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Abstract: This study explores the initial impact of COVID-19 sentiment on US stock market using big
data. Using the Daily News Sentiment Index (DNSI) and Google Trends data on coronavirus-related
searches, this study investigates the correlation between COVID-19 sentiment and 11 select sector
indices of the Unites States (US) stock market over the period from 21st of January 2020 to 20th of
May 2020. While extensive research on sentiment analysis for predicting stock market movement
use tweeter data, not much has used DNSI or Google Trends data. In addition, this study examines
whether changes in DNSI predict US industry returns differently by estimating the time series
regression model with excess returns of industry as the dependent variable. The excess returns are
obtained from the Fama-French three factor model. The results of this study offer a comprehensive
view of the initial impact of COVID-19 sentiment on the US stock market by industry and furthermore
suggests the strategic investment planning considering the time lag perspectives by visualizing
changes in the correlation level by time lag differences.

Keywords: COVID-19 sentiment; big data analysis; daily news sentiment index; Google Trends

1. Introduction

The COVID-19 pandemic is one of the most economically costly pandemics in recent history.
The current COVID-19 pandemic appears to differ fundamentally from past epidemics such as SARS
in 2003 and Ebola from 2014 to 2016. The coronavirus leads much faster global transmission due to
closer international integration and possibility of transmission through carriers without symptoms.
As the COVID-19 outbreak rapidly spreads around the world, many people are becoming more
sensitive to the news and more often doing Google searches for coronavirus. News as well as Google
searches for coronavirus play a key role in staying people informed about the current state of the crisis,
influencing investors to make decisions in the stock market. As such, news and Google searches for
coronavirus may have an impact on stock market sentiment and asset prices. It is expected that the
COVID-19 pandemic will force new ways of asset management and drive preference for short-term
agile investment decision unless it ends.

It is widely acknowledged that stock market investors need high-quality data to make informed
decisions. Particularly, in times of market crisis, investors need technology to obtain timely and
accurate data. Using the high-quality data, investors are able to do fast analysis and decision making
in the asset management process and then react quickly to a volatile market condition. Any positive or
negative sentiment of public related to stock market crisis can have a ripple effect on decision making
by investors in stock markets. The combination of available information at stock markets and real-time
big data from non-traditional sources like news sentiment data or Google Trends data could further
enhance investors’ understanding of the heterogeneous impact of Covid-19 shock and their ability to
develop adequate responses. The real-time big data could also help overcome limitations in official
data, such as low-quality, limited coverage, or reporting lags that in some cases could be substantial.
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To sustain a competitive advantage during market crisis periods, stock market investors require
not only understanding the nature of market crisis such as timing, strength, and variability, but also
a strategic investment decision that can realize positive returns or minimize the loss due to a shock.
Once a shock has substantially affected stock markets, investors analyze data from the past few months
to find out potential lessons from the market crisis and develop an indicator to respond faster and
smarter to market volatility. Then investors can better protect their portfolios from market shocks
when such a shock occurs again. A number of previous studies use sentiment analysis for predicting
stock market movement using big data such as tweeter data or other social media data [1–21].

This research aims to explore the initial impact of COVID-19 sentiment on the US stock market
by industry using big data. Although the outbreak of COVID-19 is impacting almost all industries
and sectors worldwide, it is apparent that consumer spending in sectors like leisure and hospitality is
falling dramatically due to shelter-in-place and other social distancing measures being imposed across
the country. As such, it is expected that the degree of COVID-19 sentiment impact would vary by
industry. Therefore, we investigate the correlation of COVID-19 sentiment with 11 select sector indices
of the US stock market. The COVID-19 sentiment is measured by Daily News Sentiment Index (DNSI)
and Google Trends big data on coronavirus-related searches. The DNSI is a high frequency measure
of economic sentiment based on lexical analysis of economics-related news articles from 16 major
US newspapers. Specifically, this study examines DNSI and Google searches for five terms related
to coronavirus and economy in the US as well as worldwide over the period from 21st of January
2020 to 20th of May 2020. Five terms related to coronavirus and economy include “coronavirus”,
“laid off”, “unemployment”, “recession”, and “vaccine”. Then this study examines the significance
of relationship between COVID-19 sentiment and 11 select sector indices of the US stock market for
offering a comprehensive view of the initial impact of COVID-19 sentiment on the US stock market
by industry and furthermore suggests the strategic investment planning considering the time lag
perspectives by visualizing changes in the correlation level by time lag differences. In addition, this
study investigates whether changes in DNSI predict US industry returns differently by estimating the
time series regression model with excess returns of industry as the dependent variable. The excess
returns are obtained from Fama-French three factor model.

This study is at the forefront of research on relationship between COVID-19 sentiment and the US
stock market. As the ongoing COVID-19 pandemic was confirmed to have reached the US in January
2020, there is little research on the impact of COVID-19 on the US stock market. While extensive
research on sentiment analysis for predicting stock market movement use tweeter data, not much has
used DNSI or Google Trends data. To our best knowledge, this study is the first to use DNSI or Google
Trends data to explore the initial impact of COVID-19 sentiment on US stock market by industry.

The rest of this paper is organized as follows. Section 2 describes previous studies on sentiment
analysis for stock market. Section 3 presents the data and methodology for our analysis. The empirical
results are presented and interpreted in Section 4. Concluding remarks are presented in Section 5.

2. Related Studies

Sentiment analysis has been widely used in many applications such as product recommendations,
healthcare, politics, and in surveillance [22]. People’s sentiment that relates to feelings, attitudes,
emotions, and opinions expressed in a large amount of social media data is found to play a key
role in gauging the opinions of investors [13]. Tetlock [19] systematically explored the interaction
between media content and stock market activity using daily content from The Wall Street Journal
column from 1984 to 1999. They showed that news media content predicts movements in market prices
and trading volume. Providing further support for Tetlock’s [19] evidence, Garcia [8] found that the
predictability of stock returns using news’ content is concentrated in recessions. They used the fraction
of positive and negative words in two columns of financial news from The New York Times as a proxy
for public sentiment.
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In addition to the studies using news media contents from popular newspapers, a number of
studies have used social media data for sentiment analysis to predict stock market movement. The most
well-known study in this area is by Bollen et al. [3]. Using Twitter data, they investigated whether the
collective mood states of public are correlated to the Dow Jones Industrial Index. They used a fuzzy
neural network for their prediction and showed significant correlation between public mood states in
twitter and the Dow Jones Industrial Index. Followed by this study, Mittal and Goel [13] mainly used
the profile of mood states (POMS) questionnaire to capture public mood and predicted the Dow Jones
Industrial Average trend via fuzzy neural network. Their results showed a prediction accuracy rate of
87%. Zhang [18] examined correlation between stock price and significant keywords in tweets. They
showed a strong negative correlation between mood states like hope, fear and worry in tweets with the
Dow Jones Average Index. Lima et al. [12] improved on the accuracy of predicting stock trends using
support vector machine (SVM) by considering an overall public sentiment attribute. They showed that
a day on which the number of positive tweets exceeded the number of negative tweets is indicative of
an overall positive public mood regarding the stock. Using tweeter data Pagolu et al. [15] also showed
a strong correlation between public opinion and the Dow Jones Industrial Index. Kordonis et al. [10]
employed simple metrics such as rate of change in opening and closing prices along with sentiment
scores. They used an SVM model to predict stock market movement and found a significant effect
of the changes in public sentiment on the market prices. Bharathi and Geetha [2] combined SENSEX
points of the Indian stock market and really simple syndication (RSS) feeds for effective prediction of
stock market. Their results showed that the sentiment analysis of RSS news feeds has an impact on
stock market values. Pasupulety et al. [16] employed sentiment analysis to evaluate the effectiveness
of considering the public opinion of a company. They used a trained Word2Vec model and classified
company specific hash-tagged posts from Twitter as positive or negative. Their ensemble model is
found to perform better than the constituent models and to depend highly on the nature and size of
the training.

3. Data and Methodology

3.1. Data and Summary Statistics

This study uses 11 select sector indices provided by S&P Global over the period from 21st of
January 2020 to 20th of May 2020 (The index data is available at https://us.spindices.com/index-finder/).
The sample period coincides with increasing news coverage of the COVID-19 and Google searches
for terms related to coronavirus. The big data used in this study includes the Daily News Sentiment
Index (DNSI) and Google Trends data on coronavirus search. The DNSI is a high frequency measure of
economic sentiment based on lexical analysis of economics-related news articles from 16 major US
newspapers compiled by the news aggregator service LexisNexis. Refer to Buckman et al. [23] and
Shapiro et al. [24] for detailed process of constructing the DNSI. The DNSI is developed in such a way
that higher values of index indicate more positive sentiment. The DNSI is found to move downward
with key historical events that have a significant impact on economic outcomes and financial markets,
such as the start of the first Gulf War in August 1990, the Russian financial crisis in August 1999,
the terrorist attacks of September 11, 2001, the Lehman Brothers bankruptcy in September 2008, and
federal government shutdown in October 2013.

Using Google Trends big data, we first search terms that are related to the coronavirus and from
those terms, we select five terms that are most relevant to the economy. We then obtain information on
the relative frequency of Google searches for five terms related to coronavirus and economy in the US
as well as worldwide: “coronavirus”, “laid off”, “unemployment”, “recession”, and “vaccine”. words
in Google Trends. In this sense, these search terms capture peoples’ general interest in the coronavirus
as well as its potential impact on the economy. Panel A of Table 1 shows the sample distribution of the
11 select sector indices including communication services, consumer discretionary, consumer staples,
energy, financial, healthcare, industrial, information technology, materials, real estate, and utilities.

https://us.spindices.com/index-finder/
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The sample distribution of DNSI is shown in Panel B of Table 1. Table 1 also reports the sample statistic
for four months prior to the sample period (time of NO COVID-19 from 21st of September 2019 to 20th
of January 2020) to compare them with those in the sample period (time of COVID-19).

Table 1. Sample distribution of 11 select sector indices and Daily News Sentiment Index.

21st Jan 2020–20th May 2020
(Time of COVID-19)

21st Sep 2019–20th Jan 2020
(Time of NO COVID-19)

Mean Standard
Deviation Maximum Minimum Mean Standard

Deviation Maximum Minimum

Panel A: Select Sector Index from S&P Dow Jones Indices

Communication
Services 261.20 25.73 301.01 210.25 271.37 10.31 296.38 252.49

Consumer
Discretionary 1148.84 126.86 1335.26 879.32 1233.77 25.18 1292.61 1185.98

Consumer
Staples 595.59 39.98 652.44 489.80 620.53 9.94 643.76 604.52

Energy 420.56 107.33 603.65 244.44 603.06 16.92 633.69 564.38
Financial 303.23 53.01 382.62 217.59 361.78 15.21 382.63 329.46

Health Care 973.29 71.56 1057.54 755.22 968.82 51.82 1055.84 882.37
Industrials 687.88 108.19 855.87 491.04 804.05 25.72 848.29 744.21

Information
Technology 903.17 82.89 1031.55 709.63 866.74 49.64 976.66 786.49

Materials 551.09 65.65 646.46 406.81 625.43 16.14 651.03 583.85
Real Estate 170.80 20.92 203.05 124.01 187.51 3.28 194.48 180.42

Utility 615.56 66.61 715.85 454.10 644.09 10.24 675.89 619.78
S&P 500 2924.42 307.47 3386.15 2237.40 3099.27 112.62 3329.62 2887.61

Panel B: Daily News Sentiment Index

Daily News
Sentiment Index −0.28 0.23 0.15 −0.49 0.02 0.13 0.26 −0.23

As expected, the descriptive statistics of sector indices in Table 1 reveal that mean value of the S&P
500 index as well as the most select sector indices except for health care and information technology
have fallen as the coronavirus has begun spreading to the US. It is interesting to note that health care
and information technology select sector indices have increased in the time of COVID-19. It is apparent
that consumer spending in some sectors has been falling dramatically due to social distancing measures
being imposed across the country. On the contrary, consumer spending in information technology has
been more likely to increase for the same reason. In addition, the value of healthcare-related stocks
has appeared to increase because the development of coronavirus vaccines and treatments has been
urgently needed. All sector indices show a significant increase in volatility, which indicates that every
sector in the US stock market has been subject to more variation due to the emergence of coronavirus.
The descriptive statistics of DNSI in Panel B of Table 1 show a decrease in mean value and an increase
in volatility with the emergence of coronavirus. This result implies that coronavirus has brought about
a sharp decline in news sentiment. In this sense, the DNSI over the sample period indicates peoples′

coronavirus sentiment [23].
Figure 1 shows relative frequency of Google searches for five terms related to coronavirus and

economy over the period from 21st of January 2020 to 20th of May 2020. The relative frequency of US
and worldwide Google searches for five terms are found to have a sharp increase in March and similar
distributions. The relative frequencies of Google searches for “coronavirus”, “laid off”, and “recession”
have declined significantly in May while those for “unemployment” and “vaccine” have not decreased
that much.
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Figure 1. Relative frequencies of Google searches for five terms related to coronavirus over the period
from 21st of January 2020 to 20th of May 2020. (a) “Coronavirus” Google Trends, (b) “Laid off”
Google Trends, (c) “Unemployment” Google Trends, (d) “Recession” Google Trends, (e) “Vaccine”
Google Trends

3.2. Methodology

This study conducts a one-sided t-test to examine the significance of the relationship between
COVID-19 sentiment and US stock markets by industry. Buckman et al. [23] showed that news articles
mentioning the coronavirus or COVID-19 began around 20st of January 2020 and then rapidly increased
to reach an astounding 95% of economics-related news articles by late March. This figure clearly shows
that the decline in DNSI through mid-March coincided with the increased coverage of COVID-19.
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As such the DNSI can be used to assess the COVID-19 sentiment like the Google searches for terms
related to coronavirus and economy over the sample period.

The links between the COVID-19 sentiment and stock market aspect by industry are examined to
identify how the effects of public mood on the coronavirus differ by industry. For this, we establish the
following hypotheses for DNSI (HD

1 ) and Google Trends data (HG
1 ).

HD
1 : When people come across positive (negative) economic news, investors are more (less) likely

to invest in US stock market.
Or when the DNSI increases (decreases), the US stock market tends to increase (decreases).
HG

1 : When people search terms related to coronavirus more (less) frequently, investors are less
(more) likely to invest in US stock market.

Or when the frequency of Google searches for coronavirus increases (decreases), the US stock
market tends to decrease (increase).

Using the correlations between DNSI and 11 select sector indices (ρ), the following null and
alternative hypotheses are investigated to test the hypothesis HD

1 .

H0 : ρ = 0 vs H1 : ρ > 0 (1)

On the contrary, using the correlations between Google Trends data and 11 select sector indices,
the following null and alternative hypotheses are investigated to test the hypothesis HG

1 .

H0 : ρ = 0 vs H1 : ρ < 0 (2)

This study repeats the test using values of big data with lag 0, lag 1, lag 2, and lag 3 to investigate if
the effects of the COVID-19 sentiment occur with a time difference. This additional analysis addresses
a distinct feature that can benefit a time-sensitive strategic investment decision.

We also examine whether changes in DNSI predicts US industry returns differently. For this,
we estimate the time series regression model with excess returns of industry as the dependent variable,
which is motivated by Garcia [8] and Bannigidadmath [25]. We generate the excess returns of industry
using Fama-French three factor model (The Fama-French three factors are obtained from the online
data library of Kenneth French, http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.
html.) [26] and control serial correlation and volatility of the returns by estimating the following model:

Rt = α+ βi

∑
3
i=0∆DNSIt−i + γi

∑
3
i=0Rt−i + δi

∑
3
i=0R2

t−i + εt (3)

where Rt is the excess returns for the 11 select sector indices and ∆DNSI represents changes in DNSI.
The coefficient βi specifies the effect of increase in ∆DNSI on an increase in Rt and εt is the error.
A Newey-West [27] procedure with 12 lags is used to correct standard errors for autocorrelation
and heteroskedasticity.

4. Empirical Results

4.1. Significance of DNSI on US Stock Market by Industry

Table 2 shows test results for DNSI and 11 select sector indices with correlations and t-statistics for
lag 0, lag1, lag2, and lag 3 DNSI by industry. Test results in Table 2 show that the DNSI is significantly
positively related to all select sector indices at the 1% significant level, regardless of time lag. The
positive correlation indicates that investors are more (less) likely to invest in US stock market when
people come across positive (negative) economic news. Financial sector index shows the highest
correlation over 0.95, and energy and industrial select sector indices exhibit high correlation over
0.9 with lag 0, lag1, lag2, and lag 3 DNSI. These results imply that US stock investors in financial,
energy, and industrial sectors tend to be more sensitive to daily economic news. On the other hand,
health care select sector index shows the lowest correlation below 0.6 regardless of time lag of DNSI.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Consumer discretionary and information technology select sector indices are found to have correlation
of about 0.7 while communication services, consumer staples, materials, real estate, and utility select
sector indices show correlation of about 0.8 with DNSI. Figure 2 shows changes in the relationship
level between DNSI and select sector indices with mean values of correlations by time lag difference.
It is interesting to note from Figure 2 that the significance level of correlation decreases as the time
lag of DNSI increases for most select sector indices except for financial, real estate and utility sectors,
implying that COVID-19 sentiment seems to have an immediate impact on the day’s investment.

Table 2. Test Results for Daily News Sentiment Index.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Communication
Services 0.8105 12.6048 0.7992 12.0398 0.7838 11.3581 0.7691 10.7629

Consumer
Discretionary 0.7794 11.3332 0.7709 10.9600 0.7594 10.5059 0.7481 10.0830

Consumer
Staples 0.8222 13.1590 0.8207 13.0053 0.8144 12.6328 0.8089 12.3071

Energy 0.9395 24.9940 0.9362 24.1262 0.9293 22.6388 0.9216 21.2333
Financial 0.9543 29.0779 0.9573 29.9874 0.9563 29.4378 0.9545 28.6152

Health Care 0.5762 6.4231 0.5550 6.0416 0.5292 5.6135 0.5061 5.2479
Industrials 0.9482 27.1922 0.9495 27.4079 0.9481 26.8230 0.9463 26.1878

Information
Technology 0.7089 9.1556 0.6955 8.7660 0.6778 8.2963 0.6605 7.8687

Materials 0.8526 14.8659 0.8453 14.3241 0.8354 13.6773 0.8256 13.0874
Real Estate 0.8638 15.6178 0.8732 16.2221 0.8787 16.5676 0.8820 16.7414

Utility 0.8706 16.1210 0.8809 16.8500 0.8862 17.2177 0.8892 17.3865

Note: All test results are significant at the 1% significant level.

Figure 2. Changes in the relationship level between Daily News Sentiment Index (DNSI) and 11 select
sector indices by time lag difference.

4.2. Significance of COVI-19 Related Google Searches on US Stock Market by Industry

Tables A1–A5 in Appendix A show test results with relative frequencies of Google searches for five
terms related to coronavirus and economy for 11 select sector indices. Tables report correlations and
t-statistics for lag 0, lag1, lag2, and lag 3 relative frequencies of Google searches by industry. Figure 3
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presents changes in the magnitude of negative correlation between US Google searches for five terms
and select sector indices with mean values of correlations by time lag difference.
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Test results in Tables A1–A5 show that US and worldwide Google searches for five terms are
significantly negatively related to all select sector indices at the 1% significant level regardless of time
lag except for health care index. The test results for US (worldwide) lag 2 (lag 1) Google searches of
“unemployment” show significant relationship with health care select sector index at the 5% significance
level, but the health care index is found to have no significant relationship with US (worldwide) lag 3
(lag 2 and lag 3) Google searches. The negative correlation indicates that investors are less (more) likely
to invest in US stock market when people search terms related to coronavirus more (less) frequently.

The significance of the relationship between Google searches of “coronavirus” and 11 select sector
indices is shown in Table A1. The negative correlation level between “coronavirus” Google searches
and 11 select sector indices ranges from 0.65 to 0.95, which is the highest range of the correlations
among Google searches of five terms under consideration in this paper. Communication services,
consumer discretionary, and information technology sectors show a high level of correlation while
financial and utility sectors show a low level of correlation with “coronavirus” Google searches across
the time lags. The “coronavirus” plot in Figure 3 illustrates that while most select sector indices
show stable relationship across the time lags, information technology and health care (real estate
and utility) sectors experienced decreases (increases) in the relationship at lag 3. This result implies
that the frequency of Google searches of “coronavirus” on a day has higher impact on investment in
information technology and health care sectors on the same day than a few days later.

The significance of the relationship between Google searches of “laid off” and 11 select sector
indices is shown in Table A2. The negative correlation level between “laid off” Google searches and 11
select sector indices ranges from 0.45 to 0.90. Communication services and consumer discretionary
sectors show a high level of correlation while financial and utility sectors show a low level of correlation
with “laid off” Google searches across the time lags. The “laid off” plot in Figure 3 illustrates that
the significance level of correlation decreases as the time lag increases for all select sector indices.
Particularly, health care sector experiences noticeable decreases at lag 3. These results indicate that the
level of peoples’ interest in “laid off” on a day has higher impact on investment in most sectors on the
same day than a few days later.

The significance of the relationship between Google searches of “unemployment” and 11 select
sector indices is shown in Table A3. The negative correlation level between “unemployment” Google
searches and 11 select sector indices ranges from 0.30 to 0.80. Financial and industrials sectors show
a high level of correlation while health care and information technology sectors show a low level of
correlation with “unemployment” Google searches across the time lags. It is interesting to note from
Panel A and B in Table A3 that there is no significant relationship between the health care index and
US (worldwide) lag 3 (lag 2 and lag 3) Google searches. Like the case of “laid off” Google searches, the
“unemployment” plot in Figure 3 illustrates that the significance level of correlation decreases as the
time lag increases for all select sector indices and the order of significance level for 11 industries is
generally maintained across the time lags. These results indicate that the level of peoples’ concern in
“unemployment” on a day has higher impact on investment in most sectors on the same day than a
few days later.

The significance of the relationship between Google searches of “recession” and 11 select sector
indices is shown in Table A4. The negative correlation level between “recession” Google searches and
11 select sector indices ranges from 0.45 to 0.85. Consumer discretionary, health care, and information
technology sectors show a high level of correlation while financial and utility sectors show a low level
of correlation with “recession” Google searches across the time lags. The “recession” plot in Figure 3
illustrates that a significant level of correlation increases as the time lag increases for most select sector
indices. Particularly, health care, consumer staples, real estate, and utility sectors experience noticeable
increases at lag 3. These results indicate that the frequency of Google searches of “recession” on a
day has higher impact on investment in most sectors a few days later than on the same day. In other
words, the level of peoples’ concern in “recession” shows a delayed impact on stock market rather an
immediate impact.
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The significance of the relationship between Google searches of “vaccine” and 11 select sector
indices is shown in Table A5. The negative correlation level between “vaccine” Google searches and
11 select sector indices ranges from 0.60 to 0.90. Energy, financial, and industrial sectors show high
level of correlation while health care and information technology sectors show low level of correlation
with “vaccine” Google searches across the time lags. The “vaccine” plot in Figure 3 illustrates that
the significance level of correlation increases as the time lag increases for most select sector indices.
Particularly, health care and real estate sectors experience noticeable increases at lag 3. This result
implies that the frequency of Google searches of “vaccine” on a day has higher impact on investment
in health care and real estate sectors a few days later than on the same day. Like the case of “recession”
Google searches, the level of peoples’ interest in “vaccine” shows a delayed impact on stock market
rather an immediate impact.

4.3. Results from Time Series Regression Models

The results from time series regression model with changes in DNSI as the predictor are reported
in Table 3. Table 3 reports estimated coefficients and p-values for lag 0, lag1, lag2, and lag 3 changes in
DNSI from the time series regression model (3). The last column reports coefficient of determination
(R2). We find that lag 0 and lag 1 changes in DNSI positively predict returns for energy and financial
while lag 0 and lag 3 changes in DNSI positively predict returns for industrials at the 5% significance
level. The industry of consumer services is found to have significantly positive coefficient of lag 0
changes in DNSI. However, there is no evidence of predictability for other industries.

Table 3. Results from time series regression model (3).

Lag 0 Lag 1 Lag 2 Lag 3
R2

β0 (Standard
Error) ** p-Value β1 (Standard

Error) p-Value β2 (Standard
Error) p-Value β3 (Standard

Error) p-Value

Communication
Services

0.1329
(0.0758) 0.0420 * −0.1730

(0.1722) 0.1591 0.0668
(0.1605) 0.3393 −0.0125

(0.0536) 0.4082 0.1832

Consumer
Discretionary

0.0570
(0.0667) 0.1978 −0.2224

(0.1541) 0.0767 0.1792
(0.1462) 0.1121 −0.0498

(0.0494) 0.1584 0.1982

Consumer
Staples

0.0453
(0.0905) 0.3089 −0.1385

(0.2173) 0.2630 0.0978
(0.2058) 0.3180 −0.0244

(0.0693) 0.3628 0.1921

Energy 0.4797
(0.0265) 0.0115 * 0.3322

(0.0966) 0.0424 * 0.3690
(0.4593) 0.2122 −0.0583

(0.1521) 0.3512 0.1111

Financial 0.0941
(0.0526) 0.0390 * 0.0179

(0.0317) 0.0412* 0.1057
(0.1246) 0.1995 −0.0030

(0.0414) 0.4708 0.1197

Health Care 0.0264
(0.0711) 0.3560 0.0934

(0.1709) 0.2933 −0.0523
(0.1631) 0.3746 0.0006

(0.0546) 0.4955 0.1167

Industrials 0.1124
(0.0727) 0.0433 * −0.1413

(0.1720) 0.2072 0.2460
(0.1628) 0.0677 −0.1005

(0.0542) 0.0339 * 0.1835

Information
Technology

−0.0081
(0.0501) 0.4359 −0.0303

(0.1232) 0.4032 −0.0281
(0.1177) 0.4062 0.0216

(0.0396) 0.2936 0.1683

Materials 0.0538
(0.0703) 0.2233 −0.0478

(0.1685) 0.3889 0.0446
(0.1591) 0.3901 0.0101

(0.0541) 0.4260 0.1275

Real Estate 0.0573
(0.1172) 0.3130 0.2176

(0.2850) 0.2239 −0.2972
(0.2708) 0.1381 0.1467

(0.0930) 0.0596 0.1058

Utility 0.0547
(0.1461) 0.3546 0.1374

(0.3526) 0.3489 −0.2030
(0.3349) 0.2732 0.1079

(0.1137) 0.1730 0.2159

Note: ** The standard errors are obtained by the Newey-West [27] procedure. * indicates significant coefficient at
the 5% significance level.

4.4. Discussion

By investigating the links between 11 select sector indices and COVID-19 sentiment measured by
DNSI and relative frequency of Google searches of five terms related to coronavirus and economy,
this study provides a comprehensive overview of the initial impact of the COVID-19 sentiment on
US stock market and how it differs by industry. Based on the empirical test results of correlation
analysis, 11 industries are classified into three groups for each measure of the COVID-19 sentiment to
distinguish the impact of the COVID-19 sentiment on US stock market. Table 4 summarizes industry
classification from empirical results for each measure of the COVID-19 sentiment.
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Table 4. Industry classification based on the empirical results.

Measures of COVID-19 Sentiment
Correlation Level

High
(Correlation Range)

Middle
(Correlation Range)

Low
(Correlation Range)

DNSI Fin., Enr., Ind.
(ρ>0.90)

CS., CD., CSt., IT.,
Mat., RE., Utl.
(0.60≤ρ≤0.90)

HC.
(ρ<0.60)

US Google
Searches

“coronavirus”
CS., CD., IT.
(
∣∣∣ρ∣∣∣ > 0.90)

CSt., Eng., HC., Ind.,
Mat., RE.

(0.75 ≤
∣∣∣ρ∣∣∣ ≤ 0.90)

Fin., Utl.
(
∣∣∣ρ∣∣∣ < 0.75)

“laid off”
CS., CD.

(
∣∣∣ρ∣∣∣ > 0.65)

CSt., Eng., HC., Ind.,
IT., Mat., RE.

(0.60 ≤
∣∣∣ρ∣∣∣ ≤ 0.65)

Fin., Utl.
(
∣∣∣ρ∣∣∣ < 0.60)

“unemployment”
Fin., Ind.

(
∣∣∣ρ∣∣∣ > 0.70)

CS., CD., CSt., Eng.,
Mat., RE., Utl.

(0.50 ≤
∣∣∣ρ∣∣∣ ≤ 0.70)

HC. IT.
(
∣∣∣ρ∣∣∣ < 0.50)

“recession”
CD., HC., IT.
(
∣∣∣ρ∣∣∣ > 0.70)

CS., CSt., Eng., Ind.,
Mat., RE.

(0.60 ≤
∣∣∣ρ∣∣∣ ≤ 0.70)

Fin., Utl.
(
∣∣∣ρ∣∣∣ < 0.60)

“vaccine”
Eng., Fin., Ind., Mat.

(
∣∣∣ρ∣∣∣ > 0.80)

CS., CD., CSt., RE.,
Utl.

(0.70 ≤
∣∣∣ρ∣∣∣ ≤ 0.80)

HC., IT.
(
∣∣∣ρ∣∣∣ < 0.70)

Note: CS.: Communication Service; CD.: Consumer Discretionary; CSt.: Consumer Staples; Eng.: Energy; Fin.:
Financial; HC.: Health Care; Ind.: Industrials; IT.: Information Technology; Mat.: Materials; RE.: Real Estate;
Utl.: Utilities.

Among 11 industries, communication services, consumer discretionary, industrial, energy,
and material sectors are found to be included in the high-or middle-level correlation group while utility
sector is included in the middle-or low-level correlation group. Particularly, financial, information
technology, and health care sectors are found to be included in all three groups, whereas real estate
and consumer staples sectors are only included in the middle-level correlation group. The results
in Table 4 reveal the distinct effects of the COVID-19 sentiment across various industries and the
comparison analysis of COVID-19 sentiment by time lag difference shows its noticeable effect across
various industries. In addition, results from the time series regression model show that COVID-19
sentiment measured by DNSI positively predicts industry returns including communication services,
energy, financial, and industrials. On the contrary, there is no evidence of predictability for other
industry returns, implying difference in industry return predictability by COVID-19 sentiment among
11 industries. The economic intuition under these results is that information diffusion is different
across industries, leading to different predictability of returns across industries [28,29].

The information from the empirical results is prudent for strategic investors as their primary
interests lie in identifying industry that is closely related to the COVID-19 sentiment or rarely related
to it. It may help fund managers to adjust their portfolio risk exposure by trading their stocks included
in industries that are significantly responsive to COVID-19 sentiment or those that are not. It also offers
valuable implication to forward-looking US stock market investors in the time of COVID-19.

5. Conclusions

Exploring stock market movement has attracted many researchers in multiple disciplines including
finance, economics, computer science, statistics, and operations research. Recently, many researchers
have shown that online information obtained from the public domain such as news stories from
the mainstream media and social media discussion such as tweets can have a significant effect on
decision making by stock market investors. Particularly, in times of market crisis, any positive or
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negative sentiment of public related to stock market crisis can have a ripple effect on decision making
by investors in stock markets.

While the COVID-19 pandemic has not ended, this study explores the initial impact of
the COVID-19 sentiment on the US stock market using DNSI and Google Trends big data on
coronavirus-related searches. This study offers a comprehensive view of the initial impact of COVID-19
sentiment on the US stock market by industry by investigating the correlation between COVID-19
sentiment and 11 select sector indices as well as industry return predictability by COVID-19 sentiment.
The empirical results reveal the distinct effects of the COVID-19 sentiment across various industries:
Communication services, consumer discretionary, industrial, energy, and material sectors are classified
in the high-or middle-level correlation group while utility sector is classified in the middle-or low-level
correlation group. Financial, information technology, and health care sectors are classified in all
three groups, whereas real estate and consumer staples sectors are only included in the middle-level
correlation group. They also suggest the strategic investment planning considering the time lag
perspectives by visualizing changes in the correlation level by time lag differences. In addition,
results from the time series regression model demonstrate industry return predictability by DSNI for
communication services, energy, financial, and industrials.

To sustain competitive advantage in the time of the COVID-19 pandemic, stock market investors
require not only understanding the nature of market crisis caused by the sudden shock, but also a
strategic investment decision that can realize positive returns or minimize the loss due to the shock.
When stock markets suffer from a sudden and unprecedented shock like the COVID-19 pandemic,
sentiment analysis using big data from social media is particularly an excellent source of information
and can provide investors with insights that determine investment strategies. Since the COVID-19
pandemic is ongoing and it is still not possible to predict extent of its impact across the world, this
study has potential limitations. It may not be enough to draw a comprehensive conclusion about
the impact of COVD-19 sentiment on US stock market in this paper, but it is time to diagnose the
current situation and search for a solution to various changes in stock markets caused by the COVID-19
pandemic. While the COVID-19 pandemic is ongoing, this study is at the forefront of research on this
issue. Using updated data for COVID-19 pandemic and stock markets, future research can be enriched
by analyzing what the COVID-19 pandemic has brought in global stock markets and by developing
new investment strategies for asset managers in the time of COVID-19.

Funding: This work is supported by Sejong University.

Acknowledgments: The author thanks Yong Gun Choe who offered valuable suggestions and helped in
data collection.

Conflicts of Interest: Author declares no conflict of interest.

Appendix A

Table A1. Test results for “coronavirus” Google trend.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Panel A: Index correlation with US Google trend

Communication
Services −0.9110 −20.1232 −0.9083 −19.6672 −0.9209 −21.2619 −0.9060 −19.1422

Consumer
Discretionary −0.9161 −20.8185 −0.9158 −20.6413 −0.9232 −21.6209 −0.9025 −18.7400

Consumer
Staples −0.7740 −11.1356 −0.7677 −10.8484 −0.7829 −11.3258 −0.7724 −10.8775

Energy −0.8164 −12.8774 −0.8289 −13.4192 −0.8423 −14.0621 −0.8399 −13.8405
Financial −0.7071 −9.1093 −0.7142 −9.2395 −0.7336 −9.7148 −0.7335 −9.6526

Health Care −0.8838 −17.2060 −0.8671 −15.7608 −0.8688 −15.7922 −0.8392 −13.8035
Industrials −0.7322 −9.7953 −0.7460 −10.1436 −0.7656 −10.7110 −0.7671 −10.6961

Information
Technology −0.9173 −20.9862 −0.9005 −18.7524 −0.9078 −19.4858 −0.8794 −16.5250
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Table A1. Cont.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Materials −0.8755 −16.5025 −0.8738 −16.2689 −0.8793 −16.6171 −0.8614 −15.1719
Real Estate −0.6889 −8.6593 −0.7118 −9.1765 −0.7513 −10.2456 −0.7594 −10.4401

Utility −0.6831 −8.5223 −0.6946 −8.7428 −0.7188 −9.3066 −0.7171 −9.2015

Panel B: Index correlation with worldwide Google trend

Communication
Services −0.9393 −24.9424 −0.9381 −24.5283 −0.9458 −26.2095 −0.9312 −22.8584

Consumer
Discretionary −0.9376 −24.5761 −0.9366 −24.2137 −0.9399 −24.7847 −0.9212 −21.1719

Consumer
Staples −0.8040 −12.3188 −0.8040 −12.2447 −0.8176 −12.7794 −0.8091 −12.3146

Energy −0.8567 −15.1317 −0.8711 −16.0617 −0.8825 −16.8919 −0.8807 −16.6317
Financial −0.7494 −10.3119 −0.7606 −10.6080 −0.7781 −11.1492 −0.7814 −11.1989

Health Care −0.8989 −18.6948 −0.8820 −16.9502 −0.8771 −16.4361 −0.8448 −14.1193
Industrials −0.7742 −11.1447 −0.7904 −11.6838 −0.8081 −12.3471 −0.8113 −12.4111

Information
Technology −0.9379 −24.6416 −0.9229 −21.7069 −0.9242 −21.7772 −0.8966 −18.1114

Materials −0.9035 −19.2099 −0.9045 −19.2013 −0.9082 −19.5311 −0.8940 −17.8412
Real Estate −0.7210 −9.4787 −0.7471 −10.1791 −0.7824 −11.3073 −0.7936 −11.6649

Utility −0.7148 −9.3116 −0.7304 −9.6834 −0.7547 −10.3543 −0.7576 −10.3829

Note: All test results are significant at the 1% significant level.

Table A2. Test results for “laid off” Google trend.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Panel A: Index correlation with US Google trend

Communication
Services −0.6821 −8.4988 −0.6565 −7.8804 −0.6258 −7.2213 −0.5810 −6.3848

Consumer
Discretionary −0.6955 −8.8184 −0.6703 −8.1793 −0.6341 −7.3808 −0.5802 −6.3714

Consumer
Staples −0.6210 −7.2189 −0.5900 −6.6166 −0.5574 −6.0417 −0.5032 −5.2081

Energy −0.6165 −7.1338 −0.5956 −6.7144 −0.5660 −6.1785 −0.5237 −5.4991
Financial −0.5702 −6.3228 −0.5635 −6.1764 −0.5485 −5.9033 −0.5172 −5.4045

Health Care −0.6324 −7.4379 −0.5933 −6.6749 −0.5523 −5.9621 −0.4765 −4.8478
Industrials −0.5826 −6.5301 −0.5701 −6.2844 −0.5527 −5.9684 −0.5188 −5.4281

Information
Technology −0.6482 −7.7558 −0.6145 −7.0542 −0.5768 −6.3542 −0.5180 −5.4161

Materials −0.6636 −8.0819 −0.6428 −7.5978 −0.6093 −6.9163 −0.5548 −5.9641
Real Estate −0.6332 −7.4536 −0.6265 −7.2793 −0.6110 −6.9470 −0.5593 −6.0350

Utility −0.5869 −6.6035 −0.5844 −6.5215 −0.5744 −6.3151 −0.5338 −5.6462

Panel B: Index correlation with worldwide Google trend

Communication
Services −0.7544 −10.4712 −0.7258 −9.5530 −0.6944 −8.6849 −0.6464 −7.5777

Consumer
Discretionary −0.8852 −17.3314 −0.8469 −14.4246 −0.8116 −12.5030 −0.7655 −10.6407

Consumer
Staples −0.7012 −8.9589 −0.6738 −8.2563 −0.6467 −7.6308 −0.5938 −6.6009

Energy −0.6857 −8.5813 −0.6623 −8.0056 −0.6308 −7.3174 −0.5881 −6.5042
Financial −0.6321 −7.4310 −0.6208 −7.1711 −0.6030 −6.8037 −0.5697 −6.2002

Health Care −0.7257 −9.6092 −0.6847 −8.5065 −0.6418 −7.5312 −0.5638 −6.1057
Industrials −0.6512 −7.8164 −0.6348 −7.4399 −0.6139 −6.9992 −0.5767 −6.3147

Information
Technology −0.7271 −9.6479 −0.6874 −8.5716 −0.6470 −7.6371 −0.5837 −6.4303

Materials −0.7401 −10.0250 −0.7137 −9.2269 −0.6778 −8.2978 −0.6215 −7.0962
Real Estate −0.7095 −9.1730 −0.6995 −8.8635 −0.6813 −8.3775 −0.6284 −7.2248

Utility −0.6626 −8.0604 −0.6565 −7.8805 −0.6442 −7.5801 −0.6022 −6.7465

Note: All test results are significant at the 1% significant level.
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Table A3. Test results for “unemployment” Google Trend.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Panel A: Index correlation with US Google trend

Communication
Services −0.6255 −7.3039 −0.5771 −6.3983 −0.5222 −5.5108 −0.4734 −4.8064

Consumer
Discretionary −0.5967 −6.7751 −0.5454 −5.8931 −0.4907 −5.0690 −0.4379 −4.3565

Consumer
Staples −0.6269 −7.3304 −0.5807 −6.4593 −0.5366 −5.7235 −0.4885 −5.0080

Energy −0.7367 −9.9249 −0.6999 −8.8741 −0.6589 −7.8839 −0.6173 −7.0180
Financial −0.7779 −11.2798 −0.7530 −10.3616 −0.7221 −9.3950 −0.6877 −8.4731

Health Care −0.3479 −3.3812 −0.2859 −2.7013 −0.2174 −2.0047 ** −0.1492 −1.3493 *
Industrials −0.7755 −11.1915 −0.7459 −10.1403 −0.7125 −9.1399 −0.6771 −8.2308

Information
Technology −0.4994 −5.2510 −0.4477 −4.5334 −0.3900 −3.8114 −0.3405 −3.2389

Materials −0.6490 −7.7723 −0.6037 −6.8567 −0.5566 −6.0302 −0.5078 −5.2722
Real Estate −0.7585 −10.6043 −0.7259 −9.5560 −0.6873 −8.5164 −0.6441 −7.5322

Utility −0.7320 −9.7881 −0.7009 −8.8980 −0.6706 −8.1351 −0.6343 −7.3380

Panel B: Index correlation with worldwide Google trend

Communication
Services −0.6215 −7.2280 −0.5721 −6.3160 −0.5179 −5.4481 −0.4692 −4.7528

Consumer
Discretionary −0.5925 −6.7007 −0.5399 −5.8086 −0.4856 −4.9989 −0.4329 −4.2959

Consumer
Staples −0.6246 −7.2863 −0.5774 −6.4032 −0.5334 −5.6748 −0.4855 −4.9671

Energy −0.7358 −9.8990 −0.6987 −8.8434 −0.6579 −7.8617 −0.6169 −7.0106
Financial −0.7785 −11.2988 −0.7531 −10.3659 −0.7228 −9.4127 −0.6885 −8.4908

Health Care −0.3415 −3.3099 −0.2776 −2.6166 ** −0.2099 −1.9322* −0.1420 −1.2829 *
Industrials −0.7762 −11.2159 −0.7460 −10.1439 −0.7128 −9.1461 −0.6775 −8.2396

Information
Technology −0.4948 −5.1872 −0.4413 −4.4528 −0.3848 −3.7518 −0.3353 −3.1836

Materials −0.6460 −7.7093 −0.6001 −6.7925 −0.5535 −5.9808 −0.5052 −5.2361
Real Estate −0.7574 −10.5692 −0.7244 −9.5164 −0.6869 −8.5075 −0.6436 −7.5219

Utility −0.7321 −9.7902 −0.7000 −8.8766 −0.6699 −8.1202 −0.6334 −7.3218

Note: All test results are significant at the 1% significant level except for **(significant at the 5% significant level)
and * (No significant relationship).

Table A4. Test results for “recession” Google trend.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Panel A: Index correlation with US Google trend

Communication
Services −0.6983 −8.8870 −0.6930 −8.7052 −0.7230 −9.4195 −0.7311 −9.5843

Consumer
Discretionary −0.7307 −9.7518 −0.7343 −9.7960 −0.7606 −10.5442 −0.7532 −10.2423

Consumer
Staples −0.5783 −6.4580 −0.5751 −6.3658 −0.6595 −7.8959 −0.7203 −9.2869

Energy −0.6119 −7.0490 −0.6293 −7.3326 −0.6485 −7.6668 −0.6430 −7.5090
Financial −0.5137 −5.4548 −0.5233 −5.5616 −0.5573 −6.0405 −0.5622 −6.0796

Health Care −0.7307 −9.7518 −0.7300 −9.6720 −0.7900 −11.5966 −0.8133 −12.5015
Industrials −0.5380 −5.8147 −0.5563 −6.0615 −0.5953 −6.6688 −0.6067 −6.8261

Information
Technology −0.7390 −9.9943 −0.7196 −9.3831 −0.7566 −10.4132 −0.7582 −10.4006

Materials −0.6816 −8.4857 −0.6862 −8.5421 −0.7152 −9.2096 −0.7146 −9.1368
Real Estate −0.5215 −5.5676 −0.5491 −5.9498 −0.6189 −7.0914 −0.6455 −7.5599

Utility −0.5066 −5.3537 −0.5228 −5.5535 −0.5973 −6.7024 −0.6409 −7.4679

Panel B: Index correlation with worldwide Google trend

Communication
Services −0.8040 −12.3192 −0.7937 −11.8152 −0.8223 −13.0075 −0.8172 −12.6797

Consumer
Discretionary −0.8307 −13.5935 −0.8285 −13.3993 −0.8526 −14.6867 −0.8330 −13.4666

Consumer
Staples −0.6878 −8.6334 −0.6749 −8.2825 −0.7414 −9.9441 −0.7719 −10.8598

Energy −0.7330 −9.8163 −0.7408 −9.9872 −0.7569 −10.4246 −0.7503 −10.1500
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Table A4. Cont.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Financial −0.6355 −7.4977 −0.6373 −7.4888 −0.6719 −8.1646 −0.6704 −8.0806
Health Care −0.8056 −12.3889 −0.7924 −11.7635 −0.8388 −13.8640 −0.8378 −13.7267
Industrials −0.6577 −7.9551 −0.6698 −8.1687 −0.7070 −8.9963 −0.7089 −8.9897

Information
Technology −0.8227 −13.1849 −0.7998 −12.0637 −0.8330 −13.5517 −0.8166 −12.6529

Materials −0.7849 −11.5423 −0.7805 −11.3055 −0.8098 −12.4210 −0.8010 −11.9673
Real Estate −0.6316 −7.4212 −0.6516 −7.7786 −0.7150 −9.2045 −0.7280 −9.4973

Utility −0.6166 −7.1344 −0.6250 −7.2503 −0.6922 −8.6330 −0.7152 −9.1522

Note: All test results are significant at the 1% significant level.

Table A5. Test results for “vaccine” Google trend.

Lag 0 Lag 1 Lag 2 Lag 3

Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics Correlation t-Statistics

Panel A: Index correlation with US Google trend

Communication
Services −0.7511 −10.3665 −0.7456 −10.1304 −0.7595 −10.5094 −0.7887 −11.4742

Consumer
Discretionary −0.7705 −11.0117 −0.7756 −11.1260 −0.7936 −11.7369 −0.8099 −12.3485

Consumer
Staples −0.7602 −10.6601 −0.7620 −10.6546 −0.7846 −11.3876 −0.8170 −12.6731

Energy −0.8126 −12.7031 −0.8161 −12.7875 −0.8293 −13.3571 −0.8404 −13.8704
Financial −0.8110 −12.6296 −0.8176 −12.8570 −0.8315 −13.4700 −0.8410 −13.9016

Health Care −0.6340 −7.4691 −0.6415 −7.5724 −0.6703 −8.1298 −0.7003 −8.7754
Industrials −0.8161 −12.8642 −0.8258 −13.2617 −0.8442 −14.1720 −0.8599 −15.0702

Information
Technology −0.7140 −9.2907 −0.7055 −9.0156 −0.7247 −9.4660 −0.7499 −10.1391

Materials −0.8015 −12.2102 −0.7998 −12.0643 −0.8119 −12.5154 −0.8245 −13.0335
Real Estate −0.7664 −10.8683 −0.7971 −11.9531 −0.8363 −13.7290 −0.8591 −15.0132

Utility −0.7797 −11.3432 −0.7990 −12.0309 −0.8239 −13.0820 −0.8449 −14.1250

Panel B: Index correlation with worldwide Google trend

Communication
Services −0.7971 −12.0268 −0.7656 −10.7779 −0.7619 −10.5862 −0.7529 −10.2322

Consumer
Discretionary −0.8086 −12.5197 −0.7803 −11.2988 −0.7725 −10.9493 −0.7572 −10.3673

Consumer
Staples −0.8656 −15.7463 −0.8375 −13.8784 −0.8262 −13.1966 −0.8129 −12.4863

Energy −0.8791 −16.8046 −0.8603 −15.2806 −0.8529 −14.7002 −0.8433 −14.0363
Financial −0.9010 −18.9253 −0.8825 −16.9933 −0.8752 −16.2826 −0.8640 −15.3474

Health Care −0.6654 −8.1206 −0.6320 −7.3848 −0.6239 −7.1846 −0.6007 −6.7200
Industrials −0.9075 −19.6815 −0.8878 −17.4706 −0.8801 −16.6810 −0.8720 −15.9299

Information
Technology −0.7320 −9.7878 −0.6887 −8.6005 −0.6847 −8.4546 −0.6683 −8.0358

Materials −0.8599 −15.3455 −0.8261 −13.2727 −0.8119 −12.5172 −0.7971 −11.8060
Real Estate −0.8886 −17.6530 −0.8878 −17.4682 −0.8903 −17.5923 −0.8814 −16.6928

Utility −0.9018 −19.0148 −0.8873 −17.4205 −0.8784 −16.5432 −0.8631 −15.2859

Note: All test results are significant at the 1% significant level.
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