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COVID-19 containment measures
and expected stock volatility:
High-frequency evidence from
selected advanced economies!’

Viral V. Acharya,? Yang Liu® and Yunhui Zhao*

Date submitted: 13 May 2021; Date accepted: 21 May 2021

We study the effect of COVID-19 containment measures on expected
stock price volatility in some advanced economies, using event studies
with hand-collected minute-level data and panel regressions with daily
data. We find that six-month-ahead volatility indices dropped following
announcements of initial or re-imposed lockdowns, and that they did not
drop significantly following the easing of lockdowns. Such patterns are
not as strong for three-month-ahead expected volatility and generally
absent for one-month-ahead expected volatility. These results provide
suggestive evidence for the existence of an intertemporal trade-off:
although stringent containment measures cause short-term economic
disruptions, they may reduce medium-term uncertainty (reflected in
expected stock volatility) by boosting markets’ confidence that the
outbreak would be under control more quickly.

1 Wearegrateful for the helpful discussions with Alberto Behar (IMF, unless otherwise stated), Jorge Chan-Lau,
Martin Cihak, Rupa Duttagupta, Alan Xiaochen Feng, Gita Gopinath, Burcu Hacibedel, Sandile Hlatshwayo,
Anna Ilyina, Timothy Johnson (UIUC), Andras Komaromi, Romain Lafarguette, Wojciech Maliszewski,
Jonathan Ostry, Chris Redl, Agustin Roitman, Eddy Tam (Oxford), Yannick Timmer, Wentao Xiong (Goldman
Sachs), Daria Zakharova, Tao Zhang, and participants at the IMF interdepartmental surveillance meeting in
October 2020 and at the SPARK series. We also thank William Kunxiang Diao for his excellent support on
updating the volatility data, and Tiana Wang for her excellent research assistance. The views expressed here
are those of the authors and do not necessarily represent the views of the IMF, its Executive Board, or IMF
management.

2 Professor, NYU Stern School of Business.

3 Data Scientist, International Monetary Fund.

4. Economist, International Monetary Fund.

Copyright: Viral V. Acharya, Yang Liu and Yunhui Zhao
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1 Introduction

This paper aims at illustrating an economic benefit of COVID-19 containment measures reflected
in lower expected stock price volatility. On such measures, many discussions focus
disproportionally on their Aumanitarian benefit and characterize them as saving lives at the cost
of sacrificing the economy or livelihoods. This perception has been the main reason for
governments’ reluctance to impose lockdowns and their rush to reopen the economies. However,
despite the short-term economic disruptions, containment measures may also have a significant
economic benefit, particularly over the medium term—they could help contain the outbreak, buy
time for vaccination rollout and herd immunity, reduce uncertainty, and mitigate health/financial
constraints.! These arguments are consistent with some market participants’ views that investors’
optimism can sustain only if they are confident that the outbreak is under control.? They are also
in line with the views of some policymakers.?

However, there are at least two challenges for quantifying the economic benefits of
containment measures. First, it is hard to distinguish between short-term costs and medium-term
benefits of containment measures, given that the observed macroeconomic data reflect both the
costs and benefits. Second, most macroeconomic data are available at relatively low frequency
(monthly or quarterly), making the identification of the effects of containment measures difficult.
To overcome thesechallenges, we proxy the “medium-termuncertainty” with the six-month-ahead
stock price volatility indices implied by options prices; we then use the reduction in these indices
to measure the economic benefitof containment measures. We also conduct the analysis separately
for the initial tightening stage, the easing/reopening stage, and the retightening stage to account
for the different impacts of containment measures at different stages. Specifically, two
complementary approaches are employed in each stage.

First, using minute-level data, we conduct event studies for an extreme containment
measure—lockdown. To do so, we take a deep dive into multiple information sources (such as
English newspapers, local language newspapers, tweets, and government websites) and manually
identify the minute when a COVID-related lockdown or reopening was announced. We then
conduct event studies by comparing the post-announcement actual volatility indices with their
counterfactuals. Due to limitations of the volatility data, only the US, Italy, Germany, and the
eurozone are covered. To focus on systemic events only, we study the most significant

I Although containment measures may be less effective in countries with large informal sectors, the
aforementioned benefit still exists in all countries and needs to be considered to properly assess the trade -off
associated with containment measures.

2 “US stocksin sharp late rally on hopes virus is slowing,” Financial Times, April 7,2020.

3 One example is IMF Managing Director’s statement that “the faster the virus stops, the quicker and stronger
the recovery will be.”

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS


https://www.imf.org/en/News/Articles/2020/03/23/pr2098-imf-managing-director-statement-following-a-g20-ministerial-call-on-the-coronavirus-emergency

Covid Economics 79, 27 May 2021: 1-40

9328 PRESS

lockdown/reopening announcements by the aforementioned countries/regions.* Despite the small
number of events, this approach has the advantage of mitigating the omitted variable bias
commonly encountered in regression-based approaches. Various models are used to construct the
counterfactuals,such as GARCH and EGARCH, and additional variables are controlled to account
for other forces (e.g., fiscal stimulus) that may be at play at the time of the announcements.

Second, using daily data, we conduct panel regressions for broader containment measures
(such as a moderate restriction on gathering) instead of a full-fledged lockdown. This approach
regresses the daily volatility indices on a comprehensivestringency index of containment measures
constructed by Oxford University for largely the same set of countries/regions as in the first
approach. There are not many variations in the stringency index data due to the relatively
infrequent policy measure changes, and there are many other forces that affect volatility. To
address these concerns, we include the relevant stock price indices in the regressions in an attempt
to control for the impacts of other driving forces in a parsimonious way. Since COVID-19 is a
global shock, seemingly unrelated regressions are also conducted to account for the correlations
among different countries and different volatility products.

Both approaches produce very similar results. First, during the initial tightening stage,
stringent containment measures significantly reduce expected stock volatility, which directly
supports our hypothesis stated above. Second, the easing of stringent containment measures is not
associated with a significant reduction in expected volatility, contradicting the conventional
wisdom (i.e., the easing of containment means less disruptions to the economy and lower
uncertainty) and thus indirectly supporting our hypothesis. Third, during the retightening stage,
more stringent containment policies are associated with lower expected volatility, although its
statistical significance is lower than the initial tightening stage.’

In particular, the above results are the strongest for six-month-ahead expected volatility,
notas strong for three-month-ahead expected volatility, and generally absent for one-month-ahead
expected volatility (the left three panels in Figure 5). Although we do not study the volatility
beyond the six-month horizon due to data limitations, the increasing significance of results over
time seems informative. Taken together, the results provide suggestive evidence for the existence
of anintertemporal trade-off: although stringent containment measures cause short-term economic

4 For the initial tightening stage, the events include (1) Trump’s state-of-emergency declaration on March 13
that enabled states to impose lockdowns; (2) California’s stay-at-home orderon March 19, the very first state-

wide lockdown in the US; (3) Italy’snationwide lockdown on March 9; (4) Germany’s nationwide lockdown on
March 16, which was widely regarded asa historic move by the press (for this event, we have dataon both the
domestic and eurozone-wide volatility); (5) France’s nationwide lockdown on March 16.

5 This could reflect market participants’ perception that the containment measures at the retightening stage are
less stringent than the initial stage, which may be inadequate to contain the second waves and thus volatility did
notdrop as much.
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disruptions, they may reduce medium-term uncertainty (reflected in expected stock volatility) by
boosting markets’ confidence that the outbreak would be under control more quickly.

The remainder of the paperis organized as follows. Section 2 reviews the related literature.
Section 3 discusses the minute-level event studies, including the dataset, the methodology, and the
results for the three stages. Section 4 discusses daily-level regressions. Section 5 concludes and
discusses some policy implications.

2 Literature Review

Our paper relates to a growing literature on the effects of COVID-19 and containment measures.
First, it relates to the literature on the COVID-era financial market responses. Beirne et al. (2020)
find that emerging economies in Asia and Europe experienced the sharpest declines in stocks,
bonds, and exchange rates due to COVID-19. Using data since January 1900, Baker et al. (2020)
find that no previous infectious disease outbreak increased the US stock market volatility as
forcefully as the COVID. Focusing on industry-specific realized volatility, Back, Mohanty, and
Glambosky (2020) find that changes in volatility are more sensitive to COVID news than to
economic indicators. Using daily data and ARMA models, Cheng (2020) studies the futures of
VIX (rather than the VIX itself, as we do) and finds that the VIX futures market underreacted to
the growing risks of the pandemic during the early stages.® Our paper complements these studies
by focusing on the effect of containment measures and examining the minute-level, forward-
looking volatility data right after a lockdown announcement, which is more likely to separate the
effect of containment from that of other driving forces, such as the COVID outbreak itself.
Second, our paper relates to a large literature that points to a high economic cost of
containment measures. For example, Deb et al. (2020a) find that containment measures are
associated with a 15% decline in industrial production over a 30-day period. Kok (2020) finds that
during the second quarter of 2020, “containment and closure policies” deducted about 8.6% (year-
on-year) of GDP growth for advanced economies and 5.1% for Emerging Market and Developing
Economies. However, some other studies suggest a mixed picture. Caselli et al. (2020) find that
voluntary social distancing also contributed to short-term economic contractions. Goolsbee and
Syverson (2020) find that legal shutdown orders account for only 7 of the 60 percentage -point
decline of consumer visits to businesses, and that individual choices due to infection fears were a
far more important factor. Chen et al. (2020) find that deterioration of economic conditions
preceded the introduction of non-pharmaceutical interventions (NPIs). Aum, Lee, and Shin (2020b)
find thatat mosthalf of the job losses in the US and the UK can be attributed to lockdowns. Amon,
Ricco, and Smetters (2020) find that NPIs explain only about 15% of'the decline in employment.

6 Jackwerth (2020)uses the derived distribution from option prices to discuss the market prediction of the future
SP500 index in the COVID era (ratherthan the prediction of VIXaswe do). A few other papers on stock market

volatility include Zhang, Hu, and Ji (2020), Zaremba etal. (2020), and Haroon and Rizvi (2020).
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Relatedly, in terms of the optimal lockdown policy, Alvarez, Argente, and Lippi (2020)
models a planner who balances the fatality induced by the pandemic with the output costs of the
lockdown policy. This is the standard life-livelihood trade-off, a framework adopted by a large
number of studies. For example, under assumptionsabout the value of lives saved in the UK, Miles,
Stedman, and Heald (2020) conclude that “the costs of continuing severe restrictions are so great
relative to likely benefits in lives saved that a rapid easing in restrictions is now warranted.”’

Third, our paper relates to the literature on the benefits of containment measures. Deb et al.
(2020b) find that such measures have been very effective in flattening the pandemic. Correia, Luck,
and Verner (2020) analyze monthly data across US cities during the 1918 Flu Pandemic, and find
that NPIs are associated with better economic outcomes in the medium term. ® Using a
macroeconomic model calibrated to Koreaand UK COVID dynamics, Aum, Lee, and Shin (2020a)
find that a longer lockdown eventually mitigates the GDP loss, with a focus on the work-from-
home channel, i.e., the lockdown lowers infections and induces people to switch from working
from home (assumed to be less productive) to working on site.

Perhaps the two empirical papers most related to ours are by Sheridan et al. (2020) and
Ashraf (2020). Using daily consumer spending data from a large bank in Scandinavia and
exploitingan exogenous difference in COVID responses between Denmark and Sweden, Sheridan
et al. (2020) find that social distancing laws may provide an economic benefit by reducing the
economic activity of the low-risk population, lowering the overall prevalence of the virus in the
society, and thus attenuatingthe COVID-induced dropin spending for high-risk individuals. Using
daily stock market return data during January 22-April 17,2020 from 77 countries, Ashraf (2020)
finds that announcements of government social distancing measures have both a direct negative
effecton stock marketreturns and an indirect positive effect through the reductionin COVID cases.

Our paper differs from these two in several dimensions. In terms of methodologies, in
addition to using daily data, we employ minute-level event studies and account for other policies

7 Below are some otherexamples using this framework. Eichenbaum, Rebelo, and Trabandt(2020) find thatthe
competitive equilibrium is not socially optimal due to externality, and that the best simple containment policy

increases the severity of the recession but saves roughly half a million lives in the U.S. Jones, Philippon, and
Venkateswaran (2020) find that private mitigation reduces the cumulative death rate by more than the planner
does,albeitat the cost of asharperdrop in consumption. Hall, Jones, and Klenow (2020) estimarte that the planner
is willing to give up 41% of consumption for a full yearto avoid the elevated mortality associated with the
pandemic. Gourinchas (2020) concludes that “the measures that help solve the health crisis can make the
economic crisis worse — at least in the short run.”

8 Relatedly, Fotiou and Lagerborg (2021) find that countries with previous SARS experience were able to both
contain COVID-19 and mitigate lockdown-associated economic costs due to a “smart” containment strategy.

Barro, Ursua, and Weng (2020)also quantify the medium-to-long-term effects by analyzingannualdata for48
countries. They find that the 1918 Flu Pandemic lowered real GDP by 6-8% in the typicalcountry, which is
suggested to be the upperbound of the effects of COVID-19.
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(e.g., fiscal stimulus), providing a potentially cleaner identification. In terms of the scope, in
addition to the initial lockdown stage, we also analyze the easing stage and the retightening stage.

3 Event Studies with Minute-Level Data

3.1 Data

Our data on the minute-level event times are hand-collected. Specifically, we take a deep dive into
multiple information sources, such as English newspapers, local language newspapers, tweets of
reporters, videos of the actual announcements, and government websites. We then manually
identify the minute when a COVID-related lockdown or reopening was announced. In case the
precise minute cannot be identified, we make our best estimate based on all available information.
For example, the minute of France’s reopening announcement is estimated using a three-step
procedure (Appendix 1). For the announcements made outside of the trading hours, we treat the
next opening minute as the event time; and to account for potentially higher fluctuations of the
volatility indices right after the opening of markets, our counterfactual models have explicitly
introduced a dummy variable for the first 30 minutes after the opening. The same treatment is
applied to the last 30 minutes of the trading day.

As for the response variable of the event studies—medium-term expected volatility, we
proxy it by the six-month-ahead options-based volatility indices. These indices are based on the
core stock price index of the country/region (e.g., S&P 500 for the US), and they estimate the
expected volatility by aggregating the weighted prices of the stock price index puts and calls over
a wide range of strike prices (CBOE White Paper, 2019). In the case of the US, these are the six-
month equivalents of the VIX Index, which measures the one-month-ahead expected volatility and
is often referred to as the “fear gauge.” We choose three and six months because these horizons
representthe “medium-term” to some extent and because data for longer horizons are notavailable
in all countries we study (only the US has the one-year-ahead volatility index).

The minute-level data on expected volatility are from Bloomberg. Specifically, for the US
events, we use the CBOE S&P 500 three-month and six-month expected volatility indices. For all
eventsin [taly, Germany, and France, we use the Euro STOXX 50 expected volatility index, which
is widely viewed as Europe’s equivalent of the VIX in the US (See Smith, 2013, among others).
For events in Germany, in addition to the eurozone-wide volatility index, we also use Germany’s
country-specific expected volatility index based on the DAX stock price index. However, no
intraday expected volatility data are available for Italy, and no databeyond onemonth are available
for France, so events in these two countries are only studied based on the eurozone-wide volatility
index. The minute-level data on the underlying stock price indices from Bloomberg are also used
in the construction of the counterfactual models.

Table 1 provides the summary statistics of the volatility and stock price index data. For all
countries/regions, the data used in our event studies cover the business days from January 2,2020
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to October 29, 2020, around 210 days in total (the specific number of days varies slightly,
depending on the particular country/region and on the maturity, i.e., six-month or three-month).
To gauge the magnitude of the post-event change in volatility relative to the “usual” daily change,
we also provide the mean of the daily changes across all days, where the daily change is defined
as the highest volatility minus the lowest volatility observed duringthe day. Note that Table 1 does
not distinguish between stages (initial tightening, easing, or retightening) because all stages use
the same data to train the volatility prediction models.

Table 1. Summary Statistics of Event Study Data

Number Mean Sd Number Daily Daily
of obs of days | changemean | change sd
Panel (A): Six-month volatility
Volatility for S&P 500 84,849 31.1 8.3 210 1.9 2.1
Volatility for STOXX 50 | 105,647 29.5 9.9 213 1.9 2.2
Volatility for DAX 105,151 31.0 10.1 212 1.7 1.9
Panel (B): Three-month volatility
Volatility for S&P 500 84,847 31.6 10.5 210 2.8 3.4
Volatility for STOXX 50 | 102,171 29.8 11.9 206 2.4 2.5
Volatility for DAX 101,663 30.0 11.7 205 2.0 2.2
Panel (C): One-month volatility
Volatility for S&P 500 158,843 30.2 12.8 210 4.2 4.2
Volatility for STOXX 50 | 91,203 31.5 17.9 184 4.2 4.2
Volatility for DAX 90,889 33.0 17.4 183 4.1 4.0
Panel (D): Stock price indices
S&P 500 85,050 | 3,136.0 284.7 210 52.3 38.4
STOXX 50 112,854 | 355.1 35.5 213 6.2 4.4
DAX 110,920 | 12,182.9 | 1,274.3 212 225.0 136.0

Sources: Bloomberg; Authors’ calculations.’

3.2 Initial Tightening

In Spring 2020, triggered by the rapidly growing COVID cases, numerous Western countries
announced strict nationwide lockdowns. Figure 1 presents the results for the six-month-ahead
volatility indices, and the three-month results are available in the Online Appendices (the same

comment applies to all the three-month results in subsequent sections unless otherwise stated).

9 The same sources apply to all figures and tables in Section 3.

oMICS
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In the figure, the solid black lines are the actual volatility, the solid grey lines are the
counterfactuals, and the other two lines are the upper and lower bounds of the 90% confidence
intervals. Take the event of Trump’s state-of-emergency declaration as an example. The six-
month-ahead dropped sharply starting at 3:36 pm on March 13, the exact minute when Trump
finished his remarks and started taking questions from the press.!0 It then dropped by as much as
3.2% during one minute shortly after that. Moreover, in 15 minutes, it dropped by more than twice
the average daily change (about 1.9), from a level of 45 at 3:36 pmto 41 at 3:51pm. Although this
declaration was not a lockdown announcement per se, it signals that the federal government was
serious about the situation and that harsh lockdowns by state governments would follow (which
indeed happened).

Moreover, such drops lie below the lower bounds of the 90% confidence intervals of the
counterfactual (expected) volatility paths. The same is true for Germany’s six-month volatility
after its announcement of a historic national lockdown. Even though the actual (expected)
volatility was rising, it still lay significantly below the mean counterfactual (which was also rising
starting from a much higher level) and below the 90% confidence interval lower bound. These
results suggest that, contrary to the widely-held belief, lockdown announcements may have
decreased market participants’ perceptions of the six-month-ahead uncertainty.

We would like to make several comments on the methodology. First, in Figure 1, the model
used to construct the counterfactual volatility is an ARIMA(1,1,1) model augmented with two
additional predictors: the stock price index itself, and the GARCH-implied volatility. The ARIMA
componentmainly captures the persistence of historical patterns of volatility, while the stock price
and the GARCH components mainly capture new information associated with the announcement.
Our “augmented ARIMA approach” is in a similar spirit to the study by Engle and Gallo (2006),
which adds a one-month-ahead forecast of MEM-implied volatility to an AR(1) model of VIX
(whereas we add time t GARCH-implied actual volatility to an ARIMA(1,1,1) model of VIX; we
use the ex post instead of the ex ante forecasted volatility to enhance the accuracy of the
counterfactual). Our approach s also similar to the “factor model” in Fernandes, Medeiros, and
Scharth (2014), who forecast the daily-level VIX with S&P 500 price and volume, an AR(1)
component (i.e., last day VIX), and past 5-day, 10-day, 22-day, and 66-day VIX averages. In our
case, the “factors” include S&P 500 price, the ARIMA(1,1,1) components, and a GARCH-implied
volatility. Two other counterfactual models are also used, as discussed in the robustness check
subsection.

Second, the stock price index itself isused to construct the counterfactual volatility because
there are at least four forces associated with a lockdown announcement: (1) The announcement
confirms that the outbreak was severe, which tends to decrease stock price and increase (short-

10 The full video for Trump’s state of emergency declaration is available here, showing that he finished his
remarksat3 pm 35'40".
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and-medium-term) expected volatility; (2) Other stimulus policies (e.g., fiscal stimulus or
monetary easing) may be announced at the same time (or the lockdown announcement signals the
severity of the outbreak and makes the market to believe that policymakers will be more likely to
pass these stimulus policies), which affects both stock price and expected volatility; (3) The
lockdown causes short-term disruptions to the economy, which decreases stock priceand increases
volatility; (4) The lockdown may have a medium-term economic benefit through containing the
outbreak and reducing expected volatility. Controlling for stock price allows us to somewhat proxy
for Forces (1)-(3) and test the existence of Force (4), which is the focus of our paper.!! Relatedly,
it is not obvious that the lower volatility is due to (announced or expected) aggressive monetary
easing: such easing could also be seen as the central bank running out of firepower, which tends
to increase volatility. For example, on March 15 Sunday, the Fed surprised the market by cutting
125 bps to 0 and launchinga massive $700b QE. Some news articles believe this triggered the
market’s fear that all Fed’s firepower had been used and was responsible for the massive stock
price declines on March 16 (and may have led to the sharp increases in VIX in the morning of
March 16).

Third, we use a 30-minute event window to control for confounding events. Although it
appears short, 30 minutes are considered arelatively longwindow in intraday event study literature
(Marshall, Nguyen, and Visaltanachoti, 2017). As McWilliams and Siegel (1997, p. 634) note:
“The longer the event window, the more difficult it is for researchers to claim they have controlled
for confounding events.” In addition, as shown in Chordia, Roll, and Subrahmanyam (2005),
among others, new information affecting the stock price is digested by the market within 5-60
minutes.

Fourth, to check whether this substantial drop of volatility is a usual pattern that occurs on
most days or truly reflects the impact of the event, we further evaluate the performance of our
counterfactual models across the entire sample. Figure 2 plots the average prediction errors of our
counterfactual model for the six-month-ahead volatility at the same point of time on each day in
our sample, where the prediction error is defined as the actual volatility minus the counterfactual.
Across all minutes during our 30-minute event window, the mean prediction errors (fora given
minute across all days) are very close to 0, suggesting that our counterfactual model is broadly
unbiased. Moreover, the most negative prediction errors (i.e., the situations where the actual
volatility is much lower than the counterfactual) are largely observed on the event days we are

T One may argue that there can be an endogeneity issue: On the one hand, therapid increase in COVID cases
induces policymakers to impose the lockdown; on the other hand, it also induces more market participants to

believe that herd immunity will be achieved sooner due to the higher infections, which in turn tends to lower
medium-term volatility. Hence, both the lockdown and the lower medium-term volatility are results of
deterioration of COVID dynamics rather than the former causing the latter. However, very few countries (and
market participants) believe thatit is effective to achieve herd immunity through more infections. This is
evidenced by the harsh criticism of Boris Johnson’s earlier remarks and critical views on Sweden’s initial “no -
containment” strategy. In addition, the minute-level analysis can somewhat mitigate this endogeneity issue.
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analyzing (i.e., the prediction errors on the event days fall below the 10th percentiles of the
empirical distributions). This result reaffirms that these events indeed induced market participants
to lower their volatility forecasts relative to the counterfactuals significantly.

Fifth and finally, the VIX (the one-month-ahead volatility index in the US) is widely
regarded as the “fear gauge” by financial market participants, and the volatility indices we use are
its counterparts for other maturities or in other countries. But to further check the macroeconomic
relevance of these indices, we conduct a simple test by regressing the growth rate of the
(normalized) purchasing manager index (PMI) on various (lagged) VIX measures. As shown in
Table 2, VIX measures are negatively and significantly correlated with the growth rate of the one-
month-ahead PMI, which provides some suggestive evidence that the (forward-looking) volatility
indices we use are relevant to the macroeconomy and not just to financial markets.
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Figure 1. Six-Month Volatility Indices (Initial Tightening)
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Figure 2. Prediction Errors for Six-Month Volatility Indices (Initial Tightening)
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Table 2. Macroeconomic Relevance of Volatility Indices

(1 (2 (3) (4)

Open Close High Low
L.VIX Open -3.368%*
(0.026)
L.VIX Close -3.364%*
(0.027)
L.VIX High -3.201%*
(0.021)
L.VIX_Low -3.486%*
(0.036)
Constant 258.717*** 258.322%%* 258.872%%% 257.704%%*
(0.000) (0.000) (0.000) (0.000)
Observations 119 119 119 119
R-squared 0.041 0.041 0.045 0.037

Notes: The horizon is Oct 2010 — Sep 2020; p-values are in parentheses: *** p<0.01, ** p<0.05, * p<0.1.

3.3 Easing/Reopening

We now turn to the event studies following the announcements of easing the lockdowns and
reopening the economy, mostly in Summer 2020. The results for the six-month-ahead volatility
are shown in Figure 3 (three-month results are in the Online Appendices). Since the US does not

have a clear-cut easing/reopening date due to its gradual, state-operated reopening (and the
difficulty of identifying the precise minute of the first reopening, which was by California), we do
notinclude the US in the event studies for the easing stage.

As shown in Figure 3, for three out of the four events, the six-month-ahead volatility
indices did not show statistically different paths from the counterfactuals following the easing
announcements. And for the remaining event (Italy’s reopening), the six-month-ahead volatility
actually rose above the upper bound of the counterfactual’s confidence interval. These results are
in sharp contrast with conventional wisdom, which suggests that as the stringent containment
measures are relaxed, there would be less disruptions to the economy, and thus the uncertainty
would also be lower. Therefore, our results provide further suggestive evidence for the existence
of the volatility-reducing effect of stringent containment measures emphasized in our paper:
although the easing of containment measures provides immediate relief to the economy (which
decreases uncertainty), it may raise concerns that the COVID outbreak might recur in the near
future (which increases expected volatility).!2

12 One may argue thatthe lower volatility may be simply a result of reduced policy uncertainty rather than of the
lockdown decision: even if the government instead announced that there would not be any lockdown, the lower

policy uncertainty would still lead to lower volatility. It is indeed hard (if not impossible) to empirically rule out
this argument because the counterfactual scenario suggested in the comment is not observed by definition.
However, the reopening of an economy can beregarded asa “quasi counterfactual” experiment to test this. The
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Figure 3. Six-Month Volatility Indices (Easing)

courterfactual = == 90% lower end B0% higher end actual

Similar to the case of initial lockdowns, we also evaluate the performance of our
counterfactual models across the entire sample. Appendix Figure 1 plots the average prediction
errors of our counterfactual model for the six-month-ahead volatility. Across all minutes during
our 30-minute event window, the mean prediction errors (for a given minute across all days) are
very close to 0, suggesting that our counterfactual model is also broadly unbiased for the easing
stage. However, for three of the four events, the prediction errors on the event day mostly fall
between the 10th and 90th percentiles of the empirical distribution of prediction errors across all
days, suggesting that the events do not significantly lower the actual volatility relative to the
counterfactual. Moreover, for Italy’s easing announcement, the prediction errors on the event day
are among the top 10% most positive errors, suggesting that the actual volatility significantly rose
above the counterfactual after Italy’s easing announcement. These results confirm the results
presented in Figure 3.

reopeningannouncement also lowered policy uncertainty, but this announcement did not lead to lower volatility.
As shown in Figure 3, for three out of the four events, the six-month-ahead volatility indices did not show
statistically different paths from the counterfactuals; and for the remaining event (Italy’s reopening), the six -
month-ahead volatility rose above the upper bound of the counterfactual’s confidence interval.
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3.4 Retightening

Finally, we discuss the event studies following the retightening announcements recently made in
the context of new COVID waves. The results for the six-month-ahead expected volatility are
shown in Figure 4. Also, because the US does not have a clear-cut retightening date yet, we do not
include the US in the event studies for the retightening stage.

As shown in Figure 4, following Germany’s retightening announcement around Eastem
Time 11:35 am on October 28, the local and eurozone-wide expected volatility indices were
significantly lower than the counterfactuals, with a significance level close to 10% (the actual paths
almost overlapped the lower bounds of the counterfactuals’ 90% confidence intervals). A similar
pattern was observed following France’s retightening announcement on the night of October 28,
although the actual (expected) volatility was only significantly lower than the counterfactual for
the first 19 minutes in the 30-minute event window and then rose to inside the 90% confidence
interval.

The case of Italy’s retightening announcement on the night of October 25 appears to
display a more mixed pattern: expected volatility was slightly above the upper bound of the 90%
confidence interval for the first 10 minutes and then dropped to inside the confidence interval. In
addition, the average prediction errors (Appendix Figure 2 for six-month-ahead volatility) suggest
that the deviations of the actual volatility from the counterfactuals on Italy’s retightening day were
within the range of the 10% and 90% percentiles of the empirical distribution across all days.
Hence, Italy’s retighteningannouncement was followed by neither a significantly higher nor lower
volatility relative to the counterfactuals.

In sum, during the retightening stage, event studies show that the announcements of re-
imposing lockdowns are still followed by somewhat significantly lower volatility, similar to the
initial lockdowns. However, the statistical significance is lower than the initial tightening stage.
There are multiple interpretations of these results. One interpretation is that they reflect market
participants’ perception that the governments’ containment measures during the retightening stage
are less stringent than the initial stage, which may be inadequate to contain the second waves and
thus, volatility did not drop as much.

Figure 4. Six-Month Volatility Indices (Retightening)
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3.5 Monotonicity Over Time

To shed more light on the intertemporal trade-off explained in the Introduction, we compare the
responses of volatility indices across different maturities, i.e., the one-month-, three-month-, and
six-month-ahead volatility indices. To ensure comparability, we use the same counterfactual model
for all maturities, that is, an ARIMA(1,1,1) model augmented with the stock price index and the
GARCH-implied volatility.

Figure 5 presents the comparison result following Germany’s initial tightening on March
16,2020 (for the volatility of its domestic stock index). As shown in the top left chart, the one-
month-ahead volatility index actually jumped above the upper bound of the 90% confidence
interval during the first half of the event window before falling within the interval. By contrast,
the three-month-ahead volatility index dropped below the lower bound of the 90% confidence
interval during the first half before falling within the interval, suggesting that the lockdown
announcement significantly decreased the three-month-ahead volatility. The most significant
response is displayed in the bottom left chart, where the six-month-ahead volatility index stayed
below the lower bound of the 90% confidence interval throughout the entire event window. This
monotonicity is confirmed by the three right-hand-sidecharts in Figure 5, which plot the prediction
errors of the counterfactual model for the three maturities.

A similar pattern is observed following France’s initial tightening on March 16, 2020
(Figure 6), Italy’s initial tightening on March 9, 2020 (Appendix Figure 3), and Germany’s
retightening on October 28, 2020 (also for the volatility of its domestic stock index, Figure 7). For
some other events studied in previous sections, including Trump’s state-of-emergency declaration
and California’s initial lockdown duringthe initial tightening stage, the one-month-ahead volatility
is still significantly lower after the announcement.!3

13 Note that because the responses of volatility indices during the easing stage are not statistically significant, we
do not compare the responses across different maturities.
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In summary, we find suggestive evidencethatthatthe results presented in previous sections
are the strongest for six-month-ahead expected volatility; not as strong for three-month-ahead
expected volatility; and generally absent for one-month-ahead expected volatility. This
monotonicity provides suggestive evidence for the existence of the intertemporal trade-off
associated with lockdown: The lockdown disrupts the economy, which increases volatility; But it
contains the COVID outbreak, which decreases volatility. Both of these two forces are present not
only in the medium term (six months) but also in the short term (one month). In general, the
volatility-decreasing effect is more likely to dominate the volatility-increasing effect in the
medium term, as suggested by the finding in this section. Although we do not study the volatility
beyond the six-month horizon due to data limitations, the increasing significance of results over
time seems informative.

Then how to explain the results where the one-month-ahead volatility is still significantly
lower after the lockdown? The answer again lies in the intertemporal trade-off: since the observed
volatility is a result of two countervailing forces, it is still possible that in some countries and for
some events, the volatility-decreasing effect can already dominate the volatility -increasing effect
even in the short term.

3.6 Robustness checks

To further validate ourresults, we conduct three sets of robustness checks. First, while constructing
the counterfactual volatility, we drop the GARCH-implied volatility from the list of predictors.
That is, we use an ARIMA model augmented with the stock price index as the only additional
predictor. The results for six-month-ahead volatility are presented in Appendix Figures 3-5, with
one figure for one stage (initial tightening, easing, and retightening). All results are very similar to
the main results discussed above. Note that the alternative counterfactual models’ empirical
prediction error bands are not constructed due to the heavy computation burden (the construction
for each event takes more than 5 hours).

Second, we replace the GARCH-implied volatility with the EGARCH-implied volatility in
the counterfactualmodels. Thatis, we use an ARIMA modelaugmented with the stock price index
and EGARCH-implied volatility as two additional predictors. The results are presented in
Appendix Figures 6-8, with one figure for one stage.

Third, since the six-month-ahead volatility index overlaps the three-month-ahead volatility
index for the first three months, we further decompose each index into non-overlapping indices.
That is, we decompose the six-month-ahead volatility index into the three-month-ahead volatility
and the volatility from Month 3 to Month 6. We then repeat the event studies for the initial
tightening, easing, and retightening stages using these non-overlapping volatility indices as the
dependent variables. The results are available in the Online Appendices. All results in these
robustness checks are very similar to the main results discussed above.
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Figure S. Volatility Responses Across Maturities: Germany’s Initial Tightening (Local
Market)
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Figure 6. Volatility Responses Across Maturities: France’s Initial Tightening
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Figure 7. Volatility Responses Across Maturities: Germany’s Retightening (Local Market)
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4 Regressions with Daily Data
4.1 Data

The daily data used in the regression approach cover weekdays from January 3, 2020 to October
22,2020, including the initial tightening, easing, and retightening stages. Due to limitations on the
expected volatility data, the following five countries/regions are covered: the US, Italy, Germany,
Euro Area, and the UK. Note that, unlike the event study approach, the regression approach uses
the country-specific volatility index for Italy instead of the eurozone-wide volatility because the
daily data for this volatility index is available. For the same reason, the UK is covered in the
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regression approach, even though it is not in the event study approach. However, because France
still does not have the daily data forits country-specific volatility index beyond the one-month
horizon, it is not covered in the regression approach.

Daily data on the stringency index are from the widely-used Oxford COVID-19
Government Response Tracker (OxCGRT) database. The index provides a continuous
measurement of the stringency of COVID containment and closure policies. It scales between 0
and 100, with 100 representing the most stringent measures. It is constructed based on eight
indicators, including school closing, workplace closing, public events cancellation, restrictions on
gatherings, public transportclosure, stay-at-home requirements, restrictionson internal movement,
and international travel controls.!# The same dataset also provides COVID case numbers. The
stock price data are from Bloomberg,

The summary statistics are presented in Appendix Table 1 foreachof the three stages. Note
that rescaling is done to make the displayed coefficients more informative. Because of this, the
units of the volatility percent change and of the stock price percent change are basis points (i.e.,
1/100 percent), although the units of the COVID case percent change and stringency index remain
as the percent. However, it can be shown that the interpretation of economic significance is
invariant to the units of the variables and thus is not affected by the rescaling.

4.2 Initial Tightening
For each stage (initial tightening, easing, and retightening), we first conduct the regressions for the
benchmark models that include stringency index, COVID case growth rate, and the interaction of
the two as the only regressors (along with the constant term). We then add the stock price percent
change (and its lag) and re-run the regressions. Finally, we obtain the “full” models after adding
the intraday standard deviation of the stock price (and its lag) to capture forces that affect the
currentrealized volatility (note thatthe dependent variables in the regressions are forward-looking
expected volatility). The data samples used for the regressions in each stage are unbalanced panel
datasets because different countries have different easing/reopening and retightening days, but all
countries start the data from January 3, 2020 for the initial tightening stage.

The benchmark model results for the initial tightening stage are presented in Appendix
Table 2 (only results for six-month volatility are shown; those for three-month are available in the
Online Appendices). As the table shows, the interaction term is not statistically significant.
However, the stringency index itself is statistically significant and negatively correlated with the

percent changes of volatility, consistent with our main idea that containment measures help reduce
uncertainties. Note that the R-squared’s are low in the benchmark models, suggesting the possible
existence of omitted variable bias.

14 More details are available here.
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We then add the stock price percent change (and its lag). The results for the initial
tightening stage are presented in Appendix Table 3. Now the stringency index itself becomes
insignificant, and the interaction term becomes significantly negative, suggesting that the
containment measures reduce expected volatility through the interaction with the outbreak
dynamics. Importantly, the stock price percent change is highly significant, and the R-squared’s
have improved significantly, confirming the existence of omitted variable bias in the benchmark
models.

Finally, we obtain the regression results for the initial tightening stage in the full models
thatinclude the intraday standard deviationofthe stock price (andits lag). The results are presented
in Table 3, which are similar to those in the models with stock price percent change. Specifically,
we would like to highlight the following:

First, the stringency index itself is insignificant, and the interaction term is significantly
negative. This implies that (a) the marginal effect of stringency index on expected volatility (equal
to the coefficient of the interaction term, multiplied by the COVID case growth rate) is still
negative, as the COVID case growth rate is positive; (b) containment measures reduce volatility
mainly through the interaction with the outbreak dynamics—the more severe the outbreak is, the
stronger this effect is; (¢) containment measures mitigate the volatility-increasing effect of the
COVID case growth,!s as illustrated in Figure 8: when the stringency index is low (equal to the
sample mean minus one standard deviation), a higher COVID case growth is associated with a
higher expected volatility (the dash line); but as the stringency index increases, e.g., to the sample
mean (the solid line) or the sample mean plus one standard deviation (the dash-dot line), the
volatility-increasing effect of COVID case growth is mitigated and ultimately reversed, possibly
because the stringent containment measures have reduced infections and generated indirect
economic benefit.

15 Note that the marginaleffect on volatility equals the positive coefficient of the COVID case growth, plus the
product of the negative coefficient of the interaction term and the (positive) stringency index. Hence, the COVID

case growth hasa positive marginal effect on volatility if the stringency index equals 0.
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Figure 8. Interaction Between Stringent Containment Measures and COVID Case Growth

Note: SI = Stringency Index; All other regressors are evaluated at respective sample means.

Sources: Oxford; Authors’ calculations. !¢

Second, as expected, the percent change of the stock price index is negatively correlated
with both volatility indices in all specifications and acts as a control for other forces that drive the
volatility. As for the standard deviation of the stock price, the lagged term is positively correlated
with volatility, and the current term is negatively correlated. This seemingly counterintuitive result
may be because the standard deviation is unableto capture the directionof stock price movement—
a high standard deviation could mean either an increase in stock price (in which case volatility
tends to be low) or a decrease in stock price (in which case volatility tends to be high).!”

Third, the economic significance of the interaction term (in italic) has the same order of
magnitude as the stock price percent change. This reassures that the stringency index is as
economically relevant as other forces (captured by the stock price percent change) in driving the
expected volatility.

Table 3. Initial Tightening Stage Panel Regressions in the Full Model

(1 2) (3) (4) (5) (6)
SI Cases Interaction SI Cases Interaction
FE FE FE RE RE RE
Stringencylndex -1.819%* -0.527 -1.557* -0.242
(0.032) (0.559) (0.065) (0.788)

16 The same sources apply to all figures and tables in Section 4.

17 Indeed, the models controlling for the standard deviation ofthe stock price (and not stock price percent change)
have extremely low R-squared’s (in the range of 3-7%), suggesting that this variable haslow explanatory power
for volatility.
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Cases_pct -0.181 1.731%*
(0.817) (0.063)

Cases_pct_SI -0.114%%*
(0.000)

-0.182

StockPrice pct -1.849%** ] 883*** _] 9]9***
(0.000) (0.000) (0.000)

-0.718

Lag_StockPrice pct 0.247**  0.207** 0.197%*
(0.013) (0.039) (0.048)

StockPrice_std -2.165%** 2 385%*k* D 0Q7***
(0.000) (0.000) (0.001)

Lag_StockPrice_std 4.260%*%*%  4.085%**  4.4]10%**
(0.000) (0.000) (0.000)
Observations 396 396 396
R-squared 0.532 0.526 0.550

S1.874%%*
(0.000)

0.199%*
(0.043)
-2.780%**
(0.000)
3,694+
(0.000)
396

9328 PRESS

0.132  2.032%*
(0.866)  (0.029)
-0.112%%x
(0.000)
-0.179
-1.894%%% ] 933k
(0.000)  (0.000)
-0.723
0.173* 0.156
(0.082)  (0.117)
-2.930%%% ) 6394
(0.000)  (0.000)
3.561%%%  3.802%**
(0.000)  (0.000)
396 396

Notes: (1) p-values are in parentheses. (2) FE = fixed effect; RE = random effect.

4.3 Easing/Reopening

The cutoff dates for the easing stage regressions are determined based on the Oxford stringency
index. Note that to provide a comparison benchmark and obtain a sharper identification, the

starting date used in the easing stage regressions is a few working days earlier than the actual

easing/reopening day. For example, the stringency index shows that Germany eased on May 4,
2020, but we start the sample for Germany’s easing stage regressions from April 24.
Regressions for the easing stage from the benchmark models and models with stock price
percent change are also conducted, but the results are omitted for brevity.!® Similar to the initial
tightening stage, the addition of stock price percent change (andits lag) also substantially increases

the R-squared’s. The results from the full models for the easing stage are presented in Panel (A)

of Table 4, where the results on the lagged stock price percent change, the stock price standard

deviation, and its lag are not reported.

I8 These results are available upon request.
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Table 4. Panel Regressions in the Full Model: Easing and Retightening Stages

(1) ) (3) 4) (5) (6)
SI Cases Interaction SI Cases Interaction
FE FE FE RE RE RE
Panel (A): Easing stage
Stringencylndex -3.374 -4.461 -3.015 -3.166
(0.124) (0.138) (0.110) (0.216)
Cases_pct -24.827  -193.858 -22.657 -108.048
(0.174) (0.310) (0.166) (0.528)
Cases_pct_SI 2.483 1.335
(0.353) (0.583)
StockPrice_pct -2.023%** 2 Q18%F*  _2.026%**  -2.026%**  -2.020%**  -2.029%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations 257 257 257 257 257 257
R-squared 0.598 0.597 0.600
Panel (B): Retightening stage
Stringencylndex 2.890 5.875 -0.534 2.903
(0.424) (0.125) (0.684) (0.136)
Cases_pct 2.299 128.279%* 3.033 130.986**
(0.778) (0.022) (0.705) (0.017)
Cases_pct_SI -2.159%* -2.206%*
(0.024) (0.018)
-0.652 -0.666
StockPrice pct -1.720%%% 1 719%FF J1 720%**F  J1LT18F*F -1LTI8¥FF - TQT***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
-0.520 -0.516
Observations 289 289 289 289 289 289
R-squared 0.538 0.537 0.547

Notes: (1) p-values are in parentheses. (2) FE = fixed effect; RE = random effect.

As in the initial tightening stage, the stock price percent change is negatively correlated

with expected volatility, and the effect is highly significant during the easing stage. A major

difference is that during the easing stage, neither the containment measures nor their interactions
with the COVID case growth are statistically significant, which suggests that the easing of
stringent containment measures is not associated with a significant reduction in volatility.
Conventional wisdom is that as the stringent containment measures are relaxed, there would be

less disruptions to the economy, and thus the expected volatility and uncertainty would also be
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lower. However, similar to the event study results, our regression results do not support this

hypothesis. This, in turn, provides further suggestive evidence for the existence of the trade -off
emphasized in our paper: although the easing of containment measures provides immediate relief
to the economy (hence decreasing uncertainty perceived by the market), it may raise concerns that
the COVID outbreak might recur in the near future (hence increasing uncertainty).

4.4 Retightening

The cutoff dates for the retightening stage regressions are generally determined based on the
Oxford stringency index. But to obtain a sharper identification, in some cases we again skip the
long “post-easing” period when the stringency index remained flat and low. For example, even
though we end Italy’s easing stage on June 10, we skip the data in the next two months for Italy
due to its flat and low stringency index; instead, we start Italy’s retightening stage on August 11,
which is five weekdays before Italy publicly announced a reintroduction of restrictions on August
17 (see the announcement here; we include the five extra weekdays to provide a comparison
benchmark). Note that although the stringency index for the US did not show a retightening after
its easing stage, we still include the US in the regression as a benchmark to help identify the effect
of retightening by other countries.

Regressions for the retightening stage from the benchmark models and models with stock
price percent change are also conducted, but the results are omitted for brevity.!? Similar to the
initial tightening stage and the easing stage, the addition of stock price percent change also
substantially increases the R-squared’s. The results from the full models for the retightening stage
are presented in Panel (B) of Table 4.

As in the other two stages, the stock price percent change is negatively correlated with
volatility, and the effect is highly significant during the retightening stage. A major finding is that
duringtheretighteningstage, more stringent containment measures are again associated with lower
volatility, although its statistical significance is lower than the initial tightening stage. Specifically,
for the six-month volatility, the p-values for the interaction term between stringency index and
COVID case growth are around 2 percent in the retightening stage, compared with 0 percent in the
initial tightening. And for three-month results (available in the Online Appendices), the p-values
for the interaction term are above 20 percent in the retightening stage, compared with 1-2 percent
in the initial tightening.

As discussed in the event study results, one interpretationis that these results reflect market
participants’ perception that the governments’ containment measures during the retightening stage
are less stringent than the initial stage, which may be perceived as inadequate to contain the second
waves. As a result, volatility did not drop as much as in the initial tightening stage.

19 These results are available upon request.
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4.5 Robustness checks
In addition to the various models presented above, we conducttwo more sets of robustness checks.
First, given that COVID-19 is a global shock thataffects different countries and different volatility
products, we conduct seemingly unrelatedregressions (SUR) to account for the correlations among
countries and volatility products. Doing so would require a balanced panel dataset, so we conduct
the SUR for the whole sample only, without distinguishing among different stages (recall that
different countries have different reopening and retightening dates, so distinguishing among
different stages would result in unbalanced panel datasets). The results are presented in Appendix
Table 3, which are very similar to the full model results during the initial tightening stage.
Second, as with the event studies, we also decompose each volatility index into non-
overlapping indices. Specifically, we decompose the six-month-ahead volatility index into the
volatility from the three-month-ahead volatility and the volatility from Month 3 to Month 6. We
then repeat the regressions for the initial tightening, easing, and retightening stages using these
non-overlapping volatility indices as the dependent variables (for the full models). The results are
available in the Online Appendices, which are again similar to the results in the corresponding

stage.
5 Conclusion and Policy Implications

Using event studies with minute-level expected volatility data and panel regressions with daily
data, we empirically show that COVID containment measures reduce six-month-ahead expected
stock price volatility indices. This pattern is not as strong for the three-month-ahead expected
volatility and generally absent for the one-month-ahead expected volatility. Our results provide
some suggestive evidence that such measures may have an economic benefit of reducing medium-
term uncertainty despite their short-term economic disruptions.

Future studies can explore further the channel through which containment measures reduce
the expected volatility. To this end, one couldanalyze the responses of volatility in different sectors.
If the contact-intensive sectors experienced a significantly larger drop in volatility, then this
supports a real economy channel: containment measures would put the pandemic under control,
which would be more beneficial to the contact-intensive sectors,leading to lower volatility in these
sectors than in other sectors. Another caveat is that, due to data limitations, the number of events
we study is relatively small, with an exclusive focus on advanced economies. Future studies can
apply event studies to other measures of uncertainty or confidence in other types of economies,
possibly at a daily or weekly frequency, given that it is hard to find minute-level data. Finally,
since vaccination is also one containment measure, it is worth exploring the impact of positive
vaccine-related news on the expected volatility.

Our results have some potential policy implications. First, on containment and reopening

strategies, our results highlight that it is important to recognize the existence of a potential
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economic benefitof containment measures, particularly when decisively implemented in advanced
economies. Although containment may be less effective in emerging markets and low-income
countries (e.g., due to large informal sectors), the benefit of reducing uncertainty may still exist in
all countries and needs to be taken into account when assessing the trade-off associated with
containment measures (as evidenced in China’s experience). And in the context of local new
COVID waves, the lockdowns can be localized and be combined with other containment measures
such as mask wearing.

Second, on macroeconomic projections, ignoring this uncertainty-reducing benefit may
lead to static projections. If one only considers the short-term economic disruptions of stringent
containment measures while disregarding their medium-term benefit, macroeconomic projections
would be overly conservative with containment measures or overly optimistic without them,
distorting policy decisions.
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Appendices

Appendix 1. Estimating the Event Time: An Example
This appendix provides an example for estimating the event minute when this information is not
readily available. The times for different events are estimated differently, and the following three-
step procedure is used to estimate the time for France’s reopening announcement.

Step 1: Identifying the publication time of the relevant news article. After an extensive
search, we found that a French newspaper, France24, published an article on this event at 14:38 of
July 5, 2020. See this link.

Step 2: Confirming the time zone of the publication time. We then checked another article
by France24 published on the day when we were doing the search (November 12, 2020). It had
already published an article about the US election at “11:33”, when the actual time in Washington
DC was only 8:39 am (Eastern time). This means that the time shown in France24’s article is in
French time.

Step 3: Inferring the time of the announcement. The article about France’s easing (i.e., the
article in Step 1) is long and may take some time to prepare, so it is hard to estimate the time of
the announcement. However, the same article cited a reporter’s tweet, which shows 10:15 am of
May 7,2020 (and it must be in French time, according to Step 1). Since sending a tweet takes only
a few minutes, we can infer that the announcement time must be a few minutes before 10:15 am
French time. In the end, we use 10 am French time of May 7 as our eventtime for this event, which
is 4 am Eastern time (as shown in Figure 3).
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Appendix Figure 1. Prediction Errors for Six-Month Volatility (Easing)

Appendix Figure 2. Prediction Errors for Six-Month Volatility (Retightening)
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Appendix Figure 3. Volatility Responses Across Maturities: Italy’s Initial Tightening
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Appendix Figure 4. ARIMA Model: Six-Month Volatility Indices (Initial Tightening)

counterfactual == == = 50% lower end S0% higher end
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Appendix Figure 5. ARIMA Model: Six-Month Volatility Indices (Easing)

Appendix Figure 6. ARIMA Model: Six-Month Volatility Indices (Retightening)

counterfactual == == e 50% lower end S0% higher end
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Appendix Figure 7. EGARCH Model: Six-Month Volatility Indices (Initial Tightening)

courterfactual = == 90% lower end B0% higher end actual
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Appendix Figure 8. EGARCH Model: Six-Month Volatility Indices (Easing)

Appendix Figure 9. EGARCH Model: Six-Month Volatility Indices (Retightening)

counterfactual = == 90% lower end %0% higher end actual
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Appendix Table 1. Summary Statistics of Panel Regression Data

Number of obs | Mean | Sd Min Max
Panel (A): Initial tightening
V_3M pct 401 108.3 922.4 -4,881.7 4,013.7
V_6M pct 401 96.5 791.8 -4,875.3 3,436.8
Stringencylndex 401 41.8 35.5 0.0 93.5
Cases pct 401 18.2 37.4 0.0 400.0
Cases pct SI 401 660.3 1,263.5 0.0 11,174.8
StockPrice_pct 401 -23.4 296.3 -1,692.4 1,097.6
StockPrice std 401 45.6 72.9 0.3 804.3
Panel (B): Easing tightening
V_3M pct 257 -11.3 625.0 -2,487.0 3,672.6
V_6M_ pct 257 -16.0 450.1 -1,252.8 2,705.7
StringencyIndex 257 64.6 9.6 42.6 93.5
Cases_pct 257 1.0 1.1 0.1 7.5
Cases_pct SI 257 66.9 81.9 3.4 519.1
StockPrice pct 257 21.8 169.5 -589.4 567.3
StockPrice std 257 30.5 34.4 0.4 153.4
Panel (C): Retightening stage
V_3M pct 289 -1.9 442.3 -2,195.0 2,440.0
V_6M_pct 289 -5.2 270.1 -730.6 1,553.5
Stringencylndex 289 57.8 8.6 43.5 69.9
Cases_pct 289 1.4 1.4 0.0 9.3
Cases pct_SI 289 77.5 81.6 1.5 628.6
StockPrice pct 289 1.2 114.4 -437.5 322.1
StockPrice_std 289 25.4 28.3 0.3 175.6

Notes: (1) pct = percent change; std = standard deviation; Cases_pct_SI is the interaction of COVID case

percent change and stringency index. (2) Because of the rescaling, the units of the volatility percent

change (e.g., V_3M_pct) and of the stock price percent change are basis point (i.e., 1/100 percent); the

units of the Cases_pct and Stringencylndex remain as percent.
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Appendix Table 2. Initial Tightening Stage Panel Regressions in the Benchmark Model

(1) (2) (3) 4) (5) (6)
SI Cases  Interaction SI Cases Interaction
FE FE FE RE RE RE
StringencyIndex -1.868 -1.462 -1.996* -1.515
(0.101) (0.237) (0.072) (0.213)
Cases_pct 3.092%** 3 35Q%* 3.173%%% 3 4] 8%**
(0.004) (0.012) (0.002) (0.010)
Cases_pct SI -0.018 -0.019
(0.659) (0.640)
Observations 401 401 401 401 401 401
R-squared 0.007 0.021 0.027

Notes: (1) p-values are in parentheses. (2) FE = fixed effect; RE =random effect. (3) Constant

not shown.

Appendix Table 3. Initial Tightening Stage Panel Regressions in the Stock Price Model

)] (2 (3) 4) (5) (6)
SI Cases Interaction SI Cases Interaction
FE FE FE RE RE RE
Stringencylndex -0.850 0.425 -0.998 0.354
(0.321) (0.650) (0.233) (0.701)
Cases_pct 0.312 2.082%* 0.436 2.196**
(0.706) (0.037) (0.595) (0.025)
Cases_pct_SI -0.099%%** -0.101%%**
(0.002) (0.001)
StockPrice pct S1.778%F*  J1TTTHRRE S J1.830%FF J1.TT4RKE ] TTIRERE ] 82SHH*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Lag StockPrice pct 0.174* 0.173* 0.131 0.178* 0.178* 0.135
(0.086) (0.094) (0.206) (0.077) (0.082) (0.188)
Observations 396 396 396 396 396 396
R-squared 0.464 0.463 0.478

Notes: (1) p-values are in parentheses. (2) FE = fixed effect; RE = random effect. (3) Constant not shown.
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Appendix Table 4. Seemingly Unrelated Regression Results (Full Sample, All Stages)

(1) ) 3) )
V_3M pct V 3M pct V 3M pct V 3M pct
V_3M pct
StringencyIndex -3.287*** -2.825%** -1.004
(0.000) (0.004) (0.183)
Cases_pct 4.448%x* 3.452%%* 1.942%*
(0.000) (0.004) (0.030)
Cases_pct SI 0.025 -0.080%%**
(0.468) (0.003)
StockPrice pct -2.234%%%
(0.000)
Lag_StockPrice pct -0.027
(0.743)
(mean) Std_SP -0.837*
(0.069)
Lag_StockPrice_std 1.678%**
(0.000)
V_6M pct
Stringencylndex -2.423%** -1.756%* -0.485
(0.001) (0.027) (0.400)
Cases_pct 3.500%** 3.457%%* 2.124%**
(0.000) (0.000) (0.002)
Cases_pct SI -0.012 -0.097%%**
(0.660) (0.000)
StockPrice pct -1.902%%*%*
(0.000)
Lag StockPrice pct 0.101
(0.109)
(mean) Std_SP -2.060***
(0.000)
Lag_StockPrice std 2.937%**
(0.000)
Observations 924 924 924 919
R? 0.014 0.026 0.034 0.469

Notes: (1) p-values are in parentheses. (2) FE = fixed effect; RE = random effect. (3) Constant not shown.
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Externalities and private information are key characteristics of an
epidemic like the Covid-19 pandemic. We study the welfare costs stemming
from the incomplete information environment that these characteristics
foster. We develop a framework that embeds a game theory approach
into a macro SIR model to analyze the role of information in determining
the extent of the health-economy trade-off of a pandemic. We apply the
model to the Covid-19 epidemic in the US and find that the costs of keeping
health information private are between USD $5.9$ trillion and USD $6.7$
trillion. We then find an optimal policy of disclosure and divulgation that,
combined with testing and containment measures, can improve welfare.
Since it is private information about individuals' health what produces
the greatest welfare losses, finding ways to make such information
known as precisely as possible, would result in significantly fewer deaths
and significantly higher economic activity.

1 Weare grateful to Hernando Vargas, Juan Esteban Carranza, and Franz Hamann for their valuable comments

on the paper. We also express special thanks to Marcela De Castro and Sara Naranjo for conversations,
comments and suggestions that were relevant during the process. Sebastian Beltran provided excellent
research assistance.

2 Forecasting Professional at the Macroeconomic Modeling Department, Banco de la Republica.
3 Forecasting Specialized Professional at the Macroeconomic Modeling Department, Banco de la Republica.
4. Chief Officer for Monetary Policy and Economic Information, Banco de la Republica.

Copyright: Santiago Forero-Alvarado, Nicolas Moreno-Arias and
Juan J. Ospina-Tejeiro

COVID ECONOMICS
VETTED AND REAL-TIME PAPERS



Covid Economics 79, 27 May 2021: 41-92

9328 PRESS

42

1 Introduction

A pandemic caused by a virus is a health shock that may induce consumers to reduce their activities to
protect themselves and reduce the probability of contagion. It may also induce governments and policy
makers to implement restrictive measures to slow down and control the spread of the virus. Both private
and government responses produce a trade-off between economic and health outcomes
(20204)). A characteristic of a pandemic like COVID-19, is that there are externalities (for example the
infection externality), and information asymmetries (a person may know she is sick, but others may not),
which sets up an environment of strategic interaction among consumers. Clearly, the fact that people lacks
information about other people’s health complicates the containment of the virus, magnifies the externalities

and affects how people choose the extent of their social and economic activity.

However, concerns about the collection and use of private information about the health of individuals
have been important in the efforts to control the COVID-19 disease, particularly the use of apps and tech-
nology to trace and track infected individuals.The following guidelines for contact tracing in the COVID-19
pandemic are provided by the The Centers for Disease Control and Prevention (CDC) in its website: “All
public health staff involved in case investigation and contact tracing activities with access to such informa-
tion should sign a confidentiality statement acknowledging the legal requirements not to disclose COVID-19
information. Efforts to locate and communicate with clients and close contacts must be carried out in a
manner that preserves the confidentiality and privacy of all involved. This includes never revealing the name
of the client to a close contact unless permission has been given (preferably in writing), and not giving

confidential information to third parties (e.g., roommates, neighbors, family members)"’ﬂ

Given the importance of information and the limitations from privacy, in this paper we develop an ana-
lytical framework that combines a game theory set-up and the Macro-SIR model proposed in
to make explicit how information influences the spread of an epidemic and quantify its im-
portance. We also extend the model to include asymptomatic infected people, an important characteristic
of the COVID-19 pandemic as argued by , and one that certainly entails a key source of
information loss. Asymptomatic individuals increase infections, but as long as they do not die, taking them
into account will change quantitatively the predictions of the model about deaths and the fall in economic
activity with respect to a classic SIR. Our framework allows to understand and quantify the costs of privacy
from a microeconomics perspective. It also provides a way to study how different degrees of information can
determine how an infectious disease spreads and evolves over time, how it affects economic outcomes, and

what the optimal mix of policy tools could be to reduce its negative effects.

As a case study, we apply the model to the US and analyze the recent COVID-19 crisis. We show that the

Thttps://www.cdc.gov/coronavirus/2019-ncov/php/contact-tracing/contact-tracing-plan/Confidentiality-Consent.html
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lack of both private and common information generates relevant welfare losses, albeit the greater losses are
associated with the latter. Accordingly, we study and quantify the effects of a policy of disclosure and divul-
gation of private health information about individuals in alleviating the negative health and economic effects
of a pandemic. We argue that disclosure and active divulgation of precise information about who is infected
can have large welfare effects, especially when combined with the more traditional policy tools of testing and
containment. We find that what we label the “Optimal Mix” of policies, calls for the use of containment and

testing, but the welfare gains from these two policies are overshadowed by the gains from precise divulgation.

In our setup, we vary the information available to individuals. In a first case, which we call Total In-
complete Information (TII), agents do not know their own or other people’s health condition. In the second
case, Partial Incomplete Information (PII), people know their own health condition but are ignorant of the
infection status of others. Finally, in the third case, one of Complete Information (CI), everything is known.
These different information worlds produce widely different welfare outcomes. Total Incomplete Information

is of course the worst of the worlds, and it is arguably the closest to reality.

We study optimal policies in these different information worlds and how they allow us to improve out-
comes and eventually go from one world to the next. We begin with containment policies, which have been
the main policy tools used during the COVID-19 pandemic. We generally find that containment generates
little welfare gains, and that the ability to make them targeted (so called conditional) and their optimal
extent depends on the available information. In general, the scarcer information is, the more stringent and
generalized optimal containments must be. The economic gains from general containment improve con-
sumption in about USD 3.5 trillion when information is gathered and incorporated allowing for conditional
quarantines. Despite this improvement, conditional containments are still insufficient to compensate the

welfare losses from the disease under incomplete information.

We then study testing as a tool to gather information and produce better aggregate estimates of the
extent of the infection in the economy. Testing allows people to learn about their health status. We show
that testing alone improves welfare in a rather modest amount. The reason is that it is a double-edge sword.
On the one hand testing improves private information about the disease, helping tested people improve
their decision making. On the other hand, while testing improves aggregate information it also creates an
information asymmetry, which, in the absence of any other policy, results in infected asymptomatic people
not reducing consumption and work, and thus increasing the spread of the infection. Nevertheless, a combi-

nation of testing and targeted quarantines could generate better results as seen in [Eichenbaum et al (2020b)).

We subsequently analyze a policy of disclosure and divulgation of private information about people’s

health status at an individual level. Depending on the costs of making this information public and of people
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being able to use it, such policy is the game changer. A disclosure and divulgation policy can be optimally
used accompanied by policies of testing and containment. First, containment helps internalize the infection
externality, which is still present in a world of complete information. Second, together with testing, divulging
will flatten the infections curve with a much smaller economic downturn. Unlike containments and testing
only, it does so by enabling mutually beneficial transactions with no contagion risk to take place normally.
Ultimately, this relaxes the trade-off between economic activity and public health. We estimate the poten-
tial gains of frequently divulging precise information to fall between USD 5.9 trillion and USD 6.7 trillion in
dollars of 2019.

Altogether, our paper illustrates that the COVID-19 crisis can be thought about as an information prob-
lem, rather than a problem that needs to be controlled through stringent containment. Consequently, an
appropriate policy response to the epidemic should aim at closing information gaps. We are aware that a full
disclosure of private information brings out several considerations about privacy rights, however, thinking
about how to make precise information available is worthwhile. Paraphrasing Dr. Tedros Adhanom Ghe-
breyesus, the President of the WHO, when he recommends “Testing, Testing and Testing”, we encourage

authorities to do “Divulgation, Divulgation and Divulgation”.

Our paper makes two contributions. First, a framework to analyze an epidemic and its economic con-
sequences as the result of many strategic interactions where information is of the essence. An advantage of
such framework is that information’s importance can be quantified to guide policy decisions. In this sense,
our paper is broadly related to the literature that links epidemiological models and macroeconomics to think
about optimal policies as in [Eichenbaum et al] (2020a)), [Acemoglu et al] (2020), [Rowthorn and Toxvaerd|
(2020)), [Alvarez et al] (2020)), [Jones et al] (2020), [Farboodi et al] (2020)), and (2020). Our

second contribution is to highlight the importance of disclosing and divulging more precise and disaggregated

information about people’s health status, which can become a powerful policy tool to reduce the economic
health trade-off of an epidemic like the COVID-19. Since we make more explicit the role of information
in the analysis of pandemic dynamics, our work contributes more closely related to ,
[Eichenbaum et al] (2020b) and [Berger et al] (2020).

found how information affects economic decisions.

A key difference with these papers is that we micro-

The rest of the paper is organized as follows. In Section 2 we describe the model and how it changes under
different information contexts. In Section [§] we study the ability of containment policies to improve health
and economic outcomes in the face of different information structures. Then, in Section [f] we analyze the
effects of testing and disclosure and divulgation as policy tools that, by reducing the effects of information
deficiencies and asymmetries, can potentially achieve better health and economic outcomes. In Section [f] we

conduct some exercises to consider the possibility that beliefs are not “right”, which is a possibility in the
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presence of poor information about the disease. Finally, Section [7] concludes.

2 Model

Our model builds on the framework of [Eichenbaum et al(2020a)), in which we couple an economic structure

together with the epidemiological model of [Kermack and McKendrick! (1927). We depart from
(2020a) in two important ways. First, we extend the epidemiology block to include asymptomatic cases.

Second, the economic structure is built using game theory. That approach is motivated by people’s high
interdependence when engaging in economic activities with contagion risk and the existence of information
asymmetries. Together, these changes give information a key role in the model. This helps us incorporate
and underscore the idea that people’s economic choices and how they get infected critically hinges on health

information available to them.

The economy is populated by three classes of agents: the government, a continuum of identical firms, and
representative households. The government collects taxes from consumption and redistributes them among
the population. Firms produce a consumption good, Cy, choosing how many hours of labor to hire, Ny, and

using a linear production technology in order to maximize profits II; :

Ht = ANt — tht

Households make decisions on consumption and work hours in a strategic environment, which we model
as a game. These decisions are strategic because the health status of individuals and the information that
they have about it, matters for an economic transaction to happen and for the potential health consequences

of the interaction.

2.1 Game Setup

The players of this game are households who choose how much to consume and work at every moment of

time ¢ to maximize utility, which takes the following form:

o 9
u(c},ny) =In(c}) — 5(74)2

where 7 indexes the health status. Throughout the model section we will refer to players as agents. Given
that the game is set up in an economy during an epidemic, agents know there is a risk of getting infected

when interacting with others. Thus, their economic decisions become intertwined with the health status of
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others and of themselves.

At the beginning of the game, Nature plays first and randomly chooses two agents (i, j) from the popu-
lation P; to interact with each other in an economic transactionﬂ Agents are ex-ante identical and they will
differ only by their type, which is the health status they get assigned by Nature. These types are drawn from
the set T; = {S, 17, I, RP, RA}7 where S is Susceptible, I” is Symptomatic Infected, 14 is Asymptomatic
Infected, R” is Symptomatic Recovered and R4 is Asymptomatic Recoverecﬂ After Nature’s move, the
two players have to choose (actions) consumption ¢! and work hours ni simultaneously. In the baseline
version of the model, the main difference between I4 and I? individuals is that only the latter will have

their productivity negatively affected by the shock.

Players’ payoffs are given by value functions that depend on their types and actions. Clearly, being
in a strategic environment means that players strategies will depend upon each player’s information set,
particularly what they learn about their health and others’ health after Nature moves. In particular, we will
study the game under three information worlds, in which we vary the information assumptions of the game: 1)
Complete information (CI); 2) Partial incomplete information (PII); 3) Total incomplete information (TII).
Since agents are ex-ante identical, hereafter we study the game only from player i’s perspective without loss

of generality.

2.2 Complete Information

Our first world is one where players know their own type and the type of each player they face. We will call
this world the Complete Information (CI) case. Even though this may be an unrealistic scenario it will serve

as the ideal benchmark.

Given the game set up, player ¢’s strategy is contingent on both player’s types. This can be described by
a tuple of dimension 25 (all combinations of the 5 types in 7;), which contains, for each combination of player
types, a pair of actions for consumption and hours worked. Since what is relevant for the consumption and
labor decision is the chance of getting infected, to solve the game we group the subgames into two categories:

1) No contagion risk for player ¢ and 2) Positive contagion risk for player i.

2.2.1 No Contagion Risk for player i

The interactions T; x T; where player i faces no risk of getting infected are:

2Throughout the paper, we assume all interactions occur only between two people at a time.

3Symptomatic infected are people who exhibit symptoms. We assume that these symptoms are observationally unique and
thus, the virus cannot be confused with another disease. Symptomatic Recovered people got infected, had symptoms and
recovered while Asymptomatic Recovered got infected, did not have symptoms and recovered
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{S} x {S,RE, RA} U{IF I4 RE ,R*} x T}.

Player ¢ chooses consumption and hours worked to maximize her value function, subject only to her bud-
get constraint. Since in these interactions player ¢ can safely disregard player j’s type, she has a dominant
strategy. Nonetheless, player i is affected by her own type through her budget constraint due to the produc-
tivity shock associated with the virus. In other words, player i’s dominant strategy will vary depending on

her health status. We now find the strategies for the different cases.

Player i is Infected: T; = {I¥ 14}

Player i’s type is [ with Z € {F, A}, and takes actions (c{z*,nt]Z*) by solving:

maxUtIZ =u <cfz,n{2> +5 {(1 -7 —n%) Utlfl +7rrZU£Z1]

st(1+ m)e!” =w! nl” + T,

where u(.) is the instant utility function, 7% is the mortality rate, 7Z is the recovery rate, and ¢! “e0,1)
is a parameter that captures the fall in infected people’s labor productivity. We assume that for Asymp-
tomatic Infected (I) mortality rate is zero (w4 = 0) and that their productivity does not get affected
¢1A = 1. For the Symptomatic Infected (I¥), we have 7% = m; and ¢1E = ¢!. The government enters
the problem in the budget constraint through lump-sum transfers, I';, and through a containment rate, j,
which affects consumption. It is worth noting that the value function reflects the assumption that the cost

of death is the foregone lifetime utility.

Optimal levels of consumption and hours are such that:

u cIZ*,nIZ* z
uler_omt ) 3071 4 g 1)
Ocy
8 IZ* IZ* , ,
U(Ct R ) — *)\{771}154517 (2)

antIZ*
Player i has Recovered T; = {R® R}

In these cases the optimal choices (cﬁz* , nfz*) with Z € {E, A} come from the solution to the optimization

problem:

z z Z Z
max U :u<cf2 ,nlt >+5Uﬁ1
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s.t.(1+ ,ut)cf”z = wmfz +1y (3)

So that consumption and hours worked satisfy the optimality conditions:

8 ( RZ* RZ*)

u(ct ,ny RZ

- =\ 1+ 4

= B+ ) 8
ou(ch” nf") RZ

— = ="\, W 5

an?z,( t t ( )

Player i is Susceptible T; = S

If player 4 is Susceptible of getting infected but player j's type belongs to {S, R¥, R4}, there is no risk of

contagion. Then player i solves the optimization problem below to find her actions (ctS NIk nts "NI*).

S,NI S,NI _SNI
max U} :u(ct Ny ) +BUE,

st (14 p) oM = wnP N 4Ty (6)

With the optimal levels of consumption and hours worked satisfying:

au(cf,NI*7nf,NI*)

=XM1 4p 7
8cf’N“ t ( /t) ( )

u(Cy
NIx
()’I’Lts

9 S,NI*7nS,NI*
( t ) _ */\f’Nth ®)

2.2.2 Contagion Risk for Player i

Player i faces a risk of contagion as long as she is susceptible and Player j is of type I# with Z € {E, A}.

. . - . s 8 I%%  ST%x T
In these interactions, player i will choose the pair (c; ny ) by solving:

)

zZ z z z z
maxUtS’I :u<c;g’l ,nf’l )Jrﬂ[(l*"'t] )Uts+1+7'tl Utl+1]

z zZ
st.(1+ p)d T =wmT +Ty 9)
zZ zZ zZ 372 A
AT = ﬂlcf’l o+ ﬂ'znf’l nl” +ms (10)
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With 7/ B being the probability of Player ¢ getting infected by Player j, 7y the probability of getting infected
from consumption interactions, mo the probability of getting infected from work interactions, and mg the
probability of getting infected in any other way. Simultaneously, the Player j solves its own optimization
problem and acts according to the pair (¢! Z*, ni Z*). Thus, these actions influence Player i’s optimal decisions
as follows:

A

z 8,17
PR +Bme] (Ul = Ufa) = N7 (14 ) (11)
t

(’JM((:;/S’IZ*7 nts’lz*)

2 s s,17
PR + Bman{ (ULt = Ufy) = =N wy (12)
t
2.2.3 Aggregates and Equilibrium

Given that the game is symemetric for players and that before Nature randomly selects their type they are
identical, to find aggregates we can just aggregate over i. Aggregating over players ¢ such that 7; € {I, R}

yields the following aggregate value functions:

RUF = RPUF" 4 RAUF

LUt Ful” + pul”
Aggregate consumption and hours for the infected and recovered population have analogous expressions.
When Player ¢ is Susceptible, her value function, consumption and work take into account Player j’s

type, so we need to integrate over all other invidviduals in the population (P;):

s 1
uf = = [ USG)d
t Pt/o v (5)dj
_ 1 SNI | B SI® | pApSIA
= B (St + RYUZ™ + 17U + 17U,
t

And consumption and hours can be found similarly to get:

y 1 B A
cf = B [(St + Rt)c‘?’NI + Itch’I + ItActS’I ]

s _ 1 S+ RSN 4 [EpSIT | A, SI?
ng = P, (St + Re)ng +4yny + Ay

Finally, Susceptible aggregates are just S;US, Sic?, and Syny.
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Government
Government may collect taxes on consumption (1) to disincentivize interactions. This will capture the effect
of lockdowns. The government also makes transfers I'; to households. The government’s budget constraint
is given by:

we(Sec? + Il + Riel) = T4(Sy + I + Ry) (13)

Market clearing
Merging together consumers’ and goverment’s budget constraints and using the production function we

obtain the market clearing condition in the good and services markets:

Stcf -+ ItCtI + Rth = ANt (14)
While market clearing in the labor market must satisfy:

S + 120l + 1P¢'nl” + RinE = N, (15)

Population Dynamics

New infection cases T} come from interactions between players i, j when there is risk of contagion:

Se pIf " Sy pIE »
/ / " djdi + / / L djdi
0 0 0 0

S, 14 A S, 14 A S, IF E S, 17 E
mce ' Seel I 4+ monl ' Sinl T IA ¢ ma S T2 + mic? !t Siel TE 4 mon? T Synl IF 4 w38, IF

T

Susceptible population evolves according to:

Siy1 =5 =Ty
With the share of new infections that end up being asymptomatic given by x*, and the probability that

an asymptomatic infected recovers given by ﬂf‘, total Asymptomatic Infected people in period ¢ + 1 can be

calculated as:

IA, = I +XAT -t
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The number of Symptomatic Infected people in ¢ + 1 will be equal to:

IE, = IP+ (11— xYNT - (f + na)IF

where 7€ and 7, are the probabilities of a symptomatic infected recovering and dying, respectively.
In period ¢ + 1 the total infected, asymptomatic recovered, symptomatic recovered, and recovered popu-

lations are respectively:

Ly = If,+1I5,

Rhy = Rl

RE, RE +nFIF

Riy1 = R +RE,
Total deaths will accumulate over time according to:
Dyy1 = Dy + mgIf

Finally, the economy’s total population in ¢t + 1 will be diminished by deaths occured at time ¢:

Py =P, —malf

2.3 Partial incomplete information

In this second world, which we call Partial Incomplete Information (PII), every player knows her own type
but ignores the type of others. Note that the number of subgames reduces to five in this information en-
vironment, because, for Player i, Player j’s type is actually one: unknown. Then a strategy for Player i is
now a tuple of only five dimensions. In order to design a strategy Player i uses a Harsanyi prior F' to assign

probabilities to Player j’s potential types: p° if Tj = S, p! “if it is 1A (T; = 14, p!® it it is T2 (T; = IF),
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plt* it it is RA (T; = R4), and pR” =1—pS —pl* —pl” — pR" if it is R, T; = RE.

Notwithstanding the uncertainty about Player j’s type, optimization problems and solutions for subgames
where Player i € {I¥ 4, RF, R4} are identical to those already presented in the CI case (section ,
because the probability of getting infected is zero. Since this is not the case when Player i is Susceptible we

write it here explicitly:

E E A A E E A A
maxUF = u (cf,nf) + 8 [ (1=pf"rl" = ol ol YU+ (o170 + 001" ) UL

st (14 pw)ed =wmf +Ty

E E E

Tl = ﬂlcfc{ + 7r2nfntl + 73
A A A

" =mcdel” +maninl” + s

Strategically, Player i’s decisions take into account Player j’s best response and as such, her optimal con-

sumption and hours worked are:

" ou(c)* ng* E [Ex A jAx

) PG o (ol el ) (Ul —UR)) =N
* Au(cd* S+ E  Ex A pAx

g 2y (ol 4 pl nd ™) (U~ US) = X

In terms of finding economic aggregates one can follow the same process as in the CI case (section .
Nevertheless, note that in this case Susceptible people behave the same no matter who they interact with.

Government budget constraint and market clearing conditions remain the same.

The total number of new infections is given by:

Se oI SeopIt
T = / / TtI djdi + / / TtI djdi = chtSStc{It + WgnfStn{It + w354 1y
o Jo o Jo

while all other population dynamics behave as in the CI case (section @)

It is worth noting that, the Macro-Sir Model in [Eichenbaum et al| (2020a)) is nested in our model. In
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fact, it is a particular case of the PII world, in which there are no asymptomatic infections (i.e. x4 = 0).

2.3.1 Beliefs Dynamics

When information is partially incomplete, every interaction features an information asymmetry. However,
we assume that this private information is collected by the government and made public as population
aggregates. Later, we will explore the benefits from disclosing and divulgating disaggregated information.
For now, we assume all players can access this public aggregate information through government reports.
Once they are informed, players go on to form their beliefs about the probabilities that the player they
interact with is either IZ or I4. Since population groups by health status changes over time, beliefs become

dynamic:

" E
Py )
E IF
o= 5
t

In section [§] we discuss in more detail the assumption that beliefs get these probabilities right.

2.4 Total incomplete information

The third world we study is one of Total Incomplete Information (TII), in which a player ignores other
people’s type and possibly her own type. In reality it is likely that an asymptomatic infected person does
not know her health status. In our setup we assume this is the case. The uncertainty about one’s own
health status will affect consumption and work decisions and, in the aggregate, the pandemics dynamics
will be different. The strategic behavior of the types Asymptomatic Infected, Asymptomatic Recovered and
Susceptible will now be the same: in the absence of symptoms they behave as though there is always the

risk of getting infected.

In the case of the Symptomatic Infected and Symptomatic Recovered we assume that because they ex-
hibit or have exhibited symptoms, they do know their health status. The government can learn about it
and publish aggregate statistics, but other players can not identify them individually. As they did in the

previous two information cases, these types pick dominant strategies.

In this environment, the number of subgames becomes three. The two subgames that arise when Player 4
is I¥ or RF entail optimization problems and solutions that are the same as in the CI case (section[2.2)). The
subgame that arises when Player i is either susceptible, asymptomatic infected or asymptomatic recovered

is the one we focus on now.
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As in the PII case (section @), Player i uses the Harsanyi prior F' to assign probabilities to Player j’s
possible types. To deal with the additional uncertainty about her own type, Player ¢ when T; = {S, RAT A}
now employs another Harsanyi prior, G, that assigns probabilities: ¢° if her type is S (T; = S), ¢’ *if it
is I (T, = I") and ¢®" if it is RA (T; = R™). Player i will then solve (here A stands for asymptomatic
including types S, R4, T4 ):

A A A A
max U = U + ol UM 4 " U
st.(1+ p)ef = wnit + T,
/\T{E = mc{‘ctIE + 7r2n;4n{E + 73

A A A
/\Ttl :mc{‘c{ +7r2ng4n{ + 73

With

AT
U

u (cf,nt)+/3[(1—7r YUAL" 4 mpUs R ]
A A
UtA’R = u (Ct ) Tt ) +,6U£4+?

A A.S E E A A
u (pt 1”t)+/3|:(1_pf i —pt 7 )Ut+1 + (7’7{ P )Uf,l+1}

A
uts

Player i’s first-order conditions for consumption and hours worked are:

Au( et ni* 3 7x A JAx .
[Cm : % qutéﬁ’Tl (pt CtI +ptI CtI ) (Ut+1 U;if) = ’\24(1 + p1t)

Bu(c;‘“,n;‘“) A [Ax

] : Ty q; B (Pt n{ *+p n; )(Ut+1 Ut/“f*ig) = —\'w,

2.4.1 Aggregates and Equilibrium

Aggregate economic variables are obtained by a process analogous to that of the PII case (section @

Government
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The new government budget constraint is:
E E
we((Se+ I+ RY) ¢ + IPel” + REcf ) =Tu(Se + I + Ry) (16)
Equilibrium
Market clearing conditions are:
(St + 17 + RY) e + IPcl” + RECE" = AN, 17)
Sin + Ifnd + 1%¢'nl” + RinE = N, (18)

Population Dynamics

New infection cases are given by:

T;

Se oI Se eIt
/ / ! djdi + / / " djdi
o Jo o Jo

TrlC;‘StC{It + rzvzfstnih + w351y

The rest of the population dynamics remain unchanged relative to what was explained in the CI case (section

2.2).

2.4.2 Beliefs Dynamics

Contrary to the PII case (section@, here players do not know their own health status when they have not
exhibited symptoms. We will assume that all of those players believe they are susceptible, so that ¢ = 1.
The lack of private information for the asymptomatic also means that people cannot observe population
aggregates about Asymptomatic Infected. Thus, players must form their beliefs about the probability of
encountering Asymptomatic Infected players differently to how they did in the PII case (section . One

can have beliefs that lie inside a neighborhood of the true probability:
A

A I A
r= P%t*(HEtI)

We will initially assume that this error in assessing the true probability, ! A, is zero. This assumption

can be relaxed, something we discuss in Section [

2.5 Calibration

Since our model follows the economic structure of [Eichenbaum et al] (2020a)), we take some parameters

directly from them. Such is the case of A, § and §. This parameters are set so that in the pre-epidemic
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steady state the model is able to match some relevant economic statistics of the US economy.

Similarly, our calibration of the epidemiological parameters is also based in [Eichenbaum et al| (2020al).

We take the value of the parameter ¢ exactly from their model and maintain their assumptions about the
herd immunity threshold (60% of initial population) and the time it takes for an infected person to either

recover or die (14 days).

The other epidemiological parameters cannot have the same values because we incorporate asymptomatic

infections. Nonetheless, we do use their method to calibrate such parameters. In particular, 71,79, 73 and g

are set to match the same aggregate transmissions and mortality patterns as in|[Eichenbaum et al.| (2020a). We

assume that symptomatic and asymptomatic infected people share these transmission parameters. Finally,
we use the 40% estimate of the (2020) for the share of total infections that are asymptomatic and

calibrate x* to match this. The table below summarizes the calibration used in our model.

Parameter Value
A 39.835
8 0.963
0 0.0013
o! 0.8
T 7.8408¢8
T 1.2442¢~4
3 0.3902
g 0.0032

T 0.3889
75 0.3857
x4 0.3993

2.6 Welfare Analysis

In sections 22} B3] and 24, we study the influence of public and private information in players’ decisions.
In particular, we show how their optimal decisions on consumption and work are modified in response to
changes in their information sets. This section evaluates the effects of such changes in the aggregate social

welfare of the economy during a span of five years. Our simulation technique follows the algorithm exposed

in [Eichenbaum et al| (20204), where value functions are iterated backwards and the epidemiological block

forward. Given that we simulate our model in a deterministic fashion, the relevant welfare indicator is the

weighted sum of the value function of each type of player, U, at the initial period:
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U, = SU+ LUl +RUEF

This indicator summarizes the two forces in action during the pandemic’s evolution: economic activity,
and people’s health status and deaths. Table [[] contains the value of this indicator across the three cases
considered so far. These results show that the Complete Information Case is our best possible scenario,
followed by the Partial Incomplete Information and the Total Incomplete Information cases. Hence, one
can see how losing information completeness gradually worsens welfare. This happens because poorer in-

formation prevents players from understanding the nature of their interactions and making the proper choices.

Furthermore, the welfare losses in each scenario can be understood through two different channels. First,
the fall in consumption can be used as a proxy of the size of the recession induced by the epidemic. Our
calibration implies that the pre-epidemic per capita annual consumption is 58.000 USD. We take this value
and multiply it by the cumulative fall in aggregate consumption to obtain the monetary economic loss of
the epidemic during the five years horizon. Second, our calibration also implies the statistical value of life
is 9.3 million US dollars of 2019, so we can use this figure to quantify the costs of the deaths caused by the
epidemicﬂ Let’s recall that the cost of a death in the model is equal to the present value of foregone utility.
For the CI case these losses are equal to 169.676.100.000 USD and 2.117.610.000.000 USD, respectively.

However, we are not only interested in quantifying the costs of the epidemic per se, but the costs or ben-
efits of different information settings. Thus, we find that the absence of commonly known information about
other players’ health statuses (i.e. the PII case) causes additional losses of 1.025.808.300.000, due to lower
economic activity, and of 6.273.036.000.000 associated with deaths. Analogously, we see that when private
information is also absent (i.e. the TII case), the economy suffers an additional loss of 287.004.300.000 with

respect to the PII case, while the cost of deaths actually decreases in 220.968.000.000 USD.

Figure [I] shows how the Complete Information case has a considerably lower number of deaths than
the other two. This is because the public and total availability of private information about other’s health
status allows each player to reduce the intensity of interactions that bear contagion risk, flattening thusly
the infections curve. Nevertheless, it is worth noting that this flat curve implies that Herd Immunity is not
reached within the horizon considered, despite the epidemic is controlled and dies out as a consequence of the
information completeness. The infection curves of the other two cases considered are quite similar, although
it is slightly lower in the TII case. Here the difference is explained by the presence of a positive externality

of losing private information about a player’s type. Particularly, when asymptomatic infected players ignore

4The Unites States current GDP was 21.433.000.000.000 for 2019 https://data.worldbank.org/country/united-states
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Figure 1: Population Dynamics
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their type, they reduce their economic activity as a result of their false perception of being vulnerable to the

virus, a behavior that ultimately reduces the propagation of the virus.

As we can see in Figure [2] the fall in economic activity is smallest in the CI case. In this scenario,
suceptible agents only reduce their economic activity in risky interactions, which in turn implies a minor
aggregate contraction. When suceptible agents are no longer able to make this distinction (i.e. the PII case)
they reduce more agressively their economic activity to avoid getting infected. Nonetheless, their efforts are
not very effective and the infection curve rises considerably. This further decreases economic activity due
to the greater aggregate loss of productivity when there are more symptomatic infected. Finally, aggregate

economic variables also fall because deaths increase.

If agents are also unable to know their health status, the same channel that generated the positive

externality in infections through asymptomatic infected, implies a negative effect on economic activity. This
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Figure 2: Economic Aggregates
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is magnified by the additional reaction of recovered asymptomatic agents that further reduces their economic
activity as a result of their perception of contagion risk. The joint reaction of asymptomatic infected and

recovered explain the greater fall in economic activity compared with the PII case.

3 Containment Measures

Containment measures, such as lockdowns, school closures, restrictions on gatherings, and other mobility
restrictions, have been the primary policy intervention put in place by most countries in their attempt to

limit the effects of the COVID-19 on fatalities and their health systems. The results have been heterogenous,

with some countries apparently being more successful than others (Deb et al.| (2020)).

These measures prevent many transactions from taking place, thereby reducing economic activity and

creating a trade-off between economic and health outcomes. This trade-off is the motivation behind the lit-

erature that studies the interaction between an epidemic and the macreoconomy. [Eichenbaum et al.| (2020a))

model a quarentine as a tax to consumption and find the optimal path for a simple containment policy in
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which everybody is taxed, such that the benefits of lifes saved outweigh the costs of worsening the recession.

[Eichenbaum et al (2020b) study “smart” containment measures in which only sub-groups of the population
are quarantined in the search for improving the health-economy trade-off. [Acemoglu et al] (2020) and

2020)) also study the gains from establishing quarantines for particular population groups.

In this section we ask, how does information affect the ability of both general and conditional containment

policies to improve the health-economy trade-off?

A general containment policy is one that applies to all the population. In the model it is instrumented
through a consumption tax. The revenue raised by the government is then rebated back to all population
groups by means of a lump-sum transfer. This type of containment is the one that is presented explicitly in

the model of Section Pl

A conditional containment policy seeks to exploit information (kept private from other players) about
the health status of people to establish focused quarantines, avoiding the confinement of people who have
achieved immunity or who do not have the virus. Under this policy, only people who generate the negative
externalities from contagion are put in lockdown. This is implemented in the model through a consumption
tax rate ¥ for the symptomatic infected patients and p;* for the asymptomatic infected people. At the same
time, the government only makes transfers to people affected by the externality: the susceptible population
in CI and PII cases. This conditional containment is in fact an imperfect compensation mechanism, given

that the tax collection and the transfers do not occur by interaction, but by player’s type.

We now compare the level of containment that maximizes the discounted social welfare as defined in
Section 2.0 for the different information cases. Figure [ shows that in the Complete Information world
optimal general containment is zero and there is only a small positive conditional containment. Notice that
conditional containment is still desirable in this world, because the externality generated by infected people

still exists.
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Figure 3: Optimal Containment Policies Compared
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Hence, in a world where information about the pandemic is fully available to everybody and everybody
is able to process it efficiently, containment measures provide marginal gains. As shown in Table [T} this is
true even if containments is conditional and its size is calibrated optimally, improving relative welfare to
0.0003%. The reason is that agents in the economy use the information to minimize market interactions

where there is risk of contagion and engage normally in all other transactions. See Figures [d] and

When information about people’s health status is kept private and agents cannot identify the contagion
risk-free transactions, quarantine-type measures become optimal. As Table[[]shows, conditional containment
policies yield better welfare outcomes vis-a-vis general containment, from —0.1741% to —0.164% relative wel-
fare losses. This is the result of both higher aggregate consumption and hours worked (—1.14% vs. —4.97%).
In turn, this is explained by 1) consumption of recovered patients does not fall; 2) due to the more-targeted
transfers in conditional containment, susceptibles’ comsumption does not fall as much; 3) despite the more
pronounced decline in consumption of the infected, the flattening of the epidemic curve reduces the aggregate

effect over time.

It is relevant to remark that conditional containment rates are orders of magnitude higher than those

of general containment. To a large extent, this is due to the fact that asymptomatic infected people have
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Figure 4: Population Dynamics - Comparison(CI)
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Figure 5: Economic Aggregates
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a dominant strategy, which is to engage in all possible transactions, posing a large negative externality on

others. Moreover, this sort of containment allows the government to only impose a cost on those that are

propagating the virus. In order to reduce the virus propagation, the conditional confinement rates must be

high, reducing the consumption of those infected (see Figures m) When there is common-knowledge, com-

plete information, the negative effects of such strategy are attenuated since susceptibles are able to reduce
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the intensity of interactions with asymptomatic patients.

Share of pre-epidemic population (%)
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Figure 6: Population Dynamics - Comparison(PII)
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In the TII scenario, the unavailability of private information on health to the government and players
makes it impossible to establish conditional containment measures. In this case policy makers are left with
the option of general containment policies which, as the literature has shown, exacerbates the health econ-
omy trade-off: the reduction of contagion and fatalities comes at the expense of larger declines in economic

activity as shown in Figures [§ and [
Figure 8: Population Dynamics - Comparison(TII)
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There are couple of points worth mentioning. First, Figure [J]shows that regardless of the type of contain-
ment being considered, the less information is available the more aggresive optimal containment measures
must be. In other words, more complete information helps players choose better their interactions, therefore

reducing the volume of hazardous interactions that need to be avoided or diminished through containments.

Finally, Table [[] reports the welfare losses from all confinement measures. Even though they allow to
mitigate the effects from the externalities stemming from contagion and improve welfare, they still exhibit
a large gap with respect to the ideal complete information world, with more infections, deaths, and larger
reductions in economic activity. This is due to the fact that instead of relaxing the trade-off between
economic and health outcomes, containment exploits the trade-off to control the infection. Even when there
are conditional, confinements impose a consumption cost because agents are forced not to engage normally

in transactions even if they pose no risk for themselves or others. In contrast, when all information about
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each other’s health is available to everybody the economic-health trade-off can be relaxed, so individuals are

able to choose optimally the intensity of their interactions with each other and minimize thusly the risk of

contagion without sacrificing their consumption.
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Figure 9: Economic Aggregates - Comparison(TII)
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Table 1: Welfare, economic and epidemiological results for Sections 2 and 3 - Information Scenarios and Containment Measures

This table summarizes the implications of the three information set-ups explained in Section 2 and the effects of the different containments considered in Section 3. These
eight scenarios are simulated for 250 periods and analyzed through some indicators of welfare, economic activity, epidemiological dynamics and policy paths. The relative loss
of aggregate welfare measures, in percentage points, the deviation of aggregate welfare under a certain specification with respect to the welfare of the Complete Information
case. The mazimum falls in aggregate consumption and aggregate hours are calculated relative to their pre-epidemic values and expressed in percentage points. The
cumulative fall in aggregate consumption is the accumulation of all the foregone consumption during the simulation horizon, relative to a world where consumption remains
all the time in its pre-epidemic value. The peak infection variable accounts for the total number of active infection cases at the height of the epidemic, as a percentage of
the initial population. The final deaths and recoveries accumulate all the people that either died or recovered during the simulation horizon and express them as shares of
the initial population. The containment measures show the mazimum value of the consumption taz levied by the government for each type of containment.

Complete Inf;:;ﬂ " Incﬁﬁe " CI CI PII PII TII
Information R R General Conditional General Conditional General
Information | Information . . . . .
(CI) Containment | Containment | Containment | Containment | Containment
(PII) (TII)
Relative loss
of Aggregate 0 -0.2005 -0.2314 0 0.0003 -0.1741 -0.164 -0.1955
Welfare
Max Fall in
Aggregate -0.33 -9.94 -11.96 -0.33 -0.33 -28.53 -7.02 -30.78
Consumption %
Cumulative Fall
in Aggregate -0.17 -1.24 -1.54 -0.17 -0.17 -4.97 -1.14 -5.88
Consumption %
Max Fall in
Aggregate -0.33 -9.94 -11.96 -0.33 -0.33 -28.53 -7.02 -30.78
Hours %
Peak 0.32 5.53 5.15 0.32 0.32 3.37 3.58 3.11
Infection % ’ ’ ’ ’ ’ ’ ' ’
Final X .
Deaths % 0.06 0.27 0.26 0.06 0.06 0.22 0.23 0.21
Final
. 13.74 54.49 53.05 13.74 13.69 43.89 46.58 42.12
Recoveries %
Peak of General
Containment % ) ) ) 0 ) 73.05 ) 8234
Peak of Symptomatic
Containment % ) ) ) ) 789 ) 199.98 )
Peak of
Asymptomatic - - - - 6.28 - 194.58 -
Containment %
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5 Information Policy Tools

In the previous section we showed that optimal containment policies are not very effective in getting the economy close
to a world of complete information in terms of welfare, deaths, and aggregate macroeconomic variables. In these section
we consider policy tools that can actually fill the information gaps between the TII case and the first-best, so that the

welfare gap between them closes.

In particular, we study two policy tools that can provide valuable information: testing and divulgation. Testing can fill
the information gap that individuals have about their own health status. This information, gathered by health authorities,
becomes privately known by the tested individual and disclosed at an aggregate level to all players. Divulgation makes
this information publicly known, so that any given player can incorporate information on other people’s health in her
decision making. As a matter of fact, a policy implemented along these lines was seen in South Korea, where authorities
disclosed detailed information on infected people to manage the epidemic. More specifically, the mechanism consisted of
an intensive use of text messages to disclose and propagate information about the health status of infected individuals
and the places they had recently visited. examined the effects of such policy on the epidemiological
dynamics in Seoul and found that people modified their commuting patterns in response to the information, which resulted
in turn in a reduction in infections and deaths. One can think of divulgation as “painting people’s faces”. Here we think of
divulgation as a tool to provide individuals with better information at the interaction level, so that by completing players’
information sets, we allow them to play out strategies where they can identify and engage normally in more mutually
beneficial economic interactions (i.e. interactions with no contagion risk). The more information one provides, the lower
the probability of engaging in risky interactions.

Starting from a world where information about health statuses is not common nor private, testing gets society closer
to the PII case, whereas divulgation gets society closer to the CI case. We simplify the analysis by assuming that tests
are performed only on asymptomatic people. In the model we do not test those who are already sick: we assume that
the symptoms are enough to tell whether someone has the disease of interest. In this sense, testing serves the purpose
of revealing private information to the agents about their own health status (type). With this in mind, the population
subject to tests is given by As; — R, — I;X;, where As; = S; + I + R{* is the asymptomatic population at time ¢. From
this population we subtract those asymptomatic who have recovered R;* ; because, due to the immunity assumption, once
they know their type it will not change. Similarly, we also subtract people who were asymptomatic infected since the
person will know her health status in the future from the recovery dynamics of the virus disease itself. A number of X;

tests are performed at random on this population, such that in expectation:

X, = X7+ X/ +Xxf

X, Prob(T; = 8) + X, Prob(T; = I') + X, Prob(T; = R*)
St I =Y - R — RY, + LY,

X X X,
Asi—RX, — 1%, "M As —RX, —IX, Y As, RS, I,

The population dynamics of the groups that get to learn their type, that is, the tested asymptomatic recovered R;¥,
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the tested asymptomatic infected I;X, and the tested susceptible S{¥, are given by:

RY = R, +XF+4+rl1X,
¥ = X+ x{ -=tr,
s = X7

Once players get information about their own health through testing, an asymmetry of information arises and with it
a rationale to make this information publicly known at an individual level. Divulgation is an instrument that theoretically
gives the susceptibles the possibility to distinguish between contagion risky versus a contagion riskless interaction. However,
since not everybody is tested and the policy maker does not know who all the susceptibles are, the information is aimed at
two groups of people: the tested susceptible S;¥ and people who do not know their type ANX = §,—S;X +I{‘7]tx +R{‘7Rtx.
The divulgation mechanism consists in giving the available information to a number of people belonging to each of these
groups and which we denote Zts * and ZtA, respectively. The information that is revealed are: the symptomatic infected
and recovered, the tested asymptomatic infected, the tested susceptibles and the tested recovered. The people who receive

the information are selected randomly and its number is given in expectation by:

Z, = 755+ 77
= z5 4+ z5+ 7] + zZF
= 25 4 Z2Prob(T; = S) + Z{ Prob(T; = I) + Z2 Prob(T; = R*)

_ sX ASt—StX AItA_ILX ARf‘—RzX
= 7} +7Z A{VX + Zf A{VX + Z AgVX

where Z7, ZI'y Z[? are the number of asymptomatic susceptibles, infected and recovered who do not know their type

at time ¢ and who are the receptors of the divulged private information.

In the model, the costs of testing and divulgation are financed through lump-sum taxes thnf levied on all agents in

the economy, in such a way that:
(S, + L+ R) = —-mc X, —mc? 2

The costs we consider have two components. The first component is the unit cost of a test (which we calibrate to be
$20). For simplicity, we abstract from any additional costs associated with testing. We also focus on the marginal cost,
ignoring any initial investment required to set up testing infrastructure. The second component is the marginal cost of
disclosing private information effectively at the individual level. This cost may include non-pecuniary costs such as ethical
and regulatory restrictions on making public personal information, logistical and technological costs related to making
the information available, and the capacity constraints that people may have when trying to process a high volume of

information in an efficient way, such that they can use it to better choose how to act.
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5.1 Modified Model

We now adjust the model to include the information tools introduced above. We do this for the TII case, so that this
modified version can nest the three information cases explained in Section[2] When the cost of testing is zero, it is possible
to get to the case of Partial Incomplete Information. Similarly, when the divulgation cost is zero a