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Introduction

The effective reproductive number (R,) is a crucial indicator of the transmission dynamics of an epidemic. Its
importance has been reaffirmed during the ongoing SARS-CoV-2 pandemic in which it has been repeatedly
used to inform public health policy. Huisman and collaborators have proposed a robust method to estimate
R, using confirmation, hospitalization or death incidence data which is currently featured by Switzerland’s
Federal Office of Public Health in response to the SARS-CoV-2 pandemic (Huisman et al. 2020). Moreover,
Huisman and collaborators applied their method on SARS-CoV-2 case data from 170 countries and made the
results available in an online dashboard. However, for all but 3 of these 170 countries certain assumptions
were made that might affect the accuracy of the estimates. To be precise, the delay distributions between
onset of symptoms and observation was taken to be “gamma-distributed, with parameters taken from the
literature” (Huisman et al. 2020, 14). Ideally these distributions would be derived empirically from publicly
available line list data but unfortunately this type of information is rarely readily available.

The objective of this project was to find and explore line list data from different countries to build delay
distributions. As a result of said search we present here line list data for 12 countries and their corresponding
delay distributions. For each country we explore both the number of observations and the change in the
shape of the distributions through time. We also investigate the overall differences between the distributions
of the different countries. Finally we use these distributions to estimate the effective reproductive number
using the method described in Huisman et al. (2020), and contrast the results against the R, estimates using
the distributions taken from the literature.

Before we dive into the data let us give a quick overview of where these delay distributions come into
play in the method, and why they are important. Huisman’s method relies on EpiEstim, a method for R,
estimation using infection incidence time series (Cori et al. 2013). However, in an epidemic one is rarely able
to observe the infection events directly, and therefore it is very hard to obtain these infection incidence time
series. On the other hand, observing events that naturally follow infection like positive test confirmations,
hospitalizations or deaths, is much easier. Huisman’s method estimates the infection incidence time series by
deconvolving the observable events (confirmations, hospitalizations or deaths) time series using observation-
type and time specific delay distributions. The output (an estimate for the infection incidence time series)
is then used as an input for EpiEstim which in turn outputs an R, time series (Cori et al. 2013).

Evidence was found that model misspecification (e.g. having the “real” delay distributions be different from
the assumed ones) is only grave when the difference in mean is larger than 2 days (Huisman et al. 2020, 5).
Likewise, allowing for the delay distributions to vary through time only had a strong effect on the estimates
with large changes in the mean (Huisman et al. 2020, 5). Consequently, in order to know how much we can
trust the estimates under the assumed distributions, it is important to explore how different they are from
the empirical ones.

The data

The Global Health Data Set

Originally, the goal was to obtain the data from the Global Health (GH) data set, a collection of over 40
million SARS-CoV-2 cases from over 100 countries (Health 2021). Sadly more than half of the observations
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in this data set were not annotated with the onset of symptoms date (from now on referred to as “onset”),
making them useless for our purposes. The remaining observations that were annotated came from 37
countries, but only 9 of them had over 90 annotated observations.

Furthermore, upon inspecting the sources that the GH data set drew from, it became apparent that for some
countries (e.g., USA and Germany) the data was incomplete, meaning that although in the original source
there was data for every day since the beginning of the pandemic, the GH data set was missing data from
the most recent months.

Moreover, the examination of the original sources revealed some inconsistencies between data sets. These
can be partly explained by the fact that the GH data set is composed of multiple sources for each country
(newspaper articles, sub-national health authorities, etc.), but other differences were found to be irreconcil-
able. In the case of Mexico for example, all of the observations in the GH data have a confirmation date,
but in the original data set confirmation date is not even field. It is possible that there might have been
some translation mistakes since the original data sets are in the language of their country of origin, and as a
result incomplete or inaccurate data was logged into the GH data set (e.g. symptom onset date, or the date
in which the observation was logged in to the data set was taken to be the confirmation date). Overall this
and other inconsistencies weakened our trust in the GH data set. Nevertheless the GH data set proved to be
very useful because it provided a list of countries and sources for which a centralized and publicly available
line list data set was available.

Independent Line List Data Sets

Drawing inspiration from Sorci, Faivre, and Morand (2020), a research project which analyzed the correlation
between political, economical and health related variables and SARS-CoV-2 Case Fatality Rate (CFR), a
list of 21 countries was devised and for each country an extensive search for line list data was carried out.
This list included the countries for which we knew there was line list data (thanks to the GH data set) but
also incorporated additional countries such that the countries selected would represent a diverse sample in
terms of variables that were found to be correlated with CFR (Sorci, Faivre, and Morand 2020). Taking this
diversity into account is important because countries with a similar CFR profile might have similar delay
distributions; therefore if we only consider a homogeneous set of countries we might misleadingly conclude
that delay distributions across countries do not vary significantly.

The typical search consisted of (but was not limited to) surfing the web in search of the public institution
responsible for recording and/or reporting the SARS-CoV-2 cases and checking whether they had a publicly
available line list data set. Additionally an extensive search for literature that could provide line list data
was performed.

Through this systematic approach we found 7 countries which currently record and make available to the
public a line list data set (Disease Control and Prevention 2021; Secretaria de Salud 2021; Instituto Nacional
de Salud 2021; Ministerio de Salud 2021; Coordenacao-Geral do Programa Nacional de Imunizagoes 2021;
Department of Health 2021; Robert Koch-Instituts 2021). In addition, a publication that provides line list
data for 5 countries in the first few months of the epidemic was found (Berry et al. 2020). It is with these
8 data sets that we construct the following analyses in which we explore the completeness of the data and
their corresponding delay distributions.

The countries for which we found data were Argentina, Brazil, Colombia, Germany, Hong Kong, Japan,
Mainland China, Mexico, Philippines, South Korea, Singapore, and the United States of America. The CFR
values and profiles for these countries are shown in figures 2 and 3. A thorough explanation of the variables
in the CFR profiles can be found in the supplementary materials.

Five out of the 12 counties are in the Americas, 6 are in Asia and only 1 is in Europe (Figure 1). These 12
countries cover a wide range of CFR values and have very distinct CFR profiles (Figure 2 and 3), however
there is no obvious correlation between the CFR profiles and the observed distributions (Figure 5 and
Tables 1-3). We would have expected for example, that countries with a high number of hospital beds per
capita (one of the variables considered in the CFR profile) might have better infrastructure to treat and
test for cases thereby making the distributions of onset-confirmation, and onset-hospitalization narrower and



Figure 1: Map of countries for which we have line list data.
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Figure 2: Case fatality rate and beds per 1,000 individuals. Hong Kong is not shown as the variables were
only available for China.
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Figure 3: CFR profiles for 11 of the 12 countries. Hong Kong is not shown as the variables were only available
for China. Explanation of the variables is found in the supplementary materials.

more skewed to the left. Or we would have expected that countries with high incidence of risk factors like
chronic respiratory diseases (another variable considered in the CFR profile) to have shorter death-onset
distributions. However just by visually inspecting the CFR profiles and the distributions, these expected
trends are not apparent, but also they cannot be discarded as the number of countries considered is small
and the relationships were not formally tested (Tables 1-3).

Data exploration
Data completeness

The first thing that we explored in these data sets was their completeness relative to the case incidence of
each individual country. In the following figure we show for each country the number of new cases reported
and the number of annotated observations for each month since the beginning of the pandemic. New reported
cases were retrieved from the OWID data set (Hannah Ritchie and Roser 2020).

We can see that Japan, China, Singapore, South Korea and The Philippines only have annotated observations
for the first few months of the pandemic, since they correspond to the data obtained from Berry et al. (2020).
We can also see the different types of annotations that each data set provides. For countries like Argentina
we have death, hospitalization and confirmation dates available as opposed to countries like the USA where
only the confirmation date is provided. One can also see this in figure 5.

Figure 4 allows us to explore whether the amount of annotated observations is proportional to the number of
new cases or whether there is a limit to the amount of observations that can be reported. For the countries
for which we have pervasive annotation (data covering all months of the epidemic, e.g. Argentina, Brazil,
Colombia, Germany, Hong Kong, Mexico and the United States of America) it seems like the former is more
likely. It is worth noting that because some of these data sets are updated at the end of the month or on a
weekly /bi-weekly basis, the number of annotations in the last month (July 2021) appears to be truncated in
comparison to previous months.

To further explore the completeness of the data we sought to explore the fraction that the annotated ob-
servations per month represent relative to the number of reported cases per month. We thought this to be



S9sed pajejouue Jo IsquinN

200000
- 150000
- 100000

50000

-0

Brazil

| L0-Tcoe

| T0-TcoC

| L0-020¢

| T0-020¢

S9sed pajejouue Jo JaquinN

[fe} wn wn o
(=] (=] o (=)
b F F b
9] i nc 9]
o™ N — o
L L0-T20T
S —
A
—il
E—
= | 10-T20Z
——
i
M —
£ -
g —_—
< —_— |
L L0-0202
—
o
L T0-0202

S8Sed palejouue Jo JIsquinN

- 6e+05
- 4e+05
F2e+05

Colombia

TEEARY

| L0-TcoC

| T0-TcoC

| L0-0¢c0C

| T0-0c0C

S3SBD PajelouuR JO JaquInN

o o 9o 9o 9
o © o © o
mn ¥ ® & < o
L. L0-TcoC
| T0-TcoC
<
c
£
O
| L0-0c02
‘
e
| T0-0202
e —

S9sed palejouue Jo JsquinN

r 1500

Hong Kong

o

S o

=] =1

= el o
| L0-TeoC
| T0-TcoC
| L0-0c0C

= | T0-0202

S9SeJ pajejouue Jo JaquinN

200000

r 150000

r 100000
50000

Germany

L. L0-TcoZ

| T0-TcoC

| T0-0c0C

= | £0-0202

S9Sed pajejouue Jo JIsaquinN

4e+05

Mexico

1o} 1} re} =3
(=} o o o
T T T T
) [} @ )
™ ~ — o
v v f v
—F L0-T202
—
—
—
—
- | T0-Tc0C
—
—
—
—
—
| L0-0c0C
—
—
=]
L T0-020¢

S8sed pajejouue Jo JaquinN

o

S

«
L

100
ro

Japan

L L0-Tc0C

L T0-TcoC

L L0-0c0¢

.H

| T0-0202

S9Sed pajejouue Jo JIaquinN

o
o o
— n o
L ] :
| L0-TZ0Z
| T0-T202
@
o
Q
©
j=2)
£
@ | L0-0202
e ——
el ——
| T0-0202
—

S9sed pajejouue Jo IsquinN

n n (=]
(=] (=] (=]
+ + +
] ] o)
< ~N (=]
: ) T
| L0-T202
= | 10-Te0e
123
e
0
o —
2
= = | /0-020¢
| T0-0202

S9sed pajejouue Jo JIaquinN

o o o o
o o o o
o o o o
< (©] N - o
|.L0-T202
_T0-T20C
0
(4]
(=
‘a
g
=
o |.L0-0202
|.T0-0202

S9sed pajejouue Jo JaquinN

o o o
] « = o
v ' ' v
| L0-T20C
| T0-T20C
]
0
<
=
2
(%] | L0-020¢
—_—
| T0-020¢
—

mber of observations annotated with both onset and

1
confirmation date. The second darkest blue corresponds to the number of observations annotated with both

onset and hospitalization date. Finally the lightest blue corresponds to the number of observations annotated

Figure 4: Yellow bars correspond to new cases while blue bars correspond to different types of annotated
with death and onset date.
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an important dimension of the data because it could also uncover if there is a limit to the extent to which
annotations can be reported imposed by the intensity of the incidence (Supplementary Figure 1). For most
countries for which we have complete data, the fraction of annotated cases started very high at the beginning
of the epidemic but has now decreased and stayed constant, with the exception of countries like Colombia
which have kept a high percentage of annotated reporting (Supplementary Figure 1). It is also interesting to
see how for some months in some countries there is a larger number of annotated observations than newly
reported cases (Supplementary Figure 1). We observe this for the first few months of the epidemic, when
the number of new cases was still very low for all countries, hence the magnitude of the difference between
new cases and annotated cases is not so large. There could be many reasons for this phenomenon, including
the under-reporting of cases.



Country wise comparison of the delay distributions

Next we show the overall delay distributions for each country (the distributions considering observations
from all time points). Often there are outliers in the delay distributions, therefore to improve the clarity of
the figures we filtered out delays that were smaller or equal to 0 or larger/equal to 60 days. We also show
the statistics of these filtered distributions (Tables 1-3).

Distributions of delays
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Figure 5: Distribution of delays for every country. All delays are with respect to onset date. Dashed lines
indicate the mean of the distribution.

One can easily see the number of observations that inform these distributions which range from several million
(i.e., Argentina, Brazil, Colombia, Germany, USA, Mexico), to less than one hundred (i.e., South Korea).
Again this mostly reflects the fact that only 7 out of these 12 countries have data sets that are continuously
updated and made available to the public (namely Argentina, Brazil, Colombia, Germany, USA, Mexico and
Hong Kong).



Table 1: Statistics for the onset-confirmation delay distributions.

Country Number of observations | Mean | Median | Standard Deviation
Argentina 2144902 4.9 4.0 4.7
Brazil 1294856 6.5 5.0 5.2
China 922 6.3 5.0 4.5
Colombia 3842626 9.3 8.0 5.6
Germany 1397268 5.1 4.0 4.3
Hong Kong 8161 4.8 4.0 3.6
Japan 508 7.6 7.0 4.7
Philippines 7287 13.8 12.0 9.1
Singapore 284 6.6 5.5 5.0
South Korea 88 6.5 5.0 6.2
United States 2441933 4.1 3.0 4.6

Table 2: Statistics for the onset-hospitalization delay distributions.

Country Number of observations | Mean | Median | Standard Deviation
Argentina 141276 5.7 4 4.9
Brazil 1334758 8.2 8 5.2
China 622 4.8 4 4.1
Japan 110 6.3 5 5.6
Mexico 2104612 4.6 4 3.1
Philippines 10 7.2 7 1.2
Singapore 248 5.6 5 4.0
South Korea 36 4.2 3 3.4

Table 3: Statistics for the onset-death delay distributions.

Country Number of observations | Mean | Median | Standard Deviation
Argentina 87930 15.7 14 10.4
Brazil 476807 18.2 16 11.0
Colombia 117199 18.9 17 11.4
Mexico 212021 14.0 12 8.7




Huisman et al. (2020) assumed onset-confirmation, onset-hospitalization and onset-death distributions that
have means of 5.5, 5.1 and 15 days, and standard deviations of around 4, 4 and 7 respectively (Linton et
al. 2020; Bi et al. 2020; Pellis et al. 2020). By looking at the tables 1 through 3 we can already see that
most countries stay within a 2 days range of the assumed mean and also come close to the assumed standard
deviations. However there are some countries which show differences in mean larger than 2 days and also
significant differences in the standard deviations.

Colombia, Japan and The Philippines’ onset-confirmation delay distributions exhibit such divergences. In
the case of Colombia it is unclear whether we should trust this divergence since the distribution exhibits
a second mode that seems unnaturally large and is perhaps the product of some artifact. In the case of
Japan the small number of observations available makes it hard to draw any decisive conclusions about the
observed difference in means. In the case of the Philippines it is suspicious to see such a large difference in
mean and spread when compared to the other countries, but there is no special reason to doubt the veracity
of the data.

Brazil and The Philippines’ hospitalization-onset distributions exhibit differences in means larger than 2
days. However it’s hard to trust this difference in the case of the Philippines since the distribution is only
made up of 10 observations. Brazil and Mexico’s death-onset distributions show significant differences in
mean with respect to the assumed one. Furthermore all death-onset distributions show a larger standard
deviation than the assumed one, therefore taking into account the empirical delay distributions in the R,
estimation might have a significant effect on the estimates.

Variation of the delay distributions through time

Next we show the same distributions but now breaking them down by month. For clarity we filter out delays
of 30 days or larger for the confirmation and hospitalization distributions (Figure 6 and Supplementary
Figure 2). For the death delay distribution we filtered out delays of 60 day or larger (Supplementary Figure
3).

An important observation from these figures (Figure 6, Supplementary Figure 2 and 3) is that the delay
distributions are different in the first few months of the epidemic. Perhaps this is due to the fact that in the
first few months there were less cases, and hence the resulting distributions are more variable when compared
to later ones which are informed by more observations.

It is worth mentioning again that the reason why distribution in the month of July of 2021 appears to
be so irregular is the data sets were downloaded some time in the middle of the month and are therefore
incomplete.

Interestingly we can see the emergence of the secondary mode in the Colombian onset-confirmation distri-
butions around July of 2020. Again it remains unclear whether this reflects the underlying distribution of
delays or whether it is an artifact.

After an unstable period (1 to 5 months) most distributions settle down into a more stable form which does
not fluctuate much in terms of mean and standard deviation. This is more easily seen in the next figure
which shows the evolution of the mean and standard deviation of these distributions through time (Figure
7). As before, we only consider delays larger than 0 and smaller than 60 days.

For the onset-confirmation distributions we see that the mean tends to stay constant through time with
the exception of Hong Kong which exhibits a more erratic behavior (Figure 7). By looking at the traces of
the standard deviations for the onset-confirmation distributions for this country we can see that the spread
tends to vary more than in other countries (Figure 7). Because of this we expect that using the empirical
delay distributions to estimate R, for these countries will have a greater impact in the estimates.

In the onset-death and onset-hospitalization delay distributions the means are notoriously more stable than
in the onset-confirmation distributions. This trend is also observed in the traces for the standard deviation.
It is also interesting to note how for the onset-death distributions all country’s exhibit a slight increase in
mean over time, perhaps reflecting the accumulated expertise of the medical staff in treating SARS-CoV-2
patients.



Distribution of confirmation—onset delays broken down by month

Argentina Brazil China
2021-074 t—
e
e,
2021-01 .
el 0000
el e
et .,
e il 0
Cm——
e —— e
i —_—— -
2020-01 4
Colombia Germany Hong Kong
202107  m——— E =
e -
=—— =
—r—
2021-01 I e S, S el
I& s —————— > ——
———— — e —
eglii— o
T N, e ——
2020071 T ————— T ——— i P
R elili—— 00000 = [N
e
e ———— o
S —— | -
—-01 4 R g,
< 2020-01
c
§ Japan Philippines Singapore
2021-07 4
2021-01+4
2020-071
2020-01 _— - _—— —
South Korea United States 0 10 20 30
2021-07 4 P
o g
2020-07+ o ———
et
p—
el
2020-01 ] —E—— - ~—
0 10 20 30 0 10 20 30
Delay (days)

Figure 6: Distribution of confirmation-onset delays for every country for which there is data. The band

width used for the density estimation is 1.



Trace of the summary statistics through time
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Estimating I,

Finally in order to test the effect of using the empirical distributions that we found we estimated R, using
the method described in Huisman et al. (2020). For each country we do this using both the empirical delay
distributions and the fixed distributions and analyze the observed differences.

The fixed distributions (from now on referred to as fixed from the literature) are parameterized with the
means and standard deviations mentioned in the previous section (Linton et al. 2020; Bi et al. 2020; Pellis
et al. 2020). For the empirical distributions we consider both a gamma distribution parameterized by the
mean and standard deviation of the empirical delay distribution (from now on referred to as fixed empirical)
and the empirical distribution themselves (from now on referred to as variable empirical).

This analysis was only performed for countries for which we have pervasive reporting, namely we excluded
China, Japan, Philippines, Singapore and South Korea, because they only have data for the first few months
of the pandemic. Incidentally we will only estimate R, using confirmation and death incidence data. We
leave out hospitalization data because there is no readily available hospitalization incidence data for the
countries for which we have pervasive annotated observations (Mexico, Colombia, Brazil and Argentina).
Again to improve the quality of the delay distributions we filtered out delays that were smaller or equal to
0 or larger/equal to 60 days.

Onset-Confirmation R, estimates

USA, Argentina, Brazil, Hong Kong and Germany show onset-confirmation traces that are almost identical
regardless of whether we use the variable empirical distributions or the fixed from the literature (Figure
8). This is expected as their onset-confirmation distributions are very stable through time and resemble the
fixed from the literature delay distribution (they are within a 2 day window of the fixed from the literature
mean, which is 5.5). Perhaps the most notable differences between the traces are at the beginning of the
epidemic when the empirical delay distribution was much more unstable.

Interestingly, Hong Kong’s variable empirical R, trace shows larger divergences even though its empirical
delay distributions also resemble the assumed fixed delays distribution. This is perhaps due to the variation
in the construction of the delay distribution through time. Since Hong Kong has relatively few annotated
observations compared to the rest of the countries that we consider here the number of observations that
inform the distributions is small for each time window considered, making the distribution vary significantly
between them (Table 1).

Colombia’s variable empirical trace and fixed from the literature trace show significant divergences, which
was expected as both underlying distributions are very different. Furthermore the variable empirical trace
can hardly be approximated with a gamma distribution (Figure 5). On the other hand the fixed empirical
trace follows very closely the fixed from the literature trace, especially following the same pattern but with a
slight delay. This similarity is perhaps due to the fact that these distributions are both gamma distributions
(even if they differ significantly in mean and variance) as opposed to the empirical distribution which is
bimodal.

It is also interesting how both Brazil and Colombia show very wide confidence intervals in the variable
empirical traces. One probable explanation is that this uncertainty is caused by the larger spread in the
empirical delay distribution.

Onset-Death R, estimates

The differences between the fixed empirical and the variable empirical traces might be explained by the
variance induced by a low number of observations informing the distributions at each time window. This
would explain why the variable empirical traces for the onset-death R, estimates are so noisy, since the
onset-death distributions only have a couple hundred thousand observations per country as opposed to some
of the onset-confirmation distributions which have millions.

As with the onset-confirmation traces, the fixed empirical and the fixed from the literature traces follow the
same pattern but are slightly out of phase; shifted forward or backwards depending on whether the mean of
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the empirical distribution is larger or smaller than the mean of the assumed distribution.

Interestingly Mexico seems to be the exception with periods where the magnitude of the R, estimates vary
significantly between the fixed empirical and the fixed form the literature traces (Figure 9). These periods
seem to coincide with steep changes in the value of R, which hints at the possibility of this being an artifact
of the smoothing step in the method (Huisman et al. 2020, 22).

Conclusions

Out of the 12 countries for which we found reliable line list data, there were 7 for which there is pervasive
reporting of annotated cases. We found that the reporting of the annotated cases seems to be proportional
to the number of new cases. For the 12 countries we constructed type specific delay distributions and did an
analysis of the difference between these and the distributions reported in the literature (Linton et al. 2020;
Bi et al. 2020; Pellis et al. 2020). We found that there were noticeable differences, which implied that
using the empirical delay distributions might have a significant effect on the R, estimates of the effective
reproductive number. We also investigated whether these distributions have evolved throughout the course
of the pandemic and found that after the first few months all distributions adopt a stable form.

We made use of the onset-confirmation and onset-death delay distributions that we constructed to estimate
R, for 7 out of the 12 countries and found that even when the difference between the mean of the empirical
and the assumed distribution is larger than 2 days the estimates are quite similar. We also found that the
R, estimates derived from using variable empirical delay distributions makes the estimates very noisy unless
there are many available annotated observations.

In the case of Colombia’s onset-confirmation distribution, there are many available observations at every
time window to construct the time varying delay distributions but the estimates become noisy because the
empirical distribution is bi-modal, which presumably makes the resulting distributions subject to noise from
sampling more observations from one mode or the other. The fact that we don’t observe this noise when
using a fixed delay distribution parametrized by the mean and variance of the empirical onset-confirmation
distribution, further supports this hypothesis.

Moreover it is hypothesized that abrupt changes in the value of R, might make the signal more sensitive to
changes in the delay distribution, like we can see for Mexico’s fixed empirical and fixed from the literature R,
estimates (Figure 9). Overall these findings show the importance of exploring the distributions of different
countries in order to verify the assumed delay distributions used in the method proposed in Huisman et al.
(2020).
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Supplementary Material

The CFR profile was composed of the following variables:

total_cases_p10k and CFR are the the number of accumulated cases over time per 10,000 inhabitants
in each country and the Case Fatality Rate (number of deaths by COVID divided by the number of
cases) respectively (Hannah Ritchie and Roser 2020).

cardiovascular_diseases, chronic_respiratory_diseases and total_cancers values are DALYs
per 100,000 population in 2019 (Disease Collaborative Network 2020). Disability Adjusted Life Years
(DALYs) are measuring lost health and are a standardized metric that allow for direct comparisons
of disease burdens of different diseases across countries, between different populations, and over time.
Conceptually, one DALY is the equivalent of losing one year in good health because of either premature
death or disease or disability. One DALY represents one lost year of healthy life. This variable was
found to be positively correlated with CFR, (Sorci, Faivre, and Morand 2020).

GDPpc in US dollars in 2020. This variable was found to be positively correlated with CFR (Sorci,
Faivre, and Morand 2020; Bank 2021).

lev_dem each country receives a Polity IV score, which goes from —10 (full autocracy) to 10 (full
democracy) 2015. This variable was found to be positively correlated with CFR, (Sorci, Faivre, and
Morand 2020; Roser 2013).

year indicates the year for which beds_per_1000, the number of hospital beds per 1000 individuals
corresponds to. This variable was found to be negatively correlated with CFR (Sorci, Faivre, and
Morand 2020; Bank 2021).
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Distribution of hospitalization—onset delays broken down by month
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Figure 11: / Supplementary Figure 2. Distribution of hospitalization-onset delays for every country for
which the is data.
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Distribution of death—onset delays broken down by month
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Figure 12: / Supplementary Figure 3. Distribution of death-onset delays for every country for which the is
data.
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