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Background: Understanding the dynamics of the COVID-19 pandemic and evaluating the efficacy of con- 

trol measures requires knowledge of the number of infections over time. This number, however, often 

differs from the number of confirmed cases because of a large fraction of asymptomatic infections and 

different testing strategies. 

Methods: This study uses death count statistics, age-dependent infection fatality risks, and stochastic 

modeling to estimate the prevalence of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) 

infections among adults (aged 20 years or older) in 165 countries over time, from early 2020 until June 

25, 2021. The accuracy of the approach is confirmed through comparison with previous nationwide sero- 

prevalence surveys. 

Results: The estimates presented reveal that the fraction of infections that are detected vary widely over 

time and between countries, and hence confirmed cases alone often yield a false picture of the pandemic. 

As of June 25, 2021, the nationwide cumulative fraction of SARS-CoV-2 infections (cumulative infections 

relative to population size) was estimated as 98% (95% confidence interval [CI] 93–100%) for Peru, 83% 

(95% CI 61–94%) for Brazil, and 36% (95% CI 23–61%) for the United States. 

Conclusions: The time-resolved estimates presented expand the possibilities to study the factors that 

influenced and still influence the pandemic’s progression in 165 countries. 

© 2021 The Author. Published by Elsevier Ltd on behalf of International Society for Infectious Diseases. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Accurate estimates of the prevalence of severe acute respira- 

ory syndrome coronavirus 2 (SARS-CoV-2) in a population are 

eeded to evaluate disease control policies and test strategies, de- 

ermine the role of environmental factors, predict future disease 

pread, assess the risk of foreign travel, and determine vaccination 

eeds ( Nguimkeu and Tadadjeu, 2021; Pearce et al., 2020 ). Even if 

 retreat of the pandemic seems within reach in many countries, 

he efficacy of control measures in 2020 and 2021 and the envi- 

onmental, political, and societal factors that influenced the epi- 

emic’s progression in each country will undoubtedly be the topic 

f scholarly work for years to come. Because of the existence of 

 large fraction of asymptomatic cases as well as variation in re- 

orting, testing effort, and testing strategies (e.g., random versus 

ymptom triggered) ( Chow et al., 2020 ), reported case counts can- 

ot be directly converted to infection counts, and a comparison 

f confirmed case counts between countries is generally of lim- 
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ted informative value ( Lachmann et al., 2020 ). Large-scale sero- 

revalence surveys (e.g., using antibody tests) can yield informa- 

ion on the disease’s prevalence and cumulative number of infec- 

ions in a population, either directly or using dynamical modeling 

 Larremore et al., 2021 ). However, such surveys involve substan- 

ial financial and logistical challenges, and yield reliable prevalence 

stimates only near the periods covered by the surveys; preva- 

ence estimates based on seroprevalence surveys are thus largely 

estricted to short periods (e.g., Bogogiannidou et al., 2020; Le Vu 

t al., 2021; Merkely et al., 2020; Murhekar et al., 2021 ). 

In contrast to case reports, COVID-19-related death counts are 

enerally regarded as less sensitive to testing effort and testing 

trategy ( Flaxman et al., 2020; Lau et al., 2021; Lu et al., 2020;

augeri et al., 2020a ), and fortunately most countries have es- 

ablished nationwide continuous reporting mechanisms for COVID- 

9-related deaths. Hence, in principle, knowing the infection fa- 

ality risk (IFR; the probability of death following infection with 

ARS-CoV-2) should permit the conversion of death counts to in- 

ection counts ( Bohk-Ewald et al., 2020; Flaxman et al., 2020; Lu 

t al., 2020; Sánchez-Romero et al., 2021 ). The IFR of SARS-CoV- 

, however, depends strongly on the host’s age, and hence the ef- 
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ective IFR of the entire population depends on the population’s 

ge structure as well as the disease’s age distribution ( Dowd et al., 

020 ). Indeed, it was shown that the age dependency of the IFR, 

he age-dependency of SARS-CoV-2 prevalence, and the age struc- 

ure of the population are largely sufficient to explain variation in 

he effective IFR between countries ( Levin et al., 2020 ). This sug- 

ests that age-stratified death counts (or estimates thereof) should 

e used in conjunction with age-dependent IFRs to obtain an accu- 

ate estimate of infection counts. This approach has been success- 

ully used to estimate SARS-CoV-2 prevalence over time in Europe 

ntil May 4, 2020, on the basis of reported age-stratified death 

ounts ( Flaxman et al., 2020 ). In principle, one could also first de-

ermine the “effective” IFR (integrated over all ages) for the en- 

ire population and combine that effective IFR with total (non-age- 

tratified) death counts to estimate infection rates. This approach 

as taken by Sánchez-Romero et al. (2021) , who first estimated 

he effective IFR for various states in the United States on the ba- 

is of—among other factors—age-specific mortality data and then 

stimated the cumulative number of SARS-CoV-2 infections across 

he United States as of September 8, 2020. However, such an ef- 

ective IFR is specific to the population for which it was estimated, 

nd hence applying it to other countries—even if corrections are 

ade for the local population age structure, which is possible in 

he framework of Sánchez-Romero et al. (2021) —would fail to ac- 

ount for differences (or uncertainty) in the age distribution of in- 

ections or deaths. 

Unfortunately, age-stratified and time-resolved death statistics 

re not readily available for many countries with insufficiently 

omprehensive reporting, thus preventing the direct adoption of 

he above-mentioned approaches ( Flaxman et al., 2020; O’Driscoll 

t al., 2021 ). In cases where only total death counts (i.e., aggre- 

ated over all ages) are available, such as the ones disseminated 

y the World Health Organization, one needs to independently es- 

imate the age distribution of deaths (or infections) to convert to- 

al death counts to infection counts. Bohk-Ewald et al. (2020) dis- 

ggregated nationwide total death counts on the basis of a previ- 

usly determined global average age distribution of deaths to es- 

imate SARS-CoV-2 infections in 10 countries up to July 23, 2020. 

owever, using a global average age distribution of deaths ignores 

he fact that the age distribution of infections (and deaths) actually 

eeds to be adjusted for each country’s population age structure, 

ven if any given age group were to experience a similar exposure 

n each country. Furthermore, while the approaches used by Bohk- 

wald et al. (2020) and Sánchez-Romero et al. (2021) can account 

or the average time lag between infection and death, they can- 

ot account for its actual probability distribution and considerable 

pread around the mean ( Linton et al., 2020 ), which further com- 

licates the estimation of time-resolved infections from deaths. 

astly, all of the above-mentioned studies cover only an early por- 

ion of the pandemic ( Bohk-Ewald et al., 2020; Flaxman et al., 

020 ) or focus only on a single time point ( Sánchez-Romero et al.,

021 ), and focus on a small number of countries (1–11). 

This study addresses the above-mentioned challenges by lever- 

ging information on the age distribution of SARS-CoV-2 infections 

rom multiple countries with available age-stratified death reports 

o estimate the likely age-distribution of SARS-CoV-2 infections in 

ther countries, while accounting for each country’s population age 

tructure and for uncertainty due to additional unidentified factors. 

n the basis of these calibrations, national SARS-CoV-2 prevalences 

cumulative number of infections, weekly new infections, and ex- 

onential growth rate) are estimated over time, while each coun- 

ry’s population age structure, the likely age distribution of infec- 

ions, the age dependency of the IFR, and the variation in the time 

ag between infection and death are accounted for. The estimates 

re specific to adults aged 20 years or older, covering 165 coun- 

ries from early 2020 until June 25, 2021. The estimates are largely 
337 
onsistent with data from multiple previously published nation- 

ide seroprevalence surveys. Unless mentioned otherwise, in the 

ollowing, “infection,” “death,” and “vaccination” refer exclusively 

o SARS-CoV-2 infections, COVID-19-related deaths, and full vacci- 

ation against SARS-CoV-2, respectively. 

esults and discussion 

alibrating the age distribution of SARS-CoV-2 prevalence 

To calculate infection counts solely from total (i.e., non-age- 

tratified) death counts, while accounting for the age dependency 

f the IFR and each country’s population age structure, indepen- 

ent estimates of the ratios of infection risks between age groups 

i.e., the risk of infection in any one age group relative to any other 

ge group) are needed. To determine the general distribution of 

ge-specific infection risk ratios, this study analyzed weekly age- 

tratified COVID-19-related death reports from 15 countries around 

he world using a probabilistic model of Poisson-distributed time- 

elayed death counts (see “Methods” for details). Briefly, for any 

iven country c, any given week w, and any given age group g, 

he number of new infections during that week ( I c,w,g ) is assumed 

o be approximately equal to αc,g I c,w,r N c,g /N c,r , where r represents 

ome fixed reference age group, N c,g is the population size of age 

roup g, and αc,g is the relative risk of infection of an individual in 

ge group g compared with an individual in age group r. The ex- 

ected number of deaths in each age group 4 weeks later (roughly 

he average time lag between infection and death; Linton et al., 

020 ), denoted D c,w +4 ,g , was assumed to be I c,w,g R g , where R g is

he IFR for that age group. While R g could, in principle, also dif- 

er between countries, to date insufficient information is available 

or calibrating R g separately for each country (but see the discus- 

ion of caveats below). Age-specific IFRs were calculated before- 

and by averaging multiple IFR estimates reported in the litera- 

ure ( Levin et al., 2020; Linden et al., 2020; O’Driscoll et al., 2021; 

astor-Barriuso et al., 2020; Rinaldi and Paradisi, 2020; Salje et al., 

020 ). This calibration thus accounts for the age structure of each 

ountry, the age distribution of the disease in each country, and 

he age-dependency of the IFR. A critical assumption of the model 

s that, in any given country, nationwide age-specific infection risks 

ovary linearly between age groups over time (i.e., an increase of 

isease prevalence in one age group coincides with a proportional 

ncrease of prevalence in any other age group). This assumption is 

otivated by the observation that weekly nationwide death counts 

enerally covary strongly linearly between age groups ( Fig. 1 A and 

upplemental Figs. S1 and S2); the adequacy of this model is also 

onfirmed in retrospect (see below). For each country, the infec- 

ion risk ratios αc,g (for all g � = r) and the weekly infections in the

eference age group I c,w,r (one per week) were fitted to the age- 

tratified weekly death counts by a maximum-likelihood approach 

nd under the assumption that weekly death counts follow a Pois- 

on distribution. This stochastic model explained the data gener- 

lly well, with observed weekly death counts almost always falling 

ithin the 95% confidence interval of the model’s predictions (Sup- 

lemental Fig. S3). This supports the initial assumption that infec- 

ion risks covary approximately linearly between age groups over 

ime and suggests that country-specific but time-independent in- 

ection risk ratios are largely sufficient to describe the age distri- 

ution of SARS-CoV-2 infections in a country and over time. For 

ny given age group g, the fitted infection risk ratios αc,g differed 

etween countries but were generally of the same order of magni- 

ude ( Fig. 1 B). On the basis of this observation, and as explained in

he next section, it thus seems possible to approximately estimate 

he number of infections in any other country on the basis of total 

eath counts, the population’s age structure, and the pool of infec- 



S. Louca International Journal of Infectious Diseases 111 (2021) 336–346 

Fig. 1. Infection and death rates covary linearly between age groups. (A) Weekly reported COVID-19-related death counts in the United States in the age group from 70 

to 74 years (horizontal axis) and the age group from 50 to 54 years (vertical axis). Each point corresponds to a different week (defined here as a 7-day period). The linear 

regression line is shown for reference. For additional age groups and countries, see Supplemental Fig. S1. The strong colinearity of death rates between age groups suggests 

that infection risks also covary linearly between age groups. (B) Relative infection risks (relative to the age group from 70 to 74 years) for different countries estimated 

on the basis of death-stratified COVID-19-related death counts. Each column represents a different age group, and in each column each point represents a distinct country. 

Horizontal bars represent medians and boxes span 50% percentiles of the data. 

t

t

E

a

t

2

r

i

t

“

a

b  

d

E

w

u

f

m

i

o

t  

w

f

o

t

n

g

v

f

t  

r

c  

o

k

y

p

t

l

o

o

2

s

o

e

d

d

b

p

d

o

c

l

o

r

g

t

e

c

t

g

m

t

a

w

p

r

a

f

t

c

t

f

r  

S

o

6

a

t

p

s

S

ion risk ratios αc,g fitted above (accounting for the uncertainty in 

he latter due to unknown additional factors). 

stimating infection counts over time 

On the basis of the pool of fitted infection risk ratios, the same 

ge-dependent IFRs as used above, the probability distribution of 

ime lags between infection, disease onset, and death ( Linton et al., 

020 ), and total (non-age-stratified) COVID-19-related death count 

eports disseminated by the World Health Organization, the weekly 

nfection counts were estimated over time in each of 165 coun- 

ries that met certain data quality criteria (details are provided in 

Methods”). Briefly, for any given country c, any given week w, and 

ny given set of relative infection risks α1 , α2 , . . . , the total num- 

er of deaths during that week ( D c,w 

) was assumed to be Poisson

istributed with expectation given by 

 { D c,w 

} = 

L max ∑ 

k = L min 

I c,w −k,r δk 

∑ 

g 

R g αg 
N c,g 

N c,r 
, (1) 

here, as before, R g is the IFR for age group g, N c,g is the pop- 

lation size of age group g, δk is the probability that a fatal in- 

ection will result in death after k weeks, L min and L max are the 

inimum and maximum considered time lags (in weeks) between 

nfection and death, and I c,w,r is the (a priori unknown) number 

f new infections in the reference age group r during week w . For 

he second sum in Eq. (1) , only age groups of 20 years or older

ere considered (in 5-year intervals) because estimates of the in- 

ection risk ratios αg were unreliable for younger ages (because 

f low death counts) and because deaths among people younger 

han 20 years were numerically negligible compared with the total 

umber of deaths reported. The expected number of deaths in any 

iven week depends on the number of infections in multiple pre- 

ious weeks because of the variability of the time lag between in- 

ection and death (typically 2–6 weeks; Linton et al., 2020 ). Hence, 

he time series of observed weekly death counts ( D c, 1 , D c, 2 , . . . )

esults from a convolution (“blurring”) of the weekly infections 

ounts ( I c, 1 ,r , I c, 2 ,r , . . . ), making the estimation of the latter based

n the former a classical deconvolution problem, similar to those 

nown from electronic signal processing, financial time series anal- 

sis, or medical imaging ( Mendel, 1990; Wiener, 1964 ). Put sim- 

ly, deconvolution can be interpreted as an algebraic inversion of 

he operation of convolution, similar to inverting the matrix of a 

inear transformation. In contrast to estimation approaches based 

n fitting dynamical models (e.g., susceptible-infectious-recovered 
338 
r susceptible-exposed-infectious-recovered models) ( Baccini et al., 

021; Chow et al., 2020; Maugeri et al., 2020a; 2020b ), which as- 

ume a particular dynamical model for the epidemic’s growth and 

ften require a priori knowledge of several model parameters to 

nsure identifiability, time series deconvolution methods typically 

o not assume any particular dynamical model. Dynamics-agnostic 

econvolution methods, including the ones used here, can thus 

e applied to more complex epidemiological scenarios with no a 

riori knowledge of the possible dynamics. A major challenge in 

econvolution is to avoid overfitting, which can introduce spuri- 

us fluctuations in the estimated infection counts. Here, for every 

ountry c, the unknown I c,w,r were estimated by use of a deconvo- 

ution operation based on maximum likelihood. To avoid the risk 

f overfitting, infection counts were first estimated on a lower- 

esolution time grid, and then linearly interpolated onto a weekly 

rid (see “Methods” for details). The total number of new infec- 

ions among people aged 20 years or older during week w was 

stimated as I c,w 

= I c,w,r 
∑ 

g αg N c,g /N c,r . Cumulative (i.e., past and 

urrent) infection counts were calculated as incremental sums of 

he weekly infection count estimates. The epidemic’s exponential 

rowth rate over time was subsequently calculated from the esti- 

ated weekly infection counts on the basis of a Poisson distribu- 

ion model and using a sliding-window approach. 

Depending on the particular choice of infection risk ratios, the 

bove approach yielded different estimates for the weekly nation- 

ide infection counts, the cumulative infection counts, and the ex- 

onential growth rates over time. Uncertainty in the true infection 

isk ratios in any particular country stemming from non-modeled 

dditional factors was accounted for by random sampling from the 

ull distribution of fitted infection risk ratios (i.e., obtained from 

he various calibration countries) multiple times, and calculation of 

onfidence intervals of the predictions based on the obtained dis- 

ribution of estimates. Estimated weekly and cumulative infection 

ractions (i.e., relative to population size) and exponential growth 

ates over time are shown for a selection of countries in Fig. 2 and

upplemental Figs. S4, S5, S6, S7, and S8. A comprehensive report 

f estimates for all 165 countries is provided as Supplemental File 

. Global color maps of the latest estimates for all 165 countries 

re shown in Fig. 3 . 

To assess the accuracy of the approach described above, the es- 

imated cumulative infection fractions were compared with sero- 

revalence estimates from 22 previously published nationwide 

eroprevalence surveys across 14 countries (Supplemental Table 

1) ( Alharbi et al., 2021; Anand et al., 2020; Bogogiannidou et al., 
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Fig. 2. Estimated nationwide infection rates (adults aged 20 years or older). (A–E) Estimated nationwide weekly number of severe acute respiratory syndrome coron- 

avirus 2 (SARS-CoV-2) infections over time for Canada, the United States, Mexico, the United Kingdom, and Peru compared with weekly reported cases (blue curves). Black 

curves show prediction medians, and dark and light shades show the 50th and 95th percentiles of the predictions, respectively. Reported cases are shown 1 week earlier 

than actually reported (corresponding roughly to the average incubation time; Linton et al., 2020 ) for easier comparison with infection counts. (F–J) Estimated nationwide 

weekly fraction of new infections and fraction of reported cases (relative to population size) for the same countries as in A–E. (K–O) Estimated nationwide cumulative frac- 

tion of infections (cumulative infections divided by population size) for the same countries as in A–E. Circles show empirical nationwide prevalence estimates from published 

seroprevalence surveys for comparison (horizontal error bars denote survey date ranges, and vertical error bars denote 95% confidence intervals as reported by the original 

publications; details are provided in Supplemental Table S1). (P–T) Estimated exponential growth rate based on weekly infection counts for the same countries as in A–E. 

Horizontal axes are shown for reference. Each column shows estimates for a different country. All model estimates refer to adults aged 20 years or older, while reported 

cases (blue curves) refer to the entire population. Analogous plots for all 165 countries investigated are provided in Supplemental File 6. 

Fig. 3. Worldwide overview of latest estimates (adults aged 20 years or older). Global map of the latest estimated nationwide (A) cumulative (past and current) number 

of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infections, (B) cumulative fraction of infections, (infections relative to population size), (C) weekly fraction 

of new infections (relative to population size), and (D) current exponential growth rate. Dates of the estimations are given in the lower-right corner of each figure. Countries 

for which an estimation was not performed (e.g., because of insufficient data) are shown in gray. Analogous world maps for older dates are available in Supplemental File 6. 

339 
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020; Espenhain et al., 2021; Hallal et al., 2020; Le Vu et al., 2021;

erkely et al., 2020; Murhekar et al., 2020; 2021; Nah et al., 2021; 

oljak et al., 2021; Pollán et al., 2020; Reicher et al., 2021; Snoeck 

t al., 2020; Ward et al., 2020 ). Only surveys attempting to esti- 

ate nationwide seroprevalence in the general population (in par- 

icular, either using geographically or demographically stratified 

ampling or adjusting for sample demographics) were included. 

greement between model estimates and seroprevalence estimates 

as generally good: 16 of the 22 seroprevalence estimates (ac- 

ounting for the associated 95% confidence interval and the pe- 

iod of the underlying survey) overlapped with the model’s 95% 

onfidence intervals, with three nonoverlaps observed for Brazil, 

ne for Spain, one for the United Kingdom, and one for France 

Supplemental Fig. S4). When point estimates were compared (i.e., 

ot accounting for confidence intervals), the relative differences 

model estimate minus seroprevalence, divided by seroprevalence) 

ere mostly in the 25–50% range, although particularly high rela- 

ive differences were found for Brazil (170–180%), one time point 

n France (464%), and one time point in Greece (348%) (overview 

n Supplemental Table S1). Apart from the possibility of erroneous 

odel predictions (discussed extensively below), it should be kept 

n mind that seroprevalence surveys themselves yield only esti- 

ates of the cumulative fraction of infected individuals with an 

ssociated uncertainty interval, and that this uncertainty interval 

eed not always account for all sources of error. In particular, 

he deviations of the model from seroprevalence-based estimates 

ay partly be because antibody concentrations in infected indi- 

iduals (especially asymptomatic ones) can drop over time, ren- 

ering many of them seronegative ( Bolotin et al., 2021; La Marca 

t al., 2020; Long et al., 2020 ). Thus, previously infected individ- 

als may not all be recognized as such. This would be consis- 

ent with the fact that in all cases of major disagreement between 

odel predictions and seroprevalence estimates the former were 

reater than the latter. Furthermore, sensitivity and specificity es- 

imates for antibody tests performed in the laboratory or claimed 

y manufactures need not always apply in a community setting 

 La Marca et al., 2020 ), thus introducing biases in seroprevalence 

stimates despite nominal adjustments for sensitivity and speci- 

city. 

ase counts alone can yield wrong impressions 

Estimates of SARS-CoV-2 prevalence in a population can yield 

nsight into the epidemic’s scale and growth dynamics that may 

ot have been possible from reported cases alone. One reason is 

hat the fraction of infections that is detected and reported dif- 

ers greatly between countries and often varies greatly over time. 

ndeed, according to the present estimates, in most countries, re- 

orted case counts initially severely underestimated the actual 

umber of infections and often did not properly reflect the pro- 

ression of the epidemic, while in many countries more recent 

ase reports capture a much larger fraction of infections and more 

losely reflect the epidemic’s dynamics ( Figs. 2 A–E and Supple- 

ental Fig. S5). For example, in the United States, France, Sweden, 

elgium, Spain, the United Kingdom, and many other European 

ountries, reported cases reflected only a small fraction of infec- 

ions occurring in spring 2020, while most subsequent infections 

ere successfully detected. Nevertheless, in many countries, even 

ecent reported case counts poorly reflect the actual dynamics of 

he epidemic. For example, recent reported cases in Afghanistan, 

ngola, Brazil, Ecuador, Egypt, Guatemala, and Iran severely under- 

stimate the disease’s rapid ongoing growth, with nearly all infec- 

ions remaining undetected or unreported ( Fig. 4 ). Future investi- 

ations, enabled by the infection count estimates presented here, 

ight be able to identify the main factors (e.g., political, finan- 

ial, and organizational) driving the discrepancies between infec- 
340 
ions and reported cases, and might be able to suggest concrete 

teps to eliminate these discrepancies or correct for them. 

The above observations imply that comparisons of the epi- 

emic’s extent and progression between countries should prefer- 

bly be done on the basis of infection or death counts, rather than 

eported cases alone ( Flaxman et al., 2020; Sánchez-Romero et al., 

021 ). For example, as of June 25, 2021, the cumulative per-capita 

umber of cases reported for the Czech Republic (16%) and Slove- 

ia (12%) was much higher than for Paraguay (5.8%), Peru (6.3%), 

r Brazil (8.6%), while the median predicted cumulative infection 

ractions for the Czech Republic (52%) and Slovenia (38%) were 

uch lower than for Paraguay (86%), Peru (98%; Fig. 2 O), and Brazil 

83%) (Supplemental Figs. S6 and S7). Similarly, as of June 25, 2021, 

he cumulative per-capita number of cases reported for the United 

tates (10%) was much higher than for neighboring Mexico (2%), 

hile the median predicted cumulative infection fraction for the 

nited States (36%; Fig. 2 L) was much lower than for Mexico (77%; 

ig. 2 M). These examples highlight the value of considering actual 

nfection counts relative to population size when comparing the 

xtent of the epidemic and its relationship to public policy be- 

ween countries. Future investigations, enabled by the prevalence 

stimates presented here, may be able to identify concrete politi- 

al, environmental, and socioeconomic factors influencing the epi- 

emic’s growth. 

aveats 

The predictions presented here are subject to some impor- 

ant caveats. First, erroneous reporting of total COVID-19-related 

eaths will have a direct impact on the estimated infection counts. 

his caveat is particularly important for countries with less de- 

eloped medical or reporting infrastructure ( Bastos et al., 2021; 

eyissa et al., 2021; Galvêas et al., 2021; Lloyd-Sherlock et al., 

021; Natashekara, 2021; Veiga e Silva et al., 2020 ), as well as for 

ountries where reports may be censored or modified for politi- 

al reasons ( Kilani, 2021; Kobak, 2021 ). A general underreporting 

f total COVID-19-related deaths, as has been suspected, for exam- 

le, for Brazil ( Bastos et al., 2021; Veiga e Silva et al., 2020 ), Italy

 Ciminelli and Garcia-Mandicó, 2020 ), Turkey ( Kisa and Kisa, 2020 ), 

ndia ( Chatterjee, 2020 ), and Nigeria ( Ohia et al., 2020 ), would lead

o a roughly proportional underestimation of infections. Similarly, 

nconsistencies between countries and over time in the classifica- 

ion of the causes of death also have the potential to alter model 

redictions ( Feyissa et al., 2021; França et al., 2020; Leon et al., 

020; Singh, 2021 ). For example, it was pointed out that the United 

tates and Russia tend to use rather different criteria for identi- 

ying COVID-19 as the underlying cause of death, while Kyrgyzs- 

an and Kazakhstan modified their criteria several months into 

he pandemic ( Singh, 2021 ). Underreporting of COVID-19-related 

eaths may also explain why in some rare instances the number of 

eported positive cases substantially exceeds the estimated num- 

er of infections (e.g., for Singapore; Supplemental File 6). Com- 

arisons of results between countries should thus be done with 

are. In countries where COVID-19-related deaths are suspected of 

eing grossly misreported, excess death rates may provide an alter- 

ative means for obtaining accurate COVID-19-related death counts 

n future analyses ( Azofeifa et al., 2021; Beaney et al., 2020; Kobak, 

021 ). 

Second, systematic errors in the age-stratified death counts 

sed for model calibration (obtained from the COVerAGE-DB 

atabase; Riffe et al., 2021 ) could impact model predictions. For 

xample, a potentially more frequent erroneous attribution to al- 

ernative plausible causes of death (e.g., other respiratory disor- 

ers) in older patients could lead to a relative underreporting of 

OVID-19-related deaths in older age groups. Such an age bias 

ould lead to an underestimation of the infection risk ratios αc,g 
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Fig. 4. Case counts can suggest drastically different dynamics than infection counts. Nationwide predicted weekly number of new infections (black curves and shades) 

among adults aged 20 years or older and weekly reported cases (blue curves) for all ages over time in Afghanistan, Angola, Brazil, Colombia, Ecuador, Egypt, Guatemala, and 

Iran. Black curves show prediction medians, and dark and bright shades show 50% and 95% confidence intervals, respectively. For easier comparison, case counts are shifted 

backward by 1 week (corresponding roughly to the average incubation time; Linton et al., 2020 ). 
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n older age groups, essentially shifting the estimated age distri- 

ution of infections towards younger age groups. If such erroneous 

alibrations are subsequently used to estimate infections from to- 

al death count data, this would lead to an overestimation of in- 

ections because the IFR is lower at younger ages (recall that the 

umber of infections is approximately equal to the number of 

eaths divided by the IFR). Furthermore, while COVerAGE-DB is 

 rich and robust dataset, its age group harmonizations could, in 

rinciple, cause distortions in the age distribution of death counts. 

o assess whether these distortions are strong enough to sub- 

tantially influence the model calibrations, in this study calibra- 

ions were repeated with an independent dataset of national age- 

tratified death counts, available for a subset of countries, from the 

rench National Institute for Demographic Studies (INED). Across 

he two countries covered by both the INED and COVerAGE-DB and 

atisfying the same data criteria as in the earlier analyses, the in- 

ection risk ratios calibrated with the INED data were generally 

imilar to those calibrated with the COVerAGE-DB data (Supple- 

ental Fig. S9). 

Third, even if all data were error-free, the infection risk ratios 

re calibrated on the basis of available age-stratified death statis- 

ics from a limited number of countries, and may not apply to all 

ther countries (e.g., because of strong cultural differences). Un- 

ertainty associated with this extrapolation is accounted for by 

onsidering infection risk ratios calibrated to multiple alternative 

ountries from multiple continents (see “Methods”). 

Fourth, governmental policies implemented at various time 

oints could, in principle, change the infection risk ratios between 

ge groups over time; for example, the opening and closing of 

chools and universities, or allowing or prohibiting visits to nursing 

omes. To assess the extent of this possible caveat, here the weekly 

eath counts in each age group were compared with the total (age- 

ntegrated) weekly death counts over time (Supplemental Figs. S10 

nd S2). Age-specific and total death counts correlated strongly lin- 

arly over time in nearly all age groups and countries (Pearson 

orrelation coefficient 0.5 or greater in almost all cases), suggest- 

ng that in any given country the proportion of infections per age 

roup did not substantially vary over the course of the epidemic. 

urthermore, the predictions of the fitted models (which assume 

ime-independent infection risk ratios) were generally highly con- 
341 
istent with the age-stratified death counts (Supplemental Fig. S3), 

gain suggesting that time-independent (but country-dependent 

nd age-dependent) infection risk ratios provide a largely adequate 

odel for the age distribution of infections. 

Fifth, age-specific IFRs were obtained from studies in only a 

ew countries (mostly Western) and often based on a small subset 

f closely monitored cases (e.g., from the Diamond Princess cruise 

hip). These IFR estimates may not be accurate for all countries, 

specially countries with a very different medical infrastructure, 

ifferent sex ratios in the population, or a different prevalence of 

reexisting health conditions (e.g., diabetes), all of which can af- 

ect the IFR. That said, estimated trends over time within any given 

ountry, in particular exponential growth rates (e.g., Figs. 2 P–T), 

re unlikely to be substantially affected by such biases if the bi- 

ses remain relatively constant over time. For example, the expo- 

ential growth rates estimated here remained unchanged when al- 

ernative IFRs from the literature ( Levin et al., 2020; Linden et al., 

020; O’Driscoll et al., 2021; Pastor-Barriuso et al., 2020; Rinaldi 

nd Paradisi, 2020; Salje et al., 2020 ) were considered. To never- 

heless examine the robustness of estimated SARS-CoV-2 preva- 

ences against variations in the IFR, the above analyses were re- 

eated with consideration for each age group of a set of multiple 

FRs—that is, random sampling from the set of previously reported 

FRs ( Levin et al., 2020; Linden et al., 2020; O’Driscoll et al., 2021; 

astor-Barriuso et al., 2020; Rinaldi and Paradisi, 2020; Salje et al., 

020 )—rather than consideration of their mean. Median model pre- 

ictions remained nearly unchanged; however, the uncertainty (i.e., 

onfidence intervals) of the estimates increased (examples in Sup- 

lemental Fig. S11). 

Sixth, in countries where a large fraction of the population is 

ow vaccinated, attention should be given to the limitations and 

nterpretation of the model’s predictions for the recent periods of 

he pandemic. Indeed, while existing vaccines substantially reduce 

he probability of infection and death, none of them is 100% effec- 

ive ( Bermingham et al., 2021; Calzetta et al., 2021; Soiza et al., 

021 ). Because the IFR may differ between vaccinated and un- 

accinated individuals, conversion from death counts to infection 

ounts using IFRs originally determined for unvaccinated people 

ould lead to erroneous infection estimates. This error is relatively 

mall if vaccinated people represent only a small fraction of new 
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nfections, which, given that vaccination substantially reduces the 

isk of infection, is probably the case in the many countries where 

ost of the population is unvaccinated (as of June 25, 2021, 138 

f 145 considered countries with available vaccination data; Sup- 

lemental File 6). To further assess the implications of vaccination 

n infection estimates, consider the following back-of-the-envelope 

alculation. Let U be the ratio of vaccinated to unvaccinated in- 

ividuals, let Q be the risk of COVID-19-related death for a vac- 

inated individual relative to an unvaccinated one, and let ˜ D and 

 denote the number of deaths among vaccinated and unvacci- 

ated individuals, respectively (country and week indices are omit- 

ed here for notational simplicity). We have ˜ D /D ≈ QU, and hence 

he fraction of deaths attributed to vaccinated individuals is given 

y 

˜ D 

˜ D + D 

≈ QU 

QU + 1 

. (2) 

s of June 25, 2021, in nearly all countries most of the popula- 

ion had not been fully vaccinated (hence U < 1 ), exceptions being 

he Seychelles, Malta, Israel, Bahrain, Mongolia, Iceland, and Chile 

where U ranged between 1 and 2.2 on June 25, 2021). Field esti- 

ates for vaccine effectiveness against death generally range from 

6.7% in Israel ( Haas et al., 2021 ) to 98% in an Italian province

 Flacco et al., 2021 ) and 98.7% in the United States ( Vahidy et al.,

021 ) among fully vaccinated individuals, corresponding to Q in 

he range from 0.013 to 0.033. Hence, in nearly all countries (ex- 

ept the Seychelles, Malta, Israel, Bahrain, Mongolia, Iceland, and 

hile) vaccinated individuals likely account for less than 3.2% of 

he reported deaths in recent months (up until June 25, 2021), and 

ven less at earlier stages of the pandemic, where U � 1 . The in-

ection count estimates presented can thus be interpreted as ap- 

roximately corresponding to the unvaccinated part of the popu- 

ation (e.g., an estimate of 10 0 0 infections essentially means that 

mong the unvaccinated population there were about 10 0 0 infec- 

ions), which in turn likely accounts for the vast majority of infec- 

ions in most countries (as discussed above). 

onclusions 

This study presented estimates of the nationwide prevalence 

nd growth rate of SARS-CoV-2 infections over time in 165 coun- 

ries around the world based on official COVID-19-related death 

eports, age-specific IFRs, each country’s population age struc- 

ure, and the probability distribution of time lags between infec- 

ion and death. The complete report for all 165 countries is pro- 

ided as Supplemental File 6. These estimates are also provided as 

achine-readable tables (Supplemental Files 1–5) for convenient 

ownstream analyses; occasionally updated estimates are avail- 

ble at http://www.loucalab.com/archive/COVID19prevalence . De- 

pite a variety of assumptions and caveats, the estimates pre- 

ented are largely consistent with data from nationwide general- 

opulation seroprevalence surveys. The findings presented suggest 

hat while in many countries the detection of infections has greatly 

mproved, there are also numerous examples where even recent 

eported case counts do not properly reflect the epidemic’s dy- 

amics. In particular, comparisons between countries based on 

nfection counts can yield conclusions very different from those 

btained from comparisons based merely on reported cases. The 

resent work thus enables more precise assessments of the dis- 

ase’s past and ongoing progression, evaluation and improvement 

f public interventions and testing strategies, and estimation of 

orldwide vaccination needs. 
342 
ethods details 

ge-specific IFRs 

Age-specific IFRs were calculated on the basis of 

he following literature: Pastor-Barriuso et al. (2020) , 

evin et al. (2020) , Salje et al. (2020) , Rinaldi and Paradisi (2020) ,

’Driscoll et al. (2021) , and Linden et al. (2020) . For each age

roup considered, the average IFR across all of the aforemen- 

ioned published IFRs was used, after linear interpolation where 

ecessary (Supplemental Table S2). 

alibrating age-specific infection risk ratios 

The age-specific infection risk ratios were calibrated as fol- 

ows. Age-specific population sizes for each country (status 

019) were downloaded from the United Nations website ( https: 

/population.un.org/wpp/Download/Standard/CSV ) on October 23, 

020 ( DESA, 2019 ). Time series of nationwide cumulative COVID- 

9-related death counts grouped by 5-year age intervals were 

ownloaded on April 27, 2021, from COVerAGE-DB ( https://osf.io/ 

tnfh ), which is a database that gathers and curates official death 

ount statistics from multiple official sources ( Riffe et al., 2021 ). 

he last 7 days covered in the database were ignored to avoid 

otential biases caused by delays in death reporting. For each 

ountry included in COVerAGE-DB, and separately for each age 

roup, it was ensured that cumulative death counts are nonde- 

reasing (monotonic) over time by linear reinterpolation of death 

ounts at problematic time points. To avoid inaccurate calibrations 

ue to grossly problematic time series, any country for which the 

trongest violation in monotonicity (the largest decrease of cumu- 

ative deaths between any two time points for any age group con- 

idered) was greater than 1% of the maximum reported total cu- 

ulative deaths in that country (e.g., Canada) was omitted. For 

imilar reasons, countries for which an interpolation was needed 

either because of missing data or because of a violation of mono- 

onicity) in any considered age group over a time span greater than 

 weeks (e.g., Iceland) were also omitted. 

The remaining monotonized time series of cumulative deaths 

ere linearly interpolated onto a regular weekly time grid (i.e., in 

hich adjacent time points are 7 days apart); no extrapolation was 

erformed (i.e., only dates between the first and last available data 

oints were included). The weekly number of deaths in each age 

roup was calculated as the difference in cumulative deaths be- 

ween consecutive time points on the weekly grid. While some of 

he input time series are available at a daily resolution, a weekly 

iscretization was chosen here (a) to reduce time series noise and 

b) to “average out” the hard-to-model systematic variations in 

he epidemic’s dynamics between different days of the week (e.g., 

eekends vs. workdays). To ensure high accuracy of the calibrated 

nfection risk ratios, only countries for which COVerAGE-DB cov- 

red at least 20 weeks with at least 100 reported deaths each were 

ubsequently considered. 

For each considered country c, the “reference” age group r was 

et to the age group that had the highest cumulative number of 

eaths. Designation of a reference group is done mostly for no- 

ational simplicity and consistency, so that age-specific prevalence 

atios can all be defined relative to a common reference. For each 

ther age group g, the infection risk ratio αc,g (i.e., the probability 

f an individual in group g being infected relative to the probabil- 

ty of an individual in group r being infected) was estimated by 

se of a probabilistic model. According to this model, the number 

f deaths in group g during week w (denoted D c,w,g ) was Poisson 

istributed with expectation 

 c,w,r · αc,g · N c,g 

N c,r 
· R g 

R r 
, (3) 

http://www.loucalab.com/archive/COVID19prevalence
https://population.un.org/wpp/Download/Standard/CSV
https://osf.io/7tnfh
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here N c,g is the population size of age group g in country c, and 

 g is the IFR for age group g. Under this model, the maximum- 

ikelihood estimate for αc,g (i.e., given the weekly death count time 

eries) is given by 

ˆ c,g = 

∑ 

w 

D c,w,g 

∑ 

w 

D c,w,r 

N c,r 

N c,g 
· R r 

R g 
. (4) 

o avoid errors due to sampling noise, only weeks with at least 

00 reported deaths were considered in the sums in Eq. (4) . This 

hreshold was chosen as a reasonable compromise between data 

uality (requiring more deaths per week implies less sampling 

oise) and data quantity (requiring fewer deaths per week in- 

reases the number of weeks available for calibration). Further in- 

reasing this threshold to 200 deaths per week generally had neg- 

igible effects on the results (see examples in Supplemental Fig. 

12). Note that αc,g might alternatively be estimated as the slope 

f the least-squares linear regression: 

 c,w,g ∼ αc,g D c,w,r · N c,g 

N c,r 
· R c,g 

R c,r 
. (5) 

stimates obtained via linear regression were nearly identical to 

hose obtained with use of the aforementioned Poissonian model, 

uggesting that the estimates are not very sensitive to the precise 

ssumed distribution. 

To evaluate the model’s adequacy (explained below), this study 

lso estimated the weekly number of infections in the reference 

ge group, I c,w,r , via maximum likelihood based on a probabilistic 

odel in which D c,w,g was Poisson distributed with expectation 

 { D c,w,g } = R g I c,w −4 ,r ̂  αc,g 
N c,g 

N c,r 
. (6) 

nder this model, the maximum-likelihood estimate for I c,w −4 ,r is 

iven by 

ˆ 
 c,w −4 ,r = 

N c,r 

∑ 

g 

D c,w,g 

∑ 

g 

ˆ αc,g R g N c,g 

. (7) 

o evaluate the adequacy of the above stochastic model in explain- 

ng the original death count data, multiple hypothetical weekly 

eath counts were simulated for each age group, and the distribu- 

ion of simulated death counts was compared with the distribution 

f true death counts. Specifically, for each country c, week w, and 

ge group g, 100 random death counts ( ̃  D c,w,g ) were drawn from a 

oisson distribution with expectation 

 { ̃  D c,w,g } = R g ̂  I c,w −4 ,r ̂  αc,g 
N c,g 

N c,r 
. (8) 

edian simulated death counts and 50% and 95% equal-tailed con- 

dence intervals, along with the original death counts, are shown 

or various countries and age groups in Supplemental Fig. S3, from 

hich it can be seen that the model’s simulated time series are 

argely consistent with the original data. 

In the subsequent analyses, only infection risk ratios αc,g for 

hich the corresponding linear curve ( Eq. 5 ) achieved a coeffi- 

ient of determination ( R 2 ) greater than 0.5 were used (shown 

n Fig. 1 ) to avoid less accurately estimated infection risk ratios 

typically obtained from countries with low death rates). Infec- 

ion risk ratios meeting this quality threshold cover 15 countries: 

rgentina, Bangladesh, Brazil, Colombia, the Czech Republic, Ger- 

any, the United Kingdom, Hungary, India, Mexico, Paraguay, Peru, 

he Philippines, Ukraine, and the United States. 
343 
stimating infection counts from total death counts 

Time series of total (non-age-stratified) nationwide cumula- 

ive reported death and case counts were downloaded from the 

ebsite of the World Health Organization ( https://covid19.who.int/ 

able ) on July 20, 2021. The last 7 days covered in the database 

ere ignored to avoid potential biases caused by delays in case and 

eath reporting ( Lipsitch et al., 2015 ). Cumulative death and case 

ounts were made nondecreasing and interpolated onto a weekly 

ime grid as described above. Only countries that reported at least 

ne death per week for at least 10 weeks were included in the 

nalysis below. In addition, any country for which the strongest 

iolation in monotonicity was greater than 1% of the maximum re- 

orted total cumulative deaths in that country, or for which an 

nterpolation was needed (e.g., because of missing data) over a 

ime span greater than 5 weeks (as done above for the COVerAGE- 

B data), was omitted. For each country c, each week w, and 

ny particular choice of age-specific infection risk ratios α1 , α2 , . . . 

uniquely covering all ages 20 years and older), the number of in- 

ections was estimated as follows. Let N be the number of consec- 

tive weeks for which total deaths are reported. Let r denote some 

xed reference age group relative to which infection risk ratios are 

efined (i.e., such that αr = 1 ); here, ages 70–74 years were used 

s a reference. Let δk denote the probability that a fatal infection 

ill lead to death after k weeks, where k = L min , . . . , L max , where

 min is the minimum and L max is the maximum time lag consid- 

red. Let L := L max − L min + 1 . Let I c,w,r be the (a priori unknown)

umber of new infections occurring during week w in the refer- 

nce age group. The number of COVID-19-related deaths during 

eek w in age group g, denoted D c,w,g , was assumed to be Pois- 

on distributed with expectation given by 

 { D c,w,g } = 

L max ∑ 

k = L min 

I c,w −k,r δk R g αg 
N c,g 

N c,r 
. (9) 

he total number of deaths in week w, D c,w 

, is thus Poisson- 

istributed with expectation 

 { D c,w 

} = 

L max ∑ 

k = L min 

I c,w −k,r δk 

∑ 

g 

R g αg 
N c,g 

N c,r 
. (10) 

s explained earlier, only age groups 20 years and older were in- 

luded because infection risk ratios could not be reliably estimated 

or younger ages and because the contribution of younger ages 

o total death counts can be considered numerically negligible. 

he δk were calculated through 1,0 0 0,0 0 0 Monte Carlo simulations 

ased on the log-normal distribution models fitted by Linton et al. 

2020 , Table 2) for the time lags between infection and disease on- 

et and the time lags between disease onset and death, and un- 

er the assumption that the two time lags are independently dis- 

ributed (see Supplemental Table S3). The minimum and maximum 

ime lags considered were L min = 2 weeks and L max = 6 weeks be-

ause this range covers the bulk (approximately 90%) of cases and 

ecause further increasing L max or decreasing L min increases the 

idth of the convolution kernel, thus increasing the risk of intro- 

ucing spurious fluctuations in the estimated I c,w,r . The considered 

L min 
, . . . , δL max 

were normalized to have sum 1 to maintain consis- 

ency with the total IFR (i.e., summed over all time lags). 

Given the above model, the goal is to estimate the unknown 

eekly infection counts in the reference group, I c,w,r , from the 

ecorded weekly death counts, D c,w 

. This is a classical deconvolu- 

ion problem because each D c,w 

results from the additive effects of 

nfections from multiple preceding weeks ( Mendel, 1990; Wiener, 

964 ). Eq. (10) can be written abstractly in matrix form: 

 { D } = K · I , (11) 

here K is a convolution matrix of size N × (N + L − 1) , 

https://covid19.who.int/table
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δL max 
δL max −1 . . . δL min 

0 0 . . . 0 

0 δL max 
. . . δL min +1 δL min 

0 . . . 0 

0 0 . . . δL min +2 δL min +1 δL min 
. . . 0 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

0 0 . . . 0 0 0 . . . δL min

D is a column vector of size N listing the reported weekly death 

ounts D c, 1 , . . . , D c,N , and I is a column vector of size N + L − 1 list-

ng the unknown weekly infection counts I c, 1 −L max ,r , . . . , I c,N−L min ,r 
. 

or notational simplicity, the country index c is omitted from I , D , 

nd K , but keep in mind that I , D , and K refer to a specific coun-

ry. It is straightforward to show that, under the above model, the 

og-likelihood of the observed weekly death counts ( D ) is given by 

n L = 

N ∑ 

w =1 

[ D w 

ln (K I ) w 

− (K I ) w 

− ln (D w 

!) ] . (13) 

n principle, one could estimate the unknown vector I via max- 

mum likelihood. Indeed, the above log-likelihood is maximized 

hen the following condition is met: 

N ∑ 

 =1 

K w v = 

N ∑ 

w =1 

D w 

K w v 

(K I ) w 

(14) 

or all v ∈ { 1 , . . . , N + L − 1 } . A sufficient condition for Eq. (14) is

hat K I = D ; in other words, any vector ˆ I satisfying K ̂

 I = D is

 maximum-likelihood estimate. Such an estimate can be ob- 

ained using the Moore-Penrose pseudoinverse of K , denoted K 

+ 

 Moore, 1920; Penrose, 1955 ). Because K has linearly indepen- 

ent rows, its pseudoinverse is K 

+ = K 

T (KK 

T ) −1 , and hence set-

ing ˆ I := K 

+ D would satisfy K ̂

 I = D . However, because of known

ssues with inverting convolution matrices, such a naive estima- 

ion tends to introduce spurious fluctuations in the estimated I . 

ne approach is to reduce the temporal resolution of the esti- 

ated I , which effectively reduces the number of estimated free 

arameters ( Louca et al., 2019 ). Hence, instead of estimating I c,w,r 

eparately for each week, a coarser time grid was considered that 

as 4 times fewer time points than the original weekly time grid 

i.e., such that the infection count I c,w,r is freely estimated only ev- 

ry fourth week), while assuming linear variation between these 

ime points. This approach is a variant of constrained deconvolu- 

ion using spline functions, pioneered by Verotta (1993) and re- 

iewed by Madden et al. (1996) , using linear splines and maximiz- 

ng the likelihood function (thus accounting for the Poisson model 

escribed above) rather than minimizing the sum of squared resid- 

als (which assumes normally distributed data). For example, for 

n original weekly time series spanning 100 weeks, first the I c,w,r 

re estimated at about 100 / 4 discrete time points, each 4 weeks 

part, and then linear interpolation is used to obtain the remaining 

 c,w,r . Denoting by J the column vector listing the infection counts 

n this coarser time grid ( I c, 1 −L max ,r , I c, 1 −L max +4 ,r , . . . ), and by G the

atrix mapping J to I via linear interpolation (i.e., I = G J ), one thus

btains the following log-likelihood in terms of J : 

n L = 

N ∑ 

w =1 

[ D w 

ln (KG J ) w 

− (KG J ) w 

− ln (D w 

!) ] . (15) 

he corresponding maximum-likelihood estimate ˆ J can no longer 

e obtained simply by solving the equation KG ̂

 J = D because 

his linear problem is overdetermined (i.e., it is unlikely that a 
 

 can be found such that KG ̂

 J = D is exactly satisfied). However, 

n optimally approximate solution (in the least-squares sense), ˜ J , 

an be obtained by setting ˜ J := (KG ) + D . To determine the exact 

aximum-likelihood estimate ˆ J —that is, the J maximizing ln L in 

q. (15) —numerical optimization was used, as implemented in the 
344 
 

g 

R g αg 
N c,g 

N c,r 
, (12) 

 function nloptr::nloptr , while the aforementioned approxi- 

ation ̃

 J was used as a starting point. Subsequently setting ˆ I := G ̂J 

ielded an estimate for the weekly infections counts I c,w,r . The cor- 

esponding total number of weekly infections, ˆ I c,w 

, can be calcu- 

ated from the estimates ˆ I c,w,r as follows: 

ˆ 
 c,w 

= 

ˆ I c,w,r 

∑ 

g 

αg 
N c,g 

N c,r 
. (16) 

he corresponding cumulative number of total infections up until 

ny given week can be obtained by summing the weekly infection 

ounts. 

Exponential growth rates over time were estimated from the 

eekly infection counts by a sliding-window approach, as follows. 

n every sliding window (spanning 5 consecutive weeks), an expo- 

ential function of the form I(t) = Ae tλ was fitted, where t denotes 

he time in days and A and λ are unknown parameters (in particu- 

ar, λ is the exponential growth rate in that window). The param- 

ters A and λ were fitted via maximum likelihood, assuming that 

he total number of weekly infections, I c,w 

, was Poisson distributed 

ith expectation Ae t w λ. Under this model, the log-likelihood of the 

ata (more precisely, of the previously estimated weekly infection 

ounts) is 

n L = 

∑ 

w 

[
ˆ I c,w 

ln A + ̂

 I c,w 

λt w 

− Ae λt w − ln ( ̂ I c,w 

!) 
]
, (17) 

here w refers to iteration over all weeks in the specific sliding 

indow. The maximum-likelihood estimates of A and λ are ob- 

ained by solving ∂ ln L/∂λ = 0 and ∂ ln L/∂A = 0 , which quickly 

eads to the necessary condition 

∑ 

w 

e 
ˆ λt w 

∑ 

g 

t w 

e 
ˆ λt w 

·
∑ 

w 

t w ̂

 I c,w 

= 

∑ 

w 

ˆ I c,w 

. (18) 

q. (18) was solved numerically by the bisection method to obtain 

he maximum-likelihood estimate ˆ λ. 

To assess estimation uncertainties stemming from sampling 

tochasticity and uncertainties in the infection risk ratios, the 

bove estimations were repeated 100 times with use of alternative 

nfection risk ratios (for each age group drawn randomly from the 

et of infection risk ratios previously fitted to various countries) 

nd with replacement of the reported weekly death counts D c,w 

ith values drawn from a Poisson distribution with mean D c,w 

. 

ence, rather than point estimates, all predictions are reported in 

he form of medians and equal-tailed confidence intervals. Tables 

f all estimates for all countries considered up until June 25, 2021, 

re provided in Supplemental Files 1–5; a visual report is provided 

s Supplemental File 6. 

ssessing the robustness of COVerAGE-DB-based calibrations 

To examine whether the age harmonizations of COVerAGE- 

B death counts had a major impact on the calibrated infec- 

ion risk ratios ( αc,g ), the calibrations were also repeated with 

n independent dataset of national age-stratified death counts 

btained from the French INED at https://dc-covid.site.ined.fr/en/ 

ata/pooled-datafiles (accessed July 20, 2021). Only countries also 

ncluded in the calibrations described above and meeting the same 

https://dc-covid.site.ined.fr/en/data/pooled-datafiles
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ata size and quality criteria were considered (the United States 

nd Ukraine). Age groups g not intersecting with at least one fi- 

ite age interval in the INED database were also omitted from the 

omparison. Supplemental Fig. S9 shows the COVerAGE-DB-based 

nd INED-based calibrated infection risk ratios across all countries 

nd age groups considered; as can be seen, the two sets largely 

gree ( R 2 = 0 . 92 ), suggesting that COVerAGE-DB’s age harmoniza- 

ions did not substantially compromise the model calibrations. 

accination data 

Data on nationwide completed vaccinations per coun- 

ry over time were obtained from the GitHub reposi- 

ory of the Johns Hopkins Centers for Civic Impact at 

ttps://github.com/govex/COVID-19/blob/master/data _ tables/ 

accine _ data/global _ data/time _ series _ covid19 _ vaccine _ global.csv 

accessed July 20, 2021). Cumulative vaccination counts were 

onotonized and interpolated onto a weekly time grid as de- 

cribed above for the death count data. 
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Table S1: Previously published nationwide seroprevalence estimates, considered in this study for comparison (Sup-
plemental Figs. S4, S7, S11). Also listed are the start and end dates of the underlying surveys, whether the 95%
confidence interval of the predictions overlapped with the 95% confidence interval of the seroprevalence estimates, as
well as the relative error of the median predicted cumulative infection fraction at the time interval’s midpoint relative
to the seroprevalence point estimate.

CI95 relative
country start date end date seroprevalence (95% CI) ref. overlap error (%)
Brazil 2020-05-01 2020-05-15 0.014 (0.013–0.016) [2] no 226
Brazil 2020-05-14 2020-05-21 0.019 (0.017–0.022) [3] no 220
Brazil 2020-06-04 2020-06-07 0.031 (0.028–0.034) [3] no 208
Denmark 2020-08-01 2020-08-31 0.02 (0.017–0.024) [4] yes -16
Denmark 2020-10-01 2020-10-31 0.024 (0.019–0.028) [4] yes -18
Denmark 2020-12-01 2020-12-31 0.043 (0.034–0.051) [4] yes -8.3
France 2020-03-09 2020-03-15 0.0041 (0.0005–0.0088) [5] no 585
France 2020-04-06 2020-04-12 0.0414 (0.031–0.0499) [5] yes 34
France 2020-05-11 2020-05-17 0.0493 (0.0402–0.0589) [5] yes 33
Greece 2020-03-01 2020-03-31 0.0002 (0.00–0.00025) [6] yes 407
Greece 2020-04-01 2020-04-30 0.0025 (0.0002–0.005) [6] yes -36
Hungary 2020-05-01 2020-05-16 0.0068 (0.005–0.0086) [7] yes 49
India 2020-05-11 2020-06-04 0.0073 (0.0034–0.0113) [8] yes -42
India 2020-08-18 2020-09-20 0.066 (0.058–0.074) [9] yes -42
Israel 2020-06-28 2020-09-14 0.038 (0.037–0.040) [10] yes -23
Luxemburg 2020-04-16 2020-05-05 0.020586 (0.0134–0.0277) [11] yes 85
Saudi Arabia 2020-06-01 2020-11-30 0.109 (0.103–0.116) [12] yes 2.6
Slovenia 2020-04-20 2020-05-01 0.0093 (0.00–0.0265) [13] yes -5.2
Spain 2020-04-27 2020-05-11 0.046 (0.043–0.050) [14] no 112
South Korea 2020-09-24 2020-12-09 0.0039 (0.002–0.0058) [15] yes -42
United Kingdom 2020-06-20 2020-07-13 0.060 (0.058–0.061) [16] no 79
United States 2020-07-01 2020-07-31 0.093 (0.088–0.099) [17] yes 7.3
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Table S2: Age-specific infection fatality risks used in this study, obtained by averaging IFRs reported in multiple
previous studies (see Methods for details and sources).

age group (years) IFR (%)
0–4 0.0015
5–9 0.00257
10–14 0.0102
15–19 0.0102
20–24 0.0115
25–29 0.0143
30–34 0.0221
35–39 0.0384
40–44 0.0641
45–49 0.118
50–54 0.209
55–59 0.403
60–64 0.739
65–69 1.41
70–74 2.56
75–79 5.55
80–84 9.47
85–89 10.77
≥90 11.99

Table S3: Discretized probability distribution of the time lag between infection and COVID-19-induced death, as used
in this paper, calculated based on the log-normal models by [1]. Specifically, δk was calculated as the probability of
death occurring between 7 · δk − 3.5 and 7 · δk + 3.5 days from infection, conditioned on the infection being fatal,
with all δk subsequently normalized so that their sum is 1. Note that deaths are also possible at shorter or longer time
delays, albeit at much lower probabilities.

k δk

2 0.250
3 0.323
4 0.229
5 0.130
6 0.068
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