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Social media and digital communication during the pandemic

Réseaux sociaux et communication numérique pendant la pandémie

Redes sociales y comunicacion digital durante la pandemia

Federico Platania
Institut Supérieur de Gestion, France
federico.platania@isg.fr

ABSTRACT

During the first wave of COVID-19, the uncertainty about
a prospect vaccine combined with the constant media
bombardment have fueled the fear of strict periods of
confinement measures, creating a fertile ground for fake
news and misleading social media debates. This paper
studies how the public attention to certain pandemic-
related topics and the social media activity of health and
policymaker influencers impact the energy sector. Our
findings suggest that during periods of growing attention
to the term “Coronavirus”, social media activity of
policymaker influencers exhibits a negative relationship
with the energy sector. However, given the positive and
scientific connotation, when the public attention to the
term “Vaccine” increases, we observe a positive impact
of international health organizations.
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Résumé

Au cours de la premiere vague de COVID-19, Uincertitude
sur le développement d'un éventuel vaccin et le
bombardement médiatique constant ont alimenté la peur
de la mise en ceuvre de strictes politiques de confinement,
créant un terrain fertile pour de fausses informations et les
débats trompeurs dans les réseaux sociaux. Nous étudions
dans cet article comment l'attention du public a certains
problemes liés a la pandémie et l'activité sur les réseaux
sociaux des agences de santé publique et des décideurs
politiques impactent le secteur de l'énergie. Les résultats
obtenus suggérent qu'en période d'attention croissante au
terme «Coronavirus», l'activité sur les réseaux sociaux des
responsables politiques présente une relation négative
avec le secteur de l'énergie. Cependant, étant donné la
connotation positive et scientifique, lorsque l'attention du
public sur le terme «Vaccine» augmente, nous constatons
un impact positif organisations internationales de santé.

Mots-Clés : technologies de l'information et de la
communication (TIC), Réseaux sociaux, COVID-19,
Attention du public, Industrie de l'énergie

Resumen

Durante la primera ola de COVID-19, la incertidumbre
sobre el desarrollo de una posible vacuna y el constante
bombardeo mediatico, han alimentado el temor a la
implementacién de estrictas politicas de confinamiento,
creando un terreno fértil para noticias falsas y debates
enganosos en redes sociales. En este articulo estudiamos
coémo la atencidn publica a ciertos temas relacionados con
la pandemia y la actividad en las redes sociales de
organismos de salud publica y responsables politicos
impactan en el sector energético. Los resultados
obtenidos sugieren que durante periodos de creciente
atencién al término “Coronavirus”, la actividad en las
redes sociales de responsables politicos presenta una
relacién negativa con el sector energético. Sin embargo,
dada la connotacion positiva y cientifica, cuando aumenta
la atencion publica hacia el término “yaccin”, observamos
un impacto positivo de organismos internacionales de
salud.

Palabras clave: Tecnologias de la informacién y las
comunicaciones (TIC), Redes sociales, COVID-19, Atencién
publica, Industria de la energia
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The COVID-19 outbreak has triggered the worst health crisis since the 1918 flu pandemic
and exposed the vulnerability of the health system infrastructure in most developed
countries. Without a prospect vaccine nor an efficient and successful treatment, most
governments opted to implement confinement measures to disrupt the contagion rate
and flatten the cases curve. Although the repercussions vary across countries, social
distancing measures and non-essential business lockdown have dramatically affected
the global economy and polarized the public opinion. On the one hand, confinement and
social isolation measures have altered our daily habits and social behavior, turning
much of our professional and social interactions online and, in consequence, boosting
the use of social media platforms. On the other hand, lockdown measures imposed by
governments all over the globe dramatically reduced the economic activity and increased
market uncertainty, triggering an unprecedented decline in the global energy demand.
The global turmoil combined with the dramatic decrease in the energy demand and the
fear of a deep and long term economic recession led the energy sector, more precisely
the fossil fuel industry, at the eye of the storm. The loud collapse of the industry during
the first wave of COVID-19, and the consequent reduction of emissions have opened the
post-coronavirus energy transition debate and promoted the social media discussion
with prominent public figures and policymakers taking sides. Given the strategic role
and the potential impact on a future sustainable policy architecture, we study how the
public attention to certain pandemic-related topics and the social media activity of health
and policymaker influencers impact the energy sector during the COVID-19 outbreak.

Following the International Energy Agency (IEA) monthly oil report release, the
executive director, Fatih Birol, said “In a few years’ time, when we look back on 2020,
we may well see that it was the worst year in the history of global oil markets”. It might
sound a bit apocalyptic, however, Birol has voiced a generalized belief among policymakers
and market experts. At that time, according to the IEA Oil Market Report (April 2020),
the global oil demand was expected to fall by a record 9.3 million barrels a day (mb/d)
year-on-year in 2020, while the oil demand in April was estimated to drop 29 mb/d
compared with the same month last year, the lowest level seen in the last 25 years.
Although the extent and ramifications of the economic situation are rather complex, the
pandemic has triggered a severe demand/supply dualshock causing the collapse in the
oil and gas demand and the overproduction of a commodity reaching the full storage
capacity. To knock it out even harder, the Russia-Saudi Arabia oil price war has pulled
energy prices to unprecedented levels exacerbating the devastating impact on the energy
sector. Dragged by the high cost of stopping and restarting production and the storage
capacity at the maximum level, on April 20, the oil market traded at a negative price for
the first time in recorded history, when the West Texas Intermediate (WTI) crude hit
$-36.20 per barrel, triggering a media bombardment—both reliable and fake news—and
pointing the public attention and social media debate toward the energy market. More
recently, mostly due to the OPEC+ agreement to ease record oil supply curbs and the
end of the Saudi Arabia voluntary 1 mb/d cut —see, IEA Oil Market Report (August 2020)

and IEA Oil Market Report (September 2020)— the global oil supply rose by 2.5 mb/d
and 1.1 mb/d in July and August, respectively. Despite the recovery signs, the subsequent
COVID-19 waves and the steeped upsurge of new cases in many countries led to the
reinforcement of social distancing measures and restrictions such as banning gatherings
and the compulsory mask-wearing policy, while some countries implemented a localized
lockdown policy to fight subsequent waves of the virus.

In this paper we aim to study the relationship between the public attention to certain
pandemic-related topics and the social media activity of health and policymaker influ-
encers and the energy sector during the first wave of the COVID-19 outbreak. First, we
gauge the public attention to certain pandemic-related trending topics using Google
Trends. In order to cover different dimensions of the pandemic we analyze the search
query popularity of “Coronavirus”, “COVID-19", “Lockdown”, “Vaccine”, and “Immuniz-
ation”. Secondly, we analyze the social media activity on Twitter of health and policymarker
influencers, more precisely, the Centers for Disease Control and Prevention (CDCJ, the
World Health Organization (WHOJ, and D. Trump. We aim to capture the impact of highly
relevant social media content with the potential to spread across a large audience and
to influence people’s opinion and behavior, hence we opt to measure the impact of
Retweets and Likes. We contribute to the extant literature fourfold, i) We study how the
public attention affects the energy sector, and we find that the public attention toward
“Coronavirus” exhibits a negative and significant relationship with the energy market
and during periods of growing economic policy uncertainty the negative effect is inten-
sified; ii) we study the impact of prominent public figures and institutions during the
COVID-19 outbreak, our findings suggest that the social media activity of the CDC played
an instrumental role during the outbreak and the impact is deepen with higher level of
uncertainty; iii) we combine the public attention and social media activity to identify
periods and prominent public figures and institutions of high influence, we find that
given the positive and scientific connotation, when the public attention to the term
“Vaccine” increases, health influencers positively impact the energy sector. On the other
hand, when the public attention toward “Coronavirus” increases the social media activity
of D. Trump becomes particularly relevant and negative; iv) since oil prices shocks have
a large and significant impact on economic volatility, applying a structural VAR approach,
we decompose the observed variance and analyze the relative contribution of the public
attention variability and shocks in explaining the energy sector dynamics, we find that
shocks in the public attention not only represent major contributors to the energy sector
dynamic but also the impact tends to increase over time suggesting a persistent effect.

The results obtained in our study shed some light on how the public attention and
social media dynamics impact the energy sector during the COVID-19 pandemic and
might be used to develop an effective and efficient policy strategy. With the fossil fuel
industry immersed in the worst energy crisis in recorded history, the COVID-19 pandemic
poses an opportunity to promote and develop a sustainable energy transition and design
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a long-term policy architecture. As Fatih Birol tweeted on March 24, 2020 “Today,
governments are managing the medical crisis caused by COVID-19 & quickly building
financial firewalls. When they launch stimulus plans to drive the economic recovery,
they’ll have a big chance to boost clean energy transitions as well”.

Energy industry, social media, misinformation and
politicization

COVID-19 and the energy industry. The COVID-19 pandemic has caused a worldwide
economic and social disruption. Particularly during the first wave of COVID-19, the
epidemiological and sanitary uncertainty led governments all over the globe to imposed
confinement and lockdown measures to contain the spread of the virus, deteriorating
the economic activity and, consequently, reducing the global energy demand. Since the
beginning of the pandemic, a considerable amount of literature has studied the COVID-19
pandemic transmission mechanisms to the energy industry and its long- and short-term
impact. Claiming that no national energy market is unscathed, Szczygielski et al. (2021)
finds that the negative impact is associated with higher levels of volatility and concluded
that COVID-19 uncertainty is part of the composite set of factors driving the energy
sector returns. Sharif et al. (2020) finds that, during the first months of the pandemic,
there is an unprecedented volatility jump in the US geopolitical risk caused by the
COVID-19 outbreak and the consequent increase in oil price volatility. Focusing on energy
stock indexes, energy futures, ETFs, and implied volatility indexes, Shaikh (2022) finds
that the dwindling demand caused by the lockdown and the decreased fuel consumption,
combined with the provisional upsurge in supply led to higher levels in the energy market
volatility. On a different dimension of analysis, Fu and Shen (2020) finds that, during the
first quarter of 2020, the pandemic severely hit productivity in the energy sector and
most companies struggled to cover fixed costs and expenses causing a negative impact
on the corporate performance of the energy industry. Furthermore, according to Crider
(2020), as of August 5, 2020, citing the COVID-19 pandemic as the cause, a total of 19
energy companies have filed for bankruptcy in the US.

Undoubtedly, the COVID-19 has severely affect the energy industry, however, there
is an asymmetric impact between the fossil fuel and the renewable energy industry.
Analyzing the impact on energy production in 30 Chinese provinces, Chen et al. (2021)
concludes that the pandemic has negatively influenced the energy production and the
impact is more pronounced on traditional energy (ie, oil, coke, kerosene, gasoline, fuel
oil, and raw coal) than on renewable energy production, while studying the impact on
energy generation in Europe, Werth et al. (2021) finds that generation from nuclear,
fossil coal and gas sources was reduced while intermittent renewables generation
increased in most countries.

Confinement and lockdown measures have drastically altered our daily lives and
habits. Mastropietro et al. (2020) claims that confinement measures and lockdowns
increase residential energy demand due to higher occupancy, reducing family income
and fostering energy poverty. Moreover, Rouleau and Gosselin (2021) studies changes
in energy consumption under lockdown and confinement and the impact on the energy
bill for consumers. The authors find a significant change in the consumption pattern,

instead of concentrating energy consumption in the evening, during the lockdown energy
consumption is spread throughout the day.

Social media and public attention. A large number of studies in the broader literature
have examined the impact of social media and public attention. Under the climate change
framework, Loureiro and Allo (2020) uses tweets to compare the preferences and
sentiments toward climate change in Spain and UK, while using daily volume of tweets
containing the term “climate change” and “global warming” to measure the publicinterest,
Kirilenko et al. (2015) finds that not only weather anomalies but also mass media coverage
control the public attention to climate change. Taking Twitter as a channel of communication
between government agencies involved in disaster management and the public, Platania
etal. (2022) studies the impact of social media during periods of emergency. The authors
find that social media activity triggers public concerns about potential shortages, influ-
encing the price of agricultural commodities. Closely related to the energy sector, Russel
etal. (2011) implements data mining and content analysis techniques to analyze energy-re-
lated social media conversations taking place in twitter and finds that studying large
scale twitter conversations not only can help to identify influencers but also can potentially
be used to track the public opinion and behavioral patterns related to sustainability and
energy consumption. Also using content analysis techniques, Bollen et al. (2011) categorizes
in positive and negative mood the content of daily Twitter feeds and finds statistically
significant correlation to daily changes in the Dow Jones Industrial Average. Starting
right after the terrorist attacks of 9/11, Reuter and Kaufhold (2018) provides a 15 years
summary about the use of information and communication technology (ICT) and social
media in emergencies, suggesting that social media use substantially grows during
emergency and crisis events, while using rumor theory and focusing on three different
social crises, Oh et al. (2013] studies citizen-driven information processing through
Twitter. On a different strand of literature, using Google search volume index, Guo and
Ji (2013) analyzes the relationship between oil prices and market concerns. Following a
similar approach to calibrate the public attention, Han et al. (2017) empirically tests the
forecasting power of the investor attention onto oil prices finding statistically significant
results at the daily and weekly horizon, while Li et al (2014) confirms the forecasting
ability of the public attention measured by Google search volume interest.

COVID-19, fake news and social media. The lack of knowledge about the epidemio-
logical and clinical aspects of the disease and the growing uncertainty during the first
wave of COVID-19 have dominated the global scene and propitiated a fertile ground for
fake news and conspiracy theories, triggering public attention shocks and fostering
intense social media debates. Although making reference to the Zika virus, Dredze et al.
(2016) finds that uncertainty regarding the origin, transmission and health consequences
of the virus promote the use of social media platforms to spread and disseminate
pseudo-scientific claims. More recently, Tasnim et al. (2020) finds that the spread of
misinformation and the exposure to high-volume of information during the COVID-19
pandemic can cause relaxation of healthy behaviors and promote erroneous practices.
In line with our analysis, Brennen et al. (2020) analyzes the role of prominent public
figures—influencers—in spreading misinformation about COVID-19 and finds that,
although it represents a small portion of the total, misinformation claims from prominent
public figures often have very high levels of engagement. This is particularly concerning
because even though the presence of a fake news might be detected and flagged, Moravec
etal. (2019) finds that a fake news flag has no effect on judgments about the truth.
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As presented above, on the one hand, the academic literature has intensively studied
the relationship and different transmission mechanisms between the COVID-19 pandemic
and the energy industry. On the other hand, even before the pandemic, a considerable
amount of literature analyzed the impact of social media and the public attention on the
energy market. However, to the best of our knowledge, no previous study has investigated
how the public attention and social media activity of relevant public figures and agencies
affect the energy industry during the COVID-19 pandemic. Hence, in this study, we aim
to test the following hypotheses:

Hypothesis 1.a (Public attention): The public attention toward the COVID-19 pandemic
has a significant impact on the energy industry.

Hypothesis 1.b (Public attention): Economic policy uncertainty intensifies the impact
of the public attention.

Hypothesis 2 (Influencers): Highly influential social media content of health agencies
and policymakers has a significant impact on the energy industry during the COVID-19
outbreak.

COVID-19 politicization. Sadly, the worst health crisis in modern history has transcended
the epidemiological dimension and became a political weapon. Particularly worrying, the
COVID-19 pandemic has been intensively used as a political instrument during the 2020
US presidential election campaign, where the spread of misinformation and the unconditional
defense of a political color have immensely contributed to polarize the public opinion and
segregate the population in two groups, those in-favor or against the confinement measures.
Since social media users tend to believe and validate the information that best align with
their own political opinion—Moravec et al. (2019) and Kim and Dennis (2019]—, global
leaders and policymakers play an instrumental role and heavily influence the public opinion.
Even long before the outbreak, the energy industry has been heavily politicized and polarized
between climate change “believers” and “deniers”, the growing impact of digital activism—
George and Leidner (2019]—, the COVID-19 crisis and the influence of prominent public
figures helped to magnify the discrepancies. On a rather concerning aspect of the ICT,
Mora et al. (2020) analyzes 2187 COVID-19 related documents and measures the effectiveness
of the technological solutions adopted to control the outbreak. The authors find that, often
by screening and controlling the traffic of information, ICTs become a political instrument
allowing public authorities to reinforce their power.

Considering the political context and the role of health agencies and policymakers
to influence the public opinion, we aim to study how the public attention moderate the
impact of social media and we propose to test the following hypothesis:

Hypothesis 3 (Interaction effect): The public attention has a moderating effect on
the impact of social media.

Methodology and data set

According to the WHO's situation report 1, on December 31, 2019, the WHO China Country
Office was first informed of some cases of unknown causal agent pneumonia detected in
Whuhan City. Up to January 3, 2020, the national authorities in China reported a total of 44
patients with pneumonia of unknown etiology. Although between January 11 and 12, 2020,
the National Health Commission in China associated the outbreak with exposures in one
seafood market in Wuhan City, the Chinese authorities were able to isolate and identified
a novel type of coronavirus on January 7, 2020. Hence, we take the novel coronavirus-type

identification date as starting point and we collect data from January 7, 2020. The first
coronavirus wave was surrounded by a great deal of uncertainty not only from the
epidemiological and sanitary side but also from the political and economic perspective
including the US presidential campaign. The global turmoil combined with confinement
measures during the first wave created a fertile ground to fake news and an intensive social
media debate. Hence, we analyze the first wave of coronavirus and we collect data up to
September 25, 2020. The data used in our analysis are obtained from different source.

Energy sector

The data set used for the analysis consists of daily observations of closing prices obtained
from Compustat. We look at the Global Industry Classification Standard (GICS) taxonomy
and consider all the sub-industries within the Energy sector including Integrated Oil &
Gas, Oil & Gas Exploration & Production, Oil & Gas Refining & Marketing, Oil & Gas
Storage & Transportation, Coal & Consumable Fuels, Oil & Gas Drilling and Qil & Gas
Equipment & Services. We exclude from the data set those companies with no reported
closing price or trading volume, leaving us with 353 listed companies.

COVID-19 cases and deaths

We collect from the WHO webpage the cumulative number of US confirmed cases and
deaths. Note that, according to the WHO database, the first confirmed coronavirus related
case-patientin the US was reported on January 20, 2020, while the first death was reported
on March 3, 2020. Figure 1 upper-left and -right corner present the evolution of cumulative
confirmed cases and the evolution in logarithm scale, respectively, while figure 1 lower-left
and -right corner present the death toll evolution and the logarithm scale, respectively.

FIGURE 1
Cumulative confirmed Cases and Deaths in the US up to

September 25, 2020
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TABLE 1
Descriptive statistics

E . L taint Std. Dev.
conormc poticy un_cer ainty . . . . Coronavirus 21 23 0 100 184
Uncertainty plays an instrumental role during crises and economic downturns, in
particular uncertainty regarding fiscal, monetary, or regulatory policy, which refers to % COVID-19 32 25 0 100 184
economic policy uncertainty (EPU), see Baker et al. (2016). Given the scope and magnitude g | Lockdown 19 18 0 100 184
of the COVID-19 outbreak, governments all over the world implemented different social © | Vaccine 31 13 10 100 184
distancing policies ranging from sanitary recommendations to strict quarantines and Immunization 70 13 42 100 184
non-essential services lockdown affecting the economic policy uncertainty. Thus, we
. . ' . ! Tweets 7 2 1 17 184
collect daily observations of the US news-based Economic Policy Uncertainty Index.! -
Figure 2 shows the EPU index evolution in the US, we observe a sharp increase since Q | Replies 409 474 6 3919 184
mid-March following the declaration of a pandemic by the WHO on March 11, 2020. © | Retweets 2351 3147 136 22070 184
Likes 3989 7239 195 50382 184
Tweets 31 19 0 109 184
FIGURE 2 2 | Replies 1131 1466 0 14647 184
Economic Policy Uncertainty in the US from Janyary 7, 2020 2 | Retweets 6869 14133 0 165916 184
up to September 25, 2020 Likes 13034 20924 0 238804 184
o | Tweets 16 9 1 47 184
§ Replies 261058 147876 30697 808653 184
I"-_ Retweets 356224 171517 55180 1094796 184
e Likes 1585026 734702 242466 5177011 184

FIGURE 3
Google search volume interest evolution from Janyary 7, 2020
up to September 25, 2020
100 COrgnlvirus . 100 . g& Cole 19
A /
“ : \\h‘ * )'? \“\M"
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We rely on Google Trends to measure the evolution in popularity of certain keywords. 4 M"‘w e
Google Trends reports the historical search volume interest (SVI) and search trends 0"""""’\ . 0 .
collected by Google's search engines and it analyzes the popularity of top search queries. Ofen  O7Mar  OTMay 07Ul O7-Sep OFjan  OTMar  OFMay  O7-M - O7-Sep
In order to cover different dimensions of the pandemic we analyze the search query 100 Lockdown
popularity of “Coronavirus”, “COVID-19", “Lockdown”, “Vaccine”, and “Immunization”
from January 7, 2020 up to September 25, 2020. Figure 3 shows the SVI of these five s0
keywords and table 1 panel-Google presents descriptive statistics.
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1. http://www.policyuncertainty.com
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Figure 3 upper-left and -right corner show the trend evolution of “Coronavirus”
and “COVID-19", respectively. Although many people use both term as synonyms, the
term “Coronavirus” makes reference to Coronaviruses (CoVs) which belong to a
particular genera within in the Coronaviridae and are the largest group of viruses
belonging to the Nidovirales order, see for instance Holmes (1999]). Hence, the term
“Coronavirus”, although fairly popular among the general population, does not identify
the particular strain of coronavirus causing the global pandemic. The term “COVID-19",
on the other hand, makes reference exclusively to the SARS-CoV-2 and identifies
precisely the coronavirus strain causing the outbreak. During the first part of the
sample, when the virus was mainly contained within the Chinese and European borders
and just a few cases were reported in the US, we observe a rather low popularity level
for the “Coronavirus” search query and mostly no activity for “COVID-19". As stated
above, according to the WHO database, the first confirmed coronavirus related
case-patient in the US was reported on January 20 and the first death was reported
on March 3 while the outbreak was declared a pandemic on March 11, 2020. Therefore,
the SVI on both terms increases significantly on March, when both confirmed cases
and deaths grew substantially, reaching the maximum level (100) on March 15 and 23
for “Coronavirus” and “COVID-19", respectively.

Figure 3 middle-left and lower-left show the trend evolution of “Vaccine” and
“Lockdown”, respectively. Hardly surprising, both terms popularity increases signifi-
cantly right after the pandemic declaration and we can identify several period of
peaking popularity. On the other hand, figure 3 middle-right presents the SVl evolution
of the term “Immunization”, the first eye-catching characteristic is the oscillating
behavior during the whole sample while it is particularly interesting the SVl upgrowth
since July combined with the popularity peak reached on August 11.

Influencers

Although the rather recent use of the term influencer, historically speaking an influencer
can be defined as an individual or group with the ability to influence the behavior of
others. In general, an influencer possess a combination of charisma, authority,
expertise, and credibility that allows them to effectively impact their audience’s
decision making process. The use of microblogging and social networking platforms—
such as Twitter, Facebook, or Instagram, among others—as a channel of communication
with their objective audience is a distinctive characteristic of modern influencers. In
these virtual communities, influencers represent a small portion but they are respon-
sible for most of the content and discussion—see Martinez Torres et al. (2015). During
the last decades, social media has gained a great deal of popularity and, as shown in
Perrin (2015), a growing number of users turn to these platforms as a primary source
of news and information. Unlike traditional media channels, social media is highly
interactive, allowing users to exchange ideas, information, theories, and news, reaching
a broader audience and forming people’s opinion and perception. Social media influ-
encers play a critical role during the COVID-19 pandemic. On the one hand, health
influencers informing about the state of the pandemic, advances on treatments, or
simply issuing health and sanitary recommendations, might influence people’s behavior
and the public perception regarding the implementation of further restrictions. People’s
expectations, particularly if they are referred to confinement measures and lockdowns,
directly impact the economic activity and, in consequence, energy markets. On the

other hand, social media has been an instrumental vehicle for policymakers. In
particular, D. Trump has intensively used Twitter to inform about the implementation
of policies and regulations regarding the COVID-19 pandemic, and also to campaign
for the 2020 presidential election. Among the vast pool of social media platforms,
Twitter has gained a great deal of popularity. Hence, we take Twitter as the main
communication channel and we analyze the social media activity of three main actors
during the coronavirus outbreak:

i. Centersfor Disease Controland Prevention (CDCJ: under the Department of Health
and Human Services, the CDC is the leading health institute in the US. Founded in
1946, the CDC is a federal agency with its headquarter located in Atlanta, Georgia.
The use of social media is part of the CDC communication strategy, and it is par-
ticularly active in Twitter thru its many and specialized profiles. We collect tweets
posted in the official CDC’s Twitter account, @CDCgov. Figure 4 presents the Twitter
metrics and table 1 panel-CDC presents descriptive statistics.

FIGURE 4

Centers for Disease Control and Prevention Twitter activity
from Janyary 7, 2020 up to September 25, 2020
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ii. World Health Organization (WHO): within the United Nations system, the WHO is
the directing and coordinating authority on international health. Founded in 1948,
the WHO is an international organization with its headquarter located in Geneva,
Switzerland. The WHO is active on several social media channels, we collect tweets
posted in the official WHO's Twitter account, @WHO. Figure 5 presents the Twitter
metrics and table 1 panel-WHO presents descriptive statistics.
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FIGURE 5

World Health Organization Twitter activity from Janyary 7, 2020
up to September 25, 2020
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iii. Donald Trump: Born in 1946, Donald John Trump was elected the 45th president
of the United States on November 8, 2016. Trump presidency has not been exempted
from controversy, he has been frequently accused of racism, sexual misconduct,
and making false statements. During the 2020 US presidential campaign, Trump
has politicized the pandemic and has been accused of spreading misinformation
and misleading the public opinion. His particular view on climate change has
attracted the public attention worldwide and raised criticism within the scientific
community. Trump has rejected multiple times the scientific consensus on climate
change and has questioned the veracity of the human-caused climate change.
Pledging for energy independence, Trump withdrew the US from the Paris Agreement
on climate change, promoted the extraction and production of fossil fuels and
relaxed federal regulations on greenhouse gas emissions. Ever since Trump has
joined Twitter, in 2009, he has been actively using Twitter, we collect tweets posted
in Trump’s account, @realDonaldTrump. Figure 6 presents the Twitter metrics and
table 1 panel-D.Trump presents descriptive statistics.

FIGURE 6
Donald Trump Twitter activity from Janyary 7, 2020 up to
September 25, 2020
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Analysis and Results

The aim of this section is to analyze the impact of different dimensions of public attention
on the Energy sector, we measure the public attention as i) the SVI to certain trending
topics related to the pandemic, and ii) the health and policymaker influencers’ social
media activity as presented in the previous section.

The Energy sector dynamic is nothing but a system of a large number of interrelated
individual variables interacting among each other. The full data set includes 7 sub-
industries within the energy sector, that is 353 individual companies. Although we focus
the attention on one particular sector, the data set includes a rather large and
heterogeneous sample. The high dimensional order of the system embeds a great deal
of noisy components and idiosyncratic variations which are endemic to each individual
company and might prevent us from identifying the key drivers in the sector or unveil
the public attention systemic impact. In order to reduce the dimensionality and retain
the systemic variation specific to the energy sector, we apply a principal component
analysis (PCA). The idea behind the PCA analysis is to transform the variables into a
new set of uncorrelated variables—the principal components—ordered by variance
score, where the first component accounts for the largest possible variance in the
original data set and the first few components retain most of the variation observed in
the original data set.
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Consider that the energy sector is defined by the ¢ x p matrix, X, with known covariance
matrix, X, where each of the p-columns represents an individual company and each of
the t-rows represents the observed logarithmic return at a given time. The principal
components are defined by an orthogonal linear transformation of X,

Z=90X

where @is an orthogonal matrix whose k-th column corresponds to the ¢-th eigenvector
of X, and k = 1,2,...,p. The first principal component, Z, corresponds to the normalized
linear combination that inherits the maximum possible variance from the original data
setand captures most of the systemic variation. Considering the 353 companies included
in the Energy sector, the first component, Z, accounts for 41.72% of the total variation
in the original data set and constitutes a benchmark for the systemic variation in the
energy sector.

Trending topics

We start analyzing the relationship between daily increments of the selected keywords
SVl and daily log-returns in the energy sector, that is, Z. Table 2 presents different
regression models, in all of them we control for the effect of the number of confirmed
cases, deaths and economic policy uncertainty. The results remain stable and robust
across models and we observe a negative impact of the number of confirmed cases and
no significant results for the EPU and death count. Although the number of confirmed
cases has not been exempted from controversy, official counts of COVID-19 related
deaths have been under the spotlight and continuously challenged. Different states have
different rules and regulations to code and report a COVID-19 related death. Even though
the CDC has issued a COVID-19 coding and reporting guideline, a technical note within
the Death Data and Resources section warns that “[The CDC report] includes deaths
where COVID 19 is listed as a ‘presumed’ or ‘probable’ cause. Some local and state
health departments only report laboratory-confirmed COVID 19 deaths” and prevents
from comparing official figures across states arguing that “Death counts should not be
compared across states. Data timeliness varies by state. Some states report deaths on
a daily basis, while other states report deaths weekly or monthly”.

Table 2, model (1) and (2] present a simple linear regression between log-returns
and the SVI to “COVID-19" and “Coronavirus”, respectively. Even though, both models
exhibit negative and statistically highly significant (] estimates, the systemic variation
explained by the term “Coronavirus” is appreciably higher, suggesting a closer relationship
with the energy sector, with a R?* of 19.9%. Although the term coronavirus does not identify
the particular strain of the virus causing the global pandemic, it is fairly popular among
the general population and tracks the general interest toward the virus. Model (3)
includes the interaction effect between the term “Coronavirus” and the EPU index.
Interestingly, we observe that when the economic policy uncertainty increases the
search interest toward “Coronavirus” has a stronger negative effect on the energy
sector. This result is especially relevant as it help us to understand and identify those
periods when the public attention is particularly sensitive and policy announcements
might have a deeper impact.

Model (4) and (5) present the relationship between the SVI to “Lockdown” and the
energy sector. The implementation of different social distancing measures and non-es-
sential business lockdown have dominated the social media debate and heavily influenced

the public opinion. As expected, we observe a highly significant and negative relationship
between the SVl to “Lockdown” and the energy sector. An increase of the public attention
toward the term “Lockdown” depicts a growing concern among the general population
producing a negative impact in the energy sector.

Model (6)-(7) and (8)-(9) present the relationship between the SVI to “Vaccine” and
“Immunization”, respectively. We observe that the public interest toward these terms
does not have a significant impact on the energy sector. However, model (9) shows that
when there is a growing interest toward “Coronavirus” the term “Immunization” has a
highly significant and positive impact on the energy sector, however, it is worth to mention
that since the very first phase of the outbreak there has been an intense debate around
the herd immunity, while more recently, there has been a growing uncertainty and
debate about the longevity of the antibody response and immunity to SARS-CoV-2. On
a media statement released on August 14, the CDC reported that “...this science does
not imply a person is immune to reinfection with SARS-CoV-2, the virus that causes
COVID-19, in the 3 months following infection”, meaning that there is no evidence of
immunity to coronavirus after having been infected once. Interestingly, after being
cleared to resume public activities, on October 11 D.Trump tweeted “A total and complete
sign off from White House Doctors yesterday. That means | can’t get it (immune), and
can't give it. Very nice to know!!!”. This tweet generated a strong reaction and controversy,
media all over the globe accused Trump of misleading the public and downplaying the
virus while Twitter added a warning label saying “This Tweet violated the Twitter Rules
about spreading misleading and potentially harmful information related to COVID-19".
Mejia and Ramaprasad (2020) analyze the race and gender biases in the provision of
fact-checking information and conclude saying “A false evaluation of a Kamala Harris
statement will likely impact her competence, whereas a false evaluation of Donald
Trump is becoming increasingly pointless”. Considering his flagged tweet record, we
cannot help but wonder if and under which circumstances the social media activity of
president D. Trump is relevant—which motivates the following section.

Finally model (10) presents the full model version with all the explanatory variables.
Although the collinearity among predictors prevent us from interpreting the estimated
coefficients, it does not reduce the predictive power or reliability of the model. It is
interesting to observe that 36.1% of the systemic variability observed in the energy
sector during the COVID-19 outbreak is explained by this model.

Influencers

In this section we study a different dimension of public attention. We gauge the public
attention as the social media activity of influencers within the health and policymaker
community, more precisely, the CDC, WHO and D. Trump.

Retweets and Likes can be regarded as mechanisms to propagate and validate a
message. According to Twitter “[Likes] are used to show appreciation for a Tweet”, thus,
when a user Likes a tweet is somehow agreeing or validating the message. On the other
hand, retweeting is the action to repost or forward a message tweeted by another user.
Cha et al. (2010) defines retweet influence as the ability to generate content with pass-
alongvalue and reach an audience beyond the own network. In this line, Boyd et al. (2010)
analyzes the incentives to retweet and finds that, among the top ten motivations, users
retweet to amplify and spread a message to new audiences and also to publicly agree
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TABLE 2

This table presents estimates of different regression models explaining the relationship between the energy sector and the public
attention to “COVID-19", “Coronavirus”, “Lockdown”, “Vaccine”, and “Immunization” from January 7, 2020 up to September 25, 2020

| @ | ® | w | /s | 8 | . o)
COVID-19 -1.403*** -0.701*
(0.272) (0.360)
Coronavirus -1.146%** -1.449%** -0.846%** -0.970%** -1.025%** -0.876***
(0.208) (0.212) (0.238) (0.255) (0.210) (0.254)
Lockdown -0.510%** -0.350%** -0.266*
(0.136) (0.131) (0.143)
Vaccine -0.142 -0.0413 0.0464
(0.121) (0.114) (0.108)
Immunization 0.0610 -0.00189 -0.0134
(0.0833) (0.0787) (0.0758)
Coronavirus x EPU -3.092*** -3.960***
(0.740) (0.813)
Lockdown x Coronavirus -0.0327 0.0262
(0.0225) (0.0272)
Vaccine x Coronavirus -0.0335 -0.0779**
(0.0294) (0.0393)
Immunization x Coronavirus 0.0463*** 0.0200
(0.0178) (0.0197)
EPU 1.757 1.205 3.438 2.434 1.636 1.495 1.002 1.649 1.725 4.691%*
(2.769) (2.745) (2.680) (2.867) (2.703) (2.958) (2.755) (2.967) (2.713) (2.588)
Deaths 4.920 -1.516 -0.0276 5.191 0.640 3.656 -0.734 3.725 -0.0584 5.358
(6.089) (6.108) (5.855) (6.291) (6.021) (6.501) (6.155) (6.516) (6.047) (5.708)
Cases -11.13** -13.18*** -12.75%** -15.06*** -11.79%* -16.52%** -12.58%* -16.94%** -13.45%** -9.413%*
(5.080) (4.960) (4.747) (5.139] (4.881) (5.304) (4.994) (5.312) (4.891) (4.653)
_cons 0.775 1.272 1.058 0.994 1.216 1.192 1.330 1.222 1.237 0.706
(0.915) (0.903) (0.866) (0.942) (0.888) (0.973) (0.906) (0.976) (0.891) (0.840)
N 183 183 183 183 183 183 183 183 183 183
R? 0.185 0.199 0.271 0.132 0.241 0.070 0.206 0.066 0.231 0.361
adj. R? 0.167 0.181 0.250 0.112 0.215 0.049 0.179 0.045 0.205 0.316
AlC 1404.5 1401.3 1386.1 1416.0 1395.5 1428.7 1403.8 1429.5 1397.9 1375.9
rmse 11.08 10.98 10.51 11.43 10.75 11.83 11.00 11.86 10.82 10.04

Standard errors in parentheses.
*p<0.1, ** p<0.05, *** p<0.01
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with someone; while Geva et al. (2019) finds that users tend to retweet mostly about
topics consistent with the content they produce themselves, suggesting certain level of
familiarity with the topic they retweet. Hence, when analyzing the relationship with the
energy sector, Retweets and Likes should display the same directionality. However,
given the power to propagate the message and reach new audiences, we might expect
a stronger impact from Retweets.

Table 3-model (1) and (2) present the regression models using the CDC retweets as
predictor. In both models, we observe a negative and robust impact on the energy sector.
Despite the scandal generated by the defective test kits distributed by the agency in
early February and the media’s criticism, our findings suggest that, as the leading
public-health agency in the US and global health influencer, the CDC plays an influential
role during the coronavirus health crisis. CDC’s messages are widely disseminated
among the general public and have a significant impact on the energy sector. Moreover,
model (2) suggests that during periods of growing economic policy uncertainty the social
media activity of the CDC has a more pronounced impact on the energy sector, with a
highly significant and negative interaction effect between the CDC-RT and the EPU. This
result is particularly interesting since identifying periods of high influence can help to
design an effective communication policy.

Table 3-model (3) and (4) describe the relationship between WHO's social media
activity and the energy sector. These results indicate a sparse impact of the WHO's
social media activity on the sector that might be strongly linked to the public image
deterioration and falloff in credibility caused by a series of accusation, in particular,
from president Trump’s office. Indeed, throughout the COVID-19 outbreak, president
Donald Trump has publicly accused the WHO of mismanaging and helping to cover up
the spread of the virus and of being very China centric. For example, a notorious and
controversial tweet on April 7, 2020, said “The W.H.0. really blew it. For some reason,
funded largely by the United States, yet very China centric. We will be giving that a good
look. Fortunately | rejected their advice on keeping our borders open to China early on.
Why did they give us such a faulty recommendation?”. Moreover, closely related to a
declaration made on January 14, 2020, when the WHO tweeted “Preliminary investigations
conducted by the Chinese authorities have found no clear evidence of human-to-human
transmission of the novel #coronavirus (2019-nCoV) identified in #Wuhan, #China”,
president Trump claimed that “Through the middle of January, [the WHO] parroted and
publicly endorsed the idea that there was not human to human transmission happening,
despite reports and clear evidence to the contrary”. Although on January 22, 2020, the
WHO rectified and tweeted “There is evidence of person-to-person transmission among
close contacts such as in families or in health care settings. This is not unexpected with
a respiratory disease. We have not seen any evidence of onward transmission such as
3rd, 4th generation transmission”, the politicized use of certain tweets and statements
jeopardized WHO's credibility and biased the public perception.

Table 3-model (5) and (6) show the relationship with Donald Trump's twitter activity. It
is worth to mention that President Trump uses twitter intensively to inform—official and
non official matters—and express his opinion on a large variety of topics, most of them
orthogonal to the COVID-19. For example, during the COVID-19 outbreak, among his most
popular tweets we find a condolence tweet for the death of Kobe Bryant on January 27,
2020, or a tweet informing of a missile attack at two military bases located in Irag on

January 8, 2020. Thus, given the large and heterogeneous range of topics covered by
@realDonaldTrump we do not observe a significant effect on the energy sector.

Finally, table 3-model (7) presents the full model with all the predictors. Although
collinearity among predictors prevent us from interpreting the estimated coefficients,
the public attention, measured as the social media activity of influencers within the
health and policymaker community, explains 17.9% of the systemic variability observed
in the energy sector during the COVID-19 outbreak.

Table 4-model (1) to (7) present the regression models considering the Likes metric
instead of Retweets. The results confirm that Likes and Retweets display the same
directionality, both estimates and significance level remain quite similar for both metrics.
Moreover, as predicted, given the power to propagate the message and reach new
audiences, Retweets exhibit a higher explanatory power.

Public attention interaction

In this section we aim to study the two-way interaction effect between both dimensions
of the public attention, that is, trending topics SVl and Influencers social media activity.
Table 5 takes the SVI toward the terms “Coronavirus” and “Lockdown” and presents a
set of regression models interacting these terms with the influencers’ social media
activity, while table 6 provides a similar analysis considering the SVl toward the terms
“Vaccine” and “Immunization”.

First, table 5 shows that, despite interacting the SVI with different predictors, the
individual effect of the SVI to both “Coronavirus” and “Lockdown” remain highly significant
and negative in every case, evidencing a quite stable and robust effect on the energy
sector. On one hand, table 5-model (5) suggests that, when the public attention to
“Coronavirus” increases, D. Trump’s social media activity greatly impact the energy
sector. Interestingly, given the wide range of topics discussed via twitter, in the previous
section we have not observed a significant impact of Trump twitter activity. However,
the two-way interaction model suggests that, when the public attention to “Coronavirus”
increases, the impact of Trump social media activity becomes relevant. We might expect
two complementary effects inducing these results, when the SVI to “Coronavirus”
increases i) Trump narrows down the social media discussion and focuses the narrative
to pandemic-related topics with stronger policy implications, and ii) Trump tweets
propagate faster and experience a deeper repercussion in the energy sector. In any
case, model (5) explains a great deal of the systemic variation in the energy sector during
the outbreak with a coefficient of determination of 24.4% while the full model, that is
model (7), explains 37.0% of the systemic variation.

Table 6-model (1) and (3] present the interaction effect between the term “Immunization”
and the social media activity of the CDC and WHO, respectively. Given the growing
uncertainty and the constant bombardment of information about the longevity of the
antibody response and immunity to SARS-CoV-2, the term “Immunization” has been
perceived in a negative connotation, for example, the Coronavirus update 34 reported by
the WHO stated that “Patients who had mild or asymptomatic COVID-19 have low levels
of neutralizing antibodies (or even undetectable levels)” and that "Recent studies have
shown that neutralizing antibodies may disappear after 3 months”. The lack of conclusive
evidence and the spread of discouraging information provoke that in periods of growing
interest toward the term “Immunization”, health influencers’ social media activity,
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TABLE 3

This table presents estimates of different regression models
explaining the relationship between the energy sector and the social

media activity, measured by daily volume of Retweets, of the CDC,
WHO, and D. Trump from January 7, 2020 up to September 25, 2020

w2 | @B | | L m

Energy

TABLE 4

This table presents estimates of different regression models
explaining the relationship between the energy sector and the social
media activity, measured by daily volume of Likes, of the CDC, WHO,
and D. Trump from January 7, 2020 up to September 25, 2020

| | | | | L m

Energy

CDC-RT -0.131%* | -0.147*** -0.169** CDC-LK -0.0888 | -0.119** -0.119
(0.0577) | (0.0558) (0.0679) (0.0595) | (0.0585) (0.0721)

WHO-RT -0.000291| -0.0319 -0.0189 WHO-LK 0.0219 | 0.0147 -0.0250
(0.0757) | (0.0933) (0.0979) (0.0745) | (0.0884) (0.0975)

Trump-RT -0.0330 | -0.0398 | -0.0523 Trump-LK -0.0323 | -0.0359 | -0.0464
(0.0498) | (0.0500) | (0.0481) (0.0523) | (0.0526) | (0.051¢)
CDC-RT x EPU ~0.660*** ~0.6b4*** CDC-LK x EPU ~0.708*** ~0.775***
(0.174) (0.191) (0.210) (0.245)

WHO-RT x EPU -0.207 -0.245 WHO-LK x EPU -0.0519 -0.0208
(0.356) (0.355) (0.341) (0.361)

Trump-RT x EPU -0.247 -0.332* Trump-LK x EPU -0.174 -0.275
(0.195) | (0.187) (0.208) | (0.204)

EPU 1.754 2.159 1.557 1.601 1.880 2.275 3.180 EPU 1.759 2.204 1.523 1.551 1.878 2.108 3.052
(2.928) | (2.825) | (2.970) | (2.976) | (3.005) | (3.01¢) | (2.878) (2.953) | (2.874) | (2.970) | (2.984) | (3.011) | (3.02¢) | [2.950)

Deaths 3.348 2.656 3.779 3.812 4143 4.923 4118 Deaths 3.535 2.917 3.765 3.767 4.092 4.750 4313
(6.436) | (6.208) | (6.526) | (6.539) | (6.540) | (6.559) | (6.248) (6.487) | (6.309) | (6.524) | (6.542) | (6.538) | (6.591) | (6.397)
Cases ST 3THRE | D 40RRF | 16, 84% KK | 17.02%K% | L7 19%xx | 17 BhRRF | 16,16%%* Cases S1T7.21%%% | 15 TRRF | J16.60%*% | 16.63%FK% | 17 14%*x | J17.35%FF | J16.48%**
(5.248) | (5.087) | (5.384) | (5.404) | (5.339) | (5.331) | (5.150) (5.291) | (5.164) | (5.373) | (5.391) | (5.335) | (5.34¢) | (5.238)

_cons 1.272 1.217 1.196 1.221 1.205 1.377 1.485 _cons 1.245 1.277 1.176 1.183 1.202 1.327 1.506
(0.964) | (0.929) | (0.979) | (0.982) | (0.976) | (0.984) | (0.939) (0.971) | (0.944) | (0.979) | (0.983) | (0.976) | (0.988) | (0.963)

N 183 183 183 183 183 183 183 N 183 183 183 183 183 183 183
R 0.089 0.158 0.063 0.065 0.065 0.073 0.179 R 0.074 0.130 0.063 0.063 0.065 0.069 0.143
adj. R? 0.069 0.134 0.042 0.038 0.044 0.047 0.136 adj. R? 0.054 0.106 0.042 0.037 0.044 0.042 0.098
AlC 14248 | 14125 1430.1 1431.7 | 1429.6 | 14300 | 14158 AlC 1427.8 | 14184 | 1430.0 | 1432.0 | 1429.7 | 1430.9 | 1423.7
rmse 11.71 11.29 11.88 11.90 11.87 11.85 11.28 rmse 11.81 11.48 11.88 11.91 11.87 11.88 11.52

Standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01

Standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01
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TABLE 5
This table presents estimates of different regression models
explaining the relationship between the energy sector and the
interaction effect between the search volume interest to “Coronavirus”

in particular the WHO, impact negatively the energy sector. Although the interaction
effect between the CDC-RT and the term “Immunization” does not appear to be significant,

the directionality of the estimates confirm the negative connotation of this term. and “Lockdown”, and the social media activity of the CDC, WHO, and
Table 6-model (2) and (4) present the interaction between the SVI to the term D. Trump from January 7, 2020 up to September 25, 2020
“Vaccine” and the social media activity of the CDC and the WHO, respectively. A
traditional pathway to develop a vaccine requires a series of well regulated steps () (2) 3) (4) (5) () (7)
including the pre-clinical development phase, clinical trials phase |, Il and Il up to
market registration which takes on average over 10 years, see Pronker et al. (2013). CDC-RT -0.120* | -0.155** -0.140**
The pandemic has triggered a global race to find a vaccine against the disease and (0.0676) | (0.0618) (0.0673)
accelerated the process under the emergency use protocol. Given the unprecedented WHO-RT -0.109 -0.0985 -0.159
scope and magnitude of the global pandemic, countries, universities and pharma- (0.109) (0.0847) (0.111)
ceuticals around the world were using different technologies, drugs, and candidate Trump-RT -0.0489 | -0.0267 | -0.0651
vaccines to stop the spread of the virus. The outlook of a prospect vaccine by early (0.0454) | (0.0483) | (0.0431)
2021 combined with the promising early results of some potential coronavirus vaccine Coronavirus | -1.093*** S04 -1.407*** -0.769***
candidates generate an optimistic and positive connotation of the term “Vaccine”. (0.243) (0.251) (0.220) (0.270)
Table 6-model (2) and (4) show that given the positive and scientific connotation, when Lockdown -0.533*** -0.547%xx -0.526%** | -0.413***
the public attention to the term “Vaccine” increases, we observe a highly significant (0.135) (0.135) (0.137) (0.138)
and positive impact of the health influencers’ social media activity. The results suggest CDC-RT x 0.00100 00121
that when the public attention to medical-related topics, such as vaccine, increases, Coronavirus | ™ ]
we might expect a dominant role within the health community. (0.00518) (0.00894)
Structural VAR Egc(i(d%-l\;vﬁ 0.00452 -0.0217*
In this section we aim to decompose the observed variance and assess the relative con- (0.00729) (0.0113)
tributign of the public_attentit_)n variability and _shocks in explaining the energy sector WHO-RT x 0.00224 0.0377%+
dynamics at different time horizons. To do so, we implement a structural VAR approach to Coronavirus
decompose the observed variance and measure the sector response to different shocks. (0.00607) (0.0117)
A structural VAR model can be expressed in a VAR reduced form as m;'gdg\;;( 0.0212** 0.000706
A)y,=¢, (0.00978) (0.0228)
where ¢, is a vector of innovations with ¢, ~ N(0,X) and it is related to a vector of Erourg‘npa'\ﬁ:u’é -0.0549%** -0.0831%**
orthogonalized disturbances, e, through the linear relationship 0.0174] 00191]
Ae,=Be, . . . Trump-RT x -0.00772 |-0.0260%**
where A and Bare invertible matrices of parameters, e ~ N(0,I) and E(e,. e,) = 0 for all Lockdown
t=s. For a thorough sVAR description we recommend Amisano and Giannini (1997). (0.00893) | (0.00897)
Table 7 presents the variance decomposition in terms of relative importance attributed EPU [;%‘Z] éggg] [;ig?] [52152] (;;gg] ég?g] ég?g]
to idiosyncratic, SVI, Influencers and environmental shocks at 1 to 8 days horizons. : : : : - : :
Figure 7, on the other hand, graphically represents the variance decomposition evolution Deaths -1.754 5.025 -1.407 4.971 -0.118 6.629 7.275
and shows how much a shock to one variable impacts the energy sector forecast error [6‘0631* [6‘2231* [6‘1431* [6'24(:1* [5'9931* [6'4551* (5'8251*
variance over time. Hardly surprising, idiosyncratic shocks represent the main source Cases -13.747 | -15.56 -14.16 -15.87 -13.54 -15.02 -13.47
of variability at the initial period, but as time passes, the persistent effect of an idiosyn- (4.935) | (5.079) | (5.061) | (5.176) | (4.872) | (5.198) | [4.680)
cratic shock tends to decrease rapidly. Public attention shocks (SVI + Influencers), on —cons 1.332 1.070 1.373 1.135 1.167 0.917 1.033
the other hand, represent a quota of 36% of the energy sector forecast error variance (0.898) (0.930) (0.910) (0.939) (0.883) (0.949) (0.838)
at the initial period, but in contrast to idiosyncratic shocks, as time passes, the effect NZ 183 183 183 183 183 183 183
of public attention shocks increases sharply becoming the major contributors to the R . 0.219 0.163 0.205 0.155 0.244 0.138 0.370
energy sector dynamics. The aforementioned results have major implications and should adj. R? 0.192 0.135 0.178 0.126 0.218 0.108 0.318
not be taken lightly, not only public attention shocks are a major source of variability in AlC 1400.8 1413.3 1403.9 1415.2 1394.7 1418.8 1377.2
the energy sector but also the impact is persistent over time. rmse 10.91 11.29 11.00 11.35 10.73 11.46 10.02

Standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01
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TABLE 6
This table presents estimates of different regression models
explaining the relationship between the energy sector and the
interaction effect between the search volume interest to “Vaccine”

TABLE 7
This table presents the forecast-error variance decomposition of
the energy sector from January 7, 2020 up to September 25, 2020

and “Immunization”, and the social media activity of the CDC, WHO,
and D. Trump from January 7, 2020 up to September 25, 2020

(1) (2) (3) (4) (5) (6) (7)

| Energy | Energy | Energy | Energy | Energy | Energy | Energy ‘ Energy sector dynamics

CDC-RT -0.148** |-0.246*** -0.203*** Idiosyncratic SVi Influencers Environmental
WHO-RT -0.180%* [-0.332%** -0.260%* ) 053 o 029 007
(0.0823) | (0.104) (0.106) : i . :
Trump-RT -0.0400 | -0.0391 | -0.0686 3 0.41 0.19 0.33 0.06
(0.0504) | (0.0501) | (0.0461) 4 0.39 0.20 0.34 0.07
Immunization 0.0530 0.0474 0.0707 0.0124 5 0.38 0.20 034 0.07
(0.0826) (0.0798) (0.0842) (0.0784)
Vaccine -0.0750 -0.109 0138 | -0.0950 6 0.37 0.21 0.35 0.08
(0.118) (0.116) (0.132) | (0.12¢) 7 0.37 0.21 0.35 0.08
Immunization ) .
(0.00803) (0.00926)
CDC-RT x Vaccine 0.0329*** -0.00741
(0.00984) (0.0169)
WHO-RT FIGURE 7
| X -0.0440%** -0.0320%* . .
mmunization Forecast-error variance decomposition of the energy sector
(0.00986) (0.0140) at 1 to 8 periods horizon
WHO-RT x Vaccine 0.0492%* 0.0573%**
(0.0112) (0.0184)
Trump-RT x 08 T T T T o
Immunization 0.00356 0.00699 ﬁ‘{a:mem
-» |diosyncratic
(0.00472) (0.00432) 07 - Envitonmental |
—e—Public Attention
Trump-RT x Vaccine 0.00209 |-0.000829
(0.00832) | (0.00787) 06 J
EPU 1.532 0.941 0.206 0.367 2.089 1.797 1.256
(2.951) | (2.853) (2.848) (2.837) | (3.018) | (3.023) | [2.749) 05 :
Deaths 3.389 2.618 4.902 4113 4.377 3.897 4,867
(6.449) | (6.255) | (6.217) | (6.209) | (6.562) | (6.588) | (5.955) 0.4 4
Cases S17.6TFFF[216.01%% | -18.08%** | -17.40%%% | -17.47*** | -17.03%** | -17.18***
(5.264) | (5.114) | (5.135) | (5.130) | (5.356) | (5.364) | (4.900) 03 1
_cons 1.231 1.197 1.708* 1.371 1.148 1.249 1.745*
(0.968) | (0.936) | (0.939) | (0.932) | (0.986) | (0.995) | (0.919) 0z - :
N 183 183 183 183 183 183 183
R? 0.096 0.150 0.161 0.162 0.072 0.073 0.286 [ X E————— il L
adj. R? 0.065 0.121 0.132 0.133 0.040 0.042 0.227 : : ’
AIC 14275 | 14162 | 1413.9 | 1413.6 | 14323 | 1432.0 | 1400.2 0 : L L L 4
rmse 11.73 11.38 11.31 11.30 11.89 11.88 10.67

Standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01
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Discussion and conclusion

The COVID-19 pandemic has triggered the worst health crisis in recorded history. The
fear of community transmission, the uncertain transmission rate and routes during the
first wave of the outbreak, both key elements to the epidemic control, and the threat of
an eventual collapse of the health system infrastructure, led governments all over the
world to close borders, implement different social distancing policies ranging from
sanitary measures to strict nationwide quarantine and non-essential business lockdown.
The global health and economic outlook and the politicization of the disease polarized
the public opinion and created a fertile ground for the dissemination of misleading
information and fake news, mostly propagated through social media platforms.

The objective of this paper is to study the relationship between the energy sector and
different dimensions of public attention during the global pandemic. Although we focus
the study on the energy sector, we acknowledge the impact of the COVID-19 pandemic
on otherindustries and we encourage future research on this matter. First, we analyze
how the search volume interest to certain pandemic-related trending topics impact the
energy sector. We find that the aggregated search volume interest explains 36.1% of the
energy sector variability during the first wave of the outbreak, this result confirms and
validates the hypothesis that the public attention toward the COVID-19 pandemic has a
significant impact on the energy industry (Hypothesis 1.a). From the pool of topics,
“Coronavirus” exhibits negative and highly significant estimates and turns out to explain
27.1% of the total variation. Furthermore, our findings suggest that during periods of
growing economic policy uncertainty the search interest toward “Coronavirus” has a
stronger negative effect on the energy sector (Hypothesis 1.b). These findings help us
tounderstand and identify those periods when the public attention is particularly sensitive
and policy announcements might have a deeper impact.

Secondly, we study the social media activity of influencers within the health and
policymaker community, and analyze the relationship with the energy sector during the
pandemic. We take Twitter as the main channel of communication, and considering
Retweets and Likes as mechanisms to propagate and validate a message, we analyze
the influence of the CDC, WHO and D. Trump (Hypothesis 2). Our findings suggest that,
as the leading public health agency in the US and global health influencer, the CDC plays
aninfluential role during the coronavirus health crisis. Surprisingly, the results indicate
a sparse impact of the WHO, which might be strongly linked to the public image deteri-
oration and falloff in credibility experienced during the pandemic. Further, studying the
two-way interaction effect between Google Search Interest and influencers social media
activity, we observe that, given the positive and scientific connotation, when the public
attention to the term “Vaccine” increases, health influencers—both the CDC and WHO—
positively impact the energy sector. On the other hand, when the public attention toward
“Coronavirus” increases the social media activity of D. Trump becomes particularly
relevant and negative (Hypothesis 3). In this regard, we strongly advocate policymakers
to carefully define a communication strategy timing the public attention sentiment.

Finally, we implement a structural VAR approach to decompose the observed variance
and measure the energy sector response to different shocks. We find that shocks in the
public attention not only represent major contributors to the energy sector dynamic but
also the impact tends to increase over time suggesting a persistent effect. Hence,

undermining the importance of the public attention and a proper communication strategy
might cause a pronounce and persistent impact in the energy sector.

The results obtained in this study have important policy implications. Understanding
the public attention and social media dynamics, especially during periods of uncertainty
and turmoil, is instrumental to efficiently implement a policy strategy, develop a sus-
tainable energy transition and design a long-term policy architecture. Moreover, the
findings presented in this paper also shed some light on the role that health and policy-
maker influencers play during the outbreak and the propagation of misleading information
through social media platforms.
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