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ABSTRACT

Assessing the economic impact of the COVID-19 pandemic is essential for policymakers, but challenging
because the crisis has unfolded with extreme speed. We identify three indicators — stock market volatility,
newspaper-based economic uncertainty, and subjective uncertainty in business expectation surveys
— that provide real-time forward-looking uncertainty measures. We use these indicators to document
and quantify the enormous increase in economic uncertainty in the past several weeks. We also illustrate
how these forward-looking measures can be used to assess the macroeconomic impact of the COVID-19
crisis. Specifically, we feed COVID-induced first-moment and uncertainty shocks into an estimated
model of disaster effects developed by Baker, Bloom and Terry (2020). Our illustrative exercise implies
a year-on-year contraction in U.S. real GDP of nearly 11 percent as of 2020 Q4, with a 90 percent
confidence interval extending to a nearly 20 percent contraction. The exercise says that about half
of the forecasted output contraction reflects a negative effect of COVID-induced uncertainty.
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The COVID-19 pandemic has triggered a massive spike in uncertainty. Major uncertainties
surround almost every aspect: the infectiousness, prevalence, and lethality of the virus; the
availability and deployment of antigen and antibody tests; the capacity of healthcare systems to
meet an extraordinary challenge; how long it will take to develop and deploy safe, effective
vaccines; the ultimate size of the mortality shock; the duration and effectiveness of social
distancing, market lockdowns, and other mitigation and containment strategies; the near-term
economic impact of the pandemic and policy responses; the speed of recovery as the pandemic
recedes; whether “temporary” government interventions and policies will persist; the extent to
which pandemic-induced shifts in consumer spending patterns will persist; and the impact on
business survival, new business formation, R&D, human capital investment, and other factors

that affect productivity over the medium and long term.*

Our goal here is to assess near- and medium-term macroeconomic effects of these COVID-
induced uncertainties. A necessary first step is to quantify uncertainty in a manner that delivers a
suitable input into a statistical model of macroeconomic outcomes. In this regard, there are some

notable challenges:

e The COVID-19 crisis erupted and unfolded with tremendous speed. Take the U.S. case as
an example. In February 2020, the unemployment rate stood at 3.5%, equaling its lowest
rate in the past 67 years. A mere six weeks later, the outlook has shifted profoundly:
Nearly ten million Americans filed for unemployment benefits in the past two weeks
(Chaney and Morath, 2020). Millions more lost jobs but did not file. Because the outlook
changed with such suddenness, methods based on backward-looking statistical analyses
and historic data are unlikely to yield suitable measures of forward-looking uncertainty.

1 On uncertainty about key parameters in epidemiological models of Covid-19 transmission and mortality,
see Atkeson (2020a), Bendavid and Bhattacharya (2020), Dewatripont et al. (2020), Fauci et al. (2020), Li
et al. (2020), Linton et al. (2020), and Vogel (2020). On what key parameter values imply in standard
epidemiological models and extensions that incorporate behavioral responses to the disease and various
testing, social distancing, and quarantine regimes, see Anderson et al. (2020), Atkeson (2020b), Berger,
Herkenhoff and Mongey (2020), Eichenbaum, Rebello and Trabant (2020), Ferguson et al. (2020), and
Stock (2020a). On the potential for vigorous antigen and antibody testing to shift the course of the
pandemic, see Romer and Shah (2020) and Stock (2020b). On stock market effects, see Alfaro et al.
(2020), Baker et al. (2020) and Toda (2020). On complexities arising from highly uneven supply-side
disruptions caused by a major pandemic, see Guerrieri et al. (2020). On potential medium- and long-term
macroeconomic consequences, see Barro, Ursua and Weng (2020) and Jorda, Singh and Taylor (2020).



e A related challenge is the lack of close historic parallels to the current crisis. While the
Spanish Flu pandemic a century ago offers a reasonable point of comparison in terms of
mortality (Barro, Ursua and Weng, 2020), it took place in a very different social, political
and economic context. The scale of ongoing containment and mitigation policies is also

unprecedented in the modern era.

e Timeliness of data is a critical practical challenge. To estimate the current and future
macroeconomic effects of COVID-induced uncertainties, we need measures that are

available in real time, or nearly so.

In short, we need timely, forward-looking measures of economic uncertainty. With these
requirements in mind, we assess five types of uncertainty measures. Several of these measures
figure prominently in the long literature on economic uncertainty and its consequences, and
others are newer. See Bloom (2014) for an overview of this literature and Table 1 for a summary

list of the measures we consider here.

Stock Market Volatility: Examples include the VIX, which reflects the forward-looking
volatility implied by options on the S&P 500 index. Figure 1 shows that the COVID-19 shock
increased the VIX by about 500% from 15 January 2020 to 31 March 2020. This forward-

looking measure starts in 1990 and is available daily in real time. Realized volatility can be

calculated on short look-back windows to quickly reflect abrupt changes in economic
circumstances. The realized volatility of daily returns stretches back to the late 19" century.

Newspaper-Based Measures: Examples include the Economic Policy Uncertainty Indices of

Baker, Bloom and Davis (2016).2 The daily version of this index reflects the frequency of
newspaper articles with one or more terms about “economics,” “policy” and “uncertainty” in
roughly 2,000 U.S. newspapers. It is normalized to 100 from 1985 to 2010, so values above 100
reflect higher-than-average uncertainty. Figure 2 plots the monthly average of the daily EPU,
which surges from around 100 in January 2020 to almost 400 in March 2020, the highest value

2 Available at www.policyuncertainty.com. See, also, the World Uncertainty Index of Ahir, Bloom and
Furceri (2019) at www.worlduncertaintyindex.com, which uses Economist Intelligence Unit reports
instead of newspapers.



http://www.policyuncertainty.com/
http://www.worlduncertaintyindex.com/

on record. The monthly U.S. EPU index based on a balanced panel of major U.S. newspapers

displays a similar pattern and also reaches its peak value in March 2020.°

Newspaper-based measures of uncertainty are forward looking in that they reflect the real-
time uncertainty perceived and expressed by journalists. They stretch back to 1900 for the United

States and are now available for dozens of countries at www.policyuncertainty.com. They also

offer a ready ability to drill down into the sources of economic uncertainty and its movements
over time, as contemporaneously perceived. For example, Baker, Bloom, Davis, Kost, Sammon
and Viratyosin (2020) report that over 90% of newspaper articles about economic policy

uncertainty in March 2020 mention “COVID,” “Coronavirus,” “pandemic” or other term related

to infectious diseases.

Baker, Bloom, Davis and Kost (2019) develop a newspaper-based Equity Market Volatility
(EMV) tracker that closely mirrors movements in the VIX. Their index lends itself to a
quantitative exploration of news developments that drive stock market volatility, again as
contemporaneously perceived by journalists. Applying their approach to infectious diseases, we
find that COVID-19 is the dominant topic in newspaper articles about stock market volatility
since the last week in February. In comparison, Ebola, SARS, H1N1 and other infectious disease

outbreaks since 1985 made only minor contributions to stock market volatility.

Business Expectation Surveys: Examples include the U.S. monthly panel Survey of Business

Uncertainty and the U.K. monthly Decision Maker Panel.* These surveys elicit five-point
probability distributions (mass points and associated probabilities) over each firm’s own future
sales growth rates at a one-year look-ahead horizon. By calculating each firm’s subjective
standard deviation about its own future growth rate forecast in a given month, and aggregating
over firms in that month, we obtain an aggregate measure of subjective uncertainty about future

sales growth rates.

Figure 3 plots these survey-based time-series measures of sales growth rate uncertainty for
the United States and the United Kingdom. Both countries exhibit a pronounced spike in
uncertainty in March 2020, well above any previous peak in their (short) histories. Nevertheless,

we regard these March values as too low in the sense that they mostly reflect survey responses in

% The monthly EPU index is available at http://www.policyuncertainty.com/us_monthly.html.
4 At www.frbatlanta.org/research/surveys/business-uncertainty and http://decisionmakerpanel.com/
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the first half of the month. Indeed, both surveys show a rapid deterioration in the outlook over
the two-week period they were in the field. Figure 4 draws on data from the Decision Maker

Panel to depict how COVID-induced uncertainty rose rapidly over this period in March 2020.

These business expectation surveys are valuable for measuring what firms actually perceive
in real time. They yield actionable data within 5 to 20 days of when the survey first goes to field.
They can also be modified to add additional questions, like business expectations over the likely
duration of the COVID crisis. Their main downside is the cost of building the sample and
fielding the survey each month, and the need to accumulate some historic data as a point of
reference. Once in place, however, these surveys are highly flexible and allow for rapid
deployment of special questions that target current developments and policy issues. Both the
U.S. and U.K. surveys will be back to the field in April with special forward-looking questions

about the impact of coronavirus-related developments.

Forecaster Disagreement: Examples include the dispersion of point forecasts about

macroeconomic outcomes among participants in the Survey of Professional Forecasters (SPF).°
The typical disagreement measure is the standard deviation of point forecasts across the 50 odd
forecasters that provide regular forecasts. There is a long history of using such disagreement
measures to proxy for uncertainty, and also a long history of disagreement about their suitability
for that purpose. For our present purpose, there is a practical issue: Currently, the most recent
SPF data are from 14 February 2020, before the COVID crisis erupted in the United States and
many other countries. More broadly, the quarterly frequency of the SPF and the resulting lag in

data availability is too long in periods of rapid change like the current crisis.

Statistical Forecast Uncertainty: Examples include the conditional volatility implied by a

GARCH model fit to US industrial production or forecast uncertainty implied by a large-scale
time-series model, as in Jurado, Ludvigson and Ng (2015).® These approaches can be used to
generate time-varying measures of realized volatility and forecast uncertainty for GDP growth,
industrial production, employment, trade, and other standard measures. These statistical

measures of uncertainty capture recurring relationships in the time-series data — for example, the

5 See https://www.philadelphiafed.org/research-and-data/real-time-center/survey-of-professional-
forecasters.
6 See https://www.sydneyludvigson.com/data-and-appendixes.
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strong propensity for the volatility of many economic time series to rise in recessions — but their
backward-looking character makes them less useful in the wake of abrupt shifts and once-in-a-
century shocks. Long lags in the availability of key data inputs into statistical models of this type
are another serious limitation for real-time uncertainty measurement, especially in the wake of
sudden and unusual shocks. These lags amount to 90 days or so for many key economic series.
As of this writing on 4 April, even Friday’s BLS Employment Situation Report is dated, because
it does not reflect the 10+ million newly lost jobs that we noted above.

To illustrate the use of forward-looking measures to project the near-term macroeconomic
consequences of COVID-19, we borrow an empirical model of disaster effects developed by
Baker, Bloom and Terrry (2020).” They use natural disasters, political coups, revolutions, and
terrorist attacks across many countries to estimate the causal impact of disaster shocks on
country-level output growth, working through first-moment and uncertainty channels. Their
empirical model is a vector autoregression with shock identification using disasters as

instruments, which they fit to quarterly data from 1987 to 2017 for 38 countries.

Armed with their estimated model and data on U.S. real GDP, we proceed as follows: We
calibrate the first-moment aspect of the COVID-19 shock based on the 28% fall in the US stock
market from 19 February to 31 March 2020. We calibrate the uncertainty aspect of the COVID-
19 shock based on the rise in implied stock market volatility over the same period. Baker,
Bloom, Davis, Kost, Sammon and Viratyosin (2020) provide evidence that COVID-19
developments drove the stock market collapse and the rise in its volatility over this period. We
feed these calibrated shocks into the estimated BBT model as of 2020 Q2, while setting other

contemporaneous shocks and all shocks in prior periods to zero.

Figure 5 displays the resulting dynamic response for year-on-year U.S. real GDP growth
from the second quarter of 2020 onwards. According to point estimates in the BBT model,
output falls about 9 percent in 2020Q2 relative to 2019Q2. (To be clear, this quarterly
contraction is about 36 percent on an annualized basis.) The point estimates imply a peak year-
on-year output contraction of 11 percent in 2020Q4, followed by another five quarters of falling
output on a year-on-year basis. The 90 percent confidence interval for the peak output response

" See Leduc and Liu (2020) for another effort to estimate the impact of coronavirus-induced uncertainty
on the U.S. economy.



extends to a nearly 20 percent year-on-year contraction. As also shown in Figure 5, about half of

the projected output contraction is caused by COVID-induced uncertainty.®

In short, our illustrative exercise says the COVID-19 disaster will cause a large output
contraction, more than half of which is due to COVID-induced economic uncertainty. There are,
however, reasons to think that the actual effects may be even larger than suggested by our
illustrative exercise. First, we set the 2020Q1 shock values to zero, but the COVID-19 disaster
began to affect the U.S. economy and its financial markets in the last six weeks of the quarter,
especially in the last three weeks. Second, there are potentially important mechanisms at work in
the wake of the COVID-19 disaster that played no or lesser roles in the disaster episodes to
which BBT fit their model. For example, the COVID-19 crisis is leading to massive cuts in
business expenditures on innovation, training and general management improvements, which we
expect to lower productivity into 2021 and beyond. The irreversible nature of these investments
in intangible forms of capital makes them particularly sensitive to uncertainty (e.g., Barrero,
Bloom and Wright 2017). Moreover, R&D expenditures and other forms of innovative activity
are probably more important in the United States (for the U.S. and global economies) than in
most of the countries and disasters that comprise the BBT sample. Finally, widespread school
closures and an enormous shift to work-at-home practices in reaction to the COVID-19

pandemic seem likely to retard productivity in the near and long term.

To summarize: The COVID-19 pandemic has created an enormous uncertainty shock — larger
than the one associated with the financial crisis of 2008-09 and more similar in magnitude to the
rise in uncertainty during the Great Depression of 1929-1933. We can track and characterize this
massive increase in uncertainty in near real time using stock market volatility measures,
newspaper-based measures of economic uncertainty, and by aggregating over responses to
survey questions about perceived business-level uncertainty. Using stock market measures to
calibrate the first- and second-moment aspects of the COVID-19 shock, and feeding them into an
estimated empirical model of disaster effects, the implied contraction in U.S. real GDP is 9

percent in 2020Q2 on a year-over-year basis and a peak year-on-year contraction of 11 percent

8 In calibrating the magnitude of uncertainty shocks, Baker, Bloom and Terry (2020) use a more complex
approach that captures stock market volatility at both the firm and aggregate levels. Using their approach
here implies somewhat smaller peak output contraction of nearly 10 percent in 2020Q4. The reason is that
their calibration yields a smaller uncertainty shock. See their paper for more information.



two quarters later. Our illustrative exercise implies that more than half of the contraction is
caused by COVID-induced uncertainty. To be sure, the confidence intervals around our GDP
growth projections are wide. And, as we discuss, there are reasons to think that our illustrative
exercise understates the likely output effect of the COVID-19 pandemic.
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Table 1: Measures of Macro Uncertainty for the United States for the COVID-19 Crisis

Measure Examples Frequency  Time lag Forward  Additional details Fit for Real-Time
(days) Looking COVID-19 Analysis

Financial Volatility VIX, Realized  Daily 0 Yes Implied vol available ~&)~)-~6)-

Volatility (daily for horizons of 1 R

or intraday) month to 10 years
Newspaper-Based EPUoOrEMV  Daily 1 Yes Categorical detail ~ ~@)~&)-~@):
Surveys of Business DMP, SBU Monthly 20 Yes Sectoral, regional and ~)-~&)-~¢):
Expectations firm-size R
Surveys of Professional SPF Quarterly 30 Yes Multiple outcome (_)
Forecasters Disagreement variables (GDP, N

employment etc)

Time-Series Models GDP Garch Monthly 60 No Multiple outcome (_)

JLN Macro variables (GDP, i

employment etc)

Notes: Frequency and time-lag refers to the most frequent and rapidly produced indicator amongst the examples. Forward looking means the measure at least partly
reflects anticipations of future developments rather than historical data. EPU is the Economic Policy Uncertainty index of Baker, Bloom and Davis (2016), and EMV
is the Equity Market Volatility Tracker of Baker, Bloom, Davis and Kost (2019). Both are available in daily and monthly versions. DMP is the U.K. Decision Maker
Panel described in Bloom et al. (2019), and SBU is the U.S. Survey of Business Uncertainty described in Altig et al. (2020b). SPF is the Philadelphia Fed’s Survey of
Professional Forecasters described in Croushore and Stark (2019). JLN Macro refers to the forecast uncertainty measures based on time-series models developed by
Jurado, Ludvigson and Ng (2015).
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Figure 1: VIX, Implied Stock Returns Volatility, Daily Since 1990
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Notes: Daily implied volatility (over the next month) on the S&P500 index from the Chicago Board of Options
Exchange, expressed in annualized units. We plot data from 2 January 1990 to 31 March 2020. Values
downloaded from: https://fred.stlouisfed.org/series/VIXCLS 12
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Figure 2: U.S. Economic Policy Uncertainty Index, Monthly
Averages of Daily Index Values, January 1985 to March 2020
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Notes: Daily index values downloaded from www.policyuncertainty.com/media/All_Daily Policy Data.csv.
See Baker, Bloom and Davis (2016) for details of index construction. We plot data from 1 January 1985 to
31 March 2020. 13
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Figure 3: Survey-Based Measures of Uncertainty about Sales Growth
Rates at a Four-Quarter Look-Ahead Horizon for the United States
and United Kingdom, Monthly from January 2017 to March 2020.
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Bank of England, Nottingham University and Stanford
University. For details and background, see Bloom et al.
(2019) and www.decisionmakerpanel.com

Source: Altig et al. (2020a), using data form the Survey of
Business Uncertainty conducted by the Federal Reserve Bank
of Atlanta, Stanford University, and the University of Chicago
Booth School of Business. For a detailed description of the
Survey of Business Uncertainty, see Altig et al. (2020b) and
https://www.frbatlanta.org/research/surveys/business-

uncertainty
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Figure 4. COVID-Induced Uncertainty Rose Rapidly in March 2020

Percent of U.K. firms reporting Covid-19 as the top source of uncertainty,
as of survey submission date in March 2020
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Source: Decision Maker Panel Survey conducted by the Bank of England, Nottingham University and Stanford University
and Bloom et al. (2019) and www.decisionmakerpanel.com
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Figure 5: Estimated impact of COVID-19 Shocks on Year-over-Year

US Real GDP Growth Rate
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Notes: The figure plots response paths of year-on-year real GDP growth rates to first-moment and uncertainty shocks in
the estimated VAR-IV model of Baker, Bloom and Terry (2020). We plug in U.S. data from 1987Q1 to 2020Q1, set the
first moment shock in 2020Q2 to -2.3 standard deviations based on the U.S. stock market drop in the last several weeks
of 2020Q1, and set the uncertainty shock to 1.5 standard deviations based on the rise in the VIX over the same period.

Dashed lines show 90% confidence intervals.
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