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Abstract: Multiple COVID-19 waves have been observed worldwide, with varying numbers of
positive cases. Population-level immunity can partly explain a transient suppression of epidemic
waves, including immunity acquired after vaccination strategies. In this study, we aimed to estimate
population-level immunity in 47 Japanese prefectures during the three waves from April 2021 to
September 2022. For each wave, characterized by the predominant variants, namely, Delta, Omicron,
and BA.5, the estimated rates of population-level immunity in the 10–64-years age group, wherein
the most positive cases were observed, were 20%, 35%, and 45%, respectively. The number of infected
cases in the BA.5 wave was inversely associated with the vaccination rates for the second and third
injections. We employed machine learning to replicate positive cases in three Japanese prefectures to
validate the reliability of our model for population-level immunity. Using interpolation based on
machine learning, we estimated the impact of behavioral factors and vaccination on the fifth wave
of new positive cases that occurred during the Tokyo 2020 Olympic Games. Our computational
results highlighted the critical role of population-level immunity, such as vaccination, in infection
suppression. These findings underscore the importance of estimating and monitoring population-
level immunity to predict the number of infected cases in future waves. Such estimations that combine
numerical derivation and machine learning are of utmost significance for effective management of
medical resources, including the vaccination strategy.

Keywords: asymptomatic infections; herd immunity; machine learning; Olympic Games; transient
suppression; vaccination effectiveness

1. Introduction

Since its emergence at the end of 2019, SARS-CoV-2 has spread rapidly worldwide,
leading to many hospitalizations and deaths [1]. The transmission of the virus was influ-
enced by variants and sublineages that exhibit varying levels of infectivity and by public
behavior that is influenced by factors like policies, culture, and sentiment, which vary across
regions and countries [2,3]. In general, countries in the Asia–Pacific area (e.g., Hong Kong,
Japan, New Zealand, Singapore, and South Korea) tended to implement stringent policies
for human behavior [4] compared with European and American countries [5,6].

The spread and decay periods of the COVID-19 waves varied across countries [7].
During its first wave, China experienced a rapid decline in positive cases due to strict
lockdown measures [8,9]. Similarly, Japan observed a swift spread and decline in the first
wave, attributed to implementing a state of emergency [10]. In contrast, the decay periods
of waves in European countries, such as the United Kingdom and Germany, were longer
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than that of Asian countries [7]. The spread of infectious diseases is influenced by immu-
nity, especially adaptive immunity. Hereafter, immunity has been defined as the level of
antibody-mediated protection against symptomatic infection, considering vaccine-induced
immunity and naturally acquired immunity by infection. The adaptive immunity declines
over time following infection and vaccination [11]. Table 1 in [12] provides a summary of
the population-level immunity in various countries as of early 2021. Transient suppres-
sion, rather than herd immunity, has been suggested [13], highlighting the importance of
small-scale discussions as opposed to focusing solely on country-wide approaches.

Vaccination started in December 2020 in Israel, where an abrupt drop in positive
cases was observed in January 2021 [14]. The effectiveness of mRNA vaccines against
symptomatic infection with the Delta variant was over 90% after two weeks of full
vaccination [15–18]. However, their effectiveness against the Omicron and its subvari-
ants was diminished due to immune evasion properties [16,19,20]. Additionally, several
countries, including Taiwan, Australia, South Korea, and Japan [1,21], saw a dramatic
increase in the number of new cases beginning in late 2021 or early 2022, primarily due
to the emergence of viral variants with greater infectivity and shorter generation times
than conventional variants [22,23]. Thus, the spatiotemporal variation in population-level
(adaptive) immunity must be monitored to estimate viral transmission.

In Japan, the SARS-CoV-2 pandemic began in early 2020, and the waves were referred
to as the first through seventh waves based on the cycle of reported daily positive cases
(DPCs) [24]. The dominant variants during each wave were the Wuhan strain between the
first and third waves, the Alpha variant in the fourth wave, the Delta variant in the fifth
wave, Omicron BA.1 and BA.2 in the sixth wave, and Omicron BA.5 in the seventh wave
(see Section 2.2). Specifically, prior to the seventh wave, the proportion of total reported
positive cases relative to the entire population was limited to 11% (see Section 2.1), and the
vaccination campaign was uniformly rolled out nationwide in March 2021. These factors
contributed to the relative homogeneity of the health insurance and healthcare system,
which prevented a breakdown of medical resources during the pandemic. By the fourth and
fifth waves, the total number of positive cases in Japan had reached approximately 785,000
and 1,750,000, representing 0.63% and 1.4%, respectively, of the entire Japanese population.

A serologic survey conducted in Tokyo estimated that the number of infected cases
was 3.9 times (95% CI: 3.0–7.0 times) higher than the reported positive cases reported [25].
Even when accounting for asymptomatic infections, the number of infected individuals is
below the threshold for herd immunity that is estimated to be 50–80% [11,26,27]. Therefore,
the decline observed until the fourth wave, when vaccination rates were still low, can be
attributed to a reduction in the effective reproductive number due to behavioral changes
prompted by the state of emergency, such as that imposed in Tokyo from 25 April 2021 to
20 June 2021, during the fourth wave [3].

The administration of the third vaccination (boost dose) began in Japan in January 2022,
coinciding with the emergence of the Omicron BA.1 variant. Unlike previous waves,
the sixth and seventh waves affected a large proportion of the population, with the
Omicron BA.1 variant and its BA.5 subvariant being dominant, respectively. Assessing
transient suppression in the 47 Japanese prefectures and applying the estimated parameters
in the transmission models would provide valuable insights for future policy formulation
and interventions in other regions [28].

This study aims to estimate population-level immunity during the fifth to seventh
waves of COVID-19 in all 47 Japanese prefectures, particularly considering the status of
vaccination and its waning effects. In particular, we analyze the temporal dynamics of
population-level immunity in three metropolitan prefectures, namely, Tokyo, Osaka, and
Aichi, to gain insights into wave propagation and decline timings. To validate the numerical
estimate for the temporal evolution of population-level immunity, we replicated DPCs in
these three prefectures using machine learning. Following the validation, we discussed the
transient suppression of the fifth wave, wherein the Olympics Tokyo 2020 (summer 2021)
was replicated to demonstrate the importance of monitoring population-level immunity.
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2. Materials and Methods
2.1. Number of Reported Positive Cases per Day

The DPC data for each prefecture were obtained from open data provided by the
Ministry of Health, Labor and Welfare [29]. The number of DPCs is influenced by factors
like the incubation period and the day of the week, with typically fewer tests conducted
on weekends than on weekdays. To reduce the impact of these potential variations, we
employed a 7-day moving average (±3 days from the corresponding day) to smooth the
data. Using the 7-day moving average of the DPCs, we determined the peak date as the
day on which the highest value for each wave was observed.

We assumed that each wave followed a Gaussian distribution and fitted it numerically
using the least squares method to analyze the time course of the 7-day average DPCs.
On the basis of the fitted curve, we defined the beginning of a wave as the date when
the curve’s peak value reached 10%. In some prefectures, the decay phase of an earlier
wave and the propagation phase of a subsequent wave may overlap. Notably, the DPCs
remained nearly constant throughout the sixth wave’s decay phase. Table 1 presents the
periods covered by the fifth to seventh waves. Table 2 shows the population density and
number of reported DPCs in Japan’s prefectures from the beginning to the peak of each
wave (see also Figure A1).

Table 1. Period for the fifth to seventh waves in all Japanese prefectures.

Fifth Wave Sixth Wave Seventh Wave
No. Prefecture Start Peak Start Peak Start Peak

1 Hokkaido 30-Jun-21 21-Aug-21 15-Jan-22 8-Feb-22 28-Jun-22 21-Aug-22
2 Aomori 1-Aug-21 29-Aug-21 16-Nov-21 8-Mar-22 10-Jun-22 27-Aug-22
3 Iwate 20-Jun-21 17-Aug-21 14-Oct-21 28-Feb-22 25-Jun-22 21-Aug-22
4 Miyagi 31-Jul-21 20-Aug-21 7-Jan-22 18-Feb-22 27-Jun-22 21-Aug-22
5 Akita 8-Aug-21 22-Aug-21 25-Jan-22 27-Jan-22 29-Jun-22 21-Aug-22
6 Yamagata 21-Jul-21 20-Aug-21 26-Jan-22 4-Feb-22 22-Jun-22 21-Aug-22
7 Fukushima 10-Jul-21 15-Aug-21 26-Jan-22 5-Feb-22 28-Jun-22 21-Aug-22
8 Ibaraki 2-Jul-21 20-Aug-21 17-Jan-22 9-Feb-22 11-Jun-22 22-Aug-22
9 Tochigi 29-Jun-21 22-Aug-21 27-Dec-21 17-Feb-22 7-Jul-22 2-Aug-22

10 Gumma 22-Jul-21 21-Aug-21 18-Jan-22 2-Feb-22 26-Jun-22 21-Aug-22
11 Saitama 8-Jul-21 18-Aug-21 17-Jan-22 8-Feb-22 2-Jul-22 3-Aug-22
12 Chiba 9-Jul-21 18-Aug-21 16-Jan-22 7-Feb-22 5-Jul-22 31-Jul-22
13 Tokyo 25-Jun-21 16-Aug-21 17-Jan-22 5-Feb-22 30-Jun-22 31-Jul-22
14 Kanagawa 24-Jun-21 23-Aug-21 21-Jan-22 7-Feb-22 1-Jul-22 30-Jul-22
15 Niigata 29-Jun-21 24-Aug-21 16-Jan-22 27-Jan-22 26-Jun-22 21-Aug-22
16 Toyama 28-Jul-21 19-Aug-21 6-Jan-22 1-Mar-22 28-Jun-22 21-Aug-22
17 Ishikawa 13-Jul-21 29-Jul-21 22-Jan-22 3-Feb-22 27-Jun-22 22-Aug-22
18 Fukui 7-Jun-21 27-Aug-21 6-Dec-21 10-Mar-22 30-Jun-22 22-Aug-22
19 Yamanashi 16-Jul-21 20-Aug-21 21-Jan-22 28-Jan-22 18-Jun-22 20-Aug-22
20 Nagano 27-Jul-21 21-Aug-21 10-Jan-22 3-Feb-22 25-Jun-22 21-Aug-22
21 Gifu 9-Aug-21 27-Aug-21 22-Dec-21 16-Feb-22 21-Jun-22 20-Aug-22
22 Shizuoka 30-Jul-21 22-Aug-21 12-Jan-22 7-Feb-22 19-Jun-22 21-Aug-22
23 Aichi 8-Aug-21 29-Aug-21 21-Dec-21 16-Feb-22 17-Jun-22 20-Aug-22
24 Mie 14-Aug-21 24-Aug-21 13-Jan-22 6-Feb-22 13-Jun-22 21-Aug-22
25 Shiga 25-Jul-21 22-Aug-21 11-Jan-22 7-Feb-22 15-Jun-22 22-Aug-22
26 Kyoto 17-Jul-21 23-Aug-21 12-Jan-22 7-Feb-22 2-Jul-22 2-Aug-22
27 Osaka 9-Jul-21 29-Aug-21 9-Jan-22 8-Feb-22 18-Jun-22 20-Aug-22
28 Hyogo 20-Jul-21 25-Aug-21 13-Jan-22 7-Feb-22 15-Jun-22 21-Aug-22
29 Nara 10-Jul-21 29-Aug-21 3-Jan-22 17-Feb-22 23-Jun-22 22-Aug-22
30 Wakayama 16-Jul-21 22-Aug-21 15-Jan-22 5-Feb-22 15-Jun-22 21-Aug-22
31 Tottori 9-Jul-21 2-Aug-21 28-Nov-22 24-Feb-22 13-Jun-22 20-Aug-22
32 Shimane 24-Jun-21 27-Aug-21 15-Jan-22 20-Jan-22 13-Jun-22 20-Aug-22
33 Okayama 26-Jul-21 20-Aug-21 15-Jan-22 3-Feb-22 26-Jun-22 21-Aug-22
34 Hiroshima 6-Aug-21 22-Aug-21 8-Jan-22 23-Jan-22 24-Jun-22 22-Aug-22
35 Yamaguchi 5-Aug-21 21-Aug-21 3-Jan-22 27-Jan-22 21-Jun-22 21-Aug-22
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Table 1. Cont.

Fifth Wave Sixth Wave Seventh Wave
No. Prefecture Start Peak Start Peak Start Peak

36 Tokushima 14-Aug-21 27-Aug-21 2-Jan-22 1-Mar-22 18-Jul-22 23-Aug-22
37 Kagawa 27-Jul-21 22-Aug-21 31-Dec-21 20-Feb-22 24-Jun-22 20-Aug-22
38 Ehime 29-Jul-21 19-Aug-21 10-Jan-22 31-Jan-22 15-Jun-22 20-Aug-22
39 Kochi 16-Aug-21 24-Aug-21 19-Jan-22 12-Feb-22 19-Jun-22 24-Aug-22
40 Fukuoka 12-Jul-21 21-Aug-21 13-Jan-22 5-Feb-22 15-Jun-22 20-Aug-22
41 Saga 9-Aug-21 20-Aug-21 14-Jan-22 5-Feb-22 5-Jun-22 20-Aug-22
42 Nagasaki 18-Jul-21 20-Aug-21 18-Jan-22 30-Jan-22 1-Jul-22 21-Aug-22
43 Kumamoto 23-Jul-21 20-Aug-21 17-Jan-22 30-Jan-22 6-Jun-22 20-Aug-22
44 Oita 12-Aug-21 22-Aug-21 19-Jan-22 1-Feb-22 23-Jun-22 20-Aug-22
45 Miyazaki 6-Aug-21 24-Aug-21 20-Jan-22 29-Jan-22 19-Jun-22 21-Aug-22
46 Kagoshima 8-Aug-21 19-Aug-21 17-Jan-22 4-Feb-22 14-Jun-22 21-Aug-22
47 Okinawa 8-Jul-21 17-Aug-21 7-Jan-22 15-Jan-22 14-May-22 2-Aug-22

Table 2. Population, population density, and the amount of reported positive cases reported from the
start to the peak for the fifth to seventh waves in all Japanese prefectures.

Total Positive Cases
No. Prefecture Population Population Density (per km2) Fifth Wave Sixth Wave Seventh Wave

1 Hokkaido 5,226,603 62.6 11,297 55,724 215,433
2 Aomori 1,259,615 130.6 1519 19,016 75,803
3 Iwate 1,220,823 79.9 865 7268 41,598
4 Miyagi 2,281,989 332.6 2835 17,700 105,508
5 Akita 971,288 83.5 318 753 37,124
6 Yamagata 1,069,562 160.8 668 2358 38,085
7 Fukushima 1,862,059 135.1 2243 4989 65,197
8 Ibaraki 2,907,675 477.0 7073 22,438 126,973
9 Tochigi 1,955,401 305.1 4778 22,427 37,213

10 Gumma 1,958,101 307.8 4393 12,542 85,080
11 Saitama 7,393,799 1962.3 33,513 91,036 224,180
12 Chiba 6,322,892 1244.2 27,062 72,937 153,762
13 Tokyo 13,843,329 6579.5 113,536 267,383 571,349
14 Kanagawa 9,220,206 3816.3 64,261 114,260 230,852
15 Niigata 2,213,174 213.5 2634 5089 92,893
16 Toyama 1,047,674 512.1 1204 13,287 51,134
17 Ishikawa 1,132,656 270.6 859 4963 61,562
18 Fukui 774,583 184.9 1389 13,260 47,221
19 Yamanashi 820,997 195.4 1525 2195 40,526
20 Nagano 2,071,737 158.1 1826 10,061 74,963
21 Gifu 2,016,791 206.5 4413 24,353 110,110
22 Shizuoka 3,686,260 508.1 7422 30,258 200,497
23 Aichi 7,558,802 1477.5 24,286 154,567 515,468
24 Mie 1,800,557 312.5 3058 11,824 102,564
25 Shiga 1,418,843 376.7 3170 16,395 88,404
26 Kyoto 2,530,542 548.6 9177 45,319 84,156
27 Osaka 8,839,511 4649.9 60,432 235,649 757,601
28 Hyogo 5,523,625 657.9 18,102 88,104 384,344
29 Nara 1,344,739 364.3 4498 28,476 82,196
30 Wakayama 944,432 199.8 1254 7908 58,189
31 Tottori 556,788 158.8 319 4474 29,649
32 Shimane 672,815 100.3 678 782 43,418
33 Okayama 1,893,791 270.2 3247 13,098 97,163
34 Hiroshima 2,812,433 331.7 3401 16,441 152,939
35 Yamaguchi 1,356,110 221.8 943 5900 70,437
36 Tokushima 734,949 177.2 593 7867 35,718
37 Kagawa 973,896 523.0 1420 10,903 53,050
38 Ehime 1,356,219 238.8 1053 4793 72,963
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Table 2. Cont.

Total Positive Cases
No. Prefecture Population Population Density (per km2) Fifth Wave Sixth Wave Seventh Wave

39 Kochi 701,167 98.7 580 4458 45,237
40 Fukuoka 5,124,170 1057.2 19,918 73,264 443,370
41 Saga 818,222 335.3 1156 7706 70,347
42 Nagasaki 1,335,938 325.4 1306 6526 91,356
43 Kumamoto 1,758,645 242.0 3616 11,233 159,905
44 Oita 1,141,741 223.9 1585 4928 76,497
45 Miyazaki 1,087,241 160.0 1402 3537 90,348
46 Kagoshima 1,617,517 178.8 1824 8681 135,958
47 Okinawa 1,485,118 652.2 12,733 13,124 183,673

2.2. Effectiveness of Individual Vaccination and Natural Immunity

The daily number of individuals who were vaccinated (first to fourth doses) was
extracted from the Vaccination Record System of the Digital Agency, Japan [30]. Vaccination
in Japan first began in March 2021 for medical workers, in April for older people, and in
June for nonmedical workers; vaccinations were administered nearly uniformly across the
country. The interval between the first and second doses was controlled for 3 to 4 weeks.
The third and fourth shots started on 1 December 2021 and 25 May 2022, respectively.

Individual vaccination effectiveness (VE) was defined as VE = 1 − relative risk in the
real world without controlling for conditions, as follows:

et(i) =
{

at·i/K (i ≤ K),
at − s(i − K) (i > K),

(1)

and
ein f (i) = ain f − s·i, (2)

where et(i) is the effectiveness of vaccination for an individual on day i after the t-th
vaccination (t = 1, 2, 3, 4). This linear equation [18] is based on the logistic relationship
between the neutralization level and protective efficacy [31]. This assumption agrees with
a cohort study of VE in Japan [15].

The effectiveness of vaccination for an individual reaches its peak, at, K days (K = 14 for
the second dose, K = 7 for the third and fourth doses) after vaccination. The parameters at for
each variant were derived by comparing the prevalence of COVID-19 among unvaccinated
people and without immunity to prevent infection in our previous study [28]. The waning
immunity s by vaccination was approximated linearly. The waning effect of VE in terms of
protection against symptomatic infection s was approximated linearly. The function einf
(i) denotes the natural immunity of the individual on day i after infection that wanes as
day i progresses from the peak ainf. The parameters at for each variant, ainf, and s were
used the same as in Table 1 of [32]. The model of VE was validated in our previous
studies [18,23,28,32].

The reported number of positive cases was influenced by latency, a combination of the
incubation time and the time of delay in reports from hospitals/clinics to the prefecture.
When considering the correlation of mobility and the effective reproduction number with
positive cases, latency (the lag between reported social behavior and reported number of
DPCs) was estimated at 10 and 8 days for the Delta [3] variant and the Omicron variant as
well as its subvariants, respectively. After determining the peak date of the DPC, population-
level immunity from 8 to 10 days prior to that day is used for appropriate evaluation.

2.3. Estimation of Population-Level Immunity

Population-level immunity is defined as the combined effectiveness of vaccination at
the population level and the estimated proportion of infected cases among the entire popula-
tion. In a serological survey conducted in Tokyo during the third wave (end of March 2021),
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the number of infected cases was estimated to be 3.9 times (95% CI: 3.0–7.0 times) higher
than the number of positive cases [25].

As part of surveillance efforts in Tokyo from 1 April 2021, polymerase chain reaction
(PCR) tests were conducted on asymptomatic individuals in downtown areas, restau-
rants, airports, and major train stations to estimate the population with asymptomatic
infections [33].

Population-level immunity E is defined as the combined VE at the population level
and the estimated ratio of infected cases among the entire population:

E(d) =
T

∑
t=1

d

∑
i=0

∑
s
(Nt(d − i)·et(i)vs(d))/P

+
d

∑
i=0

∑
s

(
(1 + f )·DPC(d − i)vs(d)·ein f (i)

)
/P.

(3)

In Equation (3), the first term on the right panel represents the effectiveness of vaccina-
tion at the population level. The second term represents the natural immunity resulting
from infections, assuming that natural immunity is effective only against the same variant.
In Equation (3), d denotes the day index, Nt refers to the number of individuals newly ad-
ministered a vaccination dose (t = 1–4), P represents the population per prefecture (Table 1),
and vs represents the rate of each variant of SARS-CoV-2 on the d day. It can be derived
from Equations (1) and (2) considering the population of the prefectures and the waning
effect of vaccination. The DPC represents the number of cases reported on a given day,
and parameter f denotes the rate of asymptomatic individuals, assumed to be four to
eight times.

The entire population and the population aged 10–64 years were considered in terms
of age. The percentage of the population aged 10–64 years who acquired infection was 91%,
79%, and 81% in the fifth, sixth, and seventh waves, respectively (Figure A3); thus, this
metric would potentially be related to the number of cases.

2.4. Replication with Machine Learning

Mathematical models such as the susceptible, exposed, infectious, and recovered
(SIR/SEIR) models, Refs. [34–36], and deep neural networks [37] have been proposed
to forecast new positive cases. However, the forecast accuracy relied on the quality of
the data used for calibration. During a state of emergency, the suppression of contact
makes modeling and parameter extraction more difficult. In some countries where the
restriction measure had not been implemented, the SIR model was effective. However,
under the restriction measure, the SIR model suffered from choosing human contact and
vaccination-related parameters.

Our previous studies proposed deep neural networks, comprising a multipath neural
network with long short-term memory and fully connected layers [28]. This method
allowed us to understand the correlation between various factors and the incidence of
infections and death cases. The training process involved using input values for 14 days
along with the target output value for the next 14 days. The cross-entropy loss function
was minimized using the Adam algorithm for 1000 epochs, and the training was conducted
on a workstation with specific hardware specifications.

Deep learning models are often considered black boxes, but mathematically, efforts
have been made to derive population-level immunity (see Section 2.3). The input values
were selected based on their correlation with morbidity, and the DPCs were the desired
output. In mid- and long-term projections, mobility, tweets containing risk keywords,
population VE, and variant infectivity were considered, whereas meteorological data and
the correlation between viral transmission and human behavior were marginal. Although
this model has been primarily used for forecasting, it was also used for interpolation to
estimate the impact of human behavior on new DPCs.
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3. Results
3.1. Time Course of Vaccination Rate and Varriants in Japan

The SARS-CoV-2 sequences by variants are shown in Figure 1a. Figure 1b depicts the
time course of the ratio of estimated infected cases to confirmed positive cases based on
PCR tests. From the figure, the ratio varies depending on the time window that also holds
true for other variants [32]. This ratio becomes relatively unstable when the number of
DPCs is small. It should be noted that different operators conducted surveillance before
and after April 2022. Hence, it is empirically assumed that the number of infected cases
is the number of reported cases multiplied by a factor of 6 (3–5 for the Omicron variant
and 7–11 for the BA.5 variant). Due to the lack of similar surveys in other regions, this
assumption is applied uniformly across all prefectures. Note that this ratio is close to
3.0–7.0 times (95% CI) that obtained in earlier waves of the cohort study [25], although
this ratio would vary for different age groups and viral variants. Figure 1c illustrates
the vaccination rate in Japan over time. More detailed time course of vaccination in each
prefecture can be found in Video S1.
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Figure 1. Time course of (a) dominant viral variants, (b) ratio of infected individuals without symp-
toms to empirically derived from the report in Tokyo, and (c) vaccination rate in Tokyo. In (b), the
data for periods with less than 500 DPCs are excluded due to considerable uncertainty.

3.2. Daily Reported Positive Cases and Estimated Population-Level Immunity

Figure 2 shows the DPC and population-level immunity estimates for Tokyo, Osaka,
and Aichi. Considering the range of asymptomatic infections that are estimated to be four
to eight times higher than reported DPCs, the numbers also demonstrate the uncertainty in
immunity efficacy (Figure 1b). Before the sixth wave, the impact of the infected population
on population-level immunity was marginal, but it became relatively dominant thereafter.
This trend is also observed in Osaka and Aichi. Therefore, comparable levels of population-
level immunity were required in the three prefectures during the fifth to seventh waves.
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Figure 2. Daily reported positive cases and estimated population-level immunity in (a) Tokyo,
(b) Osaka, and (c) Aichi. The dashed line indicates population-level immunity assuming that the
number of asymptomatically infected individuals is six times the number of positive cases reported
daily. The colored area represents the variation in the immunity effectiveness due to the variation in
the number of asymptomatically infected individuals (4–8 times).

To gain additional insight into the relationship between population-level immunity
and the number of positive cases, Figure 3 shows the variation in population-level immu-
nity across the 47 prefectures for the entire population and for individuals aged 10–64 years
at the peak of the DPCs. For all waves, the required level of population-level immunity
for suppression was approximately 40%. The sixth and seventh waves showed a gradual
increase in immunity, despite the fact that immunity for the entire population is quite
close. Especially for the fifth wave, the immunity of the population aged 10–64 years
required for peak formation is less than that of the entire population. The reason is at-
tributable to the strategy of early vaccination campaigns, wherein the older population
was prioritized (see Section 1). The fully vaccinated people aged 10–64 years were approxi-
mately 20% at the peak of the fifth wave, whereas those aged ≥65 years were over 80% [30].

3.3. Confirmed Cases and Vaccination Rates

Figure 4 depicts the relationship between the number of confirmed cases per popula-
tion and the vaccination rates for the second and third doses, when the peak of the DPCs
was observed. According to the results, a weak inverse correlation was observed between
confirmed cases in the fifth and sixth waves, whereas an inverse correlation was observed
in the seventh wave.
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Figure 3. Estimated population-level immunity (obtained by vaccination and infection) for protection
against symptomatic infection: (a) entire population and (b) population aged 10–64 years. The
numbers of infected asymptomatic individuals were assumed to be six times that of reported daily
positive cases.
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Figure 4. Dependency of confirmed cases per population on the vaccination rates of the second and
third doses for (a–c) the total population and (d–f) the population aged 10–64 years when the peak of
the DPCs was observed in the (a,d) fifth; (b,e) sixth; and (d,f) seventh waves.

3.4. Verification and Interpolation with Machine Learning

Using the estimated effectiveness of immunity, we replicated new daily cases using
machine learning. In this replication, we assumed future mobility and the number of
tweets to be known variables. Figure 5 illustrates forecast examples for one month in Tokyo,
Osaka, and Aichi, consisting of 15 time frames. The mean absolute percentage error for the
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forecast after one month was found to be 23.7% in Tokyo, 28.1% in Osaka, and 27.3% in
Aichi for days with more than 500 DPCs.
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Figure 5. Performance of the prediction of daily positive cases in (a) Tokyo, (b) Osaka, and (c) Aichi.
In the forecasting, Twitter and mobility were assumed to be known from the reported values, and the
estimated population-level immunity in Figure 2 was used. The dotted lines represent 95% CI.

From these results, machine learning was confirmed to be useful for assessing the
impact of the number of tweets, mobility, and VE on new DPCs. As a hypothetical scenario,
the new vaccine had not been administrated after 11 July 2021. As shown in Figure 6, a
further increase in the number of DPCs was expected without vaccination.
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Figure 6. Forecasting daily positive cases in Tokyo based on actual vaccination administration
(solid line) and a hypothetical scenario assuming vaccination is not administered after 11 July 2021
(dashed line).
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4. Discussion

This study evaluated the population-level immunity required for transient suppression
for Japan’s fifth, sixth, and seventh waves, when the Delta, Omicron variants, and the
BA.5 subvariant were predominant, respectively.

In the fifth wave, the population-level immunity required to suppress the spread of
infection was 40% and 20% for the entire population and the population aged 10–64 years,
respectively. As shown in Figure A3, most cases were found for the population aged
10–64 years; therefore, an immunity of 20% would be close to the immunity required in
reality. Unlike the later wave, the mobility for the population aged 10–64 years was smaller
in the fifth wave than in the later waves due to the declaration of the state of emergency.
The reduction in mobility in downtown areas was approximately 40%, 25%, and 20% lower
than the levels in Tokyo, Osaka, and Aichi, respectively (see Figure A2). When social
activity is low, the transmission of SARS-CoV-2 may also be suppressed. The proportion of
the population aged 10–64 years who contracted the infection was 91%, 79%, and 81% in
the fifth, sixth, and seventh waves, respectively (Figure A3); therefore, this metric would be
closely related to the number of cases.

The variability in population-level immunity required for suppression during the fifth
wave was greater than for the two remaining waves. The reasons for this tendency are
(1) the smaller transmissibility than the following variants [38] and the longer generation
time (5–8 days for the Delta variant) [39] than those of the Omicron variants (2–3 days) [40],
and (2) the high ratio of serious and death cases to reported cases for the Delta variant;
therefore, population mobility and activity decreased more than those of subsequent waves,
when the Omicron variant was dominant (e.g., −36%, −34%, and −25% for the fifth, sixth,
and seventh waves in Tokyo, respectively).

During the sixth wave, 9.5% of the population was infected assuming that the number
of people with asymptotic infection was six times (Section 2.3) greater than the population
with symptomatic infection in Japan. The population level of immunity required for peak
formation was relatively consistent across the 47 prefectures. The quasi state of emergency
was administered during this wave, while the mobility data suggested that the population
was more active than during the fifth wave (Figure A2). This tendency was also confirmed
by the number of tweets (Figure A2d).

During the seventh wave, the proportion of immunity obtained through infection
and vaccination was nearly equivalent. Given the unreported number of asymptomatic
infections, approximately 29% of the population would be infected based on the proportion
of confirmed cases per population which was 4.1%. This value was greater than the 32%
(CI: 27–37%) value reported for the N protein, a metric of infection [41] in Tokyo [42].
This information was obtained from blood donation participants. Multiple factors could
explain this difference. First, a factor for estimating the number of positive cases without
symptoms was determined by the survey test conducted in the downtown areas, whereas
the group for the N protein test was for the participants who donated blood. Additionally,
the antibody obtained through infection without symptoms was weaker and its duration
was brief [42], as measured in November 2022 which was three months after the peak of the
seventh wave. The percentage reported of the population with the N protein in Osaka and
Aichi was 41% (CI: 34–47%) and 28% (CI: 22–33%), respectively [42], whereas the estimated
ratio of the infected population was 44% and 35%, respectively.

As shown in Figure 4, the correlation between confirmed cases per population and
the vaccination rate was significant for the entire population, while that for the population
aged 10–64 years was significant only during the seventh wave. As shown in Figure 1, even
in this wave, vaccination-based immunity remained at 20% or higher. The weak correlation
observed in earlier waves may have been due to the (quasi) state of emergency policies
implemented during those waves and the fact that only a small portion of the population
was infected at the time. As shown in Appendix B, the authors of this study also observed
a significant correlation at the conclusion of the seventh wave.



Vaccines 2023, 11, 1457 12 of 16

To validate the aforementioned heuristic method, we used machine learning to esti-
mate the DPC. As depicted in Figure 5, the prediction based on the assumption that future
behavioral and vaccination parameters are known was in good agreement with the cases
reported by the three prefectures. This comparison suggested that the heuristic method
based on the numerical derivation of immunity was appropriate. Note that our vaccination
parameters and the prediction model have been verified to be acceptable using machine
learning under various periods during the COVID-19 pandemic [18,23,28,32,43]. Using
machine learning, we have provided an interpolation of what would have happened if the
vaccination was not administrated in Tokyo after 11 July 2021, during the Olympic Games
(Figure 6). From the computational example, the decay of the wave was mainly attributable
to vaccination. Without vaccination, the wave would continue to increase for a while even
in a state of emergency after the Olympic Games. Our result was consistent with a previous
study, suggesting that the DPC may increase during and after the Olympic Games [43].
Note that in that study [42] the main emphasis was on vaccination planning, and thus a
straightforward comparison cannot be made. Additionally, the input parameters used in
this study, such as the number of tweets, are different from other studies.

The primary limitations of this study are as follows:

1. Due to the limited number of people who were infected in Japan prior to the sixth wave,
the population with asymptomatic infection is a major source of uncertainty (see Figure 2).
Even when considering a factor of four to eight for the ratio of asymptomatic infected
individuals to the DPC, the population-level immunity in the sixth and seventh waves
varied by 8% and 12%, respectively. Consequently, the uncertainty associated with
the box plots in Figure 3 would be somewhat greater.

2. There is additional uncertainty in the definition of waves, and the number of DPCs
per population in the fifth wave is lower than in previous waves, making the defi-
nition of the wave relatively arbitrary in certain prefectures with small populations
(for example, the maximum DPC in the Tottori prefecture was 47). In the interest of
simplification, it is assumed that the decay of infection-acquired immunity is identical
to that of vaccination. It is known that the former is longer than the latter. This simpli-
fication does not lead to significant differences as the number of infected people in
Japan was limited until the wave we focused on. Similarly, the consideration of hybrid
immunity [44–46], defined as immunity acquired through complete vaccination and
infection, was marginal.

3. Note that even for the abovementioned limitations, its impact on the forecasting or the
transmission was demonstrated to be marginal through machine learning replication.

5. Conclusions

This study numerically discussed the population-level immunity required for transient
suppression across the fifth, sixth, and seventh waves of COVID-19 across the 47 prefectures
in Japan. A feature of COVID-19 infection in Japan was that only 11% of the population
was infected before the seventh wave. Therefore, the uncertainty factor associated with
immunity (such as hybrid immunity and reinfection) was relatively small. The population-
level immunity required for transient suppression was consistent across prefectures. The
effect of the vaccination rate on positive cases per population was mild for the fifth and
sixth waves, when the effect of the restriction was dominant. The correlation between the
vaccination ratio and positive cases was more statistically significant for the seventh wave.
Meanwhile, viral infectivity and population activity that increased with subsequent waves
characterize the immunity required for suppression at the population level. Our discussion
suggested that if viral infectivity is known, then the number of people who can become
infected before transient suppression can be roughly estimated. This hypothesis can be
confirmed using machine learning. The combination of heuristic derivation and machine
learning would be beneficial for policy formulation and the allocation of medical resources,
particularly for vaccination strategies.
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Figure A1 depicts the total number of positive cases per million per prefecture as of
30 September 2022. Figure A1’s numbers correspond with those in Table 2.
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in each prefecture of Japan. Each prefecture’s number corresponds to Table 2.

It has been extensively discussed that behavior, including mobility, is closely related
to infection. In this study, two metrics were considered the assessments for social behavior:
(i) mobility at the transit stations and (ii) nighttime population in the downtown area,
including restaurants and bars [47].

Mobility data were obtained from the COVID-19 community mobility reports reported
by Google [48]. The mobility data were categorized into six types by location, with mobility
at transit stations being often used as a metric for viral transmission.

The nighttime population who stayed in the downtown area near restaurants and bars
was obtained from NTT DOCOMO, INC, also accessible under the project of the Cabinet
Secretariat COVID-19 AI Simulation Project, Japan. The dataset contains information about
ties, such as age (5-year age groups) and gender, and in this case, we used the population
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residing in the downtown area at 21:00. Figure A2 depicts the time courses of these datasets.
Figure A2 also depicts the number of tweets (barbecue events and social drinking) in three
prefectures. The machine learning prediction utilized these parameters.

Figure A3 shows each age category as a percentage of the total number of positive
cases from the start date of a wave to the date when the highest number of positive cases
was observed in Tokyo. The start dates of a wave and the peak dates observed in the peak
positive cases correspond to Table 1.

Vaccines 2023, 11, x FOR PEER REVIEW  14  of  17 
 

 

Cabinet Secretariat COVID-19 AI Simulation Project,  Japan. The dataset contains  infor-

mation about ties, such as age (5-year age groups) and gender, and in this case, we used 

the population residing in the downtown area at 21:00. Figure A2 depicts the time courses 

of these datasets. Figure A2 also depicts the number of tweets (barbecue events and social 

drinking) in three prefectures. The machine learning prediction utilized these parameters. 

Figure A3 shows each age category as a percentage of the total number of positive 

cases from the start date of a wave to the date when the highest number of positive cases 

was observed in Tokyo. The start dates of a wave and the peak dates observed in the peak 

positive cases correspond to Table 1. 

 

Figure A2. Time series of (a) mobility at transit stations and (b,c) night population in the downtown 

area, wherein (b) 15–64 years old and (c) over 65 years old. (d) The number of tweets associated with 

risk (social drinking and barbecue events) is also shown. The number of older people in the down-

town area is much lower than that of young people and transmission is suppressed compared with 

the mobility at the transit station. 

-80

-60

-40

-20

0

7/1/21 9/1/21 11/1/21 1/1/22 3/1/22 5/1/22 7/1/22 9/1/22

Tokyo Osaka Aichi

0

5

10

15

20

7/1/21 9/1/21 11/1/21 1/1/22 3/1/22 5/1/22 7/1/22 9/1/22

Tokyo
Osaka
Aichi

0

0.5

1

1.5

2

2.5

3

1-Jul-21 1-Sep-21 1-Nov-21 1-Jan-22 1-Mar-22 1-May-22 1-Jul-22 1-Sep-22

Tokyo
Osaka
Aichi

M
ob

ili
ty

 a
t T

ra
ns

it 
St

at
io

ns
 (

%
)

N
ig

ht
tim

e 
P

op
ul

at
io

n 
pe

r 
10

00
 R

es
id

en
ts

(a)

(b)

(c)

0

100

200

300

1-Jul-21 1-Sep-21 1-Nov-21 1-Jan-22 1-Mar-22 1-May-22 1-Jul-22 1-Sep-22

Tokyo

Osaka

Aichi

(d)

N
um

be
r 

of
 T

w
ee

ts

−20

−40

−60

−80

Figure A2. Time series of (a) mobility at transit stations and (b,c) night population in the downtown
area, wherein (b) 15–64 years old and (c) over 65 years old. (d) The number of tweets associated
with risk (social drinking and barbecue events) is also shown. The number of older people in the
downtown area is much lower than that of young people and transmission is suppressed compared
with the mobility at the transit station.
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Appendix B

Corresponding to Figure 4, the time course of confirmed cases per population on the
vaccination rates for the total population is shown in the animations in the Video S1.
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