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Experts agree that reverse transcription–polymerase chain
reaction (PCR) testing is critical in controlling coronavirus disease 2019
(COVID-19), but decision makers disagree on how much testing is
optimal. Controlling for interventions and ecological factors, we used
linear regression to quantify testing’s impact on COVID-19’s average
reproduction number, which represents transmissibility, in 173 countries
and territories (which account for 99 percent of the world’s COVID-19
cases) during March–June 2020. Among interventions, PCR testing had
the greatest influence: a tenfold increase in the ratio of tests to new cases
reported reduced the average reproduction number by 9 percent across a
range of testing levels. Our results imply that mobility reductions (for
example, shelter-in-place orders) were less effective in developing
countries than in developed countries. Our results help explain how some
nations achieved near-elimination of COVID-19 and the failure of
lockdowns to slow COVID-19 in others. Our findings suggest that the
testing benchmarks used by the World Health Organization and other
entities are insufficient for COVID-19 control. Increased testing and
isolation may represent the most effective, least costly alternative in
terms of money, economic growth, and human life for controlling
COVID-19.
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N

o medication has proved effective
in slowing transmission of the
novel coronavirus (SARS-CoV-2),
which causes coronavirus disease
2019 (COVID-19). Pending the
widespread availability of vaccines, governments have relied on nonpharmaceutical interventions, including physical distancing, travel
restrictions, and hygiene measures. After China
sequenced and shared the viral genome, detection of active infection using reverse transcription–polymerase chain reaction (PCR) testing
has been part of the response, extending beyond
clinical care and epidemiological tracking. Country experience and simulations show that test70
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ing, tracing, and isolation can reduce transmission,1,2 as substantial asymptomatic transmission occurs in COVID-19. The World Health
Organization (WHO) has urged countries to
“test, test, test”3 and has suggested a rate of ten
negative to one positive test results as an indicator of adequacy.4
Despite this, decision makers disagree on
what constitutes adequate testing.5,6 The legacy
of pandemic influenza planning, which focused
on reducing morbidity and mortality and never
envisaged testing for controlling spread, may
contribute to this disagreement, and most research focuses on other nonpharmaceutical interventions.7–10 In a PubMed search we found
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only thirty quantitative analyses of the impact of
testing. Almost all involved modeling and simulation, and none quantified real-world impacts.11
Research problems include difficulties of isolating impacts when multiple nonpharmaceutical
interventions are implemented simultaneously;
increases in per capita testing rates with cases,
which makes them a poor indicator of testing
strategy; lack of a global testing database; failure
to control for confounding factors; and nonrepresentative geographical samples.12
Our study addressed these research problems
by compiling data on numerous factors to quantify the association of PCR testing with COVID-19
spread during the initial pandemic wave—when
some countries, such as China and New Zealand,
achieved near-elimination—using a study design
that robustly managed data gaps to maximize
sample size and covariates.

Study Data And Methods
To model impacts on COVID-19 transmission, we
adapted methods from previous epidemiological
studies that assessed impact of interventions,
such as school closures, on COVID-19 and other
respiratory viruses.13,14 Specifically, we estimated
a cross-sectional, linear regression model of
transmission intensity against the average intensities of interventions and other factors.
The online eAppendices provide a full description and justification of all of our data sources
and methods.15
Data Our unit of observation was all countries
or territories with daily cases reported in the
COVID-19 data repository published by the Center for Systems Science and Engineering at Johns
Hopkins University, in Baltimore, Maryland.16
We included subnational jurisdictions with substantial autonomy over health policies and borders, such as Macau, and territories, such as the
US state of Hawaii, that are not part of the contiguous United States. We defined the observation period for each as starting from the date of
peak incidence in March, typically March 28–31,
and ending June 15, 2020.
We obtained data on daily PCR test numbers
from multiple online sources, including the Our
World in Data data repository,17 other online
collections, official communications, and news
reports. We enumerated tests performed instead
of persons tested, as few countries report persons tested. We interpolated data gaps and corrected inconsistencies, giving preference to official sources and Our World in Data, and we
excluded data such as those from Venezuela,
which substantially included antibody tests, as
these do little to stop transmission.
We obtained daily data on eleven categorical

COVID-19 policy indicators from the Oxford
COVID-19 Government Response Tracker
(OxCGRT).18 These tracked containment and closure interventions, along with public information, testing, and contact tracing policies.
To track changes in individual movement,
which may be voluntary or in response to government nonpharmaceutical interventions,
such as lockdowns, we obtained mobility metrics
from Google and Facebook19,20 that were derived
from locational data sent by mobile devices. As
these were highly collinear, we combined them
into two composite measures that proxy population-level mobility: increases in time spent at
home and reductions in time spent in nonresidential locations (eAppendix 1).15
We found and collated data on other relevant
factors, giving preferences to data sets with wide
coverage, from the United Nations or other official agencies, and from research groups whose
sources were well documented. We filled many
remaining gaps by searching online sources,
including government sites and news media.
eAppendix 1 describes all variables and sources.15
For some interventions and factors, we obtained daily data. These included national school
closures, the percentage of people wearing
masks or face coverings, mask mandates, temperature, specific humidity, and relative humidity. For other factors, we obtained estimates for
the most recent available year. These included
population exposure to air pollution by particulate matter (particulate matter with diameter
less than 2.5 micrometers, written as PM2.5),
physical inactivity, geographical latitude, distances to the major pandemic epicenters during
March (Wuhan, China; Korea; Italy; and Iran),
having a policy for universal Bacillus CalmetteGuérin (BCG) vaccination for tuberculosis, tuberculosis incidence, the number of severe acute
respiratory syndrome (SARS) cases to proxy
SARS experience, an index of democratic development, and two measures of health system capacity to manage infectious disease threats that
have been developed by defense analysts: the
Infectious Disease Vulnerability Index (IDVI)21
and the Global Health Security Index (GHSI).22
As general controls, we sourced a range of
socioeconomic and health system measures
from the World Bank’s World Development Indicators23 and other sources, including gross domestic product (GDP) per capita, life expectancy, hospital beds, and poverty rates. As initial
high rates might constrain countries from increasing testing faster than incidence, we added
as controls the peak March incidence rate and
the date on which the fiftieth COVID-19 case was
reported.
Outcome Of Interest The time-varying effecJ a n u a ry 2 0 2 1
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tive reproduction number (Reff ) quantifies the
transmissibility of a virus at any given time. It
represents the average number of secondary infections generated by one infected person. In
the absence of interventions or behavioral
changes, the SARS-CoV-2 virus is highly infectious with a reproduction number in the range of
2 to 4, indicating that each case will typically
infect that many other people.1,2 Interventions
that slow transmission reduce the reproduction
number; if it falls below 1, incidence declines and
eventually the virus will disappear. For our analysis, we consider the impact of interventions on
the average level of the reproduction number
during the study period. This is the average
transmissibility of the virus, which is independent of the average number of cases.
Focusing on average transmissibility has two
advantages. First, alternatives used in other
studies, such as cumulative cases or incidence
rates, are compatible with different averages of
transmissibility, as they also depend on how
transmissibility varies over time. For example,
a country that employs an intervention for one
month that reduces transmissibility below 1 and
then abandons it in the next month will experience a U-shaped outbreak with fewer cumulative
cases and a lower average incidence rate than
another country that starts with the same initial
incidence rate but employs the same intervention only during the second month, leading to an
inverted-U-shaped outbreak. From our perspective, the intervention had equal effectiveness in
both, but this will be evident only from the average reproduction number, which will be identical, and not from the raw case or incidence numbers. Second, within a linear regression model
when the reproduction number is logged, the
covariate coefficients can be directly interpreted
as their percentage effect on the reproduction
number. This is more meaningful from a policy
perspective, as the key epidemiological goal in
controlling an epidemic is to find a mix of interventions that reduce the reproduction number
below one to achieve control.
We estimated the average reproduction number in each territory by adapting an approach14
that approximates it by assuming that spread is
exponential and that negligible numbers of people have immunity24 (eAppendix 2).15 Specifically, we computed the constant reproduction number that would have been required to change the
incidence rate at the start in March to that on
June 15. By assuming that the increase in incidence is exponential, we could obtain the average daily percentage increase in incidence. From
this, we derived the average transmissibility or
reproduction number by making an assumption
about the average number of days it takes one
72
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Our findings indicate
that there is no single
optimal level of
testing.

person to infect the next (the generation interval). Incidence rates were derived from the center-weighted, seven-day moving average of new
cases, and we followed the EpiForecasts group’s
assumption of a generation interval of 3.6 days.25
External validation of our method confirmed no
bias and close consistency with EpiForecasts estimates.
Interventions And Other Covariates We
quantified PCR testing intensity using the testto-case ratio (TCR), defined as the ratio of tests
to new cases reported. This controls for increases
in test numbers with cases and increases in detected cases with testing, but it is also inflated by
multiple tests on the same person. It aligns with
the WHO benchmark4 and is comparable to
others using test positivity rates, such as those
adopted by the Trump administration.26 The TCR
proxies overall intensity, which depends on policies for testing international arrivals, contact
tracing and testing of contacts, repeat testing
in detection and clinical care, and symptomatic
thresholds for community testing, but it does not
reflect inefficiencies, such as reporting delays,
which reduce impact on transmission. In the
absence of global data on these details, the
TCR was the most comparable metric.
We quantified exposure variables, which include interventions, ecological factors, and other controls, by their mean daily value during an
exposure period that lagged the observation period by seven days. This was based on estimates
of an incubation period of two to twelve days27
and a delay between symptom onset and case
reporting of two to seven days.28
Analysis And Models Many variables had
missing values, with the frequency ranging from
zero for most general indicators and 5 percent
for TCR to 34 percent for Google mobility variables. Half of the territories lacked data for at
least one variable. As values were not missing
completely at random, analyzing only territories
with complete data would result in a small sample, biased results, and reduced precision. To
overcome this, we used multiple imputation to
impute missing values, estimating all models
with 300 multiply imputed data sets. We also
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log-transformed TCR, per capita GDP, the peak
March incidence rate, and other variables to ensure normality as desirable in multiple imputation. Full details are in eAppendix 3.15
Of 221 countries and territories in our data set,
we included in analysis only 173 that reported
more than 100 COVID-19 cases (for a listing, see
eAppendix 1),15 as small case numbers make incidence estimates unreliable. These accounted
for 98 percent of the world’s population and
99 percent of COVID-19 cases (data not shown).
We predefined two lists of covariates: exposures to be retained on the basis of theory and
prior evidence, and exposures without strong
evidence. The former were TCR, mobility
changes, school closures, and mask usage. The
latter were BCG policy, tuberculosis incidence,
latitude, temperature, specific humidity, IDVI
and GHSI, and per capita GDP and life expectancy as general controls. Other covariates formed a
third category. We included the OxCGRT policy
indicators in this third category, as they were
highly correlated with the mobility measures,
which reflect actual behavior, and added little
explanatory power.
We evaluated covariates for model inclusion
using stepwise backward selection. In model 1
we retained the lists of exposures to be retained
on the basis of theory and prior evidence and
exposures without strong evidence, and we eliminated others based on model fit (adjusted R2 )
and coefficient meaningfulness and significance
at univariate p value < 0.20. In model 2 we prioritized parsimony to avoid overfitting and
forced inclusion of the list of exposures to be
retained on the basis of theory and prior evidence only.
The Institutional Review Board of the Institute
for Health Policy, in Colombo, Sri Lanka, assessed the study as not requiring full ethics review, as all data were anonymized, aggregate,
and publicly available. Analyses were performed
in Stata 14.2, with some data processing done
using R. The statistical significance level was set
at 5 percent, and statistical tests were two-tailed.
Limitations Our analysis has several limitations. First, as an observational study, it cannot
support causal inferences, and relationships remain associations. Second, reported cases understate actual incidence, and testing increases
detection. Although using ratios of incidence
rates removes country differences, it cannot
eliminate temporal changes, but as countries
with higher TCRs increased these levels faster
(see eAppendix 5, supplementary exhibit S5),15
any bias is likely downward. In addition, our data
cannot differentiate imported from local cases,
and our estimates of transmission are biased
upward when imported cases predominate.

Third, our analysis cannot account for heterogeneity within large countries—for example, with
regard to temperature—which reduces precision. Fourth, we cannot account for factors that
our data do not capture, such as physical distancing or differences in isolation strategies, although our extensive covariates mitigate this.
Fifth, the exposure lag might not adequately control for endogeneity arising from countries intensifying interventions in response to increased
cases. Finally, time series analysis would be better but was not possible because of data limitations.

Study Results
Descriptive Information During March–
June 2020 COVID-19 transmissibility fell globally, with the median reproduction number declining from more than 2.5 in early March to fluctuate above 1.0 during April–June (eAppendix 5,
supplementary exhibit S1).15 The falls in transmissibility varied by region. The World Bank’s
East Asia and Pacific region, which groups East
Asian and Pacific Island countries, Australia, and
New Zealand, was most successful in controlling
COVID-19 spread, with the average reproduction
number falling to 0.9 and several territories coming close to eliminating the virus. In contrast, in
several regions and countries, such as South Asia
and Brazil, the average reproduction number
remained above 1.1 with no slowdown in spread.
Among interventions to control spread, testing intensity showed the largest variation, with
the test-to-case ratio varying from 1 to more than
1,400 across countries (exhibit 1). Greater testing intensity was also associated with lower incidence, cumulative cases, and deaths (eAppendix 5, supplementary exhibits S5–S6).15 Among
other interventions (eAppendix 5, supplementary exhibits S2–S4, S8),15 there was much uniformity in the imposition of school closures and
little variation by income level in mobility reductions and lockdown measures. Mask usage varied considerably across countries, with the country average being greatest in Latin America, and
the country averages for lockdown measures and
mobility reductions were least in the East Asia
and Pacific region.
Impact Of Testing, Interventions, And
Other Factors Our models regress COVID-19
transmissibility (represented by the natural logarithm of the average reproduction number)
against the average intensity of the included interventions and factors. The estimated coefficients convey the size of impact of each factor,
and by exponentiating these coefficients, we obtain their percentage effect on the reproduction
number. The models also provide us with 95 perJ a n u a ry 2 0 2 1
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Exhibit 1
COVID-19 test-to-case ratios (TCRs) in selected countries and territories during the study period

SOURCE Authors’ estimates based on data obtained from multiple sources as described in eAppendix 1 (see note 15 in text), with
approximate estimate for China based on limited public data. NOTES The study period varies by country or territory and is from
the date of peak incidence in March to June 15, 2020 (for details, see eAppendix 1). Countries and territories are categorized by
their relative success in controlling COVID-19 spread, as reflected in their average reproduction number (R). The “elimination” category
represents those where levels were compatible with elimination, or R < 0:90, the “suppression” category represents those with
0:90 ≤ R < 0:95, the “containment” category represents those with 0:95 ≤ R < 1:05, and the “no control” category represents those with
R ≥ 1:05. US (48) indicates the contiguous 48 states.

cent confidence intervals for the effect sizes.
Our final model (model 2) fits the data well,
explaining 81 percent (adjusted R2 ¼ 0:81) of
the variation in average COVID-19 transmissibility across countries (full details on these estimates are in eAppendix 5, supplementary exhibit S10).15
Of all intervention measures, testing intensity
was the most influential and was highly significant (p < 10−16 ). Its effect is logarithmic, so a
tenfold increase in the TCR would reduce the
average reproduction number by 8.6 percent
(95% CI: 6.8, 10.3), and a hundredfold increase
would reduce it by 16.4 percent (95% CI: 13.1,
19.6; computed from the model 2 estimates reported in eAppendix 5, supplementary exhibit S10).15 Because TCR levels varied so much between countries, this translates into the largest
relative impact of all intervention measures. This
is shown in exhibit 2, which illustrates the relative impacts of key interventions and factors. In
contrast to the effect estimates discussed here
74
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and shown in eAppendix 5, supplementary exhibit S10,15 exhibit 2 uses the corresponding
standardized coefficients, which allow direct
comparison of their relative effects.
None of the other intervention measures was
statistically significant (p > 0:05), although
school closures and mask use were associated
with reductions in transmissibility. Increased
time spent at home was associated with increased transmissibility, although it was not statistically significant (p ¼ 0:15) (data not shown).
This was expected, as epidemiologists assume
that increased time at home leads to more transmission within households.29 However, there
was no reduction in transmissibility associated
with reduced time spent in nonresidential locations, implying that the mobility changes usually
associated with lockdowns increased overall
transmission globally, although none of these
effects was statistically significant.
Several of the ecological factors were associated with substantial and statistically significant
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Exhibit 2
Estimated relative effects of selected interventions and factors on COVID-19 transmissibility

SOURCE Authors’ calculations of effects in sampled countries and territories during the study period, using estimates from the final
model (model 2), as described in the text. NOTES The figure displays the standardized coefficients for each factor. These coefficients
represent the percentage effect on transmissibility, represented by the average reproduction number (R), of a 1-standard-deviation
increase in each factor, which allows direct comparison of their relative effect sizes. The whiskers indicate the twenty-fifth to seventyfifth percentiles or interquartile range (IQR) of the multiple imputation (MI) estimates of these standardized effects. Confidence
intervals are not displayed, as they cannot be reliably derived for standardized effects using MI. Because having universal Bacillus
Calmette-Guérin (BCG) vaccination or being a US territory (defined here to include both the US states and external US territories,
such as Guam) are binary outcomes for which standardized effects are not meaningful, the bars for these categories represent their
unadjusted effects and not the standardized effects, with the whiskers indicating the IQR of the MI estimates to provide some comparability with the other variables. Both the unadjusted estimates with confidence intervals and the standardized estimates with IQRs
are in eAppendix 5, supplementary exhibits S10 and S11 (see note 15 in text). The original coefficient for the test-to-case ratio was
significant (p < 10−16 ), as was that of gathering restrictions (p < 0:02), but for the other interventions, none was significant at the 0.10
level. PM 2.5 is a measure of fine particulate matter (air pollution).

protective effects. A 1°C increase in temperature
and a 1 percent increase in the share of the population that was elderly (age sixty-five or older)
reduced transmissibility by 0.4 percent (95% CI:
0.2, 0.5; p < 10−4 ) and 0.7 percent (95% CI: 0.3,
1.0; p < 10−4 ), respectively. Increases in the
share of the population that was ages 5–14 were
also protective, but this was not statistically significant (p ¼ 0:15). In contrast, air pollution,
urbanization, and poverty were associated with
statistically significant increases in transmission. A 1 micrometer per cubic meter increase
in fine particulate air pollution (PM2.5), a 1 percent increase in the urban share of the population, and a 1 percent increase in the percentage of
the population living below the $5.50 international poverty line were associated with 0.1 percent (95% CI: 0.0, 0.2; p ¼ 0:002), 0.1 percent
(95% CI: 0.0, 0.2; p ¼ 0:003), and 0.1 percent
(95% CI: 0.0, 0.2; p ¼ 0:02) increases in trans-

missibility, respectively.
In contrast, physical inactivity, specific and
relative humidity, latitude, and the various measures of health systems capacity, such as health
spending, hospital beds, and the IDVI and GHSI
indices were not associated with any statistically
significant effects (p > 0:20) during model
building (results not shown). Our general controls of life expectancy and per capita GDP also
exhibited no relationship with transmission
(joint F-test: p ¼ 0:70). All were dropped from
the final model.
Two results were unexpected. The March peak
incidence rate was highly influential, with a tenfold increase associated with a 7.4 percent
(95% CI: 5.6, 9.1; p < 10−6 ) reduction in transmissibility during the subsequent three months,
and universal BCG vaccination was associated
with a 4.2 percent increase (95% CI: 1.0, 7.7;
p ¼ 0:01).
J a n u a ry 2 0 2 1
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Exhibit 3
Simulated effects of changes in testing intensity on COVID-19 transmissibility

SOURCE Authors’ analysis using estimates from the final model (model 2), developed as described in
the text. NOTES The solid line indicates predicted levels of transmissibility, as represented by the
average reproduction number, at different levels of testing intensity (test-to-case ratio, or TCR)
when using model 2 results to simulate outcomes in a hypothetical country with median characteristics and levels of other interventions. The shaded region indicates the 95% confidence interval.
Estimates are displayed using a logarithmic scale.

In addition, increases in the days that public
gatherings of more than ten people were banned
(p ¼ 0:015) and increased distance from the
Wuhan epicenter (p ¼ 0:02) were significantly
associated with increases in transmissibility.
Being a US territory (defined here to include
both the US states and external US territories)
was also significantly associated with a 12.7 percent (95% CI: 6.5, 19.2; p < 10−4 ) increase in
transmissibility.
Simulations We explored our results using
counterfactual simulations (for full details, see
eAppendix 5).15 In a hypothetical country with
median levels of other interventions and characteristics, increasing testing intensity to TCR levels of 60 and above would have reduced the average reproduction number significantly below 1
(exhibit 3). Simulations also showed that increased testing might have reduced the reproduction number close to or below 1 in many
countries or territories, including Peru, Chile,
and Indonesia, where lockdowns failed to
achieve this (exhibit 4). Other simulations indicated that better performance in the East Asia
and Pacific region was driven primarily by greater testing and that other regions might have
done much better with a similar mix of testing,
masks, and mobility restrictions (eAppendix 5,
supplementary exhibit S9).15
Robustness Checks We undertook a range of
robustness checks to assess possible limitations
(eAppendix 4).15 These checks evaluated changes
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in parameter assumptions and samples, including the observation period, the exposure lag, and
the case threshold for including territories.
Throughout, our results remained robust, meaningful, and statistically significant. We evaluated
our choice of multiple imputation by reestimating models using only complete cases (countries
and territories with no missing data), which indicated that a complete case analysis would have
produced biased overestimates of testing’s impact. As linear regression assumes linear relationships, we also reestimated our results by
specifying the logged TCR with a restricted cubic
spline to allow it to have a nonlinear relationship, which showed that our estimated effect
holds across TCR levels of 1–1,000 (eAppendix 5,
supplementary exhibit S7).15
We also investigated our failure to detect net
benefits from mobility reductions associated
with lockdown measures; we were able to detect
net benefits, although not statistically significant ones, only in the World Bank’s Europe
and Central Asia region. We also confirmed a
beneficial impact in the group of eleven European countries where Seth Flaxman and colleagues8 previously reported that lockdown reduced transmission, indicating that our study is
picking up real geographical differences in lockdown impacts (eAppendix 4).15

Discussion
Unlike previous studies, our analysis explicitly
quantifies testing for COVID-19. Its strengths are
its comprehensive global sample, its accounting
for both interventions and ecological factors,
and extensive controls that minimize selection
and omitted variable bias. These may explain
why our results differ from those of previous
studies.
Although our finding of a strong association
between testing intensity and transmissibility
cannot prove causality, the robustness of the
relationship across countries and test-to-case ratio levels is consistent with a known mechanism.
Around half or more of COVID-19 transmission
is caused by people who are asymptomatic or
who have only minor symptoms; only increases
in PCR testing make it possible to increase detection and isolation of infectious cases and then
increase the numbers of their potentially infectious contacts who are isolated. This remains
the only known approach that blocks personto-person transmission sufficiently to stop the
epidemic.1
We lacked systematic data on who actually is
tested in different countries and what happens
after testing, so we did not adjust for this. However, as exhibit 5 illustrates, differences in test-
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Exhibit 4
Predicted effects of changes in testing intensity on COVID-19 transmissibility in selected countries and territories

SOURCE Authors’ analysis using estimates from the final model (model 2), developed as described in the text. NOTES Colored symbols
indicate the predicted levels of COVID-19 transmissibility, as represented by the average reproduction number, at different levels of
testing intensity (test-to-case ratio, or TCR) during the study period. The red circles represent the estimated actual average reproduction number during the study period; the teal circles represent the predicted changes from that value at TCR levels of 10, 20, 100,
and 1,000. The diamonds indicate the average reproduction number as predicted by model 2, for reference. US (48) indicates the
contiguous 48 states.

ing rates between countries are associated with
significant differences in how testing is targeted
and acted on and its likely impact on transmission. Where testing intensity was low, as in the
US (TCR = 11) and the UK (TCR = 15), testing
mostly diagnosed and isolated the most symptomatic cases; this use of testing has only a limited impact on transmission. Only with greater
testing can countries screen wider circles of
asymptomatic case contacts and lower the symptomatic threshold for testing individuals without
obvious exposure. At the most intensive testing
levels (TCR = 100–1,500), countries were either
actively encouraging anyone with respiratory
symptoms or fever to get tested or routinely testing such patients in addition to testing international arrivals and isolating and testing all case
contacts. Such countries tolerated very low positivity rates, to increase detection of cases in the

community. To the extent that such differences
explain differences in testing rates, they provide
the link between higher testing rates and more
effective control of COVID-19 transmission.
Our findings on the effects of temperature, air
pollution (PM2.5), and age structure confirm the
results of previous studies (see eAppendix 1).15
The role of air pollution may warrant more attention, as it may explain higher transmission
levels in countries such as India and Nepal, although we note that we used mostly 2018 pollution estimates, which overestimate 2020 levels
in most countries. However, our inability to detect additional effects of humidity and latitude
suggests that they do not have substantial effects
independent of temperature.
Our results strongly reject previous findings
that BCG vaccination is protective. We speculate
that earlier studies failed to adequately control
J a n u a ry 2 0 2 1
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Exhibit 5
COVID-19 testing practices in selected countries and territories during the study period, by average reproduction number
Symptomatic threshold for
testing of individuals without
exposure history

Country/territory

TCR

Elimination (R < 0.90)
Vietnam

1,410

A/FORS testing available and
allowed

Hong Kong

342

Australia

244

FORS patients routinely tested
in all public clinics and some
private clinics
A/FORS encouraged to test: high
levels of voluntary uptake

Taiwan

148

A/FORS encouraged to test

Germany

25

A/FORS encouraged to test:
uptake low to modest

102

Modest access to testing for
A/FORS through private
initiatives
Symptomatic cases not
encouraged to test; limited
community access

Extensive contact tracing: close
contacts isolated, but not
tested
Contact tracing limited or
suspended: close contacts not
tested

A/FORS not encouraged to test
with limited testing in practice
Capacity constraints typically
limited community access to
all but the most severely
symptomatic; long delays
common in receiving test
results
A/FORS not encouraged to test:
limited community access

Extensive contract tracing: close
contacts isolated and tested
Contact tracing decentralized
with uneven and limited
capacity: guidelines
recommend testing of close
contacts, but only partially
implemented
Contact tracing limited or largely
suspended: close contacts not
tested

18

Varying criteria for testing by
state: in practice, restrictions,
cost, availability, and social
factors result in low uptake

Indonesia

9

Access limited and not
encouraged; private testing
expensive

Peru

0.8

Limited community access and
polymerase chain reaction
testing

National policy to trace and
isolate close contacts, but
implementation varies, with
many places abandoning
efforts: partial coverage and
testing not the norm
National policy to trace, isolate,
and test close contacts: in
practice, limited capacity and
coverage
Contact tracing limited: close
contacts not tested

Suppression (0.90 ≤ R < 0.95)
Hawaii (US)

UK

15

Containment (0.95 ≤ R < 1.05)
Sri Lanka

42

US (48)

11

Sweden

7

No control (R ≥ 1.05)
India

Contact tracing

International arrivals

Extensive contact tracing: close
contacts quarantined and
tested
Extensive contact tracing: close
contacts isolated, tested if
symptomatic
Extensive contact tracing: close
contacts isolated and tested

All tested, mandatory 14dQI

Extensive contact tracing: close
contacts isolated and tested if
symptomatic
Extensive contact tracing: close
contacts quarantined and
tested

All tested, mandatory 14dI

Only if symptomatic during
mandatory 14dQ, but shift
toward universal testing,
varying by state
Only if symptomatic during
mandatory 14dQ
Mandatory 14dI

Mandatory 14dQI, but no
universal testing
No testing, no quarantine

All tested, mandatory 14dQI
No testing or isolation/
quarantine, except in a few
states

No testing, no quarantine

Symptomatic arrivals tested, but
isolation and quarantine
policies vary by state from 7
to 14 days

Arrivals to self-isolate, but no
routine testing (after June,
tested if not tested 1 week
before arrival)
Mandatory 14dQ, but no testing

SOURCE Authors’ assessment based on review of news media reports, official communications, and research literature. NOTES Details describe the typical situation during
the study period only. Countries and territories are categorized by level of control achieved according to their average reproduction number (R). US (48) indicates the
contiguous 48 states. TCR is test-to-case ratio. A/FORS denotes individuals who are asymptomatic or have fever or respiratory symptoms. 14dQI is 14-day quarantine/
isolation.
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for confounding factors. Our finding that economic and health capacities have no relationship
with transmission suggests that national
resources are not usually a constraint, and instead it is the strategies that countries choose
that matter. Surprisingly, the Global Health Security Index, which claims to assess countries’
capability to prevent and mitigate epidemics and
pandemics, and the Infectious Disease Vulnerability Index, which assesses countries’ vulnerability to transnational infectious disease outbreaks, exhibited no relationship with COVID19 transmissibility, indicating that they are poor
measures of capacity and vulnerability and
that other country characteristics need to be
looked at.
The findings that locations closer to Wuhan
and with worse COVID-19 outbreaks in March
did significantly better in subsequent control
of transmission are intriguing.We speculate that
in places that were closer to or confronted the
initial epidemic earlier, this engendered more
fear and forceful reactions by governments
and societies, which our data do not capture,
than in places that had time to habituate to the
threat.
The estimated effects of our two mobility measures are consistent with previous research in
that they confirm an increase in transmission
associated with time spent at home, but their
overall effect, which increases transmission except in Europe, was not. Although neither effect
was statistically significant, this may explain an
anomaly in current knowledge. Studies have
found that lockdowns and mobility reductions
slowed COVID-19 transmission in Europe and
North America,8–10 but no empirical analysis with
adequate controls has demonstrated net benefits
at the global level. Problematically, many countries elsewhere, such as India, Indonesia, Peru,
and Chile, failed to slow the epidemic with stringent lockdowns. In addition, a recent analysis of
OxCGRT data that evaluated the global impact of
nonpharmaceutical interventions found that the
evidence on impact of several lockdown-related
interventions was inconsistent and inconclusive.12 We offer three linked explanations, noting
that household transmission accounts for a substantial part of transmission in most countries.
First, in developing regions, where personal living space is less, there may be larger increases in
transmission at home during lockdowns. Second, outside developed regions, the necessities
of subsistence may make it more difficult for
people to remain in their homes. Third, home
confinement was only effective in achieving epidemic control in Wuhan when residents were
tested and quarantined if positive to prevent
them infecting other household members.30 In

many countries with ineffective lockdowns, the
mechanisms of testing, quarantine, and household support may be inadequate to obtain
substantial benefits. Given the economic costs,
better understanding of the performance of lockdowns in developing countries should be a global
research priority.

Policy Implications
Our findings indicate that there is no single optimal level of testing. At any level, increases in
testing further reduce transmission (exhibit 3).
When incidence is high and uncontrolled, all
measures, including testing, might need to be
intensified to achieve control and to make widespread testing and tracing feasible. When the
virus is close to elimination or the reproduction
number is substantially below 1, increases in
testing could be traded for relaxing other interventions, such as school and work closures,
mask wearing, and social distancing, as aptly
demonstrated by the sustained return to normalcy in countries with intensive testing, such as
China, New Zealand, and Vietnam.
At the same time, almost all countries that
reduced transmission to levels compatible with
elimination were testing at TCR levels of 100 and
above (exhibit 1). This implies that most benchmarks suggested by the WHO, the US government, and other agencies are inadequate. Given
the effectiveness of whatever other interventions
they were doing, most countries would likely
have needed a TCR of at least 100 to achieve
epidemic control. eAppendix 5, supplementary
exhibit S6,15 which shows that the bulk of all
deaths occurred in countries that tested at the
WHO benchmark level or lower, underlines this.
Our results imply that in strategies to “flatten
the curve,” which originated in the CDC’s pandemic influenza planning,7 critical care capacity
is the wrong threshold to target for COVID-19.
At high incidence rates, even the wealthiest nations, such as the US, UK, and Qatar, cannot
expand testing and tracing fast enough (or they
give up altogether) to achieve epidemic control.
Early and continuous aggressive testing to keep
incidence within the capacity to test, trace, and
isolate may be the best way to flatten the curve.

Conclusion
We provide empirical evidence that testing intensity was the common factor explaining the success of countries or territories that achieved
near-elimination, such as China, Cambodia,
and New Zealand, and the most important predictor of performance elsewhere. Given the costs
and uncertainties associated with other nonJ a n u a ry 2 0 21
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pharmaceutical interventions, a strategy that relies much more on increased testing and isolation deserves serious consideration and resource
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