, we will divide the posts
into two categories — positive and negative ones.
Posts containing ambiguous sentiments will
be eliminated from the analysis. The analysis
will be conducted using the machine learning
equipped tool Unamo.com (Coombs, 2018).
Using machine learning, the posts downloaded
via the API of individual social media will be
divided into positive and negative ones based
on words contained in them. The tool uses the
Naive Bayes classifier to carry out the analysis.
For each word in the post, its sentiment will
be evaluated based on a dictionary and
subsequently the conditioned probability of
either a positive or negative sentiment of the
post as a whole will be determined.

The sample of companies will be sorted
according to the share of positive posts to
negative ones and divided into two equally
large sets (given the number of companies).
The first set will contain half of the companies
that demonstrated a relatively higher share of
positive posts compared to negative ones on
social media. The other set will be comprised
of companies with a higher share of negative
posts compared to the first set. The first set will
thus include companies of which people speak
mostly positively on social media, while the
other set will be made up of companies of which
people speak mostly negatively (relatively
within the sample examined). For both sets of
companies, we will calculate the percentage
difference in their stock prices. Subsequently,
we will examine whether there is any significant
statistical difference in these values between
the two sets of companies.

To determine the statistical significance, we
will conduct the t-test (Sedlacik, 2016). First,
using the F-test, we will determine the equality of
variances (S) in both sets. We will establish the
zero hypothesis H,: s,>= s,? and the alternative
hypothesis H, : s,’#s,%. Subsequently, we will
establish the zero hypothesis H,:m, =m,
and the alternative hypothesis H, . m, > m,,
which expresses the fact that the first set of
companies with a higher share of positive
posts also has a higher average difference in
stock prices m, than second set of companies
m,. Using the t-test with test criterion (1) with
the equality of variances, where m denotes
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List of companies

Changes in the stock prices co?*:a:e?ift%o::i‘:tei\?:it:es
Company name | Segment (@2 2018 - Q1 2019) (%2 2018 - Qg1 2019)
Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1
3M B2B -10% 8% -11% 10% 79% 72% 64 % 70%
American Express B2C 5% 9% | -11% | 16% | 84% | 61% | 60% | 68%
Apple B2C 10% | 22% | -31% | 22% 79% 79% 62 % 74 %
Boeing B2B 2% 1M1% | -15% | 21% 71% 69 % 61% 59%
Caterpillar B2B -8% 12% | -18% 8% 78% 75% 77% 7%
Cisco B2B 0% 13% | -12% | 26% 76 % 31% 74% 75%
Coca-Cola B2C 1% 5% 2% -1% 78% 70% 79% 75%
Disney B2C 4% 12% -8% 3% 80% 80% 69 % 70%
DowDuPont Inc. B2B 3% 2% | -18% 1% 73% 58 % 55% 47 %
Exxon Mobil B2B 1% 3% | -20% | 19% 78% 88% 60 % 46 %
Goldman Sachs B2B -7% 4% | 27% | 18% 62 % 67 % 40% 53%
Home Depot B2C 9% 6% | -18% | 13% 78% 61% 60 % 68 %
Chevron B2B 1% -3% “1M1% | 13% 76 % 82% 72% 7%
IBM B2B 9% 8% | -25% | 25% 82% 79% 76 % 76 %
Intel B2C -5% -3% 3% | 15% 67 % 61% 65% 59%
Johnson & Johnson B2C 5% | 14% 8% | 10% 74 % 69 % 67 % 71%
JPMorgan Chase B2B -5% 8% | -14% 5% 75% 57% 51% 55%
McDonald's B2C 0% 7% 5% 8% 74 % 70% 73% 65%
Merck B2B 1% | 17% 6% | 10% 67 % 67 % 84 % 83%
Microsoft B2C 8% | 16% | -12% | 17% 74 % 75% 70% 74 %
Nike B2C 20% 6% | -13% | 15% 7% 79% 73% 84 %
Pfizer B2C 2% | 21% -3% -1% 65 % 75% 71% 55%
Procter & Gamble B2C 2% 7% 10% | 14% 65 % 71% 83% 82%
(T:’:r‘ﬁae;fes e B2B | -12% | 6% | 9% | 16% | 84% | 74% | 85% | 84%
gg;f:ologies B2C A% | 12% | -25% | 22% | 80% | 79% | 73% | 80%
UnitedHealth B2C 15% 8% -7% 0% 92% 63 % 61% 56 %
Verizon B2C 5% 6% 4% 7% 79% 62 % 65% 60 %
Visa B2C 1% | 13% 25% | 19% 79% 7% 7% 74%
Walgreen B2C 8% | 21% -7% -7% 62 % 69 % 69 % 65%
Wal-Mart B2C -4% 10% 2% 6% 75% 1% 72% 59%

Source: Unamo (2019), SPIndices.com (2019), the division into B2B and B2C is based on the prevalent type
of the companies’ customers (most companies operate on both markets)
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the calculated differences in stock prices

and n denotes the number of values in the

respective selections, we will examine whether

the percentage difference in stock prices in the

given period exhibits a significant statistical

difference between the two sets of companies.
mi—-my

x N1 XNy X(ng+n,—2)
’ 1
nyXs?+n,xs2 nitn; (1)

The so-called p-value will be used in the
testing. The p-value is the significance level for
this test. It is the smallest level of significance
alpha at which the hypothesis H can still be
rejected.

The analysis will be conducted separately
for companies operating primarily on the B2C
and B2B market. This will allow us to discuss
the differences between the two types of
companies.

Analysis 2) How much of companies
website traffic is routed through eWOM on
social media sites? Applying the Similarweb.
com tool to the tested sample, we will establish
the amount of traffic on the companies’ websites
coming from social media sites. The tool
Similarweb.com (2017) is recommended for
website traffic analyses by Fishkin (2015), who
tested the quality of this tool on 143 websites
that have between thousands to as many as
millions of visitors monthly. We will examine
the percentage share of website traffic routed
through social media sites in relation to their
total website traffic. To test the similarity of the
values throughout the sample, we will compute
the variance variable.

Analysis 3) Through which social media
sites does eWOM attract the most traffic to
companies’ websites? This analysis is related
to the previous research question. We will

T =

H]

establish which social media sites attract
users to visit the companies’ websites, and
thus are most important for companies in this
respect, and what significance they can have
for companies. The share of individual social
media sites in the total website traffic routed
through social media will be expressed in
percentage points.

3. Results
Question 1) based on our results, eWOM
can serve as an indicator of companies’
performance, measured in terms of stock-
value change. We found relationship between
social media posts and change in stock prices,
meaning that changes of stock prices were
reflected on social media. This was only proven
for companies operating in the B2C segment
(Hypothesis 1 — Tab. 3). Companies that saw
a higher share of positive posts exhibited
a higher increase in their stock prices in the
same time period. The p-value for the t-test
was below 0.01 for all tested quarters. The zero
hypothesis at 0.01 significance level is thus
rejected in favor of the alternative hypothesis,
which means that the first set of companies with
the higher share of positive posts compared
to negative ones also saw a higher average
increase in stock prices. On the other hand,
at companies operating in the B2B segment,
the sentiment of social media posts was not
found to have an effect on their stock prices
(Hypothesis 2 — Tab. 4). The p-value of the
t-test was above 0.1 for all tested quarters.
High quarter increase in stock prices of
companies in the given sample was seen in the
companies Visa and Microsoft (above +10 %).
Both these companies also had a high average
of positive-to-negative social media post ratio
(Visa 77 %, Microsoft 73 %). At the other end of
the spectrum, one of the weakest performance

T-test results for B2C companies (Hypothesis 1)

Period Test criterion (T) Critical region P-value Result
Q2 2018 3.25 >1.75 0.002 H, is rejected
Q3 2018 4.35 >1.75 0.00001 H, is rejected
Q4 2018 2.66 >1.75 0.009 H, is rejected
Q12019 2.84 >1.75 0.006 H, is rejected
Whole period 5.94 >1.67 0.00001 H, is rejected

Source: own, tested at 0.01 alpha level of significance
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Period Test criterion (T) Critical region P-value Result
Q2 2018 -0.83 >1.81 0.787 H, is not rejected
Q3 2018 -1.25 >1.81 0.880 H, is not rejected
Q4 2018 1.31 >1.81 0.109 H, is not rejected
Q12019 -0.29 >1.81 0.612 H, is not rejected
Whole period -0.39 >1.68 0.650 H, is not rejected

within the sample was that of the company
Goldman Sachs. This coincides with the
prevailing negative posts about this company.
Intel’'s positive-to-negative social media post
ratio during the test period even drop to 40 %.
Also Intel has low positive-to-negative social
media post ratio as the company experiencing
problems related to their processors and
their security, which was discussed not only
in the mainstream media, but also by users
themselves on social media.

The close connection between the
development of stock shares and the responses
on social media is well evident in Apple’s stock
development. Significant growth and a high
share of positive posts compared to negative
ones from Q2 to Q3 2018 was replaced by
a drop in share prices in Q4 2018, which
was accompanied by decline in the share of
positive posts compared to negative ones (Q3
2018 79%, Q4 2018 only 62 %).

We also calculated correlations using the
Pearson correlation coefficent between the two
mentioned variables — changes in stock prices
and share of positive to negative post ratio.
The data for calculations can be seen in Tab. 2.
Significance level of the test was 0.05.

The test showed a positive significant
correlation between the analyzed variables
for B2C companies in all four quarters. On

Source: own, tested at 0.01 alpha level of significance

the other hand, we have not found significant
correlation between the analyzed variables for
B2B companies in all quarters (only significant
correlation was found in Q4). The results are
shown in Tab. 5.

Question 2) The websites of companies
included in the US30 stock market index saw
a combined traffic of over 25 billion visits during
the selected period from Q2 2018 to Q1 2019
(microsoft.com had the most website traffic).
Social media brought on average only about
3% of the total website traffic to the websites
of companies listed in the US30 index (Tab. 6).
Social media sites try to keep users on their
sites because they want to show users more
advertisements to have higher profits. This
value is similar throughout the sample with the
variance in values being only 5. The maximum
value in the tested sample reached 11% for
exxonmobil.com and the minimum value
reached 0.3% for dow-dupont.com. Social
media bring much less traffic to the companies’
websites than search engines (40 %) and direct
visits (39 %).

Question 3) The most traffic from social
media to the websites of US30 companies
comes from Facebook (Tab. 7). An average
of 25% of website traffic was routed through
YouTube and 17 % through LinkedIn. On the
other hand, the social media sites Pinterest

Pearson correlation results for B2C and B2B companies

. Pearson correlation coeficient
Type of companies
Q2 Q3 Q4 Q1
B2C (R >0.468, n = 18) 0.628 0.516 0.560 0.567
B2B (R>0.576, n = 12) -0.331 0.291 0.584 0.235

Source: own, tested at 0.05 alpha level of significance
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The source of traffic to the websites of companies listed in the US30 index

Sources of website traffic Avt:::get:i;a;:rzfcm:‘l:i;i:::aeffic Variance (0?)
Search engines 40% 262
Direct 39% 160
Referrals 1% 80
Social media 3% 5
Others 5%

Source: own

| Alist of social media sites through which the most website traffic is routed
Tab. 7: o .
to US30 companies’ websites

Average share of social website
Social media site traffic coming from the particular Variance (0?)
social media site

Facebook 34% 242
YouTube 25% 173
LinkedIn 17% 340
Reddit 7% 45
Twitter 6% 37
Pinterest 3% 8
Instagram 3%

Others 5% 15

and Instagram do not bring too much traffic
to companies’ websites. The purpose of both
these social media sites is to share photos and
the ability to add hyperlinks is very limited.

The social media site LinkedIn exhibits
a distinct variance throughout the sample, which
is caused by the different functions of some
websites within the sample. For example, the
website apple.com aims to offer the company’s
products, while the purpose of chevron.com is
to attract new staff to the company. As a result,
the percentage of website traffic to apple.com
from LinkedIn is only 1%, while it is as high as
56 % in the case of chevron.com.

Users themselves most frequently mention
companies on Facebook. Up to 88% of all
analyzed posts mentioning the names of US30
companies appeared on Facebook. Seven
percent of posts were on YouTube. A large
number of posts mentioning the companies on
Facebook appeared as part of posts by news

Source: own

agencies. Such posts then generate website
traffic as shown in Tab. 5. The share of Twitter
and Instagram posts mentioning the names
of US30 companies was below 5%. Due to
the absence of API, content of the posts on
the social media sites LinkedIn, Reddit and
Pinterest were not analyzed.

Conclusions

Users actively discuss the companies that
make up the US30 stock market index on social
media. A relationship between social media
posts and change in stock prices was found,
meaning that changes of stock prices were
reflected on social media. This means, from the
perspective of our paper, that eWOM can serve
as an indicator of companies’ performance.
The relationship between the posts spread
by eWOM and change in stock value was
statistically significant in companies operating
in the B2C segment. Companies in the B2C
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segment reached higher stock market prices
if they exhibit a higher share of positive posts
on social media compared to negative ones.
These findings are in line with the studies
conducted by Li et al. 2017; Nguyen et al. 2015;
Oliveira et al. 2017. They further stated that
stock market development can be predicted
based on social media posts. However, none
of the aforementioned studies deals with
companies in the B2B segment, where our
research revealed that the sentiment spread
through eWWOM on social media does not affect
the companies’ value on the stock market.

Three percent of the total visitor traffic is
brought to the companies’ websites through
eWOM shared on social media sites. It needs
to be noted that part of the website traffic
generated through eWOM may be included in
direct visits to websites or those coming from
search engines, which are the major source of
visitor traffic. An example of such a situation
would be someone reading a social media post
about a particular company and then looking it
up using a search engine. Social media sites
often deliberately try to prevent people from
leaving their site for another website, which
may result in a loss of profit from advertising
for the particular social media platform. In
connection with this issue, Sabate (2014) and
Tikno (2017) note that Facebook gives priority
to posts containing images or videos over those
with hyperlinks.

The most significant social media sites
in terms of visitor traffic to the websites of
US30 companies are Facebook, YouTube and
LinkedIn. As much as 88 % of all the analyzed
posts from the social media sites Facebook,
YouTube, Twitter and Instagram appeared on
Facebook. Only a negligible part of these posts
were created by the companies themselves.
Adifferent situation is found with LinkedIn, where
the majority of the content about companies is
generated by the companies themselves.

Based on the research findings, eWOM
can be considered to be of significance for
companies in the B2C segment, where it can
serve as an indicator of performance. These
findings are in line with studies presented in
the literature review, e.g. Nieto et al. (2014) and
Tajvidi and Karami (2017). This conclusion can
be useful in predicting particular companies’
stock prices based on eWOM. The advantage
is that information on social media posts can be
obtained in real time and thus can capture even
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short-term (over a period of several months)
developments in prices on the stock market.
Based on the financial performance of the given
companies, it is possible to determine more
accurately which companies will most likely
do better in the future.

Limitations and Further Research

The present study has several limitations.
First limitation of the research lies in the fact
that it was conducted on a sample of large
companies. Generalizing these findings
to companies of a different size could be
misleading. Second, the research sample
consisted of large joint-stock companies
located in the USA. Generalizing the findings
to other joint-stock companies located outside
of the USA could again be misleading. Third,
the analysis covered relatively small sample of
companies. Expansion of a sample could bring
more reliable results. Any further research may
include other companies from other regions
and also discuss differences in the use of
social media across the market and countries.
Because the aim of our research was mainly to
prove or deny the connection between eWOM
and companies performance, future research
can go further and closely evaluate the extent
of this connection between eWOM and financial
results of B2C companies. A downside of this
research is the fact that the credibility of the
posts’ authors was not evaluated, as suggested
by Ruan, Durresi and Alfantoukh (2018).
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ANALYSIS OF THE SIGNIFICANCE OF EWOM ON SOCIAL MEDIA
FOR COMPANIES

David Prantl, Michal Mic¢ik

In recent years, social media have changed online communication. People share their views on
individual companies as well as reviews of various products, and actively engage in discussions.
Communication that spreads in this way is referred to as eWOM. The question is how important
eWOM on social media can be for companies and what we can conclude based on eWOM.
This research study aims to evaluate the significance of eWOM for companies in terms of the
connection between eWOM and stock prices. Further, we explore the impact of eWOM on company
website traffic. The research was conducted using a sample of 1,420,000 posts on social media
sites mentioning companies that make up the components of the US30 stock market index. The
results show that companies in the B2C segment with a higher share of positive posts compared
to negative ones have seen a greater increase in stock prices. However, posts on social media
mentioning companies in the B2B segment are not connected to the movement of stock prices of
these companies. The research also revealed that 3% of the total traffic on companies’ websites
comes from social media sites. Based on the findings of the research, we can consider eWOM to
be of major significance for companies in the B2C segment. These conclusions can be useful in
predicting stock prices of particular companies on stock markets based on eWOM.
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