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Abstract

The possibility to investigate the impact of news on stock prices has observed a
strong evolution thanks to the recent use of natural language processing (NLP) in
finance and economics. In this paper, we investigate COVID-19 news, elaborated
with the ”Natural Language Toolkit” that uses machine learning models to extract
the news’ sentiment. We consider the period from January till June 2020 and
analyze 203,886 online articles that deal with the pandemic and that were published
on three platforms: MarketWatch.com, Reuters.com and NYtimes.com. Our
findings show that there is a significant and positive relationship between sentiment
score and market returns. This result indicates that an increase (decrease) in
the sentiment score implies a rise in positive (negative) news and corresponds to
positive (negative) market returns. We also find that the variance of the sentiments
and the volume of the news sources for Reuters and MarketWatch, respectively,
are negatively associated to market returns indicating that an increase of the
uncertainty of the sentiment and an increase in the arrival of news have an adverse
impact on the stock market.
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1 Introduction

Non-financial news might have an impact on the stock market either because they

provide information about fundamental asset values or because they are simply linked

to investor psychology and sociology and therefore have a short term impact on stock

returns, in line with theoretical models of noise and liquidity traders. The possibility to

investigate the impact of news on stock prices has observed a strong evolution thanks

to the recent use of natural language processing (NLP) in finance and economics. In

time of market distress, the reaction of stock prices to news is even more pronounced

and the recent COVID-19 pandemic of 2020 is the first global financial turmoil that

could be analysed with NLP and extract the sentiment of investors regarding a specific

topic and analyze the corresponding stock market reaction. In this paper, we attempt

to investigate COVID-19 news, elaborated with Natural Language Toolkit, a suite of

libraries and programs for symbolic and statistical natural language processing (NLP),

that allows to use machine learning models to extract news’ sentiment. We consider the

period from January till June 2020 and analyze 203,886 online articles that deal with

COVID-19 and that were published on three platforms: MarketWatch.com, Reuters.com

and NYtimes.com. The algorithm we use allows us (i) to investigate how these three

sources of information report news about COVID-19 and (ii) classify them as positive,

negative or neutral using machine-learning based NLP methods and test whether these

news have a positive, a negative or a neutral impact on the stock market. Given that

the three news sources are based in the United States, we investigate if we observe any

significant relationship of the SP500 returns after news on COVID-19 has been published

on the platforms we considered. In this respect, we analyse three components for each

sentiment: (i) the sentiment score, that represent the di↵erence between positive and

negative news sentiment on a particular day, (ii) the variance of this measure and (iii)

the number of news on that day related to COVID-19.

Our findings show that there is a significant and positive relationship between the

sentiment score and the market returns. This indicates that an increase (decrease)

in the sentiment score implies a rise in positive (negative) news and corresponds to
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positive (negative) market returns. We also find that the variance of the sentiments

and the volume of the news sources for Reuters and MarketWatch, respectively, are

negatively associated to market returns indicating that an increase of the uncertainty

of the sentiment and an increase in the arrival of news have an adverse impact on the

stock market. The results hold after controlling for a set of control variables such as

the volatility index (VIX) which is a forward-looking estimate of future stock market

volatility, the OFR Financial Stress Index as a measure of the stress in the global

market, the growth rate for the COVID-19 cases which measures the pandemic trend,

and the worldwide Google web-searches for the coronavirus topic as a proxy for the public

attention.

This paper is related to the recent growing literature that investigates the impact of

COVID-19 on the stock market and in particular to Mamaysky (2020) that documents the

hypersensitivity of stock markets to news regarding the COVID-19 pandemic. Baker et al.

(2020) that investigate the stock market reaction to previous pandemics, like the Spanish

flu and SARS, with respect to the COVID-19 pandemic. Costola et al. (2020) and Smales

(2020) that study the relationship between the google search volume and stock market

returns. Gormsen and Koijen (2020) investigate how equity dividend futures and stock

market levels allow to extract investor expectation about economic growth and Hartley

and Rebucci (2020), analyze the market reaction to monetary policy interventions due to

the COVID-19 pandemic crisis.

The paper is organized as follows. Section 2 describes the COVID-19 news sentiment

construction through the data collection and the implemented methodology. Section 3

investigates the relationship between the extracted COVID-19 news sentiments and the

financial markets. Finally, Section 4 concludes the paper.

2 COVID-19 News Sentiment construction

In the following section, we present the data collection procedure and the related

source and the implemented methodology to extract Covid-19 news sentiment indicators.
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2.1 Data Collection

Overall, we have collected 203,886 online articles that were published on three

platforms between January 23, 2020 and June 22, 2020. Table 1 depicts summary

statistics on the collected articles. Reuters.com and nytimes.com are the websites of

the respective international news companies owned by Thomson Reuters and New York

Times Company. The covered topics include business, politics, financial markets, science

or health. In addition, we have also collected data from MarketWatch, which purely

focuses on financial news and stock market data. The MarketWatch articles contain the

most words on average (706) and the lowest maximum count (3857).

Table 1: Summary statistics

Website Overall articles Covid-19 related Articles Average number of words Maximum number of words Method
Reuters.com 95378 4801 461 4607 Crawling
NYTimes.com 43172 1710 381 5859 API
MarketWatch.com 65336 588 706 3857 Crawling

The data collection process consists of three steps. First, we gather the URLs of the

online articles either through the API or web crawling. The Reuters and MarketWatch

crawler are developed using a link extractor written in Python Scrapy. The main goal of

web scraping is to extract structured data from unstructured web pages. Scrapy contains

the Spider class which can be used to define how to crawl and parse pages to extract items

from a particular site (e.g., specifying the links). In addition, the Item class supports

the creation of a container to collect the scraped data. The API and the crawler allow

us to store the meta data in the database, such as headline, author, publish date and

URL. Afterwards, we filter the COVID-19 URLs by focusing on the related keywords,

such as ‘COVID” and “Corona”. In the last step, we collect all text elements (p-tags)

from the remaining URLs, i.e. date, title, author and text. Figure 1 depicts the weekly

number of collected articles on NYTimes, Reuters and MarketWatch during the course

of the pandemic.
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Figure 1: Weekly number of collected articles over time for the three news sources
(MarketWatch, Reuters and NYTimes)

2.2 News Sentiment Analysis

After the data collection, we tokenize all articles using the Natural Language Toolkit

(NLTK), one of the leading platforms for building Python programs to work with human

language data. Figure 2 displays the preprocessing. In general, tokenization means

dividing a big quantity of text into smaller parts called tokens. Machine learning models

need numeric data to be trained and make a prediction. Word tokenization becomes a

crucial part of the text (string) to numeric data conversion. Following the tokenization,

we can compute the “compounded sentiment score” using the BERT-based Financial

Sentiment Index (Hiew et al., 2019). This textual-based sentiment index relies on

BERT (Bidirectional Encoder Representations from Transformers) originally developed

by Google and Devlin et al. (2018).

BERT is an open-source model that was pre-trained with millions of words from

the entire Wikipedia corpus, employing a bidirectional Transformer encoder to predict

masked words. The model performs two tasks. First, BERT randomly masks a fraction of
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Figure 2: The preprocessing steps using the Natural Language Toolkit (NLTK)

words and predicts the words that have been masked-out. The “next sentence prediction”

aims to predict whether the other sample of words follows the first one (Devlin et al.,

2018).

Due to this pre-training approach, BERT has outperformed various state-of-the art

NLP techniques. For instance, it achieves an accuracy of 94.9 percent in the completion

of the Stanford Sentiment Treebank. Hiew et al. (2019) apply BERT for the stock market

prediction and we use this pre-trained model for the sentiment analysis.

All tokenized sentences are classified as positive, negative or neutral along with the

respective probabilities (logits). The sentiment is calculated as follows:

Sentiment = LogitPositive � Logitnegative (1)

The Sentiment is therefore the probability that the sentence is positive minus the

probability that the sentence is negative.

The following text excerpt of a collected article illustrates the calculation of the

sentiment:

“The latest tranche of $60 million was raised a month ago from existing

investors who wanted to provide more capital as they saw the business

booming with the pandemic, said Gustavo Sapoznik, founder and chief

executive of ASAPP.”

The BERT model classifies this message into a positive value of 0.843, a negative

value of 0.007841 and a neutral value of 0.1484. This results in a sentiment of 0.835

which represents a positive prediction of the model. The sentiment for an entire article

is determined by averaging the individual sentiment of each sentence contained therein.

Figure 3 depicts the rolling 7-day average of the sentiment over time. The sentiment is

5

Electronic copy available at: https://ssrn.com/abstract=3690922



mostly negative across all platforms, however we observe an upward trend during the

course of the pandemic. There’s a sharp decline of the sentiment in late February when

the western world started to realize that COVID-19 could be a global threat to the

economy.

Figure 3: The sentiment indicators over time according the three news sources
(MarketWatch, NYTimes and Reuters)

If we compare the weekly correlations of sentiments between the platforms as shown

in Table 2, it turns out that the Reuters and NYTimes sentiment is correlated most. This

might be explained by the nature of the websites. In contrast to MarketWatch, which

focuses on financial news, NYTimes and Reuters cover a broader range of topics (e.g.,

economics, science, etc.).

Table 2: Weekly correlations of sentiment scores

MarketWatch NYTimes Reuters
MarketWatch 1.000 0.081 0.338
NYTimes 0.081 1.000 0.876
Reuters 0.338 0.876 1.000

Besides the sentiment, we will include the daily variance of the sentiment and the
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volume of articles as additional measures for COVID-19 news sentiment. The volume

simply represents the number of COVID-19 related news articles on day t. The variance

of the sentiment is the average of the squared di↵erences from the mean value on day t.

3 Stock market and the COVID-19 news sentiment

In this section, we investigate the relationship between the extracted COVID-19 news

sentiments and the financial markets. Given that the three considered news platforms

are predominantly based in US, we focus on this financial market and consider the

returns on the S&P 500. The analysed period is between January 23, 2020 to June

22, 2020 at daily frequency. In this respect, we consider for each COVID-19 news

sentiment three daily components: i) the sentiment (Levels); ii) the daily variance of the

sentiment (�2); and iii) the volume of the articles for the related news source (Volume).

Furthermore, we add a set of control variables that could exert an impact on the stock

market returns: i) the volatility index (VIX); ii) the OFR Financial Stress Index1 which

measures the stress in global financial markets; iii) the growth rate of the COVID-19

world cases (grCOVID-19);2 and iv) The worldwide web searches on Google matching

the “coronavirus” topic (Google Trends) to proxy the general public attention as in

Costola et al. (2020).

Table 3 includes the estimates for the returns on the S&P 500. The estimates in models

1-3 include the daily market sentiment, the variance of the sentiment, the volume of

articles for each news source (MarketWatch, NYTimes and Reuters) and the set of control

variables previously defined. All the sentiment indicators are significant and positive

related to the returns on S&P500 indicating that an increase (decrease) in the sentiment

implies a rise in positive (negative) news and corresponds to positive (negative) market

returns. This highlights that there is a relationship between the sentiment on COVID-19

and the stock market after controlling for the VIX (significant and negatively related), the

OFR Financial Stress Index (significant and positively related only for MarketWatch),

1The index is proposed by the O�ce Financial Research and is available at
https://www.financialresearch.gov/financial-stress-index/.

2Data has been downloaded by Bloomberg using the mnemonic NCOVCNCA.
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the growth rate for the COVID-19 cases (not significant for all) and the worldwide Google

web-searches for coronavirus (significant and positively related for all). Regarding the

variance of the sentiments and the volume of the news sources, the only significant variable

is the volume for MarketWatch which is negatively associated to market returns indicating

that an increase in the arrival of news is mostly related to a negative market sentiment

during the considered period. If we consider the three sentiments together (Model 4),

results confirm the previous findings for MarketWatch and NYTimes except for Reuters

which is no longer significant. Most likely, the correlation between Reuters and NYTimes

leads to the result that the variable for NYTimes catches this e↵ect alone. Finally, we

include in model 5 all the sentiments with their associated variances and volumes. The

results for the sentiments remain unchanged with respect to model 4. Regarding the

variance of the daily sentiments, we find that Reuters is significant and negatively related

to market returns. This behavior is similar to the leverage e↵ect between returns and

volatility as in asset pricing. In the current case, we read that an increase of uncertainty

in the sentiment negatively a↵ects the stock market returns. The results for the specified

control variables remain substantially unchanged.

Additionally, we have repeated the analysis by using the principal component analysis

(PCA) on the three news sources by including in the regression the first principal

component on the sentiment scores, variances and article volumes. Results are included

in Appendix A and confirm the significant and positive relationship between the (first

component on the) sentiment scores and market returns.

4 Conclusion

This paper investigates the relation between the stock market and news sentiment

related to COVID-19. In this respect, we consider the Natural Language Toolkit that uses

machine learning models to extract COVID-19-related news sentiment on 203,886 online

articles that were published on MarketWatch, Reuters and NYtimes between January

and June 2020. Our findings show that there exists a significant and positive relationship
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Table 3: Estimates on the S&P 500 returns using the COVID-19 news sentiments
(MarketWatch, NYTimes and Reuters) plus a set of control variables (the VIX, the OFR
index, the growth rate on COVID-19 world cases and the web-searches on Google for the
coronavirus topic). Notes: HAC standard errors are in parentheses; *, **, and *** denote

statistical significance at 10%, 5%, and 1%, respectively.

1 2 3 4 5
const 0.0736*** 0.0747*** 0.0736*** 0.0807*** 0.0843***

(0.0183) (0.0183) (0.0218) (0.0198) (0.0182)
MarketWatch 0.0373*** 0.0387*** 0.0385***

(0.0108) (0.0112) (0.0113)
MarketWatch(�2) -0.0273 0.0091

(0.0566) (0.0603)
MarketWatch(Volume) -0.0018* -0.0016

(0.0011) (0.001)
NYTimes 0.0599*** 0.0434** 0.047**

(0.0223) (0.0165) (0.0184)
NYTimes(�2) 0.0247 0.0403

(0.0563) (0.0759)
NYTimes(Volume) 0.0000 0.0000

(0.0009) (0.0009)
Reuters 0.0668*** 0.042 0.0288

(0.0233) (0.0278) (0.027)
Reuters(�2) -0.0943 -0.1017*

(0.066) (0.0567)
Reuters(Volume) 0.0001 0.0002

(0.0001) (0.0001)
VIX -0.0029*** -0.0031*** -0.0029*** -0.0031*** -0.0032***

(0.0008) (0.0008) (0.0008) (0.0008) (0.0007)
OFR 0.0045*** 0.0039 0.0016 0.0017 0.0013

(0.0016) (0.0032) (0.0018) (0.0016) (0.003)
grCOVID-19 -0.0091 -0.0051 -0.0124 0.0008 -0.0009

(0.0163) (0.0106) (0.0157) (0.0127) (0.0132)
Google Trends 0.0011** 0.0011** 0.0013*** 0.0015*** 0.0016***

(0.0005) (0.0004) (0.0004) (0.0005) (0.0004)
Obs 105 105 105 105 105
adj-R2 0.2273 0.208 0.198 0.2556 0.2611
F-stat 5.3701 4.9019 4.6671 6.1006 3.8266
p-value 3.1964e-05 9.0607e-05 0.00015346 6.4611e-06 6.6351e-05
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between sentiment score and the market returns. This highlights that the flow of news

on COVID-19 has had an impact on the financial market since they contributed to form

market participants’ expectations about the evolution of the pandemic, the real economy

and the stock market.
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A Stock market and the PCA on COVID-19 news

sentiment

In this section, we perform the analysis by using PCA on the three news sources

and consider the first principal component on the sentiment scores, variances and article

volumes. Results confirms the first component on the sentiment scores is significant and

positive related to market returns.

Table 4: Estimates on the S&P 500 returns using PCA on the COVID-19 news sentiments
(MarketWatch, NYTimes and Reuters) plus a set of control variables (the VIX, the OFR
index, the growth rate on COVID-19 world cases and the web-searches on Google for the
coronavirus topic). Notes: HAC standard errors are in parentheses; *, **, and *** denote

statistical significance at 10%, 5%, and 1%, respectively.

const 0.0669***
(0.0174)

Score-PCA1 0.0086***
(0.003)

�2-PCA1 -0.0023
(0.0033)

Volume-PCA1 -0.0039
(0.0052)

VIX -0.0031***
(0.0009)

OFR 0.0069***
(0.0026)

grCOVID-19 -0.014
(0.0157)

Google Trends 0.0009**
(0.0005)

Obs 105
adj-R2 0.2152
F-stat 5.0737
p-value 6.1719e-05
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