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Abstract

Since the beginning of the coronavirus disease 2019 (COVID-19) pandemic, daily counts of
confirmed cases and deaths have been publicly reported in real-time to control the virus
spread. However, substantial undocumented infections have obscured the true size of the
currently infected population, which is arguably the most critical number for public health pol-
icy decisions. We developed a machine learning framework to estimate time courses of
actual new COVID-19 cases and current infections in all 50 U.S. states and the 50 most
infected countries from reported test results and deaths. Using published epidemiological
parameters, our algorithm optimized slowly varying daily ascertainment rates and a time
course of currently infected cases each day. Severe under-ascertainment of COVID-19
cases was found to be universal across U.S. states and countries worldwide. In 25 out of the
50 countries, actual cumulative cases were estimated to be 5-20 times greater than the con-
firmed cases. Our estimates of cumulative incidence were in line with the existing seroprev-
alence rates in 46 U.S. states. Our framework projected for countries like Belgium, Brazil,
and the U.S. that ~10% of the population has been infected once. In the U.S. states like Lou-
isiana, Georgia, and Florida, more than 4% of the population was estimated to be currently
infected, as of September 3, 2020, while in New York this fraction is 0.12%. The estimation
of the actual fraction of currently infected people is crucial for any definition of public health
policies, which up to this point may have been misguided by the reliance on confirmed
cases.

Introduction

Since its initial spread in China in December 2019, the coronavirus disease 2019 (COVID-19)
has caused more than 860,000 confirmed deaths all over the world as of September 3, 2020 [1],
and it continues to threaten the whole population most of which remain susceptible to infec-
tion by the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2). As an effort to
contain the virus, the daily counts of laboratory-confirmed cases and deaths have been publicly
reported in real-time [2]. However, substantial undocumented infections have obscured the
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that no competing interests exist March or April 2020 [4, 5]. A recent nationwide study estimated that only 9.2% of actual infec-
tions were laboratory-confirmed in the U.S. until July 2020 [6]. More importantly, we still do
not know how many individuals are currently infected in many countries and regions. The
currently infected population is the cause of future infections and deaths. Its actual size in a
region is a crucial variable required when determining the severity of COVID-19 and building
strategies against regional outbreaks.

The daily counts of confirmed COVID-19 cases and deaths alone possess incomplete infor-
mation on the relative abundance of epidemiological compartments of a population that is sus-
ceptible, infected, recovered, or deceased. Whether to be confirmed or not adds another layer
of complexity to the categories of infected, recovered, or deceased compartments (Fig 1). In
addition to the under-ascertainment, several limitations in the reported data make it challeng-
ing to estimate the number of currently infected cases: recovery events are not tracked in most
countries; there are time delays between infection onset and laboratory-confirmation [3]; and
even the death tolls are suggested to be under-reported in some regions [7, 8].
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Fig 1. Undocumented COVID-19 cases. In an epidemic process, a population is categorized into susceptible, infected, deceased, or recovered individuals.
Counts of confirmed COVID-19 cases, deaths, and recoveries are insufficient to calculate the number of currently infected individuals (purple dotted box)
because of substantial undocumented infections not captured by diagnostic tests. The input to the proposed framework is the daily counts of confirmed
new cases and deaths (black boxes). Using pandemic parameters such as the Infection-Fatality-Rate and the mean duration periods from infection to death
and recovery, the framework estimates the counts of actual new cases (red dotted box) and currently infected individuals.

https://doi.org/10.1371/journal.pone.0246772.9001
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Key epidemiological parameters such as the Infection-Fatality-Rate (IFR) give us a clue to
fill the gap between confirmed and actual infections, under the assumption that the number of
undocumented deaths is negligible (Fig 1). The IFR of COVID-19 has been a focus of intensive
research, yet studies from different locations and times have not reached a consensus estimate
[9]. A recent large seroprevalence study in 133 cities of Brazil presented an IFR estimate of
1.0% [10]. In a different approach, a study analyzed early pandemic data in China combined
with the prevalence obtained by PCR-testing of the entire international resident population
repatriated from China. The authors’ estimate of the IFR was 0.66% with a wide band of uncer-
tainty (0.39%-1.33%, 95%-confidence interval) [11]. The same study also reported the mean
duration from onset of symptoms to death or recovery (17.8 and 24.7 days, respectively) based
on individual-level data.

This study presents machine learning-based estimates of actual sizes of currently infected
populations in select countries and all 50 U.S. states. These fractions of infected people are
derived by estimating daily ascertainment rates and subsequently adjusting the under-reported
COVID-19 cases. The estimates are based on publicly available datasets of daily confirmed
cases and deaths, and published estimates of key pandemic parameters. Using the proposed
pipeline, an online repository presents visualizations of daily updates on the estimated actual
fraction of infected people for the 50 countries with the most confirmed cases and for all
50 U.S. states [12].

Methods

For this computational study, we used the dataset of confirmed cases and deaths for countries
taken from the repository by the Center for Systems Science and Engineering (CSSE) at Johns
Hopkins University [2], and the dataset for U.S. states taken from the COVID Tracking Project
[13].

To infer the actual number of infections across countries and regions, we utilized the epide-
miological estimates of the IFR and the mean duration from the symptom onset to death or
recovery presented by [11]. The IFR is known to heavily depend on age groups [11] and would
vary across countries with different age distributions. Therefore, applying the above IFR esti-
mate to a region with an extremely young or old population will be inappropriate. But, consid-
ering the estimate’s large estimation uncertainty as shown in the above, the confidence interval
is expected to cover the true IFRs of most countries and U.S. states.

Our computational pipeline started with initial estimates of time courses of actual new
infections and new recoveries, derived from the daily confirmed deaths, the IFR estimate, and
the mean duration from infection to death and recovery (S1 Fig). The estimated new infections
led to two other initial estimates: a daily ascertainment rate that is the ratio of confirmed new
infections to the estimated new infections, and the number of currently infected cases each
day. Then a regression model was applied to find a functional relation of the daily infected
cases to the daily ascertainment rates, accounting for a common temporal trend of under-
reporting shown in both of the daily ascertainment rate and the ratio of confirmed cases to
infected cases. Employing the expectation-maximization (EM) algorithm, the pipeline itera-
tively updated the time courses of ascertainment rates, new infections, and currently infected
cases based on each other until convergence to obtain final estimates. The same EM iterations
were applied with the lower/upper limits of the IFR estimate to obtain upper/lower 95%-confi-
dence limits of the estimated number of infections, respectively (S1 Fig, See S1 Appendix for
method details).

The estimates of the actual number of infections were validated using seroprevalence data
from the large-scale surveys conducted by the Centers for Disease Control and Prevention
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(CDC), New York state, and a recent nationwide study [4-6, 14]. The surveys collected blood
samples in multiple U.S. states and tested for antibodies to SARS-CoV-2 to estimate the pro-
portion of people who were previously infected. The CDC, New York state and the recent
study presented statewide seroprevalence estimates for five, one, and 46 U.S. states, respec-
tively. The seroprevalence rates at different times were compared with the computationally
estimated cumulative incidence rates on the date one-week prior to the mid-points of the
blood collection periods, accounting for time delays from infection to antibody detection.

Results

In comparison with the seroprevalence in six U.S. states presented by the CDC and New York
state, overall the described pipeline yielded accurate estimates of cumulative incidence, with
the exception of Utah (Fig 2A). The estimated cumulative incidence in New York by April 17,
was 9.6% (5.2%-15.7%), which was in line with a seroprevalence of 14.0% (NYS), although the
estimate had a large uncertainty originating in the wide confidence interval of the IFR esti-
mate. The cumulative incidence rates in Washington state were 0.6% (0.5%-0.7%) and 1.9%
(1.2%-2.9%) by March 21 and April 27, respectively, which were close to the seroprevalence of
1.1% and 2.1% surveyed in western Washington state measured one week later. The estimated
incidence rate of 3.7% (1.9%-6.3%) in Connecticut by April 23, was in line with the seropreva-
lence of 4.9% in the first round, while the incidence estimate of 12.3% (6.1%-20.8%) by May
17, differed from a seroprevalence of 5.2% in the second round. As some studies reported that
the antibodies decreased over time in some patients [15, 16], the second round seroprevalence
rates in the four states seemed to be unstable. Indeed, the rates became even smaller than the
first round in Utah and remained almost the same in Connecticut and Missouri. In compari-
son to the seroprevalence rates in the first round in Louisiana and Missouri, the cuamulative
incidence rates seemed to be slightly underestimated. In Utah, the estimates and seropreva-
lence rates showed prominent discrepancy, where the significantly low incidence estimate by
April 20 suggested a possibility of under-reported death tolls.

The recent nationwide serologic survey tested for SARS-CoV-2 antibodies in randomly
sampled patients receiving dialysis during July 2020, using a more accurate antibody test [6].
Given that both of seroprevalence estimates and our cumulative incidence estimates showed
wide 95%-confidence intervals ranging ~10%, the estimated cumulative incidence rates were
in line with the seroprevalence rates in 45 states and Washington D.C. with few exceptions
such as New York and New Jersey (Fig 2B). The two measures of actual infection showed a
Pearson correlation of 73% (P-value < 0.0001). Since our estimates are based on the assump-
tion that the number of deaths is accurate, the under-estimated incidence rate for New York
by July 8, 2020 (19.4%) compared to the seroprevalence (33.6%) supported a previous report of
considerably under-reported COVID-19 deaths in New York [7].

Applied across countries and U.S. states, the proposed framework estimated actual time
courses of new infections and currently infected cases. In early April, the U.S. reported
~30,000 daily confirmed cases. In striking contrast, the proposed estimation suggested a num-
ber of actual daily cases of more than 400,000, showing that the daily ascertainment at that
time was less than 10% (Fig 3A). As of September 3, 2020, 0.9% (0.5%-1.6%) of the U.S. popu-
lation was estimated to be currently infected. In Brazil, the under-reporting was also severe
early in the pandemic, and only gradually improved over time, as in the U.S. As a result, the
peak in actual daily cases seemed to have occurred between June 1 and June 8, 2020, reaching
nearly 250,000 cases in contrast to ~25,000 confirmed daily cases (Fig 3B). This time of the
peak in new infections was earlier than the peak in confirmed cases, which fell between July 27
to August 3. The currently infected cases in Brazil were estimated to be 2.3% (1.1%-3.9%) of
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Fig 2. Validation of prediction framework using seroprevalence rates in U.S. states. (A) Seroprevalence rates in six
U.S. states (black) surveyed until May 2020, are overlaid on computationally estimated time courses of cumulative
incidence rates (red) from March 13 to September 3, 2020, for New York, Washington state, Connecticut, Louisiana,
Missouri, and Utah from upper-left to lower-right. The indicated date of the seroprevalence rate is the mid-point of the
serum collection period. The corresponding cumulative incidence estimate is on the date one-week prior to the date of
the seroprevalence rate to account for time delays from infection to antibody detection. Error bars and shaded bands
indicate 95% confidence intervals. (B) The Y-axis shows the seroprevalence rates in adult (>18 years) populations of
45 U.S. states and Washington D.C. estimated from a nationwide plasma sample (n = 28,503) of patients on dialysis
during July 2020. The X-axis shows the computationally estimated cumulative incidence rates for the states on July 8,
2020, that is one week prior to the mid-point of the plasma sample collection period, July 2020.

https://doi.org/10.1371/journal.pone.0246772.9002
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Fig 3. Estimated time courses of actual new cases and current infections. 7-day rolling-averaged counts of daily confirmed new cases and deaths (left) until
September 3, 2020, for the U.S. (A), Brazil (B), and Louisiana (C). An estimate of new cases (middle) is the under-reporting-adjusted number of newly infected
individuals each day. An estimate of current infections (right) is the under-reporting-adjusted number of infected individuals who have not yet been recovered or
deceased. Shaded bands indicate 95%-confidence intervals.

https://doi.org/10.1371/journal.pone.0246772.9003

the total population as of September 3, 2020. Among U.S. states, Louisiana showed the highest
estimated fraction of currently infected people, 6.9% (3.7%-11.3%) as of September 3, 2020
(Fig 3C). The first peak in the daily new cases in Louisiana was ~1,500 around April 6, but the
actual new cases at that time were estimated to be already more than 30,000, indicating the
severity of under-reporting in Louisiana during the month of April.

The severe under-ascertainment was universal across the 50 countries with the most con-
firmed cases and 50 U.S. states. The ascertainment rates for the whole period until September
3, 2020, widely varied from 5% in Italy to 99% in Qatar, and from 8% in Connecticut to 71% in
Alaska (Fig 4A). Among them, 25 countries, 19 U.S. states, and Washington D.C. showed an
ascertainment rate less than 20% for the entire time of the pandemic. Focusing on only the
past two weeks the ascertainment rates unfortunately have not improved much in these coun-
tries, while the recent rates of U.S. states increased overall as of September 3, 2020. Interest-
ingly, many of the countries with high ascertainment rates from the beginning of the outbreak
were the ones that previously experienced Middle East respiratory syndrome coronavirus.

The under-reporting adjustment allowed us to monitor the actual severity of the virus
spread across countries and U.S. states, and especially the estimated sizes of currently infected
populations helped to identify fast-changing COVID-19 hotspots. In Peru, Belgium, and Bra-
zil, more than 10% of the population were estimated to be once infected as of September 3,
2020 (Fig 4B). Across U.S. states, the cumulative incidence rates ranged from 28.2% (14.0%-
47.7%) in New Jersey to 0.9% (0.6%-1.5%) in Hawaii (Fig 4B). As of September 3, 2020,

PLOS ONE | https://doi.org/10.1371/journal.pone.0246772 February 8, 2021 6/10


https://doi.org/10.1371/journal.pone.0246772.g003
https://doi.org/10.1371/journal.pone.0246772

PLOS ONE Estimation of the fraction of COVID-19 infected people

A
= As of 2020-09-03 As of 2020-09-03
100 100
2 P
8 80 ) § 80
£ 60 § S 60
£ 40 58 40
L Al ﬁ i
o I 3
g O,mmmﬁmﬁ i 5B aﬁﬂ““ ‘
< TEcenE
As of 2020-09-03 As of 2020-09-03
100 100
g
@ 80 o5 80
© £
% 60 £2 60
c QN
@ Ex
Ew 88 40
g 3 V
" mam "
S "
o of )
G2SEISr2S8=5350Z 880U NGSZrs2S9K2r 95355983 5Q7FYRe5TY S2I@E3529¥8YEE35253398K8 $592022TQZ88%FOX
B Under-reporting-adjusted Total COVID-19 Cases Currently Infected COVID-19 Cases
As of 2020-09-03 As of 2020-09-03
525 s
T2 T
3 3
$ li““ 4
n- ii“ :
3 iii : ii
£ S2
“w 5 —
<)
; 0 ““Hﬁlilﬁﬁﬁiﬁ ik L e <0 Hﬁ H““ﬁﬁ“ﬁi‘-—‘-u' e Ll 7 il
T
Under-reporting-adjusted Total COVID-19 Cases Currently Infected COVID-19 Cases
As of 2020-09-03 As of 2020-09-03
50
84 So
kS kS
=3 3
Qo (= 1]
& £e
) )
< £
* ]H Lﬁﬁiﬁi “iiiii
& £
0 L iiiiﬁ iiiiiii iiiiiiiiiiﬂnﬁi.n 0 iiiiiiiiﬁiiiiilf PRI ERTEEEEEEEEE PR
C As of 2020-09-03, corr = -0.98, P=0 As of 2020-09-03, corr = -0.97, P=0
RE o Netherlands I A10_0 BTN
g T i 2 .
2 G P 2 75
© @ (Franc T e
o 10 o o pe
= . 2 50 :
© & - ; 3 © e (no
w 5 L Morocco ] Philippines i oo~ -
o [ — i 0 - azakhstan - (Saud Avabia) (Sraos) o 25 i &
8 *Se o & : \@ W {United Arab Emirates ) (Qatar) 8 o
0 (fee) ® (a0 ® 0.0
0 20 40 60 80 100 0 20 40 60 80
Ascertainment Rate (%) Ascertainment Rate (%)

Fig 4. Estimates of ascertainment rates, cumulative incidence rates, and actual fractions of current infections in 50 countries and 50 U.S.
states. (A) Estimates of ascertainment rates for the whole period until September 3, 2020 (left), and recent ascertainment rates (August 21-
September 3, 2020) (right), in 50 countries with the most confirmed cases (upper) and 50 U.S. states (lower). (B) Cumulative incidence rates
(left), and percentages of currently infected individuals in each population (right) in the 50 countries (upper) and 50 U.S. states (lower). Error
bars indicate 95%-confidence intervals. (C) Scatter plots between the crude case-fatality-rates and the ascertainment rates for the 50 countries
(left) and 50 U.S. states (right). Spearman rank correlations and their P-values are shown.

https://doi.org/10.1371/journal.pone.0246772.9g004
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COVID-19 hotspots among U.S. states were estimated to be Louisiana, Georgia, and Florida,
where currently infected cases were estimated to be more than 4%.

The estimated fractions of current infections differentiated New Jersey from New York,
both of which experienced severe early outbreaks (Fig 4B). The confirmed new cases per
100,000 population were 3.8 in New Jersey and 3.7 in New York as of September 3, 2020, sug-
gesting that the virus spread was under control in both states. However, because of the differ-
ences in recent ascertainment rates between the two states (Fig 4A) the fractions of currently
infected people were 1.05% (0.52%-1.78%) in New Jersey and 0.12% (0.06%-0.20%) in New
York, as of September 3, 2020. This reveals New Jersey as still with a considerable infected pop-
ulation whereas New York has become one of the safest states.

Since the beginning of the COVID-19 pandemic, the Case-Fatality-Rates (CFRs) have dis-
played huge differences between countries, adding confusion to how deadly SARS-CoV-2 is.
The crude CFRs, which are the ratios of total confirmed deaths to total confirmed cases, ran-
ged from 13.0% in Italy to 0.05% in Singapore as of September 3, 2020. Our analysis now
reveals that the variation on CFR reports across the countries and U.S. states is primarily asso-
ciated with the massive differences in ascertainment rates between the locations (Fig 4C). The
Spearman rank correlations between CFR and ascertainment rate were -98% and -97% (P-
values < 0.0001) for the analyzed countries and the U.S. states, respectively. After adjustment
for the under-reporting, the inferred IFRs, which were based on the assumed IFR 0.66%, did
not correlate with the ascertainment rates (S2 Fig). Thus, a high CFR in a region is shown to
be a result of severe under-reporting of the cases.

Discussion

We presented machine learning-based estimates of daily counts of actual COVID-19 infections
and currently infected cases across U.S. states and countries. Our cumulative incidence esti-
mates were close to existing seroprevalence estimates for U.S. states with a few exceptions. In
comparison with recently published seroprevalence rates for 46 U.S. states, our cumulative
incidence estimates showed no systematic deviation from the seroprevalence, which indicated
that the employed IFR estimate showed unbiased performance. Our analyses strongly sup-
ported the conclusion from the seroprevalence surveys, demonstrating that the severe under-
ascertainment was universal across U.S. states and countries. In many regions, recent ascer-
tainment rates were still low and our report showed how many infections should have been
identified.

Unlike seroprevalence surveys, our computational approach provides daily updated esti-
mates across U.S. states and countries worldwide. More importantly, our framework estimates
the actual fraction of currently infected people in each region. To our knowledge this is the
first model to provide this prediction. The estimated number of current infections can serve as
an initial target in planning effective contact tracing. Since the developed pipeline requires
simple input, it is widely applicable to more granular analyses of specific regions or communi-
ties, for which the number of confirmed cases and deaths are being tracked.

The proposed estimation heavily relies on the published estimate of the IFR, which is
known to have a large uncertainty. Our estimates of actual cases would become more accurate
if the IFR estimate were optimized to a specific region and its uncertainty could be reduced.
Depending on available datasets in each region, the estimation of actual cases can be improved
by augmenting more information such as daily positivity rates of diagnostic testing or daily
hospitalized cases.

Estimating actual numbers of COVID-19 infections based on under-reported limited data
has been a challenging task, especially since some regions display diverse dynamic patterns in
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the infections and ascertainment rates. Therefore, the quality of the presented estimates may
be poor for some U.S. states or countries. The plausibility of estimated time courses of cur-
rently infected cases can be assessed by daily rates of deaths among the infected people. A large
variation in the daily death rates may indicate inaccuracy in the estimated time course. In the
online repository since September 22, 2020, the estimation quality based on the daily death
rates were annotated to indicate a few poor estimates among all the regions [12]. As the pan-
demic progresses, the pipeline would need to be adapted to the increasing complexity of the
infection data.

In conclusion, this study demonstrates that severe under-ascertainment has obscured the
true severity of widespread COVID-19 all over the world. In the majority of the 50 countries,
actual cumulative cases were estimated to be 5-20 times greater than the confirmed cases.
Given that the confirmed cases only capture the tip of the iceberg in the middle of the pan-
demic, the estimated sizes of current infections in this study provide crucial information to
determine the regional severity of COVID-19 that can be misguided by the confirmed cases.

Supporting information

S1 Fig. Workflow to estimate time courses of actual infections. (A) Expectation-maximiza-
tion (EM) iteration to update latent time courses involved in actual infections. (B) Workflow
of initialization, EM iterations, and calculation of confidence intervals.

(PDF)

S2 Fig. Inferred infection-fatality rates and ascertainment rates. Scatter plots between the
inferred infection-fatality-rates (IFR) and the whole period ascertainment rates for the 50
countries (left) and 50 U.S. states (right). The inferred IFR is the ratio of total confirmed deaths
to the under-reporting-adjusted total number of cases on a date 18-day before, accounting for
the mean duration from infection to death. Spearman rank correlations and their P-values are
shown.

(PDF)

S1 Appendix. Supplementary methods.
(PDF)
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