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Abstract
This study attempts to understand the impact of electronic Word of Mouth (eWOM) 
on corporate financial performance during the COVID-19 pandemic. A supervised 
machine learning is used to determine the investors’ sentiment of a news story 
(eWOM) towards a given company from a long position (buying) investors perspec-
tive. Ordinary Least Square (OLS) and dynamic quantile regression are used to test 
the role of eWOM on financial performance. Results reveal no significant relation-
ship between eWOM and the firm’s financial performance. Similarly, we do not find 
any evidence of an association between eWOM and corporate performance at differ-
ent quantiles of financial performance. The findings contribute to the existing litera-
ture on eWOM and its impact on the financial performance during specific circum-
stances or financial crises. This study offers insights to researchers, policymakers, 
regulators, financial report users, investors, employees, clients, and society.
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1 Introduction

With the pervasive customer use of the internet for consumption-related activi-
ties, the information asymmetry between customers and marketers is increas-
ingly narrowed [51]. Marketing researchers and practitioners recognise the power 
of customer word-of-mouth (WOM) or, more specifically, electronic WOM 
(eWOM). Such eWOM contains an incredible amount of information and textual-
based content and has power in influencing peer consumers’ opinions and even 
exert a tremendous impact on the target firm [20, 37, 42, 45].

However, it appears that most of the published academic empirical studies are 
mainly focusing on eWOM from a consumer perspective, with particular empha-
sis on quantifying the mechanisms for eWOM consumers’ attitudes or behaviours 
using eWOM adoption as their outcome variable [9, 23,  53]. Few investigations 
have been carried to explore the marketing-finance interface [11, 53]. Moreover, 
the emerging research question of how the marketing construct (e-WOM) impacted 
financial performance during the pandemic is still unexplored.

Although several studies have been carried out to investigate and assess sep-
erately the implication of COVID-19 on different industries as well as the impact 
and eWOM on customer behavior and business performance, few of them have 
studided the impact of eWOM on financial busines performance at a macro-level 
[34] espacially during the COVID-19 pandemic. This study aims to assess how 
eWOM affects businesses’ financial performance during COVID-19 pandemic. 
The article tries to answer the question, “Does the eWOM affect the firm’s finan-
cial performance during the specific pandemic period?”. In line with the research 
aim, this paper attempts to fill the gap in the literature by evaluating the impact 
of eWOM on firms’ financial performance. Firstly, it tries to evaluate the relation-
ship between eWOM and financial performance to analyse how eWOM influences 
financial performance. Secondly, it looks at different quantiles of performance to 
see whether (or not) our first hypotheses hold in the different quantiles. Lastly, 
we want to test both hypotheses by sub-sample analyses, sensitivity analyses, and 
robustness tests to confirm our main findings.

The structure of this paper is divided into four main sections. An initial litera-
ture review is carried out to develop the research hypothesis. Next, the research 
approach is presented. In this section, variables are examined, validity and reli-
ability are tested, and the statistical methods and sampling techniques are cov-
ered. The third section discussed the study’s findings. The last section offers the 
conclusion, which discusses the implications.

2  Theoretical background and hypotheses

2.1  eWOM and financial performance

Social media has been a striking phenomenon in recent years to make the devel-
opment of social networks and online communities increasingly necessary for all 
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firms [36]. Electronic word of mouth refers to information spread by customers 
through electronic communication media. However, most of the existing research 
looks at eWOM from a customer behavior perspective. Few studies have looked 
into its impact on companies’ financial performance. Moreover, this impact has 
been attributed in marketing literature to both customer equity theory and cus-
tomer lifetime value theory [1, 15, 53]. To date, most marketing-finance interface 
research has relied on these two marketing theories to explain the impact of cus-
tomer outcomes on repurchase intention, increased firm sales, and higher firm 
financial performance [53]. It was also found that a company’s investments in 
customer satisfaction positively impact its future cash flows and returns [1, 2, 18].

eWOM may also help lower the company’s cash outflows by minimizing the 
requirement for marketing expenditures. In the same direction, Nisar and colleagues 
[39] proved the incredible impact of eWOM or user-generated content (UGC) on 
social media on a company’s reputation and financial performance. By contrast, 
adverse customer outcomes such as negative WOM has significant short- and long-
term direct effects on a company’s cash flow and stock price [22] and corporate 
image and brand value [10]. Luo et al. [35] looked at the importance of customer 
satisfaction information for institutional investors and discovered that it positively 
impacts business value. Xun and Guo [53] use two metrics to measure financial per-
formances: stock return and volatility. Their findings show that customers’ eWOM 
is positively associated with the firm’s stock return but adversely associated with 
its stock volatility. However, the positive effect of consumer eWOM on firm stock 
return declines as the negative valence of customer eWOM increases. Furthermore, 
when both positive and negative eWOM sensitivities are examined, negative eWOM 
has a more significant influence on the stock market.

In summary, positive customer experiences, such as positive word-of-mouth and 
complaints, can lead to increased future revenues (incoming cash flows) and higher 
profits [18], while negative customer experiences, such as negative WOM and com-
plaints, can harm the company’s reputation and brand value [21].

2.2  eWOM and firm performance during the pandemic

Individuals’ online purchasing activities have increased as a result of the COVID-
19 pandemic condition  [52]. As a result, social media’s reliance and utility and 
its reliance on eWOM information have grown even more  [17]. Even though the 
relationship between eWOM and financial performance has been explored in nor-
mal circumstances, few investigations have been undertaken during the COVID-19 
pandemic.

In normal circumstances, studies have found that eWOM can have a negative 
impact on firm performance. For instance, Luo et  al. [35] posited that negative 
eWOM can lead to decreased sales and stock returns, as well as harm a firm’s repu-
tation. Similarly, Cheung and Thadani [12] argued that negative eWOM can result in 
decreased consumer trust and lower purchase intentions.
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During pandemic situations, these negative effects may be exacerbated due to 
heightened uncertainty and risk aversion among consumers [17]. In a study con-
ducted by Lee and Kim [32], it was found that the impact of negative eWOM on 
firm performance was more pronounced during the H1N1 pandemic, as it led to 
decreased consumer confidence and increased information-seeking behavior.

On the other hand, a number of studies have demonstrated the potential positive 
effects of eWOM on firm performance. For example, Godes and Mayzlin [16] found 
that positive eWOM had a significant positive effect on firm performance, including 
increased sales, higher stock returns, and improved brand image. Moreover, Trusov 
et al. [50] suggested that positive eWOM can lead to increased consumer trust and 
purchase intentions. During pandemic situations, positive eWOM may play an even 
more crucial role in driving firm performance. For instance, Kuan and Bock [30] 
found that consumers relied more on eWOM during the SARS outbreak, as it helped 
alleviate their uncertainty and reduce their perceived risk.

The relationship between eWOM and firm performance is not always straight-
forward, with some studies reporting mixed findings. For instance, Dellarocas et al. 
[14] found that eWOM had both positive and negative effects on firm performance, 
with the overall impact depending on the valence and volume of eWOM messages. 
Similarly, Zhang et al. [55] reported that the impact of eWOM on firm performance 
varied depending on the source credibility and the type of eWOM message (e.g., 
reviews, recommendations, or ratings). During pandemic situations, these mixed 
findings may be further complicated by the dynamic nature of eWOM and the rap-
idly changing consumer sentiment [56].

During COVID-19, as confinement measures were introduced worldwide, 
numerous factors have influenced the adoption of eWOM throughout this time, 
including the information’s authenticity, transparency, and usefulness [17]. Conse-
quently, Electronic Word-of-Mouth (eWOM) has garnered significant attention from 
researchers and practitioners alike in recent years, as it has the potential to dramati-
cally influence consumer behavior and firm performance.

In summary, the existent literature presents a range of findings on the impact 
of eWOM on firm performance, with evidence supporting negative, positive, and 
mixed relationships. Although some studies have provided valuable insights into the 
role of eWOM during pandemic situations, there is no clear consensus on its overall 
impact on firm performance. Further research is needed to reconcile these divergent 
findings and to better understand the underlying mechanisms that drive the relation-
ship between eWOM and firm performance (Table 1).

Studies in the marketing-finance interface usually employ three financial per-
formance variables for firms: cash flows, stock returns, and business volatility 
[52]. However, several subsequent research has shown that stock returns and vol-
atility are sufficient [3, 3, 7, 7]. Both theoretical and practical considerations led 
us to choose stock return and volatility as the two financial performance indica-
tors we focus on in this investigation. On the other hand, cash flow data is often 
published by companies every quarter rather than weekly, making it incompatible 
with our stock returns and volatilities data, as well as our weekly tweets data set, 
from an operational data collecting standpoint.



659

1 3

The impact of electronic word‑of‑mouth on corporate performance…

Because eWOM is one of the most important and meaningful elements in the 
marketing domain, we know that firm values may be connected with investors 
buzz owing to more significant aspects such as consumer buzz. However, in this 
study, we focus on a limited number of organizations (i.e., market leaders in the 
US airline sector), which reduces the diversity in firm brand values and investi-
gates the relative influence of consumer eWOM toward the target firms on these 
companies’ firm value.

However, the fundamental eWOM antecedents, according to recent research 
on eWOM, are information usefulness, information quality, and argument qual-
ity [53]. As a consequence, the quality of information disseminated through the 
social media platforms must be of significant value and worth to establish confi-
dence and consequently lead to its use and adoption [55, 56]. In addition, internet 
users during the COVID-19 epidemic are confronted with an increasing amount 
of data whose trustworthiness isn’t always guaranteed, the use of this data for 
decision-making isn’t always possible. Consequently, eWOM may not have any 
impact on customers’ perceptions and consequently on firms’ performance. The 
following hypotheses are thus formulated:

Table 1  Literature review summary

Authors Finding

Kuan and Bock [30] Consumers rely more on eWOM during the SARS outbreak, as it helped 
alleviate their uncertainty and reduce their perceived risk

Dellarocas et al. [14] eWOM had both positive and negative effects on firm performance, with 
the overall impact depending on the valence and volume of eWOM mes-
sages

Moreover, Trusov et al. [50] Positive eWOM can lead to increased consumer trust and purchase inten-
tions

Godes and Mayzlin [16] positive eWOM has a significant positive effect on firm performance, 
including increased sales, higher stock returns, and improved brand 
image

Zhang et al. [55] eWOM impacts the firm performance depending on the source credibility 
and the type of eWOM message (e.g., reviews, recommendations, or 
ratings)

Lee and Kim [32] The impact of negative eWOM on firm performance is more pronounced 
during the H1N1 pandemic, as it led to decreased consumer confidence 
and increased information-seeking behavior

Luo et al. [35] eWOM can have a negative impact on firm performance in normal circum-
stances in term of decreased sales and stock returns, as well as harm a 
firm’s reputation

Cheung and Thadani [12] eWOM can result in decreased consumer trust and lower purchase inten-
tions

[17] During COVID-19, the negative effects of eWOM may be exacerbated due 
to heightened uncertainty and risk aversion among consumers

Khwaja, Jusoh, & Nor, 
2019; Rao & Rao, 2019

No impact of eWOM during COVID-19 as the quality of information 
disseminated through the social media platforms must be of significant 
value and worth to establish confidence and consequently lead to its use 
and adoption
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H1 There is no significant relation between eWOM and the financial performance of 
a firm during a pandemic period.

H2 There is no significant relation between eWOM and financial performance at 
different quantiles of a firm during a pandemic period.

3  Method, sample, and data

The hypothesis of the influence of eWOM on the financial performance of listed 
firms was empirically tested. At the time this study was executed, no known research 
evaluated the empirical relationship between eWOM and the firm’s financial 
position.

We are not using classical event study methodology, as the peak of eWOM is still 
unknown. After the first announcement of confirmed eWOM, there is no evidence 
to show a direct or immediate impact on financial performance. Hsiao [19] sug-
gested that pool regression lessens estimation prejudice and multicollinearity, con-
trols for discrete heterogeneity, and enables ascertaining the time-variant association 
between dependent and independent variables. In Appendix 1, the test variables are 
summarised as relevant in this section. The empirical models are presented in the 
respective tables.

3.1  Validity and reliability tests

While we gather the data from a secondary source (such as Bloomberg), we can still 
face many issues pertaining to the reliability and validity of data. These biases in 
the dataset are caused by multicollinearity among the independent variables. Spe-
cifically, variance inflation factors (VIF) and the Pearson correlation test are used 
to identify multicollinearity, which is a condition when two or more independent 
variables are highly correlated. The VIF level is far below the tolerance limit in all 
regression tests. It is clear from the correlation coefficient table that the independent 
variables are not substantially associated with one another.

Despite this, heteroscedasticity is a bias that must be taken into account to ensure 
that hypotheses are tested fairly. Heteroscedasticity is a statistical term that describes 
how much the variation between the values of independent and dependent variables 
differs. This leads to biased empirical findings due to inaccuracy in standard errors  
[3, 38]. Three methods are used to deal with the heteroscedasticity problem in this 
study. First, the researcher checks Breusch-pagan test and finds no heteroscedastic-
ity among the variables. A strong t-statistic is reported at the company level in this 
research. Third, the researcher uses the quantile regression model at different cutoff 
points.
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3.2  Dependent variables

Following the prior literature, we use return on assets (ROA), return on equity 
(ROE), earning per share (EPS), price earning (PE), Tobin’s Q ratios for the perfor-
mance measurements [40, 43]. Whereas ROA, ROE, and EPS are considered prox-
ies for the firms’ financial performance.

3.3  Independent variable

We use supervised machine-learning to determine the financial sentiment of a news 
story towards a given company from a long position investors perspective. All sto-
ries with sentiment scores for a given company are aggregated using a proprietary 
method to produce this company level eWOM Index, where Index value range—
[− 1, 1].

3.4  Control variables

3.4.1  Firm‑level control

The Bloomberg Industry Classification Systems (BICS) components of a company 
group are under our authority. Various studies have shown that market diversity may 
lead to an agency issue and increased knowledge inequality [41, 44]. As a result, 
the conglomerates’ businesses have insufficient governance resulting in bad results 
[48]. The company’s size was also regulated because of its direct association with 
market success, which was more likely to be poorer in smaller businesses [38, 40, 
43]. Leverage seems to be the percentage of a company’s total debt to its total assets. 
Leverage was kept under check since it could boost business productivity [6]. When 
a company grows, it tends to expand in size as well as age, and so the company’s 
performance changes as a result of this growth [49].

3.4.2  Fixed effect control

The sample in this study was comprised of 641 countries firms from nine industries 
for the year 2020, such a sample required for control for any unobserved industry- 
and country-variant effect, which was solved by introducing dummies.

Included in the set were 63 dummies from 64 different nations [47]. Many charac-
teristics, such as product market concentration [5] and the level of regulation, might 
be connected with the financial success that is clustered by various countries [4]. 

1 China, South Korea, Hong Kong, Taiwan, Japan, Italy, Macau, Germany, Russia, United States, Brit-
ain, Netherlands, Switzerland, Brazil, South Africa, Belgium, Canada, France, Philippines, Mexico, 
India, Bermuda, Ireland, Spain, Vietnam, UAE, Norway, Thailand, Australia, Kuwait, New Zealand, 
Saudi Arabia, Poland, Sweden, Denmark, Chile, Singapore, Indonesia, Luxembourg, Morocco, Bahrain, 
Czech, Malaysia, Israel, Peru, Colombia, Bulgaria, Nigeria, Uruguay, Austria, Portugal, Finland, Turkey, 
Qatar, Curacao, Jordan, Greece, Kazakhstan, Argentina, Jersey, Hungary, Guernsey, Kenya, and Cyprus.
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The financial performance of the industry dummies was also monitored since mac-
roeconomic factors might have a temporary impact on the financial performance of 
various industries [13]. This is why we have nine dummies for nine different sectors.

3.5  Sample and data

We use supervised machine-learning to determine the financial sentiment of a news 
story towards a given company from a long position investors perspective. All sto-
ries with sentiment scores for a given company are aggregated using a proprietary 
method to produce this company level eWOM Index, where Index value range—
[− 1, 1]. Where − 1 is considered extremely bad reaction on the customer and + 1 is a 
firm’s good news impact on the buying position of customer. The dataset mentioned 
in your query is derived from Bloomberg data on 3000 publicly traded enterprises 
across 64 countries. The goal of using this dataset was to experimentally test the 
predictions made by a study. To create a reliable and relevant dataset, the researchers 
employed a filtering process that focused on specific criteria to select the companies 
in the sample. The filtering process consisted of three main steps:

Inclusion of listed banks that report the eWOM (Electronic Word of Mouth) 
Index: The researchers only considered companies listed on stock exchanges that 
publicly disclosed their eWOM Index. The eWOM Index is an important factor in 
the study, as it represents the influence of electronic word-of-mouth communication 
on the performance of the banks.

Exclusion of businesses with incomplete information on Bloomberg: To ensure 
the integrity of the dataset, companies with missing or incomplete information on 
Bloomberg were excluded from the sample. This step helped to maintain the accu-
racy and reliability of the dataset and the experimental results.

Exclusion of firms that were delisted in 2020: The researchers also removed com-
panies that were scheduled to be delisted from stock exchanges in 2020. This was 
done to ensure that the dataset only contained active and relevant companies for the 
period of interest, which in this case is the COVID-19 era.

After applying these filters, the final dataset was comprised of 2105 listed compa-
nies-quarter observations across 64 countries. These companies were all active dur-
ing the COVID-19 era, making them suitable subjects for the experimental testing 
of the predictions made in the study. This carefully curated dataset helped to ensure 
that the results obtained were robust and provided valuable insights into the relation-
ships being investigated.

3.6  Descriptive statistics

For the sake of this paper, we will refer to financial data from the COVID-19 period, 
which is shown in Table 2. There is a more significant standard variation in finan-
cial performance measurements than other indicators. For example, ROE’s skewness 
implies that the distribution of financial performance indicators is biased to the left, 
while ROA’s skewness is positive and skewed toward the right. In other words, the 
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value of all performance indicators indicates that ROE, ROA, and EPS are leptokur-
tic, which means that these performance indicators show evidence of outliers. The 
mean eWOM news value is − 0.005, indicating that eWOM news values are often 
negative. The firm’s level control variables’ distribution was somewhat inclined to 
the positive side, with mostly platykurtic peak points.

4  Findings and discussions

4.1  Correlations

Both Pearson (lower diagonal) and Spearman (upper italic diagonal) coefficients 
are reported in Table 3 for direct correlations between the independent and control 
variables. Size and ROE (− 0.357, p < 0.05) and Growth and Size (0.4990, p < 0.05) 
have the strongest connections. It seems that multicollinearity is not a problem in 
our regression models based on these correlations below 0.5.

4.2  Test of Hypothesis 1—Impact of eWOM on firms’ financial performance

The study concludes that when all other parameters are held constant, eWOM has 
only a little impact on ROE, ROA, and EPS and has no apparent effect on financial 
performance (Table 4). This supports our initial hypothesis that there is no mean-
ingful connection between eWOM and a company’s financial performance during a 
pandemic.

The findings of this paper can be linked to prior studies in the context of eWOM 
and its potential impact on financial performance during the COVID-19 era. In fact, 
several studies before the COVID-19 era have also found that eWOM has limited 
or mixed effects on financial performance (e.g., [35, 54]. Our results reinforce the 

Table 2  Variable descriptive statistics (N = 2,105)

This Table presents the descriptive statistics of ROA, ROE, and EPS (proxies for financial performance), 
sentiments score, and list of firm-level (big4, growth, size, ESG, Leverage, and BICS)

Variables Mean Std.Dev Min Max p1 p99 Skew Kurt

ROE 2.463 .934  − 3.507 4.807 − .416 4.807 − .899 6.567
ROA 6.543 6.303 .01 31.28 .14 31.28 1.687 6.041
EPS 2.953 5.9 0 42.64 .01 42.64 4.619 28.283
eWOM − .005 .058 − .471 .195 − .413 .195 − 5.87 50.129
Big4 .732 .443 0 1 0 1 − 1.046 2.094
Growth 5.74 19.221 − 1 144.13 − .99 142.99 5.263 34.105
Size 3.274 .783 1.11 4.99 1.26 4.96 − .229 2.791
Leverage 25.362 17.209 0 83.69 0 67.74 .436 2.575
BICS 2.913 1.963 0 9 0 9 1.008 3.709
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findings from previous research, suggesting that eWOM’s impact on financial per-
formance may not be as strong as some might expect.

While prior research, such as the study by Li et al. [33], has highlighted the nega-
tive consequences of the COVID-19 pandemic on various industries and financial 
markets, the current research contradicts this finding by demonstrating that even 
during this stressful period, eWOM did not have a significant impact on a compa-
ny’s financial performance.

However, our finding acknowledges the potential effects of industry and nation on 
its results. This aligns with previous research that has emphasized the importance of 
considering contextual factors when examining the relationship between eWOM and 
financial performance (e.g., Kim et al., [31], [34].

Table 4  Regression analysis of Performance with eWOM (N = 2,105)

Performanceit = � + �ieWOMit +
∑n=5

i=1
Controlsit + δ1Industryt + δ2Countryi + εit

Where Performanceit is a continuous variable proxied by the ROA, ROE, and EPS of a firm(i) in the 
year(t). eWOM is equal to eWOM Index by Bloomberg (between − 1 to 1). It represents the value of 
news sentiment for the company over an 8-h period. The Controlsit is a set of firm-level (Big4, Growth, 
Size, Leverage, and BICS) control variables. Also, we take into account for unknown industry and 
country bias with Industry, time, and country fixed effects. The definitions and data sources for the vari-
ables are outlined in the Appendix. The full sample includes 2105 firms-quarter from the year 2020. We 
clustered the standard errors at the firm level. All variables are winsorised at 1% and 99%. The variance 
inflation factors (VIF) are well below the tolerance level, and the superscript asterisks ***, **, and * 
denote statistical significance at the 1%, 5%, and 10% levels, respectively

Variables ROA ROE EPS

Model 1 Model 2 Model 3

eWOM 0.089 0.078 − 2.444
[0.293] [0.041] [− 0.851]

Big4 0.134*** 0.306 0.278
[2.701] [0.973] [0.674]

Growth 0.002** 0.000 0.017*
[2.171] [0.074] [1.833]

Size − 0.345*** − 2.323*** 0.133
[− 11.104] [− 11.617] [0.649]

Leverage 0.005*** − 0.063*** − 0.011
[3.594] [− 7.648] [− 1.323]

BICS − 0.023** − 0.318*** − 0.073
[− 2.140] [− 5.381] [− 0.864]

Constant 3.530*** 18.071*** 3.144***
[37.616] [25.771] [4.306]

SE Clustered Firm Firm Firm
Industry and Country Fixed 

effect
Yes Yes Yes

R2 Squared 12.45% 6.44% 5.25%
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4.3  Test of Hypothesis 2—Impact of eWOM on firms’ financial performance 
on different quantiles

eWOM’s influence on financial performance in the global economy is examined 
using a quantile regression. The first possibility is that there is a lot of variation 
in the data. Conventional approaches (such as Ordinary Least Square and ARDL), 
which is a widespread practice, often regress the variables’ mean to find the link. A 
new approach of basic Quantile regression proposed by Koenker & Bassett [25] has 
been used in this work. Koenker & Hallock [26] and Koenker & Ng [27] encourage 
the use of this strategy, and since has been widely used in the financial and bank-
ing literature [46]. In contrast to typical averaging methods, which use the mean or 
median of the variables, quantile regression uses the median rather than the mean to 
uncover the underlying relationships amongst the many variables in a panel series.

We apply the quantile regression approach to explain the sensitivity of eWOM in 
various quantiles to the explanatory variables. The quantile regression model in the 
framework of Koenker and Bassett [25] can be written as follows:

where i denotes a country, t denotes time, yit denotes financial performance, x′
it
 is 

a vector of regressors, � is the vector of parameters to be estimated, � is vector of 
residuals. Quant�

(
yit|xit

)
 denotes �th conditional quantile of yit given xit . �th regres-

sion quantile, 0 < 𝜃 < 1 , solves the following problem:

where ��(∙), which is known as the ‘check function’, is defined as:

Finally, Eq.  (2) is solved by linear programming methods. According to 
Buchinsky [8] and Luo et al. [24], as one increases � continuously from 0 to 1, 
one traces the entire conditional distribution of Pit , conditional on xit.

Using quantile regression, we can determine whether the link between eWOM 
and performance is universal across all performance scales. Quantiles are 
assessed at 25, 50, 75, and 90 per cent of the sample size, respectively.

EWOM was shown to be insignificantly negative/positive with all ROE and 
ROA quantiles when other factors were held constant (Models 1–8). Table  7 
shows that the different models for various quantiles have explanatory power 
that spans from 3.02 to 16.54 as measured by Pseudo R2. We may conclude that 
our results from Table 5 hold in all regression models, and our second hypoth-
esis holds.

(1)Pit = x
it
�0 + ��it withQuant�

(
yit|xit

)
= x

it
�0,

(2)
min

𝛽

1

n

⎧
⎪
⎨
⎪
⎩

�

i,t∶Pit>x
it
𝛽

𝜃Pit − x
it
𝛽 +

�

i,t∶Pit<x
it
𝛽

(1 − 𝜃)Pit − x
it
𝛽

⎫
⎪
⎬
⎪
⎭

=
min

𝛽

1

n

n�

i=1

𝜌𝜃𝜀𝜃it

(3)��
(
��it

)
=

{
���it
(� − 1)��it

if ���it ≥ 0

if ���it ≤ 0

}



667

1 3

The impact of electronic word‑of‑mouth on corporate performance…

Ta
bl

e 
5 

 R
ob

us
tn

es
s t

es
t –

 S
ec

on
d 

H
yp

ot
he

si
s T

es
tin

g 
(N

 =
 2,

10
5)

Q
t(
P
er
fo
rm

a
n
ce

i� �
eW

O
M

i)
=
�
(t
)
+
�
1
(t
)e
W
O
M

i
+
�
3
(t
)
∑

n
=
5

i=
1
C
o
n
tr
o
ls
it
+
δ
1
(j
)C
o
u
n
tr
y t
+
δ
2
(I
)I
n
d
u
st
ry

i
+
ε
it

W
e 

ap
pl

y 
qu

an
til

e 
re

gr
es

si
on

 fo
r b

ot
h 

m
ai

n 
ec

on
om

et
ric

 m
od

el
s. 

W
e 

us
e 

qu
an

til
e 

re
gr

es
si

on
 te

sts
 a

t t
he

 2
5t

h,
 5

0t
h,

 7
5t

h,
 a

nd
 9

9t
h 

pe
rc

en
til

es
 o

f t
he

 d
at

as
et

 b
as

ed
 o

n 
ou

r 
fo

cu
se

d 
va

ria
bl

es
. T

he
 q

ua
nt

ile
 re

gr
es

si
on

s a
re

 n
on

-p
ar

am
et

ric
 te

sts
 th

at
 d

o 
no

t r
el

y 
on

 th
e 

da
ta

 n
or

m
al

ity
 o

f d
at

a 
as

su
m

pt
io

n.
 F

or
 P

er
fo

rm
an

ce
it w

e 
us

e 
on

ly
 R

O
A

 a
nd

 
RO

E 
as

 p
ro

xi
es

. T
he

 e
xp

la
na

to
ry

 a
nd

 c
on

tro
l v

ar
ia

bl
es

 a
re

 th
e 

sa
m

e 
as

 th
os

e 
in

 th
e 

ea
rli

er
 ta

bl
es

. T
he

 su
pe

rs
cr

ip
t a

ste
ris

ks
 *

**
, *

*,
 a

nd
 *

 d
en

ot
e 

st
at

ist
ic

al
 si

gn
ifi

ca
nc

e 
at

 
th

e 
1%

, 5
%

, a
nd

 1
0%

 le
ve

ls
, r

es
pe

ct
iv

el
y

Va
ri

ab
le

s
RO

A
RO

E

25
%

50
%

75
%

99
%

25
%

50
%

75
%

99
%

1
2

3
4

5
6

7
8

eW
O

M
−

 0.
06

4
0.

24
2

0.
38

8
0.

10
8

−
 1.

99
6

−
 0.

25
5

−
 0.

53
3

−
 0.

06
0

[−
 0.

07
6]

[0
.6

20
]

[1
.1

69
]

[0
.2

99
]

[−
 1.

63
8]

[−
 0.

27
2]

[−
 0.

29
7]

[−
 0.

02
7]

Bi
g4

0.
20

1*
0.

10
9*

*
0.

09
6*

*
0.

17
9*

**
0.

43
0*

**
−

 0.
10

3
−

 0.
38

8
0.

04
1

[1
.7

73
]

[2
.0

72
]

[2
.1

47
]

[3
.6

76
]

[2
.6

24
]

[−
 0.

81
6]

[−
 1.

61
0]

[0
.1

36
]

G
ro

w
th

0.
00

1
0.

00
3*

*
0.

00
3*

**
0.

00
3*

*
−

 0.
00

3
−

 0.
00

3
−

 0.
00

2
−

 0.
00

4
[0

.4
50

]
[2

.0
72

]
[2

.8
52

]
[2

.3
77

]
[−

 0.
85

0]
[−

 1.
05

6]
[−

 0.
42

8]
[−

 0.
54

0]
Si

ze
−

 0.
33

2*
**

−
 0.

33
1*

**
−

 0.
32

4*
**

−
 0.

33
9*

**
−

 0.
32

8*
**

−
 0.

17
8*

*
−

 0.
51

7*
**

−
 1.

81
6*

**
[−

 4.
51

7]
[−

 9.
73

1]
[−

 11
.1

94
]

[−
 10

.7
21

]
[−

 3.
08

4]
[−

 2.
17

7]
[−

 3.
30

9]
[−

 9.
19

6]
Le

ve
ra

ge
−

 0.
00

2
0.

00
4*

*
0.

00
5*

**
0.

00
7*

**
0.

01
7*

**
0.

00
5

−
 0.

00
5

−
 0.

03
8*

**
[−

 0.
51

5]
[2

.4
85

]
[4

.3
30

]
[5

.1
50

]
[3

.7
04

]
[1

.4
06

]
[−

 0.
75

7]
[−

 4.
42

8]
BI

C
S

−
 0.

01
2

−
 0.

03
1*

*
−

 0.
03

0*
**

−
 0.

03
1*

**
−

 0.
04

9
−

 0.
06

5*
*

−
 0.

29
2*

**
−

 0.
35

3*
**

[−
 0.

45
9]

[−
 2.

49
9]

[−
 2.

84
8]

[−
 2.

69
0]

[−
 1.

25
9]

[−
 2.

17
7]

[−
 5.

12
6]

[−
 4.

90
5]

C
on

st
an

t
2.

43
9*

**
3.

03
9*

**
3.

44
6*

**
3.

86
9*

**
4.

88
1*

**
1.

62
1*

**
5.

39
5*

**
13

.2
60

**
*

[1
0.

82
5]

[2
9.

11
4]

[3
8.

80
4]

[3
9.

90
7]

[1
4.

96
0]

[6
.4

53
]

[1
1.

25
6]

[2
1.

89
6]

C
ou

nt
ry

 a
nd

 In
du

str
y 

Fi
xe

d 
eff

ec
ts

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ps
eu

do
  R

2
4.

74
%

5.
63

%
13

.1
1%

1.
14

%
3.

02
%

8.
12

%
13

.4
0%

16
.5

4%



668 A. Haj Khalifa et al.

1 3

4.4  Sensitivity analysis‑ alternative proxy for eWOM

We use a different eWOM proxy for sensitivity analysis. EWOM is now being 
used to measure news emotion during 8 h by our team. Our new “Twitter sen-
timent” is the average value of the company’s Twitter sentiment over 30  min. 
In this method, we may test the eWOM proxy’s reliability. Table  6 shows the 
outcomes.

While keeping all other firm-level variables under control, we examine the 
impact of Twitter sentiments on the firm’s financial performance. The results 
reveal that our main findings from Table 4 hold, and the eWOM has no impact 
on the firm’s financial performance.

Table 6  Sensitivity Analysis (N = 2,105)

Performanceit = � + �ieWOMit +
n=5∑

i=1

Controlsit + δ1Industryt + δ2Countryi + εit

Where eWOM represents the average value of twitter sentiment for the company over a 30-min period. 
All tweets with sentiment scores for a given company are aggregated using a proprietary method to 
produce this company level eWOM Index. All explanatory variables remain the same as per our baseline 
model. We clustered the standard errors at the firm level. All variables are winsorised at 1% and 99%. 
The variance inflation factors (VIF) are well below the tolerance level, and the superscript asterisks ***, 
**, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively

Variables ROA ROE EPS

Model 1 Model 2 Model 3

eWOM 3.958 1.202 − 0.267
[0.981] [0.870] [− 0.182]

Big4 1.846 0.500 0.687
[1.558] [1.232] [1.591]

Growth 0.038 0.004 0.012
[1.610] [0.455] [1.388]

Size − 5.827*** − 2.499*** 0.028
[− 8.553] [− 10.708] [0.111]

Leverage 0.147*** − 0.066*** − 0.008
[5.036] [− 6.578] [− 0.756]

BICS − 0.175 − 0.349*** − 0.175**
[− 0.718] [− 4.183] [− 1.973]

Constant 35.824*** 18.996*** 3.759***
3.958 1.202 − 0.267

SE Clustered Firm Firm Firm
Industry and Country Fixed 

effects
Yes Yes Yes

R2 Squared 14.58% 34.30% 12.64%
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4.5  Sub‑sample analysis

In this analysis, we split the sample into two groups: neutral and positive eWOM and 
negative eWOM. We like to check whether (or not) there is a difference in the level of 
significance if we test bad and good news eWOM separately. An OLS regression is 
used for all six models in all six models of Table 7.

Keeping other variables under control, our results reveal a relationship between the 
good news or bad news eWOM and the financial performance of the firms. These find-
ings corroborate our baseline results from Table 4 and suggest that online media news 
does not affect the financial performance of the firms.

Table 7  Sub sample analysis—positive verses negative eWOM

Performanceit = � + �ieWOMit +
n=5∑

i=1

Controlsit + δ1Industryt + δ2Countryi + εit

For this analysis, we split our sample into two groups. Where positive eWOM = eWOM Index ≥ 0 and 
Negative eWOM = eWOM Index < 0 We clustered the standard errors at the firm level. All variables are 
winsorised at 1% and 99%. The variance inflation factors (VIF) are well below the tolerance level, and 
the superscript asterisks ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, 
respectively

Variables Positive eWOM Negative eWOM

ROA ROE EPS ROA ROE EPS

1 2 3 4 5 6

eWOM 0.118 0.078 − 5.099 1.763 15.506 0.289
[0.119] [0.041] [− 1.733] [1.546] [0.999] [0.033]

Big4 0.134*** 0.306 0.361 0.014 − 3.057 2.007
[2.665] [0.973] [0.912] [0.041] [− 1.514] [0.749]

Growth 0.002** 0.000 0.013 − 0.002 − 0.000 0.192**
[2.278] [0.074] [1.580] [− 0.448] [− 0.001] [2.113]

Size − 0.346*** − 2.323*** 0.029 − 0.735*** − 6.003*** 0.064
[− 10.759] [− 11.617] [0.149] [− 3.393] [− 3.550] [0.044]

Leverage 0.005*** − 0.063*** − 0.005 − 0.007 − 0.131** − 0.143**
[3.795] [− 7.648] [− 0.660] [− 0.902] [− 2.518] [− 2.304]

BICS − 0.022** − 0.318*** − 0.074 − 0.042 − 0.416 0.408
[− 2.082] [− 5.381] [− 0.886] [− 0.525] [− 1.090] [0.613]

Constant 3.518*** 18.071*** 3.320*** 5.982*** 41.276*** 2.102
[37.115] [25.771] [4.598] [5.805] [4.901] [0.296]

Country and 
Industry Fixed 
effects

Yes Yes Yes Yes Yes Yes

N 2046 2105 2036 59 59 59
R2 Squared 13.16% 29.05% 80.11% 34.41% 54.71% 35.26%
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5  Conclusion

It was argued by the literature that electronic word-of-mouth (eWOM) can have an 
impact on a firm’s financial performance. eWOM refers to the sharing of opinions, 
experiences, and recommendations about a product, service, or brand through online 
platforms such as social media, review websites, forums, and blogs.

However, during the pandemic period, investigations are not consensual about this 
impact. Using global firm-level data from Bloomberg, we examine the effect of eWOM 
on the firm’s financial performance and to which extent the eWOM provided on social 
media may likely affect the performance of the firms during the COVID-19 period. For 
this purpose, we used ordinary least square (OLS) and quantile regression models. We 
found that eWOM has no effect on the financial performance of the firms during the 
COVID period. We can drive a conclusion that during the financial crisis, the financial 
performance was immune to eWOM.

Despite the findings, eWOM should be treated seriously by investors, policy makers, 
and regulators as its impact on consumer behavior is strongly confirmed in different 
contexts.

5.1  Theoretical and managerial implications

An unparalleled level of economic harm may be inflicted by a natural catastrophe, as 
the COVID-19 situation shows for investors, policymakers, and the general public. The 
COVID-19 pandemic is causing an immediate global financial crash in every area of 
the world. Academics should deeply investigate the probable impact of such catastro-
phe on capital expenses, retirement planning, insurance, the role of governments in 
defending financial institutions, societal trust and the associated transaction costs, and 
political stability. Academics will undoubtedly be debating these and other issues for 
many more years to come, where different backgrounds are made on table to investi-
gate the impact from different perspectives.

5.2  Future studies directions

This study is not without its limitations. Since it is the first to examine the effect of 
eWOM on the financial performance of the companies, future research could change 
the methodology from quantitative to the qualitative approach, such as gathering 
data using structural or semi-structured interviews. Second, while we make an effort 
to control firm-level variables, there is no assurance that the results are unaffected by 
other unobserved firm-level variables. Third, we used 2020 as a COVID-19 period, 
and future studies may look into the effort of the Delta virus or omicron interven-
tion. Fourth, this study can be extended to cover additional sectors and contexts. 
Furthermore, qualitative investigations are highly recommended to get additional 
insights.
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Appendix 1

Variable Definition Relevant studies/ Source

Dependent variables
ROA  = Net Profit/Total Assets Bloomberg
ROE  = Net Profit/Total Equity Bloomberg
EPS  = Net Profit-Preference Dividend/ 

Avg. Outstanding Shares
Bloomberg

Focus independent variables
eWOM We use supervised machine-learning 

to determine the financial sentiment 
of a news story towards a given 
company from a long position 
investors perspective. All stories 
with sentiment scores for a given 
company are aggregated using a 
proprietary method to produce 
this company level eWOM Index, 
where Index value range—[− 1, 1]

Bloomberg

Firm-level control variables
Big4 It is a dummy variable, where it has 

value “1”, when the audit firm is 
one of the top four audit firms in 
the world, and “0” otherwise

 Rust et al. [42]

Growth Firms’ sales growth using total sales 
denominated in US$

Tran & Le [49],
Kolsi & Attayah [28]

Firm Size Numeric variable representing the 
size of the firm as measured by the 
logarithm of total assets

Najaf, Schinckus & Liew [43] 
Kolsi & Attayah [28]

Leverage Total Debt/ Total Assets Ali et al. [6],  Chaney et al. [11] 
BICS Segment Number of market segments of a 

business
Tosun [48]

Fixed effect control variables
Country 1 (0) if the company i operating in 

country i and 0 otherwise
Ali et al., [5]

IND 1 (0) if the company i operating in 
Industry j and 0 otherwise

[3, 7]
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