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Abstract

This study aims at exploring a general and adaptive control strategy to confront the rapid evolution of an emerging
infectious disease ('Disease X’), drawing lessons from the management of COVID-19 in China. We employ a dynamic
model incorporating age structures and vaccination statuses, which is calibrated using epidemic data. We therefore

estimate the cumulative infection rate (CIR) during the first epidemic wave of Omicron variant after China relaxed

its zero-COVID policy to be 82.9% (95% Cl: 82.3%, 83.5%), with a case fatality rate (CFR) of 0.25% (95% Cl: 0.248%,
0.253%). We further show that if the zero-COVID policy had been eased in January 2022, the CIR and CFR would have
decreased to 81.64% and 0.205%, respectively, due to a higher level of immunity from vaccination. However, if we
ease the zero-COVID policy during the circulation of Delta variant from June 2021, the CIR would decrease to 74.06%
while the CFR would significantly increase to 1.065%. Therefore, in the face of a‘Disease X; the adaptive strategies
should be guided by multiple factors, the ‘zero-COVID-like' policy could be a feasible and effective way for the control
of a variant with relative low transmissibility. However, we should ease the strategy as the virus matures into a new
variant with much higher transmissibility, particularly when the population is at a high level of immunity.
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Main

Throughout human history, there have been lots of alarm-
ing epidemics, such as the Plague of Justinian and the
Black Death, all of which resulted in enormous losses
and fatalities [1, 2]. While human public health standards
advance with the development of society, the terrifying
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specter of devastating pandemics has never truly departed
from humanity. The severe acute respiratory syndrome
(SARS) that emerged in 2002 was caused by the SARS
coronavirus, resulted in approximately 8,000 cases and
774 deaths [3, 4]. The HIN1 influenza pandemic in 2009,
also known as swine flu, was caused by the HIN1 influ-
enza virus, also caused approximately 200,000 deaths
worldwide [5-7]. The Middle East Respiratory Syndrome
(MERS), which emerged in 2012, is caused by the Middle
East Respiratory Syndrome Coronavirus (MERS-CoV),
first discovered in Saudi Arabia. It has continued to cause
sporadic cases and outbreaks, and remains widely studied
[8, 9]. The 2014 West African Ebola epidemic, while not a
traditional pandemic, resulted in more than 28,000 cases
and 11,000 deaths. It was classified by the World Health
Organization as one of the most serious viruses in terms
of its high fatality rate [10—12]. Lastly, there is COVID-19,
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which was discovered at the end of 2019 and has rapidly
spread worldwide. Its impact on the world remains pro-
found and enduring [13-17].

In recent times, an escalating awareness has emerged
that a more perilous pandemic than COVID-19 may
swiftly arise in the near future. The World Health Organi-
zation (WHO) refers to this potential threat as ‘Disease
X’ [18]. ‘Disease X' does not represent a specific exist-
ing ailment but symbolizes a novel, unknown disease to
humanity. When it initially emerges, little is known about
its characteristics. Whether it is lethal, highly contagious,
or poses a threat to human lifestyles remains unclear.
However, an increasing number of people are reaching a
consensus: COVID-19 may be the first instance of ‘Dis-
ease X, and the next ONE might already be circulating as
a respiratory virus in animals [19-22]. It is both urgent
and critical to prepare for the management of emerging
infectious diseases. Developing a general and adaptive
strategy based on our experience with existing epidemics
would be a feasible and effective approach.

During the 4 years of the COVID-19 pandemic, we
have developed a global toolkit of non-pharmaceutical
interventions (NPIs), including wearing masks, social
distancing, personal hygiene, testing, contact tracing,
and isolating infected individuals [23]. Equipped with the
NPI toolkit, the key question is how to design a proper
or an improved strategy that controls the disease’s spread
in the most cost-effective manner [24—37]. To be con-
cluded, during the COVID-19 pandemic, there are two
distinguished strategies adapted by different countries.
Many countries implemented strict control measures
during the early phase of the pandemic, and began to
relax the strict policies to restore socio-economic activi-
ties [38—40]. And the focus of the strategy is to flatten the
epidemic curve instead of clearing the case using NPIs.
In contrast, China has implemented strict control policy
(i.e., zero-COVID policy) for a long period till the end of
2022, where the original/Alpha variant and the Delta var-
iant were circulating. The target of zero-COVID policy is
to clear the case of each local outbreak in a short period,
which has been demonstrated to be a feasible way [14,
27, 29, 33, 35, 41-46]. Some concise and useful mathe-
matical models have been established to discuss China’s
strict social restriction measures. For example, [43] esti-
mated the 95% credible interval of epidemic parameters
in China using data from January 21 to August 7, 2020.
They also demonstrated the success and effectiveness of
China’s strict measures. However, after the emergence of
the Omicron variant, localized outbreaks in places like
Shanghai, China, have indicated that even stringent inter-
vention measures may reach their effectiveness limit [47—
58]. Consequently, the Chinese government announced
major changes to the country’s policies on COVID-19
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(i.e., the ease of zero-COVID policy). However, there is
still a lack of systematic quantitative evaluation of the
COVID-19 control strategies used in China, including
policy shifts and their optimization. Such evaluation is
essential for providing robust qualitative support for the
design of general and adaptive control strategies for an
emerging infectious disease. Incorporating insights into
this aspect falls within the scope of this study.

In conclusion, China, one of the world’s most populous
countries, followed a zero-COVID policy for three years
until the end of 2022. With a national vaccination rate
of 92.48% among its 1.4 billion people [59], China then
shifted from strict control measures to more normalized
interventions. Therefore, China’s approach to control-
ling COVID-19 can serve as a foundational case study for
developing a general and adaptive strategy for respond-
ing to rapidly evolving diseases like Disease X. The main
purpose of this study is to generalize an improved and
adaptive strategy from the control of the COVID-19
pandemic in China, by using the compartment model to
conduct the retrospective analysis during the circulation
of different variants of SARS-CoV-2. The key aspects for
searching improved control strategies include if we can
try to relax the strict control interventions at the much
earlier phase (such as since the emerges of the Delta vari-
ant)? And which time would be the more proper for the
ease of the zero-COVID policy when we face the Omi-
cron variant with such high transmissibility?

Results

We established a mechanistic dynamic model for the
transmission of COIVD-19 in the entire population of
China. The model is a modified version of the classical
SEIR model, designed to specifically reflect the entire
process of epidemic transmission [60—62]. The proposed
model includes age-based structures and immunity lev-
els for different vaccine doses, covering susceptibility
from the latent phase through mild to severe conditions,
and including isolation or hospitalization (illustrated in
Fig. 1(a, b), detailed in the Methods section).

Model calibration and epidemic projection

The model fitting results for the epidemic data during
the time window before the announcement of the “20
Measures” are shown in Fig. 2(b). This announcement
marked the end of the dynamic zero-COVID policy in
China. It is important to note that the “20 Measures”
relaxed policies on case isolation, mass PCR testing, con-
tact tracing, social distancing, and travel restrictions. The
“10 Measures” released on December 7, further relaxed
these policies. Therefore, the control measures changed
progressively rather than disappearing all at once. The
relaxation of mass PCR testing policies directly led to
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Fig. 1 Model framework schematic. a Changes in population immunity levels. The immunity level ranks from low to high as low-level immunity,
basic immunity and boosted immunity. Immunity enhancement through vaccination is considered from low immunity level to high immunity level
and immunity wanning is considered from high immunity level to low immunity level. Specifically, for individuals who have never been infected,
immunity can only be obtained through vaccination and for individuals who have been infected, natural immunity are acquired at the boosted
immunity level. b Flowchart describing COVID-19 transmission, immunity waning considering primary and reinfection

inaccuracies in the reported number of new cases—these
numbers were certainly lower than the actual number
of new infections. Therefore, data after November 10
were not fitted. The estimated values of the key epidemic
parameters are presented in Supplementary Informa-
tion Table S1. Additionally, for some parameters directly
assumed, we also conducted uncertainty and sensitiv-
ity analyses. Please refer to the supplementary informa-
tion, Figure S2, for details. We then project the epidemic
waves of the Omicron variant after the adjustment of the
dynamic zero-COVID policy. Note that, as we only con-
sidered three age groups, we firstly adjusted the contact
matrix obtained in [63] to our setting (see the details in
method section). We assume that the easing of the strict
control strategy results in the free transmission of the
virus, hence deduce the transmission rate by setting the
reproduction number as 8.2 for Omicron variant [64].

Consequently, we show the subsequent epidemic waves
in Fig. 2(a) after the adjustment of the zero-COVID pol-
icy. The projection shows that the first epidemic waves
reach the peak at December 24, 2022.

Further, we show the daily new infections, daily new
incidence of severe illness and death in the three age
groups in Fig. 2(d, f, h), respectively. And the statis-
tic results of the key epidemic indexes in the three age
groups and the whole population are concluded in
Table 1. Figure 2 and Table 1 show that the peak of daily
new infections reached 46.63 million. By the end of Janu-
ary 2023, about 82.9% (95%CI : 82.3%,83.5%) of China’s
population had been infected, representing the cumula-
tive infection rate of the first epidemic wave. This is con-
sistent with the results of cumulative infection rate (CIR)
from reference [65]. In addition, we can find that the
peak number of daily incidences of severe infections was
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Fig. 2 Model calibration and simulations. a Daily new infections from November 1, 2022, to the end of June 2023.The lighter shaded

portion represents 95% confidence interval. b Effective reproduction number R, (t). The shaded area represents a 10% perturbation. It drops

below the threshold of 1 on December 29, 2022. c The early-stage epidemic curve of the initial impact wave. Three durations are divided according
to the policies enforced in China. Data points represent actual data, the curve reflects the model's fitting results, and the shaded area represents

a 10% data perturbation. d, f, h. Daily new infection curves (d), daily new severe infection curves (f), and daily new death curves (h) in 0-2, 3-59
and 60+ age groups, respectively. The lighter shaded portion represents 95% confidence interval. e, g, i. The proportions of total infections (Tl), total
severe infections (TSI), and total deaths (TD) to the total population in age group 0-2 (e), 3-59 (g) and 60+ (i), respectively

Table 1 Statistic results of the key epidemic indexes for the first epidemic wave

Value (95%Cl)

0-2 3-59 60+ Total
Peak value of new infection 867,444 46,636,926 9,294,430 55,929,128

(780,621, 966,363) (42,544,942, 51,284,010) (8,391,309, 10,319,679) (50,879,877,61,742,679)
Cumulative infection 21,332,149 1,036,537,492 223,889,591 1,170,444,136

(20,841,464, 21,836,068) (1,031,567,340, 1,041,115,520) (220,029,338,227,797,335) (1,161,295,975,1,179,232,581)
Cumulative infection rate (CIR) 80.8% 92.4% 84.8% 82.9%

(78.9%, 82.7%) (92%, 92.8%) (83.3%, 86.3%) (82.3%, 83.5%)
Peak incidence number of severe 5602 119,466 148,138 270,435
iliness (5091, 6168) (110,284, 129,465) (135,521,162,091) (248,722,294,635)
Cumulative Severe infection 144,388 2,873,405 3,810,163 6,827,956

(141,091, 147,752) (2,851,114, 2,894,974) (3,726,926, 3,896,394) (6,731,480, 6,925,939)
Severe infection rate 0.677% 0.277% 0.17% 0.583%

(0.676%, 0.677%) (0.275%, 0.279%) (0.168%, 0.173%) (0.578%, 0.589%)
Peak incidence number of death 377 21,491 76,083 97,918

(352, 403) (20,347, 22,693) (70,551, 82,183) (91,247,105,212)
Cumulative deaths 13,694 679,987 2,235119 2,928,799

(13,409, 13,978) (676,095, 683,339) (2,190,688, 2,280,937) (2,882,338, 2,976,396)
Case fatality rate 0.0642% 0.0656% 0.998% 0.25%
(CFR) (0.064%, 0.0643%) (0.0652%, 0.066%) (0.986%, 1.01%) (0.248%, 0.253%)

projected as 270,435 (95%CI : 248722, 294635), which
would result in high pressure on medical resources. To
specific, incidence of the elderly ranked as the highest,
aligning with the observations. This contrast becomes

even more pronounced in the case of fatalities. Similarly,
the overall CFR during the first epidemic wave in China
was estimated at 0.25%(95%CI : 0.248%, 0.253%), with an
estimated cumulative death toll of around 2.93 million
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(95%CI : 2.88million — 2.98million). The elderly was the
most affected group, with a CFR of 1%, which is 15 times
higher than that of other age groups. This conclusion is
also evident from Fig. 2 (e, g, i), which shows the propor-
tions of total infections, severe infections, and deaths for
specific age groups compared to the entire population
during the first wave.

The first wave of shocks indeed caused a fairly large
wave of infections, which far exceeded the casualties
caused by all local epidemics in China in the past three
years. From another standpoint, the sustained implemen-
tation of the zero-COVID policy delayed this impact by
three years, providing three years of health protection for
many individuals. This also allowed for better preparation
of medical resources (such as ICU beds), thereby pre-
venting medical overload to some extent. After decon-
structing the real-world impact of policy relaxation, our
subsequent task is to analyze an improved timing for eas-
ing the zero-COVID policy.

a x10”
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Improving the shifting of control policies

In this section, we focus on determining an improved
timing for the adjustment of policy in balancing the
control of epidemics and the economic development.
To this end, we firstly search a better timing for eas-
ing the zero-COVID policy during the circulation of
Omicron variant, given the shifting of the immunity in
the population in China. In detail, Fig. 3 (a, b) shows
the time series of daily new vaccination doses and the
cumulative vaccination doses in China, indicating an
increase in population immunity. However, a lot of
clinical evidence has been well documented showing
that individuals quickly lose their immunity against
infection and severe illness after vaccination [66—68],
indicating a decrease in immunity in the population.
This motivates us to search an improved timing for the
easing of zero-COVID policy by leveraging the protec-
tion of the mass vaccination program. To this end, we
simulate the outcomes of the first large-scale epidemic
wave of Omicron variant when we try to relax the zero-
COVID policy in January 2022. The setting of vacci-
nation-related parameters and the initial conditions
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Fig. 3 a Data on new vaccination doses in China obtained from OWID. The start time of the simulation in the three scenarios is marked

with a vertical dotted line. b Data on cumulative vaccination doses in China obtained from OWID. The start time of the simulation in the three
scenarios is marked with a vertical dotted line. Histogram of c. CIR, e severe infection rate, and g CFR in three scenarios. d The collected data
on China's vaccination coverage at different time points played a crucial role in calibrating the model under baseline conditions and in setting
the initial population distribution for various scenarios. f Simulated outbreak curves (daily infections) for China easing its zero-COVID policy

under three scenarios
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Table 2 Parameter settings for three scenarios
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Easing time Dominant variant Transmission Death rate d Setting of initial conditions S'/0(0)
rate 8
Baseline 2022-11-1 Omicron Bo do [ 26400286 55040710 24724860
0 1018336977 206101342
0 9528481 12833072
L 0 38470686 20343586
Scenario 1 2021-6-1 Delta % * Bo 3% dy [ 26400286 623139507 146704126
0 0 498237346 117298733
0 0 0
i 0 0 0
Scenario 2 2022-1-1 Omicron Bo do [ 26400286 110046459 25907954
0 39996117 9416182
0 971334276 228678723
0 0 0

of the vaccination are shown in Table 2. It should be
mentioned that around 579 million doses have been
additionally vaccinated to the population during Janu-
ary 2022 to November 2022. Specifically, 41,568,000
were first doses, 59,227,000 were second doses, and
478,299,000 were booster doses.

The simulation results are shown in Fig. 3 and Table 3.
It follows from Fig. 3(f) that there will also a large-scale
epidemic wave when we try to ease the strict control
strategies under zero-COVID policy. It can be seen that
the first epidemic wave peaks a little bit later (by 5 days)
compared to the baseline scenario (the estimation of the
real case considered in last section, that the zero-COVID
policy is eased in November 2022). The CIR is estimated
as 81.64%, representing an 1% decrease compared to the
baseline scenario. The peak size is 52,208,764, which is
7% less than the baseline scenario in terms of popula-
tion. Moreover, we find that the peak incidence number
of daily severe infections significantly decreased 68,615,
where the cumulative number of severe infections is
estimated as 4,999,293 with a severe infection rate of
0.434% (compare to 0.484% in the baseline scenarios).

The situation regarding deaths during the first large-scale
epidemic wave has improved. Specifically, the peak daily
deaths decreased to 80,886, cumulative deaths fell from
2.929 million to 2.336 million, and the CFR decreased
from 0.25% to 0.203%.

We further evaluate if the strict control interventions
under the zero-COVID policy can be relaxed much ear-
lier before the emerging of the variant with high trans-
missibility (i.e., the Omicron variant).

To this end, we simulated in Fig. 3(f) the outcomes of
the epidemic wave considering that the zero-COVID
policy was relaxed in June 2021, while the Delta variant
was circulating in China. Figure 3(f) shows that, despite
the Delta variant’s lower transmissibility compared to
the Omicron variant, there is still a potential for a large-
scale epidemic wave with a cumulative infection rate of
74.06%. However, the epidemic characteristics changed
significantly compared to the baseline scenario. For
example, the first epidemic wave reached its peak with
29.71 million daily new infections approximately 44 days
later than in the baseline scenario. Although with a
much small CIR, the peak incidence of severe illness was

Table 3 Comparison of main simulation results of the first wave infection in three scenarios

Baseline Scenario 1 Scenario 2

Value Value Increment Value Increment
Peak value of new infection 55,929,128 29,714,209 0.53 52,208,764 0.93
Cumulative infection 1,170,444,136 1,045,530,316 0.89 1,152,632,155 0.99
Cumulative infection rate (CIR) 82.9% 74.06% 0.89 81.64% 0.99
Peak incidence number of severe illness 270,435 368,397 1.36 201,820 0.75
Cumulative Severe infection 6,827,956 13,805,255 2.02 4,999,293 0.73
Severe infection rate 0.484% 1.32% 2.73 0.434% 0.9
Peak incidence number of death 97,918 289,637 2.96 80,886 0.83
Cumulative deaths 2,928,799 11,132,724 3.8 2,335,700 0.8
Case fatality rate (CFR) 0.25% 1.065% 4.26 0.203% 0.81
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approximately 6.98 million higher than that of the base-
line case for the Omicron variant, while the severe infec-
tion rate increased from 0.484% to 1.32%. Regarding of
the deaths, we find that the peak number of daily deaths
can increase to around 289 thousand, while the cumula-
tive death reaches 11.13 million, which is 280% higher
than the baseline scenario. The CFR has increased from
0.25% to 1.065%, which is 326% higher than the baseline
scenario.

Discussion
Since the beginning of the twenty-first century, emerg-
ing infectious diseases have surfaced intermittently, pos-
ing major challenges to society. It is anticipated that new
infectious diseases, referred to as “Disease X', will con-
tinue to arise in the near future. Common characteristics
have been identified among various infectious disease
epidemics, notably the rapid evolution of viruses and the
successive emergence of new variants. Throughout the
long history of infectious disease control, we have devel-
oped a suite of measures, including non-pharmaceutical
interventions (NPIs) and vaccination, to curb the spread
of emerging infections. However, vaccinations alone
often fail to halt the spread of these diseases, either due
to difficulties in vaccine development or because mass
vaccination does not achieve herd immunity owing to
rapid waning immunity. Similarly, NPIs cannot stop the
global spread of emerging infectious diseases due to the
prohibitive costs associated with implementing stringent
control measures. Therefore, it is crucial to design a com-
prehensive and improved control policy that leverages
the synergistic effects of NPIs and vaccination to combat
Disease X to curb the epidemics at the most effective and
cost-efficient way. It would be feasible to devise a general
and adaptive control policy that draws on past experi-
ences in tackling previous emerging infectious diseases.
Here, adaptive strategy means an appropriate shifting of
control policy following the quick evolving of the virus in
terms of its transmissibility and the pathogenicity.
Considering that COVID-19 is regarded as the first
instance of Disease X [18-22], and given the significant
shifts in China’s control policy for COVID-19, this study
aims to develop a general and adaptive policy based on
China’s experiences. We first projected the epidemic
waves of the Omicron variant following the easing of
the zero-COVID policy in November 2022 using a com-
partment model. This serves as the baseline for compar-
ing whether there is a better timing for easing the policy.
In the case of weak or even no control interventions, it
can be seen that there is definitely a large-scale epidemic
wave no matter when the zero-COVID policy is relaxed
if the basic reproduction number exceeds 8. Note that,
the large-scale wave occurs even when the vaccination
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coverage already exceeds 80% in China, which is owing
to that a large ratio of population loss their immunity
already before the vaccination coverage reaches a high
level. Our results indicate that the easing of zero-COVID
policy at January, 2022, can not only help to reduce the
outbreak size and the incidence of severe infections but
also save a significant cost of boosting dose of the mass
vaccination comparing to the baseline case. Therefore, it
is important to choose an improved timing for releasing
the strict control intervention by leveraging the protec-
tion of mass vaccination. And our results shows that an
improved timing for easing the strict control intervention
can not only reduce the outbreak size of the epidemic
wave but also greatly saving the control-cost of additional
vaccination.

The natural question then arises: could the strict
control interventions have been relaxed much earlier?
To explore this, we simulated the outcomes of the epi-
demic if the zero-COVID policy had been lifted in Jan-
uary 2021, during the circulation of the Delta variant in
China. The results indicate that there would still have
been a large-scale epidemic wave, with an accumula-
tive infection rate reaching 89% of the baseline sce-
nario. However, the peak size of new infections would
have decreased to 47% of the baseline, due to the Delta
variant’s lower transmissibility compared to that of
the Omicron variant. Despite these findings, the situ-
ation would have worsened significantly, with severe
infection rates and case fatality rates (CFR) increasing
by 71% and 226%, respectively, compared to the base-
line case. Given China’s large population, this scenario
would have led to a substantial increase in the number
of deaths. Considering that China had 17 rounds of
local outbreaks during 225 days of Delta variant circu-
lation, with the highest peak at only 180 cases [58], it is
suggested that quick case clearance should be pursued
for variants with lower transmissibility. Each outbreak
could potentially be controlled within a short period,
such as about one month, based on China’s experience
with the Delta variant.

In conclusion, managing an emerging infectious dis-
ease (Disease X) requires comprehensive consideration
and monitoring of several factors: the transmissibility of
viral variants, the upper limit of NPI effectiveness, the
speed of vaccine development and administration, and
the waning efficacy of vaccines. These factors are crucial
for formulating an adaptive control strategy. The pro-
posed general and adaptive policy can be summarized as
follows: initially, highly stringent control measures (such
as a zero-COVID policy) may be employed to halt each
outbreak when the virus’s basic reproduction number is
below 5. If stopping the spread quickly proves too costly,
it may be necessary to relax these stringent measures
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and transition to normalized control strategies. This shift
should occur at a more appropriate time, leveraging the
protective effects of mass vaccination to maintain control
over the disease spread.

There are still several limitations in this study. Firstly,
since the model design did not specifically account for
excess mortality among severe patients due to insuffi-
cient healthcare capacity, the estimated mortality figures
in this paper are somewhat conservative. Secondly, the
vaccine-related data we have is still incomplete, and miss-
ing vaccination data for each age group at certain time
points limits our ability to perform a more detailed analy-
sis. Lastly, although we performed three scenario analy-
ses as preliminary experiments, designing dynamic and
comprehensive strategies—such as NPIs and vaccination
plans incorporating game theory, cost-effectiveness, and
sensitive variant monitoring—remains a challenge. This
will require further research.

Methods

Model formula

Based on a Susceptible- Exposed- Asymptomatic-
Infectious- Quarantined- Hospitalized- Recovered-
Death model structure (SEAIQHRD), we developed
a dynamic model of COVID-19 transmission in the
widespread outbreak caused by the SARS-CoV-2 Omi-
cron variant in China, and the flow diagram is shown in
Fig. 1. Considering the different levels of social activi-
ties of different age groups in the modeling, the popula-
tion was divided into three age groups: 0—2 years old,
3-59 years old, and 60 years old and above. According
to the dose of vaccine and individual immunity level,
the population was further divided into four groups:
unvaccinated group, one-dose vaccination group,
two-dose vaccination group and booster vaccination
group. Since almost everyone in China had never been
infected with the COVID-19 before the easing of the
‘zero-COVID policy, we divide the infection process
into the first round of infection and reinfection. There-
fore, each state variable or compartment variable has
three superscripts i,j, and k, which represent age group,
immunity level group, and whether it is the first round
of infection. For example, S>1'0 represents people in
the second age group and the second immunity group
who have been infected and are susceptible again. It
is worth noting that the division of three age groups
can not only highlight the heterogeneity of the popu-
lation, but also avoid the model structure from being
too complex. And this is also related to the division of
immunity level groups, because according to national
policy, children aged 0-2 years are generally not vac-
cinated, while those over 60 years old are the national
key protected groups. Meanwhile, the vaccination
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data available to us is categorized by age only for indi-
viduals aged 60 and above. The data for the 3-59 age
group lacks further stratification. In fact, vaccination
data largely determines how we set up the three age
groups. In addition, although it appears that all three
age groups fall into four immunity levels (a total of 12
different combinations), the first age group (0-2 years
old) is always entirely in the first immunity level group
(unvaccinated group) during the first round of infec-
tion. Immunity waning is considered to reflect the
movement of people between different immunity level
groups (e.g., S*39 to S»1'0), In addition, it is also used
to reflect the movement of recovered people to suscep-
tible people (e.g., R"1? to S¥1'1). According to the indi-
vidual state of infection, the population is divided into
susceptible (S), exposed (E), infectious (A, I,;;, Is), quar-
antine (Q4, Qu;, H), recovered (R) and dead (D) classes.
We distinguish between asymptomatic infection (A),
mild infection (1), severe infection (I;), and also dis-
tinguish between the corresponding home quarantine
(Q4, Qi) and severe hospitalization (H).

We first sort out the dynamics of individual infections
without superscripts. The transmission occurs when the
susceptible population (S) closely contact with infec-
tious individuals (A, I, and Is) and become exposed
class (E) with a transmission probability g per con-
tact. Two types of infectious individuals have calibra-
tion coefficients ¢4 and ¢y, for their infectivity relative
to severe patients, respectively. Individuals in exposed
(E) will enter into the asymptomatic population (A)
with the transition rate (1 — p)o, where p is the prob-
ability of developing symptoms and 1/0 is the incuba-
tion period. The other individuals in exposed will enter
into the mild infection population (/,,) and severe infec-
tion population (Is) with the transition rate (1 — 0)po
and Opo, respectively. 0 is the probability of severe ill-
ness among symptomatic patients. Further, these three
types of infected individuals will enter into quarantined
asymptomatic population (Q4), quarantined mild infec-
tion population (Q,) and hospitalized and isolated
population (H) according to the home isolation rate
(64 and d8p,) and hospitalization rate (8z) respectively.
Among them, critically ill patients will be transferred
to Q,, with a discharge rate of tz. All asymptomatic and
mild symptom patients will move to the recovery class
with recovery rates y4, yYmm, ¥Q4, and yq,, respectively. A
disease-related death for the hospitalized population is
considered with severe mortality rate d.

Finally, we assume that individuals with medium and
high immunity levels (S*?° and S$*3) will move to the
low immunity level group (S“!0) at rates »**° and w"30
respectively. After experiencing the first round of infec-
tion, the recoveries (R0, j=0,1,2,3) will move to the
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susceptible class (s#1,;—12,3) at rates of immunity wan-
ing (w"",j = 0,1,2,3). It should be noted that since indi-
viduals in the first immunity level group acquire natural
immunity after being infected and recovering, they will
enter S*1'! instead of S*1. The setting for immunity wan-
ing during the reinfection process is consistent with that
for the first round of infection.

A more detailed description of the parameters and
variables is given in Table S1. It is important to empha-
size that, for the consistency of model representation, the
superscripts of the compartment variables correspond
one-to-one with the superscripts of each parameter.
However, in the actual simulation, apart from the contact
matrix C, which is only related to age groups, the other
parameters are only related to immunity levels. There-
fore, in Table S1, for clarity, we denote each parameter
with a subscript and use the superscript ‘-’ to distinguish
between reinfection and the first round of infection.
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group is represented as ¢;, (b = 1,2,3). When contacting
age group b, it also includes divisions based on four immu-
nity levels and whether the individual is the first round of
infection. Here, N represents the total population of age
group b. It is placed in the denominator to represent the
probability of encountering individuals from the afore-
mentioned categories during each contact.

Basic reproduction number

The basic reproduction number Ry plays a crucial role in
disease control and the stability of the disease-free equi-
librium (DFE) [69]. When Ry > 1, the disease spreads
within the population, rendering the DFE unstable as
the rate of new infections surpasses the rate of recover-
ies. Conversely, when Ry < 1, the disease cannot sustain
itself, leading to a stable DFE and eventual elimination
of the infection over time. This threshold concept is

i,0,0 .
é%f7 =:_”ALQO
11,0 . . . . .
det — _AbLO + 2085020 + 308530
dst?0 _ _ pi20 _ ()i20gi2,0
dt
st _ 030 _ 03,0030
dt
10,1 .
d.S;it — _AL,O,l
ng;t — _Al,l,l + wt,O,ORl,O,O + wz,l,ORl,l,O + wz,O,le,O,l + wz,l,le,l,l 4 wz,2,1sl,2,1 + (,01’3’151’3’1
(2,1 . . . . . . .
dS;t = — AL L h20pi20 o (621 pi21 _ (i216i2,1
sl NiB1 4 iBORIB0 4 iBARIBL _ i3l gi31
dt.
dEWK Abbk _ ai,j,kEi,j,k (1)
dt
dAk i ], ij,k pij, bk ’1 Ky pijk
7 =(1—p’/k>0'”kE”k—()/A )AL]
dn* LY ik o b K ik ,],k i) ik
ﬂk:(l_9”<)p” oWk L) _(Vlm )
6”:# — Glyl,kpl,],ko_l,],kEl,},k _ S;zvklsl’]'k
sz/’ _ obik ik ijk ~ij.k
d =04 AT =g, QU
dQy) injik rinj.k ok prijk . bk ik
di = 8 ] + 1y H Yg,, Qm
d]—gt:/:k 8 ,I k] gk ( i,k + A k)Hz,] K
dI;iZ'k J k gijik + oyl J K ri J k J k Q” ij.k Sf:k Q;’;lllk _ wihk Rk
J. m
dDiik dz,/,kHz,],k
dt

Particularly, the infection rate A“* was given as
follows.

Ak — ZZZI Cibﬁl;]";s"/'k Zizo lezo (gz,n,l abml g ghnd bl Isb,n,l)

)

Specifically, A% represents individuals who have moved

out of the susceptible group (5%) due to being infected

after coming into contact with an infected person. Since

our contact matrix is derived based on three age groups,

for a specific age group (i), its contact rate with each age

fundamental for designing control strategies, such as
achieving sufficient vaccination coverage or implement-
ing interventions to reduce Ry below 1, thereby eradicat-
ing the disease. General epidemic control strategies aim
to minimize Ry to ensure the disease’s extinction.

The basic reproduction number of the above model is
calculated using the method of the next-generation
matrix [70]. First, we need to identify two vectors F

A
and V. F = 024X1 , Aoax1 represents a column vector
72x1
ik
,

of 24 dimensions, whose elements are A’
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02ax24E24x1
(VA2ax24 + 842ax24)A2ax1 — (laax2a — P2x24)024x24E2ax1
(Vimaaxan + Otwansaa) Imaax1 — (axoa — 02ax24) P2ax24024x24 Eaaxt

(Pr, 24x24 + 81 2axna) Is24x1 — 024x24P24x24024x20Ena20

Here, Eoax1, A24x1, Imoax1 Iszax1 represent column
vectors of 24 ;}(imen]?ions respectively. Its elements are
Ebik Abik [N a4 is a 24-dimensional iden-
tlty matrix. 024x24, YA24 %240 VIpo4ax24 8A24><24: 81m24><24r
8Loasoar Plioaxoa P24x24, 024x24 represents a diagonal
matrix ka24 ,d&menslzons,,‘kwhqs% diaggnal elements are

bk bk bk cijk o chik o gk ink i
O'l’]’k; VA » y]m ) (SA ) 81:” ) 51: » ¢1(] ) Pl’]’k, Ql’]’k‘ For
example,

k=0
O12x12 012x12 :|
)

024x24 = |:O -1
12x12 01912

a0 0 0 000
a200 ¢ 000
0 o300 000
UlkZ:xOlZ = )
000 a4 0 0
000 N I A
L 000 0 0 o030 |
[ olol g 000
0201 000
0 o301 000
ot = : :
000 ol®l 0 0
000 N I )
L 000 0 0 o3 |

The construction of the remaining matrices follows a
similar approach.
So, we have

024.x24 Fip Fi3 Fiq
= 024x24  O24x24  O24x24 O24x24

024x24  O24x24  O24x24  O24ax24

024x24  0O24x24  O24x24  O24x24
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Here, (¢)T denotes the transpose of the matrix. F; 3 and
F, 4 follow a similar structure.

Vi, Vo, Voo, Va1, Va3, Va1 and Vyy are all diagonal
matrices of 24 X 24, and

Vi1 = 024x24, V2,1 = —(l2ax24 — 024x24)024%24, V2,2 = VAoaxoa T 042424

V31 = —(l2ax24 — 024x24) 024x24024x24> V33 = VIoaxoa T Olnoaxoar

Va1 = 024x24024x24024x245 Va4 = Plioasoa T 004524

It can be calculated that,

Vfll 02424 024x24  O24x24
vz | ~ Vljll Vi szzl V{zl 024x24  O4x24
-Viiv 31 Vi Ouxoa Viy O2axoa |
- Vfll Vi V4T41 024x24  O2ax24 Vi L
Gi,1 G2 G133 G1,3
vl = 024x24  024x24  024x24 0O24x24
024x24  024x24  024x24  O24x24 |’
024x24  024x24  O24x24 O24x24

Then, the basic reproduction number is Ry = R (FV ~1|;)
= R(Gl,lltzo)r Gy = —1'"1,2‘/111 V2,1V2T21 - F1v3V1T11 V3’1V3T31_
F14V} Va1V, And the effective reproduction number
R, =R(FV~,)

Contact matrix

Since we obtained an 84-age group contact matrix from
the references, and what we need for this study is a con-
tact matrix among three age groups, it is necessary to
process the original contact matrix. ¢;; represents the per
capita contact rate between age group i and age group j
(i,j=1,2,...,84), defined as.

cij = fij/ni,

Vi1 0O2ax24  O2ax24  O24x24
Vo Voo 024x24  024x24
Vi1 O2ax24 V3sz  0Oax24
Va1 024x24  O24x24 Vaa

Here, F1, F1 3, and F}4 represent the Jacobian matri-
ces composed of the partial derivatives of the Aj4x vec-
tor with respect to the Asax1, Lnoax1, and Iy vectors,
respectively. Taking Fj > as an example,

_ Asea’

Where f;; represents the total number of contacts
between age group i and age group j, where f;; = f;;is met,
and #; represents the population of age group i. Below, we
divide the 84 age groups into three large age groups, where

8([\1’0’0, A2,O,O, A?),O,O, . ,A1’4’0, A2’4’0, A3,4,0’ Al,O,l’ A2,0,1’ AS’O’I, L A1’4‘1, A2,4,1’ A3,4,1

F1,2 = =
dAzasa”

9 (AI'O'O,AZ’O'O,A3’O’O, ., ALA0 4240 4340 AL01 4201 4301 ,AIA,I,AZA,I'A?:A,I)

|24%24
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F,, corresponds to the total number of contacts between
age group u and age group v (u,v = 1,2,3). The specific
calculation process is as follows:

2 2 2 59 2 84
Fiu=> > cmFa=> Y cim,Fizs=»_ > cym,
i=1 j=1 i=1 j=3 i=1 j=60
59 2 59 59 59 84
Fa=)Y > ejnFp=>_ Y cjn,Fiz=»_ > cym
i=3 j=1 i=3 j=3 i=3 j=60
84 2 84 59 84 84
F3 = Z Zcijl’li,Fsz = Z ZcijnivFZSS = Z Z CijHis
i=60 j=1 i=60 j=3 i=60,j=60

2 59 84
Ny = E nj, Ny = E n;, N3 = E nj,
i—1 i=3 i=60

Cuw = uv/Nu

Here, n; and c;; are available data [63]. The specific val-
ues of the contact matrix Cy,, is given in Table 1.

Data
The multi-source epidemiological data on the local
COVID-19 outbreak in China caused by the SARS-CoV-2
Omicron variant were obtained from the Chinese Center
for Disease Control and Prevention. Detailed informa-
tion is provided in Supplementary information Figure
S1 [71]. The Chinese government announced two press
conferences on November 10 and December 7, 2022,
respectively, addressing the new measures for COVID-
19 prevention and control [72]. This marked a significant
shift away from the zero-COVID policy. Consequently,
we obtained the reported daily case numbers from
November 1 to December 23. It is important to note that,
Due to the substantial reduction in the scope of mass Pol-
ymerase Chain Reaction (PCR) testing mandated by the
20 measures, the reported data no longer align with the
actual number of new cases since November 10, 2022.

Additionally, according to national COVID-19 infec-
tion statistics from the Chinese Center for Disease
Control and Prevention, the first wave reached its peak
between December 22 and December 25 [71]. Despite
the absence of mass PCR testing in China, the absolute
peak value of new infections is unreliable; however, the
relative timing of reaching the peak is considered reliable.
Therefore, we utilized data from November 1 to Novem-
ber 10, along with the peak timings of the first wave, for
model fitting.

The vaccine administration data were sourced not only
from the official website of the Chinese National Health
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Commission but also from Our World in Data (OWID)
[58]; however, only partial datasets were available from
both sources. The fitting of baseline conditions and the
corresponding time-point vaccine data for the two addi-
tional scenarios are presented in Fig. 3(d) in the main text
[71, 73-77]. 1t is important to note that due to the dele-
tion or hiding of much information about cases and vac-
cine administration on the official website of the National
Health Commission of China, we can only rely on cita-
tions from other websites that report the commission’s
announcements as indirect references.

Model fitting process

We calibrated model (1) using the least squares method
(LSM) with COVID-19 data from China, all implemented
using MATLAB software.

First, we utilized the calculation formula for the basic
reproduction number (Rp), assuming that all suscep-
tibles (i.e., the entire population) were unvaccinated
Qo §499(0) = N,y;) and excluding the effects of all con-
trol measures. With all other parameters held constant,
we estimated the original transmissibility By. Then we
use LSM only in order to estimate the initial susceptible
population s¢9(0), initial mild infection population of pri-
mary infection 7/°(0), the calibration coefficient f;; for
the transmissibility Bp, which reflects the reduction in
transmissibility due to social distancing measures.

We fixed some parameters in model (1) by reviewing
literature, which included the incubation period (1/0),
rate of immunity waning (w”?), the vaccine effective-
ness, contact matrix (C), the probability of developing
symptoms in unvaccinated exposed individuals at three
ages (po), the probability of severe symptoms among
unvaccinated people in three age groups (6p), the propor-
tion of severe ill unvaccinated patients admitted to the
ICU in three age groups (), and severe mortality among
unvaccinated people in three age groups (dp). Addition-
ally, the correction coefficients for the force of infection
of asymptomatic and mildly symptomatic individuals rel-
ative to severe cases,

¢4 and Gy, are both assumed to be 1. The immunity
waning rate (") after the first infection is assumed
to be the same as (©*'9). Due to the relaxation of home
quarantine policies, we set the home quarantine rate
to 0. Additionally, based on empirical data, we made
assumptions regarding the hospitalization rate, the aver-
age length of hospital stay for severe patients, and the
recovery rates. Sensitivity analyses were conducted for all
the assumed parameters mentioned above. Please refer
to the Supplementary Information section on sensitivity
analysis.
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Except for the initial susceptible population and the
mildly infected population, the initial values of all other
compartments in the model are set to zero, as shown in
Table S1. The initial distribution of susceptible individu-
als is set based on the vaccination data for the partially
vaccinated population and the elderly that we obtained,
as shown in Fig. 3(d). Additionally, supported by the
estimation in reference [65], we assume that 15% of the
population did not participate in the first wave of the
pandemic.

Nov10th
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Below, we illustrate how to set the relevant parameters
for a scenario using an example. If we choose June 2021
as a scenario, according to the data we collected shown
in Fig. 3(d), the proportion of people newly vaccinated is
43.62% [71, 73-77]. It is noteworthy that the transmis-
sibility of the Delta variant was not as potent as that of
the Omicron variant. In our simulations, once the policy
is eased, the vaccination program also remains at this
moment. We depict the initial distribution of susceptible
individuals based on the age distribution of the Chinese

2
§ ijk phisk 2
Loss = r—Novlst <Damt - E ii](a” E, ) + (Dﬂtdpeakn‘me — Modelpeakﬁme)

We defined the loss function for the LSM method as
shown above. The loss function consists of two parts:
the first part represents the cumulative residuals of daily
new cases, and the second part represents the residuals
for the peak time of the first wave. In MATLAB, we use
the ‘fmincon’ function to solve constrained minimization
problems. The Loss function it calls is set as described.
The magnitude of the first part, Data, for the 10-day
period, is different from the magnitude of the second
part, Datayeaisime- To help ‘fmincon’ converge more effec-
tively to the optimal solution, we need to assign weights
to the two parts of the Loss. Through numerical experi-
ments, we set ¢ to 10, as detailed in the Data Availability
section.

Scenario setting for the improved easing time

We constructed a model that takes into account different
immunity levels and estimated the initial population sizes
for various groups. Combining vaccination data curves
obtained from official website of China National Center
for Disease Control and Prevention and OWID [59], we
can essentially provide the distribution of population
sizes with differing immunity levels at certain time points
over three years. Consequently, the model can obtain
initial values at any given moment, enabling simulations
of the epidemic scenario in China under different time-
frames for easing the zero-COVID policy.

The new vaccination doses and the cumulative vaccina-
tion doses in China were shown in Fig. 3(a, b), it can be
found that the vaccination rate exhibits a slow-fast-slow
trend, resembling an S-shaped curve. Within the vac-
cination intervals observed over the last two years, it is
clear that, from the standpoint of the entire population,
the highest average immunity level is currently occurring
during the most rapid phase of vaccine administration.
These can provide us with some references for setting up
scenarios.

population obtained from the National Bureau of Statis-
tics of China [78]. At that point, China only had a popula-
tion consisting of individuals without immunity and those
with a single dose of vaccine. Therefore, the population
newly vaccinated with one dose, 43.62%, is divided by
age proportion to obtain the number of individuals with
one-dose immunity. Then, subtracting this number from
the total population of each age group gives the number
of individuals with zero-dose immunity. Note that infants
and toddlers aged 0-2 years are assumed not to be vacci-
nated. To better reflect reality, it is necessary to adjust the
key parameters for simulating the Delta variant. Accord-
ing to the literature [79-81], we can assume that the
regeneration number of the Delta variant R; is about 5.08
and the case fatality rate of it is 3 times that of Omicron,
as reflected in the parameter for severe mortality d.

Similarly, if we choose January 2022 as another scenario,
approximately 2.07 billion doses of vaccine are adminis-
tered within six months. As of January 6, 2022, approxi-
mately 88.5% of the population had received at least one
vaccine doses, and 85% of the population had received a
second dose. Furthermore, the universal administration
of the second dose commenced in June 2021 [73]. Thus,
in this scenario, the proportion of the population at the
baseline immunity level is 85%, while the population with
zero-dose immunity is 11.5%. Hence, the count of indi-
viduals with single-dose immunity can be derived accord-
ingly. Finally, specific initial population distributions are
provided based on different age groups’ proportions.

In the scenario analysis, a single simulation is con-
ducted using only the average values of the estimated
parameters.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512911-025-02920-0.

[ Supplementary Material 1. }



https://doi.org/10.1186/s12911-025-02920-0
https://doi.org/10.1186/s12911-025-02920-0

Wang et al. BMC Medical Informatics and Decision Making

Acknowledgements
We sincerely appreciate the four reviewers for their invaluable suggestions
that greatly improved this work.

Relevant guidelines and regulations
Not applicable.

Authors’ contributions

HW, ST, BT conceived the study design. HW and BT did a literature search. XW
and WZ are responsible for data collection. HW, YX, BT and ST are responsible
for the modeling part. HW did a simulation. HW, BT and ST have made draft
preparations. HW, XW, YX, BT and ST deal with writing-reference-editing. BT
and ST supervise the whole process. All authors reviewed the final manuscript.

Funding

This research was supported by the National Natural Science Founda-
tion of China (grant numbers: 12031010(ST), 92470107(ST), 12371502(BT),
12001349(W2)).

Data availability

The data used in this study was published by the Chinese Center for Disease
Control and Prevention and OWID. We have compiled it into a file and
uploaded it to GitHub. It is publicly available at the following link: https://
github.com/SNWZXS101/Data-of-Paper-about-Disease-XChina-from-OWID.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 4 June 2024 Accepted: 4 February 2025
Published online: 19 February 2025

References

1. Herlihy D.The black death and the transformation of the West. Cam-
bridge: Harvard University Press; 1997.

2. Sarris P.The Justinianic plague: origins and effects. Continuity Change.
2002;17:169-82.

3. Finlay BB, See RH, Brunham RC. Rapid response research to emerging
infectious diseases: lessons from SARS. Nat Rev Microbiol. 2004,2:602-7.

4. Hung LS. The SARS epidemic in Hong Kong: what lessons have we
learned? J Roy Soc Med. 2003;96:374-8.

5. Kumar S, Henrickson KJ. Update on influenza diagnostics: lessons
from the novel HINT1 influenza A pandemic. Clin Microbiol Rev.
2012;25:344-61.

6.  Girard MP, Tam JS, Assossou OM, et al. The 2009 A (H1N1) influenza virus
pandemic: A review. Vaccine. 2010,28:4895-902.

7. Patel M, Dennis A, Flutter C, et al. Pandemic (H1N1) 2009 influenza. Brit
Janaesth. 2010;104:128-42.

8. Chan JFW, Lau SKP, To KKW, et al. Middle East respiratory syndrome coro-
navirus: another zoonotic betacoronavirus causing SARS-like disease. Clin
Microbiol Rev. 2015;28:465-522.

9. Drosten C, Meyer B, Muller MA, et al. Transmission of MERS-coronavirus in
household contacts. New Engl J Med. 2014;371:828-35.

10. WHO Ebola Response Team. Ebola virus disease in West Africa—the first
9 months of the epidemic and forward projections. New Engl J Med.
2014,371:1481-95.

11. Heymann DL, Chen L, Takemi K, et al. Global health security: the wider
lessons from the west African Ebola virus disease epidemic. Lancet.
2015;385:1884-901.

(2025) 25:92

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

Page 13 of 15

Gostin LO, Lucey D, Phelan A. The Ebola epidemic: a global health emer-
gency. JAMA. 2014;312:1095-6.

Kissler SM, Tedijanto C, Goldstein E, et al. Projecting the transmission
dynamics of SARS-CoV-2 through the postpandemic period. Science.
2020;368:860-8.

Huang C,WangY, Li X, et al. Clinical features of patients infected with
2019 novel coronavirus in Wuhan. China Lancet. 2020,395:497-506.

Van Doremalen N, Bushmaker T, Morris DH, et al. Aerosol and surface
stability of SARS-CoV-2 as compared with SARS-CoV-1. New Engl J Med.
2020;382:1564-7.

Badr HS, Du H, Marshall M, et al. Association between mobility patterns
and COVID-19 transmission in the USA: a mathematical modelling
study[J]. Lancet Infect Dis. 2020,20:1247-54.

IHME COVID-19 Forecasting Team. Modeling COVID-19 scenarios for the
United States[J]. Nat Med. 2021;27,94-105.

World Health Organization. 2018 Annual review of diseases prioritized
under the research and development blueprint. Informal consultation,
6-7 February 2018, Geneva, Switzerland. Retrieved from: https://www.
who.int/news-room/events/detail/2018/02/06/default-calendar/2018-
annual-review-of-diseases-prioritized-under-the-research-anddevelop
ment-blueprint.

Ghebreyesus TA. WHO Director-General's speech at the World govern-
ments summit. World Health Organization. 2024. Retrieved from: https://
www.who.int/zh/director-general/speeches/detail/who-director-gener
al-s-speech-at-the-world-governments-summit-—-12-february-2024.
Hatchett R. Prepare to prevent: Developing pandemic-busting vaccines
against “Disease X" UN Chronicle. 2023. Retrieved from: https://www.un.
org/en/un-chronicle/prepare-prevent-developing-pandemic-busting-
vaccines-against-96E29%80%9Cdisease-x%E29%80%9D.

Kelland K. Disease X —how the world can stop the next pandemic. World
Economic Forum. 2023. Retrieved from: https://cn.weforum.org/podca
sts/radio-davos/episodes/disease-x-pandemic-preparation-cepi/.
Coalition for Epidemic Preparedness Innovations. The 100 days mission.
2024. Retrieved from: https://cepi.net/cepi-20-and-100-days-mission.
Contreras S, Dehning J, Mohr SB, et al. Low case numbers enable
long-term stable pandemic control without lockdowns. Sci Adv.
2021;7:eabg2243.

Flaxman S, Mishra S, Gandy A, et al. Estimating the effects of non-pharma-
ceutical interventions on COVID-19 in Europe. Nature. 2020;584:257-61.
Hsiang S, Allen D, Annan-Phan S, et al. The effect of large-scale anti-
contagion policies on the COVID-19 pandemic. Nature. 2020;584:262-7.
Haug N, Geyrhofer L, Londei A, et al. Ranking the effectiveness of
worldwide COVID-19 government interventions. Nat Hum Behav.
2020;4:1303-12.

Chinazzi M, Davis JT, Ajelli M, et al. The effect of travel restrictions on

the spread of the 2019 novel coronavirus (COVID-19) outbreak. Science.
2020;368:395-400.

Cowling BJ, Leung GM. Epidemiological research priorities for public
health control of the ongoing global novel coronavirus (2019-nCoV)
outbreak. Eurosurveillance. 2020;25:2000110.

Prem K, Liu Y, Russell TW, et al. The effect of control strategies to reduce
social mixing on outcomes of the COVID-19 epidemic in Wuhan, China: a
modelling study. Lancet Public Health. 2020;5:261-70.

Chowell G, Mizumoto K. The COVID-19 pandemic in the USA: what might
we expect? Lancet. 2020;395:1093-4.

Weir EK, Thenappan T, Bhargava M, et al. Does vitamin D deficiency
increase the severity of COVID-19? Clin Med. 2020;20(4):e107.

Solis Arce JS, Warren SS, Meriggi NF, et al. COVID-19 vaccine accept-
ance and hesitancy in low-and middle-income countries. Nat Med.
2021;27:1385-94.

Wu Z, McGoogan JM. Characteristics of and important lessons from the
coronavirus disease 2019 (COVID-19) outbreak in China: summary of a
report of 72 314 cases from the Chinese Center for Disease Control and
Prevention. JAMA. 2020;323:1239-42.

Garrett PM, White JP, Lewandowsky S, et al. The acceptability and

uptake of smartphone tracking for COVID-19 in Australia. PLoS ONE.
2021;16:€0244827.

Pan A, Liu L, Wang C, et al. Association of public health interventions
with the epidemiology of the COVID-19 outbreak in Wuhan. China JAMA.
2020;323:1915-23.


https://github.com/SNWZXS101/Data-of-Paper-about-Disease-XChina-from-OWID
https://github.com/SNWZXS101/Data-of-Paper-about-Disease-XChina-from-OWID
https://www.who.int/news-room/events/detail/2018/02/06/default-calendar/2018-annual-review-of-diseases-prioritized-under-the-research-anddevelopment-blueprint
https://www.who.int/news-room/events/detail/2018/02/06/default-calendar/2018-annual-review-of-diseases-prioritized-under-the-research-anddevelopment-blueprint
https://www.who.int/news-room/events/detail/2018/02/06/default-calendar/2018-annual-review-of-diseases-prioritized-under-the-research-anddevelopment-blueprint
https://www.who.int/news-room/events/detail/2018/02/06/default-calendar/2018-annual-review-of-diseases-prioritized-under-the-research-anddevelopment-blueprint
https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-speech-at-the-world-governments-summit---12-february-2024
https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-speech-at-the-world-governments-summit---12-february-2024
https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-speech-at-the-world-governments-summit---12-february-2024
https://www.un.org/en/un-chronicle/prepare-prevent-developing-pandemic-busting-vaccines-against-%E2%80%9Cdisease-x%E2%80%9D
https://www.un.org/en/un-chronicle/prepare-prevent-developing-pandemic-busting-vaccines-against-%E2%80%9Cdisease-x%E2%80%9D
https://www.un.org/en/un-chronicle/prepare-prevent-developing-pandemic-busting-vaccines-against-%E2%80%9Cdisease-x%E2%80%9D
https://cn.weforum.org/podcasts/radio-davos/episodes/disease-x-pandemic-preparation-cepi/
https://cn.weforum.org/podcasts/radio-davos/episodes/disease-x-pandemic-preparation-cepi/
https://cepi.net/cepi-20-and-100-days-mission

Wang et al. BMC Medical Informatics and Decision Making

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

(2025) 25:92

Bae S, Kim MC, Kim JY, et al. Effectiveness of surgical and cotton masks

in blocking SARS-CoV-2: a controlled comparison in 4 patients[J]. Ann
Intern Med. 2020;173:W22-3.

Aleta A, Martin-Corral D, PastoreyPiontti A, et al. Modelling the impact of
testing, contact tracing and household quarantine on second waves of
COVID-19. Nat Hum Behav. 2020;4:964-71.

Pangallo M, Aleta A, del Rio-Chanona RM, et al. The unequal effects of
the health-economy trade-off during the COVID-19 pandemic. Nat Hum
Behav. 2024;8:264-75.

Jorda O, Singh SR, Taylor AM. Longer-run economic consequences of
pandemics. Rev Econ Stat. 2022;104:166-75.

Ghebreyesus TA. WHO Director-General's opening remarks at the

media briefing on COVID-19. World Health Organization. 2021.

Retrieved from: https://www.who.int/zh/director-general/speeches/
detail/who-director-general-s-opening-remarks-at-the-media-brief
ing-on-covid-19-15-july-2021.

LiuT, Wang X, Hu J, et al. Driving forces of changes in air quality during
the COVID-19 lockdown period in the Yangtze River Delta Region. China
Environ Sci Technol Lett. 2020;7:779-86.

Tian H, LiuY, Li Y, et al. An investigation of transmission control measures
during the first 50 days of the COVID-19 epidemic in China. Science.
2020;368:638-42.

Al-arydah M, Berhe H, Dib K, Madhu K. Mathematical modeling of the
spread of the coronavirus under strict social restrictions. Math Method
Appl Sci. 2021;1-11. https://doi.org/10.1002/mma.7965.

Li B, Deng A, Li K, et al. Viral infection and transmission in a large, well-
traced outbreak caused by the SARS-CoV-2 Delta variant. Nat Commun.
2022;13:460.

Wang H, Zhu D, Li S, et al. Home quarantine or centralized quarantine? A
mathematical modelling study on the COVID-19 epidemic in Guangzhou
in 2021. Math Biosci Eng. 2022;19:9060-70.

Kupferschmidt K, Wadman M. Delta variant triggers new phase in the
pandemic. Science. 2021;372:1375-6.

Kang M, YiY, Li Y, et al. Effectiveness of inactivated COVID-19 vaccines
against illness caused by the B. 1.617. 2 (Delta) variant during an outbreak
in Guangdong, China: a cohort study. Ann Intern Med. 2022;175:533-40.
Karim SSA, Karim QA. Omicron SARS-CoV-2 variant: a new chapter in the
COVID-19 pandemic. Lancet. 2021,398:2126-8.

Zhang H, Deng S, Ren L, et al. Profiling CD8+ T cell epitopes of COVID-19
convalescents reveals reduced cellular immune responses to SARS-CoV-2
variants. Cell Rep. 2021;36:109708.

Cai J, Deng X, Yang J, et al. Modeling transmission of SARS-CoV-2 omicron
in China. Nat Med. 2022,28:1468-75.

Pulliam JRC, van Schalkwyk C, Govender N, et al. Increased risk of SARS-
CoV-2 reinfection associated with emergence of Omicron in South Africa.
Science. 2022;376:eabn4947.

Twohig KA, Nyberg T, Zaidi A, et al. Hospital admission and emergency
care attendance risk for SARS-CoV-2 delta (B. 1.617. 2) compared with
alpha (B. 1.1. 7) variants of concern: a cohort study. Lancet Infect Dis.
2022,22:35-42.

Zhang X, Wu S, Wu B, et al. SARS-CoV-2 Omicron strain exhibits potent
capabilities for immune evasion and viral entrance. Signal Transduct Tar.
2021,6:430.

Davies NG, Jarvis Cl, Edmunds WJ, et al. Increased mortality in commu-
nity-tested cases of SARS-CoV-2 lineage B. 1.1. 7. Nature. 2021,593:270-4.
Chen J,Wang R, Gilby NB, et al. Omicron variant (B. 1.1. 529): infectiv-

ity, vaccine breakthrough, and antibody resistance. J Chem Inf Model.
2022,62:412-22.

Guo L, Zhang Q, Zhang C, et al. Assessment of antibody and T-cell
responses to the SARS-CoV-2 virus and Omicron variant in unvaccinated
individuals recovered from COVID-19 infection in Wuhan. China Jama
Netw Open. 2022,5:6229199-e229199.

Wang H, LiT, Gao H, et al. Lessons drawn from Shanghai for controlling
highly transmissible SARS-CoV-2 variants: insights from a modelling
study. BMC Infect Dis. 2023;23:331.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

75.

76.

77.

78.

79.

80.

Page 14 of 15

Tang S, Wang X, Tang B, et al. Threshold conditions for curbing COVID-19
with a dynamic zero-case policy derived from 101 outbreaks in China[J].
BMC Public Health. 2023;23:1084.

Mathieu E, Ritchie H, Ortiz-Ospina E, et al. A global database of COVID-19
vaccinations. Nat Hum Behav. 2021;5:947-53.

Tang B, Wang X, Li Q, et al. Estimation of the transmission risk of the
2019-nCoV and its implication for public health interventions. J Clin Med.
2020;9:462.

Tang B, Bragazzi NL, Li Q, et al. An updated estimation of the risk of
transmission of the novel coronavirus (2019-nCov). Infect Dis Model.
2020;5:248-55.

Tang B, Xia F, Bragazzi NL, et al. Lessons drawn from China and South
Korea for managing COVID-19 epidemic: insights from a comparative
modeling study. Isa T. 2021;124:164-75.

Maslo C, Friedland R, Toubkin M, Laubscher A, Akaloo T, Kama B. Charac-
teristics and Outcomes of Hospitalized Patients in South Africa During
the COVID-19 Omicron Wave Compared With Previous Waves. JAMA.
2022;327:583-4.

Liu'Y, Rocklov J. The effective reproductive number of the Omicron
variant of SARS-CoV-2 is several times relative to Delta. J Travel Med.
2022;29:taac037.

Fu D, He G, Li H, et al. Effectiveness of COVID-19 vaccination against
SARS-CoV-2 Omicron variant infection and symptoms—China, Decem-
ber 2022-February 2023. China CDC weekly. 2023;5:369.

Chia WN, Zhu F, Ong SWX, et al. Dynamics of SARS-CoV-2 neutralising
antibody responses and duration of immunity: a longitudinal study.
Lancet Microbe. 2021;2:240-9.

Goldberg Y, Mandel M, Bar-On YM, et al. Waning immunity after the
BNT162b2 vaccine in Israel. New Engl J Med. 2021;385:€85.

Chemaitelly H, Tang P, Hasan MR, et al. Waning of BNT162b2 vaccine
protection against SARS-CoV-2 infection in Qatar. New Engl J Med.
2021;385:e83.

Kermack WO, McKendrick AG. A Contribution to the mathematical theory
of epidemics. proceedings of the royal society A: mathematical, physical
and engineering sciences. 1927;115(772):700-21.

Van den Driessche P, Watmough J. Reproduction numbers and sub-
threshold endemic equilibria for compartmental models of disease
transmission. Math Biosci. 2002;180:29-48.

Chinese Center for Disease Control and Prevention. National situation of
novel coronavirus infection. 2023. Retrieved from: https://www.chinacdc.
cn/jkzt/crb/zl/szkb_11803/jszI_13141/202301/t20230125_263519.html.
The State Council of the People’s Republic of China. The joint prevention
and control mechanism of the state council announces 20 measures to
further optimize epidemic prevention and control. 2022. Retrieved from:
https://www.gov.cn/xinwen/2022-11/11/content_5726144.htm.
People’s Daily Online. National Health Commission: Second dose vaccina-
tion will be carried out in mid-to-late June. 2021. Retrieved from: http://
bj.people.com.cn/n2/2021/0601/c233086-34754876.html.

Hubei Daily. National agency for disease control and prevention: The
number of people over 60 years old covered by vaccination reached
239.278 million. 2021. Retrieved from: http://www.cnhubei.com/content/
2022-11/05/content_15196916.html.

Wangcai Baishitong. 3.2 billion doses of COVID-19 vaccine have been
administered. How far are we from full vaccination coverage? 2021.
Retrieved from: https://baijiahao.baidu.com/s?id=172904501478298
9106&wfr=spider&for=pc.

163.com. The number of people vaccinated against COVID-19 in China
has exceeded 2 billion. 2021. Retrieved from: https://www.163.com/dy/
article/H64DO0V305346936.html.

Baidu Baijiahao. China’s COVID-19 vaccination coverage reaches new
milestone. 2021. Retrieved from: https://baijiahao.baidu.com/s?id=17178
39378654988662&wfr=spider&for=pc.

National Bureau of Statistics of China. China’s 2022 national economic
and social development statistical bulletin. 2023. Retrieved from: https://
www.stats.gov.cn/sj/zxfb/202302/t20230203_1901085.html.

Liu'Y, Rocklov J. The reproductive number of the Delta variant of SARS-
CoV-2 is far higher compared to the ancestral SARS-CoV-2 virus. J Travel
Med. 2021;28:taab124.

de Souza WM, Buss LF, Candido DS, et al. Epidemiological and clini-

cal characteristics of the COVID-19 epidemic in Brazil. Nat Hum Behav.
2020;4:856-65.


https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-15-july-2021
https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-15-july-2021
https://www.who.int/zh/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-15-july-2021
https://doi.org/10.1002/mma.7965
https://www.chinacdc.cn/jkzt/crb/zl/szkb_11803/jszl_13141/202301/t20230125_263519.html
https://www.chinacdc.cn/jkzt/crb/zl/szkb_11803/jszl_13141/202301/t20230125_263519.html
https://www.gov.cn/xinwen/2022-11/11/content_5726144.htm
http://bj.people.com.cn/n2/2021/0601/c233086-34754876.html
http://bj.people.com.cn/n2/2021/0601/c233086-34754876.html
http://www.cnhubei.com/content/2022-11/05/content_15196916.html
http://www.cnhubei.com/content/2022-11/05/content_15196916.html
https://baijiahao.baidu.com/s?id=1729045014782989106&wfr=spider&for=pc
https://baijiahao.baidu.com/s?id=1729045014782989106&wfr=spider&for=pc
https://www.163.com/dy/article/H64DO0V305346936.html
https://www.163.com/dy/article/H64DO0V305346936.html
https://baijiahao.baidu.com/s?id=1717839378654988662&wfr=spider&for=pc
https://baijiahao.baidu.com/s?id=1717839378654988662&wfr=spider&for=pc
https://www.stats.gov.cn/sj/zxfb/202302/t20230203_1901085.html
https://www.stats.gov.cn/sj/zxfb/202302/t20230203_1901085.html

Wang et al. BMC Medical Informatics and Decision Making (2025) 25:92

81. Ward IL, Bermingham C, Ayoubkhani D, et al. Risk of covid-19 related
deaths for SARS-CoV-2 omicron (B. 1.1. 529) compared with delta (B. 1617.
2): retrospective cohort study. Brit Med J. 2022,378:e070695.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 15 of 15



	Modeling-based design of adaptive control strategy for the effective preparation of ‘Disease X’
	Abstract 
	Main
	Results
	Model calibration and epidemic projection
	Improving the shifting of control policies

	Discussion
	Methods
	Model formula
	Basic reproduction number
	Contact matrix
	Data
	Model fitting process
	Scenario setting for the improved easing time

	Acknowledgements
	References


