Il
APAEA

COVID-19 and Energy

Narayan, P. K. (2020). Oil price news and COVID-19—Is there any connection? Energy
RESEARCH LETTERS, 1(1). https://doi.org/10.46557/001¢.13176

Oil price news and COVID-19—Is there any connection?

Paresh Kumar Narayan'
T Centre for Financial Econometrics, Deakin University, Australia
Keywords: volatility, news, oil prices, covid-19

https://doi.org/10.46557/001¢.13176

Energy RESEARCH LETTERS
Vol. 1, Issue 1, 2020

We evaluate the relative importance of COVID-19 infections and oil price news in
influencing oil prices. We show that when the number of new COVID-19 infections
surpasses 84,479, COVID-19 exerts a bigger effect on oil prices. Oil price news when
conditioned on COVID-19 cases have limited effects on price. When oil price volatility is
used as a threshold, at higher levels of volatility, both COVID-19 cases and negative oil

price news influence oil prices.

I. INTRODUCTION

While for over a decade the focus was on how effective oil
prices were in predicting stock market returns (D. Zhang
& Cao, 2013), recently focus has shifted to forecasting/pre-
dicting oil prices itself (see Gong & Lin, 2017; Yi et al.,
2018; Y.-]. Zhang & Wang, 2019). Our hypothesis fits in this
literature: we propose to test whether oil price news and
COVID-19 (which occurred at the time oil price was in an
historic collapse) successfully predict oil prices.

Our hypothesis test is unique for two reasons. The first
reason is that we have a unique dataset on oil price news
(both positive and negative news) that has not been utilized
to study its ability to predict oil prices. We do and show that
while both positive and negative news predict oil prices, it
is the negative news that has a stronger role in predicting
prices. The second reason is that we employ COVID-19 as
an information variable to see whether global daily new cas-
es of COVID-19 predict oil prices. We do this because the
collapse of oil prices and the onset of the pandemic were
two phenomena simultaneously unfolding. We show that
COVID-19 did predict oil prices.

Several studies document different factors that responsi-
bly and meaningfully predict oil prices. Y.-J. Zhang & Wang
(2019), for instance, document the role of high frequency
stock market data; Yi et al. (2018) successfully employ a
range of predictors to forecast oil prices; and Salisu et al.
(2020) show that Google trends data helps predict precious
metals. None of these studies consider news data specific
to a particular commodity. In our case, the commodity is
oil, and we focus on oil price. We specifically consider oil
price news—both negative and positive news. The moti-
vation for our work is Narayan (2019), who showed that
oil price news predicts stock market returns. In his work,
the data sample on news was up to 2013. We extend this
dataset, using the same manual data collection method de-
scribed in Narayan (2019), to May 2020. Our contributions
to the literature, therefore, are twofold. First, we create a
oil price positive and negative worded news dataset, which
we will make available on request. The implication is that
researchers can use the dataset to test other hypotheses.

Second, our paper is the first to use oil price news data to
predict oil prices and shows the success of particularly neg-
atively worded news. During the more recent time period,
marked by the onset of COVID-19, we show that COVID-19
(the number of new global cases of daily virus) helps predict
oil prices as much as oil price news does particularly when
oil price volatility is used as a threshold. By showing this
evidence, we make the point that COVID-19 pandemic has
coincided with one of the most dramatic collapse of oil
prices—therefore, the period marked by COVID-19 also re-
flects higher negative news. Whether or not the negative
news on oil emanated from COVID-19 is an interesting
question in itself and warrants further investigation —one
that is outside the scope of this paper though. We leave this
for future work.

II. DATA AND RESULTS
A. A NOTE ON DATA

Our dataset is daily and covers the sample 2/01/1995 to 5/
05/2020 for a total of 6,590 observations. Specially, four da-
ta series make up the story in this paper. The first is the WTI
oil price (OP). This data are obtained from the EIA website;
see https://www.eia.gov/dnav/pet/hist/RWTCD.htm. Using

this price data, we compute returns as log< O?,Pil ) x 100. The

second data is the global new cases of COVID-19. We do not
consider COVID-19 deaths because deaths are a direct func-
tion of cases and share a high correlation. We focus on cas-
es because they provide a broader picture of the COVID-19
situation. Daily data for this, covering the sample 12/31/
2019 to 5/05/2020, are obtained from our world in data
website; see https://ourworldindata.org/grapher/daily-cas-
es-covid-19. The last two data series relate to the oil price
news. These are hand collected. Data from 1995 to 2013 was
collected by Narayan (2019). We extend the dataset, using
the same approaches as discussed in Narayan (2019) to May
2020. Figure 1 plots the data on WTI price returns and the
number of negative and positive worded oil price news.
Selected descriptive statistics of the data are reported
in Table 1.! In addition to COVID-19 cases, three variables

1 Before we read Table 1, a note on global cases of COVID-19 is in order. This data only has 91 observations from 31/12/2019 to 5/05/2020.
This is insufficient for unit root testing, so we do not perform one. A lot is known about this data, so we do not spend time on it. However,
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Table 1: Preliminary description of data

Full-sample (2/01/1995 - 5/

Pre-COVID-19 (2/01/1995 - 30/

Post-COVID-19 (31/12/2019 - 5/

Panel A:WTIR 05/2020) 12/2019) 05/2020)
Mean -0.0297 0.0358 -5.1387

SD 5.0554 2.3979 39.5202
Minimum -301.96 -15.7109 -301.96
Maximum 53.086 17.8376 53.0864
NP unit root test -0.1378***(-6.174) B1=10/17/2014 B2=12/17/2014
Panel B: Positive

news

Mean 32.9818 32.9594 34.1216
SD 51.2188 50.5688 88.8543
Minimum 0 0 0
Maximum 740 740 740

NP unit root test -0.4063***(-16.49) B1=1/13/2009 B2=4/30/2009
Panel C:

Negative news

Mean 86.6266 86.5156 95.5946
SD 139.80 139.85 138.58
Minimum 0 0 0
Maximum 1606 1606 838

NP unit root test -0.3835***(-16.02) B1=12/25/2008 B2=3/17/2009

This table reports selected descriptive statistics for variables WTIR (Panel A), positive news (Panel B), and negative news (Panel C). The last row of each panel reports the Narayan &
Popp (2010) structural break unit root test for a model that allows for two breaks in the intercept and trend. The break dates are denoted by B1 (first break) and B2 (second break). Both
breaks are estimated only for the full-sample period. The 1% critical value for the Narayan & Popp test is -5.287. Except for the unit root test, all other statistics, such as mean, stan-
dard deviation, minimum and maximum, are reported for three samples—full-sample, pre-COVID-19, and post-COVID-19 periods. The COVID-19 pre- and post- samples are decided

by the date on which the first global case of the virus was reported (31/12/2019).

are of interest: WTI price returns, positive news and neg-
ative news. The mean, standard deviation, minimum and
maximum statistics of each variable are reported together
with the Narayan & Popp (2010) two endogenous structural
break test. Our reason to choose this test is motivated by
Monte Carlo simulation results in Narayan & Popp (2013).
Apart from statistics reported for the full-sample (2/01/
1995 - 5/05/2020), we consider a pre-COVID-19 sample (2/
01/1995 - 30/12/2019) and a post-COVID-19 sample (31/12/
2019 - 5/05/2020).

The sample split into a pre-COVID-19 and post-
COVID-19 periods offers some interesting insights. The first
thing of note is oil price returns. In the pre-COVID-19 pe-
riod, daily mean returns were 0.0358% (or 13.03% per an-
num); however, the onset of COVID-19 saw a dramatic drop
in oil returns to a daily mean of -5.14%. Similarly, the
volatility of oil price returns before the pandemic was 2.40%
while during the pandemic volatility was at least 16 times
more. The number of positive and negative words also sees
a drastic difference in the two periods. While there was
hardly much change in the number of positive words in the
two periods, there were more negative worded news about
oil price in the COVID-19 period than in the pre-COVID-19
period. Overall, in the COVID-19 phase, both the oil price
and the oil price negative news were very different com-

pared to pre-COVID-19 period. One possible implication is
that negative news may have a greater effect on the evolu-
tion of oil prices. Formal tests in the next sub-section will
evaluate this prospect. To conclude reading the data, we
perform the structural break unit root test (see Narayan &
Popp, 2010, 2013) on all three variables and conclude that
the unit root null is safely rejected at the 1% level. The im-
plication is that they can be used in the regression model in
the form in which they appear in Table 1.

B. RESULTS

The results appear in Table 2. We consider two types of
threshold effects to test how COVID-19 and oil price news
affect oil prices. We then employ two forms of the threshold
regression models; the first model has no control variables
while the second model takes the volatility of oil price re-
turns (proxied by squared returns) as a control. The time-
series threshold regression model has the following repre-
sentations:

WTIR, =c+ Yo I (TV,o) < a) +
BY I (TViy > @) + BVOL, + ¢

In this regression, WTIR is the WTTI oil price returns (in per-
centage form), Y is one of the predictors (COVID-19, neg-

it is worth pointing out that over the sample period, daily mean new cases of COVID-19 was 44,691.
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Table 2: Threshold predictability results

Panel A: Regression based on COVID-19 as a threshold variable

COVID-19 Positive news Negative news
B 1 B 2 8 1 B 2 B 1 B 2
0.00007** -0.0210 o 0.0094
No control (2.1215) ?1'0821427) (-0.8758) ?2'80013296) (0.8528) ?603593595)
a=77,434 ’ a=84,479 ’ a=77434 )
0.00008** - -0.0038 0.0013 N
With control (2.1702) (()3'0(;)50843) (-0.1225) ?&85852) (0.2141) ?1'17152226)
a=84,479 : a=84,479 ’ a=77434 ’
Panel B: Regression based on oil price return volatility as a threshold variable
COVID-19 Positive news Negative news
B1 P B1 B2 B4 B2
0.00001 0.0005*** -0.0005 0.0052 -0.0002 0.0036%**
No control (0.2297) (3.5024) (-0.3819) (1.5241) (-0.4378) (0.2.9279)
a=499.95 : a=9.916 : a=9.916 -

This tables reports results from the threshold predictability regression model, which has the following representation:

WTIR, = c+ £ Y, I (TV,.; < a)+ foYi I (TV,_y > @) + fsVOL, + ¢

In this regression, WTIR is the WTI oil price returns (in percentage form), Y'is one of the predictors (COVID-19, negative oil price news, or positive oil price news), TV is the threshold
variable (either COVID-19 cases or WTI price return volatility, VOL), « is the threshold value. Finally, E (¢,|TV,-;, VOL,) = 0. White-heteroskedasticity standard errors are used. The
sample period for regression estimation is 2/01/1995 to 5/05/2020. Finally, * (**) *** denote statistical significance at 10% (5%) 1% levels.

ative oil price news, or positive oil price news), TV is the
threshold variable (either COVID-19 cases or WTI price re-
turn volatility, VOL). Finally, E (¢,|TV,_;,VOL,) = 0.

Results reported in Panel A consider COVID-19 as a
threshold variable. We examine whether the effect of oil
news and COVID-19 cases is conditional on a threshold val-
ue of cases of COVID-19. We see that the manner in which
COVID-19 influences oil prices is conditional on the num-
ber of COVID-19 cases. Results from control-based model
suggest a threshold value of COVID-19 cases to be 84,479
and while COVID-19 predicts oil prices both when cases are
below and above this threshold, the effect is stronger when
the number of cases is above the threshold. The result is al-
so statistically different from zero with a minimum ¢-sta-
tistic of 2.170. On the role of oil price news, when using
COVID-19 as a threshold, there is limited evidence that oil
price news predicts oil prices. We observe that only when
the threshold value of COVID-19 cases is in excess of 77,434
does negative oil price news predict oil prices (t-statistic =
1.753). This evidence is however statistically weak.

In the second case, we use as threshold variable the oil
price return volatility, where volatility is proxied by squared
oil price returns. The results in Panel B suggest that positive
news has no effect on oil price. However, when volatility is
higher (> 9.916%) negative oil price news predicts oil prices
(0.0036, t-statistic = 2.928). COVID-19 cases influence oil
prices too but only when oil price volatility is significant-
ly high (>499.95%). In this case, the slope predictive coef-
ficient is 0.0005 (t-statistic = 3.502). The message is that
when oil price volatility is high, it is negative oil price news

that dominates the evolution of oil prices.

III. CONCLUDING REMARKS

In this note, we focus on estimating predictors of oil prices.
Two events in recent times —namely, the COVID-19 pan-
demic and oil price news—matter to the evolution of oil
prices. This is what we hypothesize. The collapse of oil
prices, including its record and unprecedented negative
price, occurred during the time when COVID-19 had halted
much of global economic activity. Deprived of lack of
knowledge on the respective roles of COVID-19 and oil price
news on oil prices, we set out to investigate how they have
influenced oil prices. We employ a threshold regression
model that helps us answer how these variables influenced
oil prices when COVID-19 infection cases and oil price
volatility reached a certain threshold. We show that there is
a threshold value of 84,479 COVID-19 infections after which
COVID-19 has had a bigger effect on oil prices. There is lim-
ited role discovered in our analysis for oil price news when
conditioned on COVID-19 cases. However, when we use as
threshold the oil price return volatility variable, we unravel
that while both COVID-19 cases and negative oil price news
influence oil prices, it is the negative oil price news that
dominates the effect on oil prices beyond a certain thresh-
old of volatility. As a by-product, our paper produces daily
time-series data on oil price news which can be useful for
future researchers. This data are available upon request.
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Figure 1: WTI price returns and oil price negative and positive words

This figure plots three sets of data—namely the WTI oil price returns which is measured as relative log prices (current price scaled by one period lagged price) multiplied by 100;
number of negative and positive oil price news. The methodology for oil price news data collection is detailed in Narayan (2019) and interested readers are referred to this source

for additional information. The data are daily and span the period 2/01/1995 to 5/11/2020.
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