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Abstract: The coronavirus disease 2019 (COVID-19) pandemic has caused a tremendous impact on
human society. It is important to predict or estimate the spreading speed of the virus, that is, the
proportion of the population being infected in the first year of the pandemic, or the infection attack
rate (IAR) in 2020. In this work, we reviewed estimates published in high-profile journals and
concluded that the IAR was less than or close to 1/3 in most of the countries/regions. These estimates
were built on various data and statistical and mathematical methods. Interestingly, this value was in
line with an early prediction by He et al., posted online on 27 March 2020.
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1. Introduction

The COVID-19 pandemic, caused by the severe acute respiratory syndrome coronavirus 2 (SARS-
COV-2), is the largest global health crisis since the 1968 influenza A/H3N2 pandemic [1].

There are significant differences in the initial stage of the epidemic in different countries which
are related to the time of virus transmission, population size, susceptibility, and implementation of
prevention and control measures. For example, although European countries and China did not have
many deaths in the early stage of the epidemic, they took very early prevention and control measures;
South Korea, on the other hand, quickly adopted strict epidemic prevention measures before the large-
scale spread of the virus. Comparatively speaking, the United States began to take effective measures
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after many deaths [2]. These differences directly affect the estimation of the early infection rate,
indicating the profound impact of prevention and control strategies, time nodes, and social structure
on the development of the epidemic.

With the continuous development of the epidemic, vaccination is considered the key measure to
curb the spread of COVID-19. Pfizer and BioNTech successfully developed the first new coronavirus
vaccine in December 2020 [3]. Vaccination plays an important role in improving the immunity of the
population and reducing the transmission speed of SARS-CoV-2 in the population. However, due to
differences in vaccination rates, virus variants, and prevention and control strategies between countries,
the contribution of vaccination to mass immunization varies significantly in different countries and
regions. Therefore, the popularity of vaccination not only affects the control of the epidemic but also
affects the estimation of the infection rate at a later stage. Consequently, the estimation of cumulative
infection rates after vaccine rollout may be biased if pre-vaccination infection levels are overlooked.
Although many studies have focused on the data after the vaccine, the infection rate before the vaccine
is still critical because it directly affects the prediction of the level of population immunity, the
transmission path of the epidemic, and the future evolution of the virus. Especially in the early stage
of the epidemic, the transmission characteristics of the virus, the viral load, and the prevention and
control measures in different countries have an important impact on the estimation of the infection rate.
Therefore, paying special attention to the pre-vaccination infection rate is necessary to guarantee an
accurate assessment of the epidemic situation and provide more accurate data for the future pandemic
prevention and control strategy.

When estimating the cumulative infection rate of COVID-19, the selected detection method,
sample data, and estimation model will affect the accuracy of the results. It is critical to choose the
appropriate detection method, because different detection methods may lead to different results, which
will affect the estimation of the real infection. At present, the main detection methods of COVID-19
include polymerase chain reaction (PCR) detection and serological detection. The accuracy of PCR
detection depends on whether the sample contains enough viral genome and the sensitivity of the
reverse transcription-polymerase chain reaction (RT-PCR) [4]. However, in the early stage of infection,
especially when the viral load is low, PCR detection may not be able to accurately detect the virus,
which leads to the potential infections, and mild patients may be missed, thus underestimating the
actual number of infections. Therefore, PCR detection carries a significant risk of false negatives,
particularly during the early stage of infection. In contrast, serological tests identify people who have
been infected by detecting the immune response (such as antibodies) of the human body to it. Generally,
serological tests can detect three types of antibodies: immunoglobulin G (IgG), immunoglobulin M
(IgM), and immunoglobulin A (IgA). However, due to the lag of antibodies, individuals may not have
produced enough antibodies in the post-infection window (i.e., within the first two weeks after
infection), which may lead to the failure of early infected individuals to be detected [5]. Therefore,
serological tests may underestimate the early infection rate, especially when there is not enough
immune response. To weaken the negative impact of the limitations of these detection methods on the
estimation of cumulative infection rate, some studies chose to combine the reported case data and
serological data for mathematical modeling and improve the accuracy of estimation by integrating
different data sources. These methods provide a more comprehensive estimate of the infection rate and
transmission trend, and they are an important basis for global epidemic assessment and the
optimization of prevention and control strategies.

In addition, the selection of different types of sample data may significantly affect the estimation
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of the cumulative infection rate. For example, antibody detection data may be less sensitive to
asymptomatic or slightly infected individuals, resulting in an underestimate of the actual infection
rate [6]. The references selected in this study cover various data types, including blood donor serum
samples, external antibody detection data, case report data, cross-sectional survey data, case detection
and PCR data, model prediction data, and census or large-scale sample data, among others. Each data
type may have different bias problems in the process of sample selection and data collection, which
will be discussed in detail later.

The methods for estimating the cumulative infection rate can be roughly divided into two
categories: the direct estimation methods and indirect estimation methods. Direct estimation methods
include multiplying the positive rate of serum by the total population, enzyme-linked immunosorbent
assay (ELISA) optical density ratio, Bayesian mixture model, and so forth. The indirect estimation
methods reversely calculate the number of infections through death data or estimates the infection by
combining Monte Carlo simulation with death data and serum positivity. Some researchers used
external data calibration to compare different serological surveys, CDC data, and other official records
to verify the accuracy of the estimated results. In addition, because the antibody level gradually
declined over time, studies using antibody detection data pay special attention to this factor. In the
estimation process, the researchers corrected the effect of antibody decline by adjusting the exposure
estimation and serum positive rate. For example, the Rogan-Gladen estimator [7] is widely used in
serological research to adjust the sensitivity and specificity of the test to improve the accuracy of serum
positive rate estimation. There are significant differences in the statistical test methods. For example,
the application of the chi-square test, t-test, Mann-Whitney test, and Bayesian method depends on the
focus of the research, and the Bayesian method is often used to adjust the sensitivity and specificity of
the test. Following the definition of the primary estimating methodologies, the next step is to illustrate
their application in various studies across different nations and how they together enhance our
transnational comprehension of cumulative infection rates prior to vaccination.

Based on the previously mentioned methodological approach, this report brings together estimates
of the cumulative pre-vaccination infection rate in 23 countries (18 high-income countries and 5 non-
high-income countries). High-income countries usually have strong public health infrastructure, such
as a higher detection capacity, medical resources, and a better epidemic data collection system, which
is more suitable for estimating the pre-vaccination infection rate than for non-high-income countries.
The non-high-income countries which we have chosen to study are Afghanistan, Brazil, China, South
Africa, and Russia, which can help us fully understand the general situations of Asia, Africa, and Latin
America. In particular, China was the initial outbreak location of the COVID-19 epidemic and
implemented strict lockdowns along with prevention and control measures during the early stages of
the epidemic. The experience of China is of enormous significance globally, especially in terms of the
early transmission characteristics of the epidemic and the effect of prevention and control measures [8].

2. Methodology

The authors performed a systematic review of relevant literature and conducted a manual search
to examine the seroprevalence of SARS-CoV-2 infection, with a specific focus on studies addressing
cumulative infection rates before the widespread vaccination. This review was conducted and reported
following the guidelines outlined in the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) statement (Figure 1).
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Figure 1. Flowchart of the identification, inclusion, and exclusion of studies. The boxes
represent different steps of the process. Arrows indicate the flow from one step to the next.

2.1. Search methodology and article selection

This study systematically reviewed the relevant literature on the estimation of the true cumulative
infection rate prior to vaccination. A literature search was conducted using the Web of Science
electronic database, using various combinations of keywords including “SARS-CoV-2 cumulative
infection rate”, “SARS-CoV-2 attack rate”, “SARS-CoV-2 cumulative incidence”, “SARS-CoV-2
seroprevalence”, “COVID-19 cumulative infection rate”, “COVID-19 attack rate”, “COVID-19
cumulative incidence”, and “COVID-19 seroprevalence”. A total of 1290 potentially relevant articles
were initially retrieved.

To ensure academic rigor and comparability of the included literature, we used the filtering tools
of the Web of Science platform to restrict the document type to “Article”, yielding 1158 records.
CiteSpace was employed for duplicate removal. Based on this dataset, we manually screened the titles
and abstracts, excluding studies that (1) only covered localized or regional data, (2) did not estimate
infection rates prior to vaccination, (3) did not provide final infection rate estimates, or (4) focused
solely on specific subpopulations rather than the general population. After screening, 71 representative
studies were retained.
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Following a more rigorous selection process, we identified 41 high-quality studies for in-depth
analysis. One of these studies provided a global estimate of cumulative infection up to November 2021,
while the remaining 40 studies covered 18 high-income countries and 5 non-high-income countries
(including China). The selection of countries ensured not only broad geographic representation but
also diversity and comprehensiveness in terms of pandemic progression, public health response
strategies, and data quality. Some high-income countries—such as the United States, Japan, and
France—provided longitudinal data on infection rates spanning from early 2020 to the end of 2021.
These datasets offered robust empirical support for the early-stage prediction model proposed by our
research team and validated our projection, made on March 27, 2020, that the infection attack rate of
COVID-19 in the early phase of the pandemic ranged between 14.8% and 26.8%. For data extraction,
the following information was recorded for each included study: first author, year of publication, study
dates, country, estimated cumulative infection rate (or attack rate), detection method, number of
participants, and population type for each included study. The studies were then categorized
alphabetically according to the first letter of each country’s English name. For studies that reported
estimates at multiple time points, each estimate was recorded individually and organized
chronologically, allowing for a more comprehensive analysis of the dynamic evolution of the pandemic
across different nations. Comprehensive details are presented in Table 1. The literature search was
completed on June 28, 2025, and only English literature was included, ensuring the wide applicability
and comparability of the results.

2.2. Selection criteria and thematic interpretation

Among the 41 selected articles, the majority were published in Q1 or Q2 journals as classified
by the Journal Citation Reports (JCR), which ensures a high level of methodological rigor and data
reliability. The literature spans a broad geographical scope and incorporates diverse estimation
approaches, thereby contributing to a more comprehensive and robust analysis of cumulative
infection rates.

The comparative analysis of these studies is categorized into three key dimensions:

1) estimation of cumulative infection rates across different regions,

2) diagnostic methods and sample data sources,

3) estimation methodologies.

Specifically, the distribution of studies by country is as follows: one study focused on Australia,
three on Canada, one on Croatia, one on the Czech Republic, two on Denmark, two on the United
Kingdom (U.K.), one on Finland, two on France, two on Germany, one on Greece, one on Israel, one
on Italy, three on Japan, one on South Korea, one on the Netherlands, two on Norway, one on Sweden,
and nine on the United States. Additionally, there is one study from each of several other countries,
along with a global study that provides a comprehensive overview of global infection patterns.

These studies collectively encompass a wide range of countries and regions, thereby ensuring the
geographical diversity and representativeness necessary for a robust and comprehensive assessment.
The breadth of coverage provides substantial empirical support for our estimation of pre-vaccination
cumulative infection rates across different global contexts.

3. Results

3.1. Cumulative estimated infection rates in different regions
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To begin, the study provides an important benchmark for the global cumulative infection rate
prior to the emergence of the Omicron (B.1.1.529) variant: as of November 14, 2021, more than 40%
of the world’s population had been infected with SARS-CoV-2 at least once [9]. Additionally, by
August 2021, approximately 50% of the U.S. population had completed vaccination [10].

In this review, we included nine studies that estimated the cumulative infection rate in the United
States between July 2020 and June 2021 [11-19]. These estimates ranged from 3.5% to 36%.
Particularly, studies based on serological detection methods showed a relatively stable upward trend,
from 3.5% in July 2020 to approximately 20% in January 2021. Among them, the work is especially
critical, as it reported estimates at two key time points: 3.5% (95% CI: 3.2%—3.8%) in July 2020 and
20.2% (95% CI: 19.9%-20.6%) in May 2021 [13].

For other high-income countries, two representative studies were selected to enable cross-national
comparison. In France, estimates from July 2020 to January 2021 ranged from 7.6% (95% CI: 7.3%—
7.8%) to 14.9% (95% CI: 13.2%-16.9%) [20, 21]. In contrast, Japan reported significantly lower
infection rates over the same period, ranging from 0.12% (95% CI: 0.06%—-0.24%) to 3.8% [22-24].
In Germany, the infection rate remained low in 2020 (below 2%) [25,26]. In Denmark, the rate
increased from 4.1% (95% CI: 3.1%—4.9%) in late 2020 to 7.2% (95% CI: 6.3%—7.9%) by February
2021 [27,28]. In the United Kingdom, the infection rate rose from 6% in July 2020 to 9.1% (95% CI:
8.7%-9.8%).

Regarding Canada, available evidence indicates that the cumulative infection rate remained below
5% up to April 2021, followed by a gradual increase to approximately 9% by November 2021.
Therefore, it can be reasonably inferred that the pre-vaccination infection rate was below 5% [29-31].
Other high-income countries also reported relatively low cumulative infection rates (below 10%)
around or prior to January 2021, including Australia (<0.50%), Finland (<7.00%), Greece (9.09%),
Israel (6.30%), Italy (6.90%), Norway (<3.20%), and South Korea (0.62%) [32-39].

For most non-high-income countries, the pre-vaccination cumulative infection rates were
generally higher: Afghanistan (29.80%), Brazil (11.00%), Russia (19.20%, IQR: 19.0%-19.6%), and
South Africa (14.50%, 95% CI: 13.90%—15.20%) [40—43]. For China, based on data from January
2020 to January 2022, the cumulative infection rate by the end of 2020 can be indirectly inferred to
range between 3.2% and 37.2% [44].

3.2. Test method and sample data

The detection of active SARS-CoV-2 infection primarily relies on RT-PCR, whereas serological
assays such as ELISA are used to identify past infection by detecting antibodies [45]. Antibody testing
assesses the immune response by measuring the presence and concentration of immunoglobulins IgG
and IgM in blood, serum, or plasma samples. The most commonly used antibody detection methods
include lateral flow assay (LFA) and ELISA [5].

Among the 41 articles included in this review, 33 employed only serological detection methods,
one utilized PCR-based approaches, one study combined PCR and serological (ELISA) techniques to
detect S1-specific IgG antibodies, and the remaining 6 articles employed mathematical modeling
approaches to estimate the attack rate, utilizing data on reported deaths, confirmed cases, and other
relevant epidemiological indicators.

It is evident that most studies estimating cumulative infection rates relied on serological detection
methods. Although serological assays may be influenced by cross-reactivity and timing of antibody
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response, and potential confounders such as non-specific [gM may introduce significant variability in
COVID-19 patients—thereby leading to potential inaccuracies—serological approaches offer
important advantages [6]. Seroepidemiological methods are better suited for capturing medium- to
long-term antibody responses following SARS-CoV-2 infection, especially in contexts where the virus
induces a stable immune response. Under such conditions, the seropositivity rate can serve as a
reasonable proxy for cumulative incidence over a defined period.

In addition, because antibodies can persist for several months following infection, serological
investigations offer a reliable basis for estimating cumulative infections over a recent period. Beyond
estimating infection rates, serological detection can also be employed to assess residual susceptibility
and monitor the development of population-level (herd) immunity. Importantly, even when mortality
is not considered, serological methods remain of significant public health relevance. Furthermore, if
mortality can be reasonably estimated, the value of serological investigations in understanding the true
burden of infection is further enhanced [46].

For studies employing serological detection, particular attention should be given to the effects
of antibody waning. This phenomenon refers to the gradual decline in immune protection over time,
which may result from factors such as decreasing antibody concentrations, loss of immune memory,
or the emergence of vaccine-resistant variants [47]. Antibody waning can increase susceptibility to
infection and, consequently, impact the accurate estimation of the infection attack rate. Accordingly,
most serology-based studies included in this review accounted for antibody waning by correcting for
the sensitivity and specificity of test results and adjusting for the potential impact of declining
antibody levels.

Blood donor samples are commonly used due to their accessibility and large sample size, not
because donors had antibodies for therapeutic purposes. For instance, Jones et al. (2021) analyzed
over 1.5 million blood donor samples [13]. Similarly, Reedman et al. (2022) utilized data provided by
Canadian Blood Services (CBS), which included samples from donors aged 17 and older across all
provinces except Quebec [29]. Other studies used population-based or commercial residual serum
samples; for example, Garcia-Carreras et al. (2023) analyzed anti-N antibody data derived from
commercial laboratory samples provided by the CDC [18].

For studies employing PCR detection methods, data sources include U.S. case reports derived
from electronic health records (IBM Watson) and surveillance platforms such as the National
Notifiable Diseases Surveillance System (NNDSS). In the United Kingdom, PCR testing data are
obtained from the COVID-19 dashboard (confirmed case data) and the Office for National Statistics
(ONS), which relies on random population sampling. Common challenges associated with PCR-based
approaches include limitations in testing capacity, lack of representativeness among participants, and
under-detection of asymptomatic infections.

In addition, when neither antibody testing nor PCR detection is feasible, mathematical modeling
offers a valuable alternative for inferring infection rates. The primary challenges associated with using
testing data include the potential undercounting of asymptomatic infections, limited testing resources,
and the failure to account for recovered individuals. Although mortality data may be criticized for
potentially including deaths unrelated to COVID-19, it is generally considered more reliable than
confirmed case counts, which often fail to capture most infections [48].

In this review, two studies employed mathematical models based on reported case data and
incorporated serological findings to improve accuracy. For instance, Pei et al. (2021) used CDC-reported
case counts alongside serological data from ten CDC surveillance sites for model calibration [15]. Two
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additional studies utilized mathematical modeling based on both reported cases and mortality data. For
example, Impouma et al. (2021) analyzed cumulative case and death data from 41 countries and
regions across Africa [40].

4. Estimation method
4.1. Direct estimation method

The direct estimation methods calculate the infection rate using either serological data or
mathematical models without relying on indirect assumptions. A straightforward example involves
multiplying the seroprevalence by the estimated total population to infer the number of infections [12].
Additionally, probability-based models have been used to estimate total SARS-CoV-2 infections,
including symptomatic cases and hospitalizations, such as in the study by Reese et al. (2020) [11].
Several statistical models have been applied in this context. A Bayesian mixed-effects model was used
to estimate the historical infection probability of SARS-CoV-2 [21], while a Bernoulli model was
applied to estimate seroprevalence [42]. Moreover, the optical density (OD) ratio from ELISA testing
has also been used to estimate infection probability, particularly in identifying recent infections [23].
The main advantage of these methods is that they rely directly on empirical serological data or
comprehensive modeling frameworks, making them especially suitable for large-scale
epidemiological studies.

4.2. Indirect estimation method

The indirect estimation methods rely on the auxiliary data sources and inference models to
estimate infection rates. A common approach involves back-calculating the time of infection based
on reported deaths and the assumed time lag between infection and death. Monte Carlo simulations
have also been employed to generate infection rate estimates, which can be validated using serological
data [22]. In addition, the COVID-19 Prevalence Calculator developed by Resolve to Save Lives was
used to estimate four key epidemiological indicators: the total number of infections, the number of
underreported cases, the detection rate, and the cumulative infection rate [40]. These indirect approaches
often improve estimation accuracy through statistical modeling techniques and data calibration.

4.3. Methods to improve estimation accuracy

Among the above methods, external data calibration is a common and effective strategy to
improve estimation accuracy. For example, comparing CDC data with community seroprevalence
surveys provides a reliable benchmark for model calibration. For the estimation of seroprevalence, the
Rogan-Gladen estimator [7] is widely used to adjust for test sensitivity and specificity, thereby
improving the accuracy of prevalence estimates:

Observed prevalence + (Specificity — 1)
Sensitivity + (Specificity — 1) (D

Estimated true prevalence =

4.4. Statistical test methods
In these estimation methods, the choice of statistical test typically depends on the research

Big Data and Information Analytics Volume 9, 350-371.



358

objective and the characteristics of the data. For example, the chi-square test is commonly employed
to compare seroprevalence across different population groups, while the t-test is suitable for paired
comparisons [13]. Logistic regression has been used to identify infection risk, estimate odds ratios,
and model the probability of infection or seropositivity [49]. Bayesian methods are often applied to
adjust for the sensitivity and specificity of diagnostic tests [33]. The Mann-Whitney U test is
appropriate for comparisons between groups when data are not normally distributed [44], and the
Clopper-Pearson method is frequently used to calculate exact confidence intervals for binomial
proportions [39].

5. Discussion

A key contribution of this review lies in its focus on the proportion of infections among the
populations of high-income countries during 2020 and early 2021. Based on a comprehensive synthesis
of the existing literature, we estimate that the average cumulative infection rate in high-income countries
was approximately one-third or lower during the initial phase of the pandemic. Specifically, the early
cumulative infection rates in several representative high-income countries were as follows: the United
States (3.50%—-31.0%, July—December 2020), France (7.60%—-14.90%, July 2020-January 2021),
Germany (less than 2.00%, throughout 2020 and early 2021), Denmark (4.10%-7.20%, late 2020—
February 2021), and the United Kingdom (6.00%—-9.10%, July—October 2020).

In contrast, other high-income countries such as Australia, Canada, Finland, Greece, Israel, Italy,
South Korea, Norway, and Japan reported cumulative infection rates below 10.00% during the same
period. These differences may be attributed to variations in public health policies, intervention
strategies, and the timing of local outbreaks. Nevertheless, several countries exhibited relatively high
cumulative infection rates by the end of 2020 or early 2021, including Croatia (25.10%), the Czech
Republic (28.00%), the Netherlands (19.50%), and Sweden (20.10%).

For example, South Korea implemented proactive containment measures immediately after the
first confirmed case on January 20, 2020. The Korea Centers for Disease Control and Prevention
(KCDC) introduced rapid and accessible diagnostic testing alongside efficient contact tracing
technologies, both of which were critical in curbing the spread of the virus [50]. Japan’s response
strategy centered on three core pillars: early detection of cases, ensuring intensive care and medical
service capacity, and promoting behavioral modifications among citizens [51]. Canada’s relatively low
infection rate may be attributed to geographic and demographic factors such as its vast land area and
low population density. Furthermore, the coordinated division of responsibilities between the federal
and provincial governments—wherein the federal level oversees economic policy and border control,
and provinces manage public health—also contributed to the effective pandemic response [52].
Similarly, for other high-income countries, the literature generally indicates that pre-vaccination
cumulative infection rates were approximately one-third or lower.

In analyzing the selection of detection methods and sample data, we found that the majority of
studies estimating cumulative infection rates employed serological testing. Compared to PCR-based
diagnostics, serological methods offer distinct advantages in identifying individuals who have
previously been infected, particularly those with mild or asymptomatic cases. However, the limitations
of serological detection—most notably, antibody waning and issues of sample representativeness—
must be carefully considered. To address these concerns, many studies applied correction techniques
such as sensitivity and specificity adjustments as well as corrections for antibody attenuation. For
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instance, the Rogan-Gladen estimator [7] is commonly used to refine estimates of true seroprevalence.
In terms of statistical analysis, the selection of specific test methods varied depending on the research
objectives and data characteristics. The application of diverse statistical methodologies reflects
considerable methodological heterogeneity across studies, which may influence the robustness of
cumulative infection rate estimates.

Although this review provides a comprehensive perspective on the early cumulative infection
rates of COVID-19 by analyzing 41 relevant studies, several limitations should be acknowledged. First,
like all systematic reviews, the results of this study may also be influenced by publication bias.
Especially in the early stages of the epidemic outbreak, the available data is extremely limited, research
resources are tight, and studies with more significant results, higher positivity rates, or stronger policy
significance are often published quickly, while studies with smaller sample sizes or insignificant results
may be less likely to be published promptly. This tendency towards publication may lead to a combined
estimate of the overall infection rate deviating from the true level. In addition, the quality of data varies
greatly among countries in the early stages of the epidemic, and there are significant differences in
case reporting standards, with common issues of underreporting and delayed reporting. This may not
only lead to systematic bias in the estimation of infection rates but also further weaken the
comparability between different studies.

Second, the limitations of serological testing methods themselves have a significant impact on
the accuracy and comparability of the included studies. A core issue is the phenomenon of antibody
decline over time (antibody waning). The sensitivity and specificity of different assays, as well as their
ability to detect low antibody concentrations, vary considerably. As a result, studies conducted later in
the pandemic are more likely to systematically underestimate infection rates. In addition, the sampling
time points of various studies were after different epidemic waves, which further amplified the bias
caused by antibody attenuation, and existing calibration methods are still insufficient to fully
compensate for this difference. Closely related to this, the high heterogeneity of the criteria for
determining serum positivity also significantly affects comparability between studies. The included
studies used reagents from different manufacturers, followed different operating procedures, and
employed different positive thresholds (cutoffs). Samples that are considered positive in one study may
be classified as negative in another study due to different threshold settings. This fundamental lack of
standardization not only introduces structural biases between studies but also directly weakens the
comparability of serum positivity rates in this review. Finally, this review is restricted to data from
high-income and select non-high-income countries. Future research should expand to include data
from a broader range of low- and middle-income countries to better understand transmission dynamics
under diverse economic conditions and public health systems.

6. Conclusions

Based on a comprehensive review of 41 relevant studies, the early prediction by He et al.
(2020) [53]—that the infection attack rate of COVID-19 would range between 14.8% and 26.8% in
the worst-case scenario during the first year of the pandemic—has been largely validated. This forecast
addressed a critical gap in estimating the early cumulative infection rate of COVID-19 prior to the
availability of widespread vaccination and provides an essential reference point for understanding the
true infection burden during the initial phase of the outbreak.

By comparing various detection methods, estimation techniques, and statistical approaches, this
review highlights the methodological complexity and heterogeneity inherent in estimating the actual
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infection rate of COVID-19. Although serological testing is subject to limitations such as antibody
waning and sample representativeness, adjustments for test sensitivity and specificity have enhanced
its utility. When properly corrected, serological data offer valuable insights into the cumulative
infection burden. Both direct and indirect estimation approaches—including Bayesian models,
mathematical simulations, and data calibration methods—have contributed substantially to refining
our understanding of the transmission dynamics and severity of the pandemic.

Furthermore, the findings synthesized in this review have significant implications for future
research, particularly in forecasting long-term epidemic trends and preparing for emerging infectious
disease threats. The experience gained from estimating early cumulative infection rates serves as a
foundational reference for developing public health strategies, optimizing predictive models, and
strengthening preparedness efforts. The methodologies discussed herein not only support ongoing
research and epidemiological investigations but also inform policy-making and public health
interventions. These insights are not only relevant to COVID-19 but also offer strategic guidance for
addressing future pandemics.
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Appendix

Table A.1. Estimated pre-vaccine SARS-CoV-2 attack rates in studies from 5 non-high-income and 18 high-income countries.

The first Publication Study Country Attack rate Identification Sample Size Participants Type

author Year dates method

(reference)

Vette et al. 2022 2020.8 Australia <0.5% Serological testing 5132;2972; 3213; NA General population (covering all

[38] ages); Females (aged 20-39
years old); Blood donors (aged
20-69 years old); Adjusted based
on age and geographical
distribution of the Australian
population

Reedman et 2022 2021.1.1 Canada 2.24% (95% CI: 2.08— Serological testing 149,522 donations Blood donors aged 17 years and

al. [29] 2.41%) older from all provinces except
Quebec

Tuite et al. 2022 2021.3 Canada 6.3% (95% CI: 5.1- Serological testing 1500 samples per month Retention samples;  Blood

[30] 7.6%) (for 12 months) donors (randomly selected from
blood donor clinics)

Murphy etal. 2023 2020.7 Canada <0.3% (95% CI: 0.02— Serological testing 640,315 blood donors Blood donors (Canadian Blood

[31] 0.9%) Services)

Vilibic- 2021 2021.2 Croatia 25.1% (95% CI: 22.8— Serological testing 1436 participants People aged under 10 years to 70

Cavlek et al. 27.4%) years and older

[57]

Piler et al. 2022 2020.11  Czech 27.9% (95% CI: Serological testing 3626 persons Individuals who provided blood

[56] Republic 26.1%-29.7%) samples (October 2020—
November
2020)
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The first Publication Study Country Attack rate Identification Sample Size Participants Type

author Year dates method

(reference)

Espenhainet 2021 2020.12  Denmark 4.1% (95% CI: 3.1- Serological testing 10,358 participants Random sample of individuals

al. [27] 4.9%) aged 12 years and older
(including self-reported
symptoms and antibody
serological tests)

Krogsgaard 2023 2021.2 Denmark 7.2% (95% CI: 6.3— Serological testing 11,275 people Residents of Denmark aged 12

et al. [28] 7.9%) years and older

Ward et al. 2021 2020.7 England 6.0% (95% CI: 5.8— Serological testing 105,651 people Adults (18 years and older, from

[58] 6.1%) England, registered in the NHS
patient registration database)

Chen et al. 2025 2020.10  England 9.1% (95% CI: 8.7— PCR NA Individuals aged 2 years and

[54] 9.8%) older (randomly selected from
households, providing nose and
throat swabs for PCR testing)

Solastie et al. 2023 2021.4 Finland <7% Serological testing 34,619 subjects Subjects (participating in

[39] random population surveys via
regular mail)

Glemain et 2024 2020.5 France 7.6% (95% CI: 7.3— Serological testing 82,467 people People (France, including Paris,

al. [21] 7.8%) Sapris-sero cohort)

Hoz¢ et al. 2021 2021.1 France 14:9% (95% CI: 13-2—  Serological testing 9782 adults Adults (from the two regions

[20] 16-9%) with the most serious epidemic
in France)

Neuhauser et 2022 2020.11  Germany 1.7% (95% CI: 1.2— Serological testing + 31,675 adults Adults (from the German RKI-

al. [25]

2.3%)

PCR

SOEP joint survey, covering all
401 administrative regions in

Germany)
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The first Publication Study Country Attack rate Identification Sample Size Participants Type
author Year dates method
(reference)
Offergeldet 2023 2021.1 Germany 1.8% (95% CI: 1.4— Serological testing 134,510 anonymous blood  Blood donors (from 28 regions in
al. [26] 2.2%) donation samples Germany)
Koureas et 2022 2020.12  Greece 9.09% (95% CI: 7.58—  Serological testing 55,947 serum samples Serum samples
al. [37] 11.41%)
Bassaletal. 2022 2020.9 Israel 6.3% (95% CI: 4.4— Serological testing NA Residual serum samples (all ages
[35] 8.8%) or not limited to 16+)
Bassaletal. 2022 2020.12  Israel 8.1% Serological testing 9520 serum samples Residual serum samples from
[35] adults aged 16 and above
Pota et al. 2020 2020.10  TItaly About 6.9% Mathematical NA NA
[32] modeling using
reported case and
death data
McKenzie et 2022 2020.6 Japan 0.12% (95% CT: Mathematical NA NA
al. [22] 0.06%—0.24%) modeling based on
reported cases and
corrected
serological data
McKenzieet 2022 2020.12  Japan 0.83% (95% CI: Mathematical NA NA
al. [22] 0.68%—1.00%) modeling based on
reported cases and
corrected
serological data
Yamayoshi 2022 2021.1 Japan About 3.8% Serological testing More than 60,000 Serum/plasma samples (from 9
et al. [23] serum/plasma samples medical institutions)
Arashiro et 2023 2021.12  Japan 2.2% (95% CI: 1.9— Serological testing 16,296 participants Adults aged 20 and older,

al. [24]

2.5%)

randomly selected from five

counties
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The first Publication Study Country Attack rate Identification Sample Size Participants Type
author Year dates method
(reference)
McKenzieet 2022 2021.12  Japan 2.34% (95% CI: Mathematical NA NA
al. [22] 2.06%-2.76%) modeling based on
reported cases and
corrected
serological data
Lee et al. 2021 2020.10  Korea Approximately 0.62% Serological testing July 9: 1500 samples; Samples from the general
[33] September 11: 1440 population in Korea
samples; November 23:
1379 samples
Pagen et al. 2022 2020.12  Netherlands  19.5% (95% CI: 18.7—  Serological testing 10,001 adults Adults (convenient sampling,
[55] 20.3%) Limburg, Netherlands)
Anda et al. 2022 2020.12  Norway 0.9% (95% CI: 0.7— Serological testing 27,700 people People aged 16 or above
[36] 1.0%) (completed); 31,458 (randomly selected for
people (respondents) questionnaire and DBS samples)
Tunheim et 2022 2021.1 Norway 3.2% (95% CI: 2.3— Serological testing 900 serum samples (spring  Residual serum samples;
al. [34] 4.2%) 2020); 1812 serum General population
samples (late summer
2020); 1912 serum
samples (January 2021);
216 serum samples
(August 2019)
Beser et al. 2022 2021.5 Sweden 20.1% Serological testing 2860 valid samples Children and adults (aged 3-90
[49] years old, randomly selected
nationwide)
Jones et al. 2021 2020.7 uUs 3.5% (95% CI: 3.2— Serological testing 6000 serum samples per Blood donors

[13]

3.8%)

month
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The first Publication Study Country Attack rate Identification Sample Size Participants Type
author Year dates method
(reference)
Reese et al. 2021 2020.9 uUsS Approximately 16% PCR NA NA (Surveillance data only)
[11]
Sullivan et 2021 2020.10 US 11.9% (95% CI: 10.5—-  Serological testing 4654 adult samples One individual aged 18 years or
al. [17] 13.5%) older from each selected US
household
Wiegand et 2023 2020.11  US 8.0% (95% CI: 7.9— Serological testing 1,469,792 serum Specimens of patients who
al. [19] 8.1%) specimens sought routine screening
Anguloetal. 2021 2020.11  US 14.3% (IQR, 11.6%— Serological testing 16,596 (April); 40,817 General population from CDC
[12] 18.5%) (May, June, July); seroprevalence surveys; General
38,355 (August) population (randomly selected
for community serosurvey)
Pei et al. 2021 2020.12  US About 31% (It is Mathematical NA NA
[15] derived from the modeling using
population reported case +
susceptibility of 69.0%  Serological data
(95% CI: 63.6-75.4%)) correction
Garcia- 2023 2021.1 US About 20% (in Figure Serological testing NA NA
Carreras [18] 3)
Chitwood et 2022 2021.1 US 28% (in Figure 5. Mathematical NA NA
al. [16] Percentage of the modeling using
population ever- reported case and
infected with SARS- death data
CoV-2 as of January 1,
2021)
Jones et al. 2021 2021.5 uUsS 20.2% (95% CI: 19.9—  Serological testing 6000 serum samples per Blood donors

[13]

20.6%)

month (involved in the
study)
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The first Publication Study Country Attack rate Identification Sample Size Participants Type
author Year dates method
(reference)
Louca [14] 2021 2021.6 US 36% (95% CI: 23— Mathematical NA Adults aged 20 years or older (in
61%) modeling using 165 countries); Participants in
death data + previous nationwide
Serological data seroprevalence surveys
correction
Saeedzai et 2022 2020.7 Afghanistan  29.8% (95% CI:28.8— Serological testing 9514 people People from nine regions,
al. [42] 30.7%) including participants aged =
18 years and 5-17 years.
Figueiredo et 2023 2021.11  Brazil 11% (95% CI: 11.0— Serological testing 336,620 participants Participants (from 135 surveys
al. [43] 12.0%) included in the review and meta-
analysis)
Guangetal. 2025 2020.1 China 3.2% (in Figure 1) Serological testing More than 10,000 Healthy population (non-high-
[44] participants risk occupation) of confirmed

cases; Travelers undergoing

mandatory testing
Popovaetal. 2021 2020.12  Russia 19.2% (95% CI: 19.0—  Serological testing 74,158 volunteers; 14,275  Volunteers (surveyed across 26
[41] 19.6%) seropositive individuals model regions of Russia);
Seropositive individuals

(identified with antibodies to the
SARS-CoV-2 nucleocapsid

antigen)
Impoumaet 2021 2020.12  South 14.5% (95% CI: Mathematical NA NA
al. [40] Africa 13.9%—-15.2%) modeling using
reported case
and death data
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The first Publication Study Country Attack rate Identification Sample Size Participants Type
author Year dates method
(reference)
Barberetal. 2022 2021.11  Global 43.9% (95% CI: 39.9—  Serological testing NA NA
[9] 46.9%) combined with other
data

sources, such as

reported cases

Notes: For entries marked as NA, estimates were not based on participant-level sampling but instead derived from alternative sources such as serological surveys, confirmed
cases and deaths, excess mortality, and diagnostic testing. Consequently, information on study participants and experimental design was not reported. Some studies did not
report cumulative infection rates with confidence intervals. This was primarily due to two reasons: (1) the attack rate was calculated directly as the ratio of the estimated

number of cumulative infections to the total population, and (2) the cumulative infection rate was visually extracted from graphical representations.
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